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A Supplementary Figures and Tables

This appendix supplements the main paper with additional tables and figures, which are listed

in the order they are mentioned in the main paper. Below we provide short summaries of these

supplemental results.

Robustness with Respect to the Method of Measurement of Latent Skills It is a

potential weakness of the full maximum likelihood approach that, in the case of a misspecified

model, a full maximum likelihood method could lead to a misleading measurement of latent

factors: latent skills might be primarily measured not by specific early measures of skills but

by outcomes (e.g., Heckman et al., 2016, 2013). For instance, in this paper, latent skills might

be mainly measured not by school achievement but by outcomes such as the hazard of death

and smoking. We show that this is not the case for our model.

Following Heckman et al. (2016), we perform an alternative estimation. First, we estimate

the measurement system for skills. Then, we proceed with full maximum likelihood estimation,

but fix the factor loadings in the measurement system to numbers estimated in the first step,

thus preventing them from being biased by outcomes in the case of possible model misspecifi-

cation.

By comparing the solid and hollow rounds in Figure A-1 representing the two alternative

approaches, we can see that results are virtually identical. We conclude that our results do

not suffer from a bias due to inclusion of outcomes to the factor model. We therefore use the

full likelihood estimation, which is a more efficient method than its two-step alternative. These

results are consistent with correct specification of our model.

Testing for Links between Key Variables and Survival to 1993 In Table A-1, we use

a similar model as used for the main paper, but test whether there is no conditional correlation

between surviving from 1957 to 1993 and key skill variables: latent skills, IQ, and education.

The table shows single- and joint test p-values, which range from 0.36 to 0.96, suggesting that

we cannot reject the null hypothesis.
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Comparison of the Main Model Results with a Model that Omits Behaviors in the

Health Stock Equation, A Robustness Check Tables A-2 and A-3 compare two versions

of the model: (1) the main model (see Equations (1–8)) and its version with the only difference

being that in Equation (3) there is no control for behaviors, Bk. The formula for decomposition

(9) is adjusted accordingly: coefficients c4k are set to zero. We can see that results are robust to

this change in model specification: for instance, the difference in the estimate of total effect for

men (-0.32 vs. -0.33) is negligible given the size of the standard error (st. err. =0.01), which is

an order of magnitude higher than the difference, 0.1 (see Table A-2). For women, despite high

standard errors, the estimate of the total effects for women is the same in both cases, -0.080 (if

using 3 decimal places, see Table A-3).

In the main model, estimates for behaviors tend to be marginally larger than in the robust-

ness check and estimates for health stock tend to be marginally smaller, but these differences

are so small than they hardly make a difference.

The likely reason for robustness of the decomposition is that in the absence of behaviors in

Equation (3) we simply have a reduced form model for health, while the link between behaviors

and longevity is still captured by Equation (4).

Choosing the Optimal Number of Latent Classes Table A-4 documents AIC and BIC

of the main model as a function of the number of latent classes. Following Nylund et al. (2007),

we determine that the optimal number of latent classes qmax = 3 for both men and women, as

qmax = 3 minimizes both AIC and BIC.

Placebo tests Table A-5 documents placebo tests for the main model. Placebo tests use

early health-related outcomes that should not be affected by education, as if they were late life

outcomes that may be affected. Here we replace the duration model for the hazard of death

with a logit model for a placebo outcome. The placebo test is passed if we do not reject the

null hypothesis of no effect of education on the placebo outcome.

Ideally, it would be perfect to perform placebo tests on measures of early health that are not
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a part of the model, but we do not have such measures. The study started at the end of high

school and had a different focus than measuring early health. Therefore, we do the best that

we can given the data by (1) using proxies of health rather than true early health measures; (2)

taking these proxies from the set of background controls X of the model one by one, not from

data unused by the model. As the procedure involves testing multiple hypotheses, we adjust

hypotheses rejection thresholds to control for familywise error rate (e.g., Westfall and Young,

1993).

We use information on birth order, as the age of the mother at birth and amount of resources

available per child differ by birth order and may affect health. We also use information about

being underweight and overweight, as well as having a smoker in the household, which is a

proxy for passive smoking by the child.

Even though the procedure of taking placebo outcomes one by one from the set of back-

ground controls creates a risk that hypotheses get rejected not because of poor model specifi-

cation but because we no longer use the full set of original controls X, we cannot reject the

null.

Estimates of Factor Loadings Table A-6 shows estimates of factor loadings from the mea-

surement system. All factor loadings are of comparable magnitude, are statistically significant

at the 1% level, and have signs expected from theoretical considerations.

Comparison with Models that Omit Essential Controls Table A-7 presents the average

bias in decompositions generated by the failure to account for one or more types of controls

including (1) unobserved heterogeneity, µ; (2) latent skills, ΘS; and (3) traditional observed

controls, X.

Omitting the control for unobserved heterogeneity leads to an 8–31% bias. Further omitting

latent skills leads to a 8–35% bias relative to results conditional on the full set of controls.

Finally, omitting all controls leads to a 37–213% bias. Therefore, results of the model differ

greatly from unconditional results (up to more than 200%). In addition, omitting latent skills
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and unobserved heterogeneity makes a sizable numerical difference for our results (up to 35%)

despite using a detailed set of observable controls, X.

Estimates of the Analogue of the Main Model with Health Stock Used as the Final

Outcome Table (A-8) presents decompositions that are based on a modification of the main

model (1–8), in which Equation (4) for the hazard of death between years 1992 and 2017 is

replaced with a similar equation for health stock in year 2011 as an outcome.

For health stock in year 2011 we use a standardized factor score. The factor model is based

on the following measures of health in 2011: (1) general health, (2) having a major illnesses (3)

stayed in bed at least once last year. These are the same variables as we use for 1992 health

stock (see variable definitions in Table 2 of the main paper), except for “hospitalization at least

once last year,” which is not available for 2011.

The results show a different margin of health production than the main model does. Like

in the results for longevity, we see the total effect of education on health for men (about 0.19

standard deviation increase in standard deviation of latent health). We also find a statistically

significant total effect of education on health for women (about 12% of a standard deviation

increase). For men, health stock is a statistically significant component. Other estimated

contributions are in the expected direction, but they are not precisely determined. For women

we see contributions from exercise, being overweight, and income, while health stock is not

precisely determined.
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Figure A-1: Explained, Unexplained, and Total Effects of Education on the Hazard of Death,
a Comparison of the Main Model with a Model with Factor Loadings in the Measurement
System Estimated Using Early Measures Only, a Robustness Check, %

(a) Males (b) Females

Behaviors and Jobs

Health stock

Total explained

Total unexplained

Total effect

−40 −30 −20 −10 0 10 20 30
Effect, percentage points

Behaviors and Jobs

Health stock

Total explained

Total unexplained

Total effect

−60 −50 −40 −30 −20 −10 0 10
Effect, percentage points

Behaviors and Jobs

Health stock

Total explained

Total unexplained

Total effect

−40 −30 −20 −10 0 10 20 30
Effect, percentage points

Notes: Hollow rounds represent a robustness check when loadings of the measurement system for skills in the

full ML model are fixed at the level determined by the measurement system estimated separately from outcomes

as the first step. Panels (a) and (b) share a common scale and represent decomposition (9) for ∆ = 1. Inner

and outer vertical bars represent the 90% and 95% Huber-White confidence intervals. Calculations are based

on the WLS data.

Table A-1: Testing for Links between Key Skill Variables and Survival to 1993: Single and
Joint Tests’ p-Values

Males Females

Latent Skills 0.963 0.472

IQ 0.467 0.731

College Degree 0.645 0.873

Joint Test (Wald) 0.5367 0.3605

Estimation Sample Size 4152 4650

Notes: p-values for individual t-tests and joint Wald tests are shown.
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Table A-2: Comparison of the Main Model Results with the Model that Omits Behaviors in
the Health Stock Equation, A Robustness Check, Males

Std. 
err.

p ‐value Std. 
err.

p ‐value

Aggregated components starts 0
    Total Behaviors and Job ‐0.115 *** 0.039 0.003 ‐0.107 ** 0.045 0.018
    Total Explained ‐0.202 *** 0.046 0.000 ‐0.199 *** 0.062 0.001
    Total unexplained ‐0.122 0.100 0.225 ‐0.133 *** 0.104 0.200
    Total(c) ‐0.324 *** 0.100 0.001 ‐0.333 *** 0.097 0.001
Specific components
    Smoking ‐0.013 * 0.007 0.055 ‐0.014 ** 0.007 0.053
    Risky Drinking ‐0.005 0.005 0.326 ‐0.006 0.005 0.277
    Exercise ‐0.008 0.005 0.124 ‐0.006 0.004 0.185
    Overweight ‐0.017 ** 0.009 0.046 ‐0.012 * 0.007 0.092
    Married 0.006 0.038 0.866 ‐0.002 0.009 0.850
    Social Activity ‐0.005 0.008 0.494 ‐0.005 0.007 0.511
    Income ‐0.055 0.034 0.104 ‐0.045 0.033 0.175
    Dangerous Job ‐0.018 * 0.010 0.063 ‐0.018 * 0.010 0.063
    Health Stock(c)  ‐0.087 *** 0.029 0.002 ‐0.092 *** 0.034 0.003
Sample size 3961 3961

Main model (of Mortality)(a) No Behaviors in Health Eqn(b)

Estimate Estimate

Notes: (a)Decomposoitions of the hazard of death based on Equation (9). Huber-White standard errors are

shown. Asterisks denote the level of statistical significance: ***, **, and * denote p < 0.01, 0.05, and 0.10.
(b)Decomposoitions of the hazard of death are based on an Equation similar to (9) but adjusted for no effect

though behaviors affecting health stock. (c)One-sided test for this total effect is motivated by abundant evidence

from the literature that the total effect of education on longevity is nonnegative (Grossman, 2006; Grossman

and Kaestner, 1997; Lochner, 2011).
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Table A-3: Comparison of the Main Model Results with the Model that Omits Behaviors in
the Health Stock Equation, A Robustness Check, Females

Std. 
err.

p ‐value Std. 
err.

p ‐value

Aggregated components starts 0
    Total Behaviors and Job ‐0.049 0.042 0.241 ‐0.044 0.040 0.270
    Total Explained ‐0.080 * 0.047 0.089 ‐0.092 * 0.050 0.065
    Total unexplained 0.000 0.125 0.998 0.012 0.125 0.926
    Total(c) ‐0.080 0.126 0.264 ‐0.080 0.127 0.264
Specific components
    Smoking ‐0.009 0.008 0.246 ‐0.010 0.008 0.237
    Risky Drinking 0.000 0.001 0.934 0.000 0.001 0.765
    Exercise ‐0.015 * 0.008 0.069 ‐0.010 0.007 0.162
    Overweight ‐0.011 0.007 0.110 ‐0.007 0.005 0.187
    Married 0.033 0.022 0.123 0.029 0.019 0.143
    Social Activity 0.004 0.019 0.821 0.003 0.019 0.878
    Income ‐0.050 ** 0.024 0.039 ‐0.047 * 0.024 0.051
    Dangerous Job ‐0.001 0.002 0.585 ‐0.001 0.002 0.637
    Health Stock(c)  ‐0.031 * 0.023 0.089 ‐0.048 * 0.025 0.029
Sample size

Estimate Estimate

4491 4491

Main model (of Mortality)(a) No Behaviors in Health Eqn(b)

Notes: (a)Decomposoitions of the hazard of death based on Equation (9). Huber-White standard errors are

shown. Asterisks denote the level of statistical significance: ***, **, and * denote p < 0.01, 0.05, and 0.10.
(b)Decomposoitions of the hazard of death are based on an Equation similar to (9) but adjusted for no effect

through behaviors affecting health stock. (c)One-sided test for this total effect is motivated by abundant evidence

from the literature that the total effect of education on longevity is nonnegative (Grossman, 2006; Grossman

and Kaestner, 1997; Lochner, 2011).
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Table A-4: Choosing the Optimal Number of Latent Classes by Minimizing AIC and BIC

AIC BIC AIC BIC

no latent class 85154.05 87711.74 94041.51 96650.31

2 84368.21 87045.30 93223.14 95953.72

3 84057.02 86840.94 92582.31 95421.87

4 84089.69 86923.88 92598.36 95489.20

5 84113.57 86998.04 92614.37 95556.48

males femaleslatent classes, 

q max

Notes: The minimal number in each column is in bold. Results are based on our main model applied to the

WLS data.
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Table A-6: Estimates of the Measurement System

Achievement Measures

    Standardized academic  0.631 *** 0.570 ***

        achievement (0.022) (0.019)

    Member of an honor society 1.601 *** 1.534 ***

(0.154) (0.137)

    Outstanding student 1.411 *** 1.627 ***

(0.114) (0.128)

Health stock

    General health 0.573 *** 0.562 ***

(0.037) (0.030)

    Major illness ‐1.229 *** ‐1.383 ***

(0.106) (0.027)

    Stayed in bed at least once ‐0.747 *** ‐0.691 ***

        last year (0.105) (0.071)

    Hospitalization at least ‐1.244 *** ‐0.991 ***

        once last year (0.216) (0.135)

Sample size 3961 4491

Males Females

Notes: This submodel of the main model is estimated based on the WLS data.
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Table A-7: Average Bias Induced by Omitting Essential ControlsAverage size of bias due to omitted controls

Comparison 1 Comparison 2 Comparison 3

Males

     Aggregated components 7.6% 8.2% 37%

     Individual mediators 5.1% 18% 114%

Females

     Aggregated components 29% 35% 213%

     Individual mediators 31% 29% 100%

Missing controls that are sources of bias:

    Unobserved heterogeneity omitted omitted omitted

    Latent skills controlled omitted omitted

    Traditional controls  controlled controlled omitted

Notes: The table compares our main model that controls for traditional background variables, latent skills, and

unobserved heterogeneity with models that lack one or several of these controls, as specified in the bottom of

the table. For each estimate of the decomposition component that is statistically significant, at least at the 10%

level for each alternative set of controls, the bias of alternative models is calculated in % relative to the main

model counterpart. (Statistically insignificant components are excluded, as they lead to less reliable estimates

of the bias.) Then, the absolute values of these biases are averaged.
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Table A-8: Estimates of the Analogue of the Main Model with Health Stock (Instead of the
Hazard of Death) Used as the Final Outcome

Std. 
err.

p ‐
value

Std. 
err.

p ‐
value

Aggregated components
    Total Behaviors and Job 0.046 0.038 0.230 0.043 *** 0.017 0.009
    Total Explained 0.194 *** 0.055 0.000 0.054 0.042 0.197
    Total unexplained ‐0.001 0.099 0.983 0.063 0.056 0.266
    Total(a) 0.191 ** 0.081 0.010 0.116 ** 0.057 0.021
Specific components
    Smoking 0.001 0.003 0.552 0.002 0.003 0.593
    Risky Drinking 0.003 0.004 0.448 ‐0.002 0.002 0.279
    Exercise 0.007 0.006 0.271 0.011 * 0.006 0.075
    Overweight 0.012 0.022 0.602 0.019 ** 0.009 0.039
    Married 0.007 0.015 0.609 0.000 0.000 0.727
    Social Activity ‐0.001 0.003 0.814 0.003 0.009 0.719
    Income 0.007 0.018 0.670 0.011 * 0.006 0.082
    Dangerous Job 0.007 0.007 0.312 0.000 0.001 0.861
    Health Stock(a)  0.148 *** 0.056 0.004 0.010 0.036 0.389
Sample size 2413 2844

Males Females
Estimate Estimate

Notes: Decompositions of the effect of college education on health in 2011 (about age 72) based on Equation

(9). Huber-White standard errors are shown. Asterisks denote the level of statistical significance: ***, **, and

* denote p < 0.01, 0.05, and 0.10. (a) The one-sided test for this total effect is motivated by abundant evidence

from the literature that the total effect of education on longevity is nonnegative (Grossman, 2006; Grossman

and Kaestner, 1997; Lochner, 2011).
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B A More General Model Specification

Here we argue that it is unnecessary to further complicate our main parsimonious model (1–

8) with additional degrees of freedom. The main motivation for the parsimonious model is

practical: additional degrees of freedom lead to either a model that takes an impractically

long time to perform estimation and specification tests or, in the worst cases, does not lead

to numerically stable estimates (lack of empirical identification). Additionally, elimination of

redundant degrees of freedom should, theoretically, improve the efficiency of estimators.

In the absence of any established theoretical predictions regarding nonlinearities of this

model, whether adding nonlinear terms is beneficial becomes an empirical question. Consider

a model that has additional interactions between IQ and skills, education and skills, mediators

and skills, and mediators and education. Moreover, potentially endogenous early-life skills, ΘS,

and early-life behaviors, B∗
0p, can be more explicitly linked to unobserved heterogeneity µ (see

Equations (B.1) and (B.2) below). Following notation that is similar to the main text, we can

write a more general recursive submodel as follows (all estimation is conditional on X, which

13



we do not show for shortness):

ΘS = µS + εS (B.1)

B∗
0p = a1pΘ

S + a2pΘ
S · IQ+ µB0p + εB0p, p = 1, ..., Q (B.2)

D∗ = b1Θ
S + b2Θ

S · IQ+
∑
p

b3pB0p + µD + εD (B.3)

B∗
1k = c1kΘ

S +
∑
p

c2kpB0p + c3kD + c4kΘ
S · IQ+ c5kΘ

SD + c6kIQ ·D + µB1k + εB1k,

k = 1, ..., K

(B.4)

ΘH
1 = d1Θ

S +
∑
p

d2pB0p + d3D + d4Θ
S · IQ+ d5Θ

SD + d6IQ ·D + µH1 + εH1, (B.5)

ln(λ(t)) = e1jΘ
S +

∑
p

e2pB0p + e3jD +
∑
k

(e4kB1k + e5kB1kD + e6kΘ
SB1k + e7kIQ ·B1k)

+ e8Θ
S · IQ+ e9Θ

SD + e10IQ ·D + e11Θ
H
1 + µλj + ln(λ0(t)), j = 1, ..., J.

(B.6)

As in the main text, submodel (B.1–B.6) needs measurement system (5–6) to be identified.

Submodel (B.1–B.6) is so complex that we are unable to obtain a numerically stable model

estimates if we use such submodel. Therefore, we test the hypothesis of our main model’s

sufficiency in three steps. First, we test whether adding Equations (B.1) and (B.2) to the main

model makes a difference for results and find no such difference (see Figure B-1).
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Figure B-1: Explained, Unexplained, and Total Effects of Education on the Hazard of Death,
A Comparison with the Case When We Model Unobserved Heterogeneity as a Part of Early
Skills and Health Behaviors, a Robustness Check

(a) Education, Males (b) Education, Females

Behaviors and Jobs

Health stock

Total explained

Total unexplained

Total effect

−40 −30 −20 −10 0 10 20 30
Effect, percentage points

Behaviors and Jobs

Health stock

Total explained

Total unexplained

Total effect

−60 −50 −40 −30 −20 −10 0 10
Effect, percentage points

Behaviors and Jobs

Health stock

Total explained

Total unexplained

Total effect

−40 −30 −20 −10 0 10 20 30
Effect, percentage points

Notes: Hollow rounds represent a robustness check when Equations (B.1) and (B.2) are added to the main

model. Panels (a) and (b) share a common scale and represent decomposition (9) for ∆ = 1. Inner and outer

vertical bars represent the 90% and 95% Huber-White robust confidence intervals. Calculations are based on

the WLS data.
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Second, we test for interactions in Equation (B.5) while keeping all other equations parsi-

monious as in the main model, and find no evidence for interaction terms (joint test p-values

are 0.927 for men and 0.170 for women).1 Then, we remove interactions from Equation (B.5)

but allow them in all other equations of system (B.3–B.6), and test whether they are jointly

zero (except for b2, which we know to be marginally different from zero). We cannot reject this

hypothesis with p-values 0.339 and 0.800 for men and women.

Informed by the proportional hazard (PH) test documented in Table C-2, we keep time-

dependence of coefficients for noncognitive skills and education as in Equation (4) of the main

paper, but not for the effects of IQ and mediators.

1Equation (B.5) is special, because it has continuous latent variables on both the right-hand and the left-hand
sides.
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C Determinants of Potential Mechanisms in Midlife and

Effects of Mechanisms on Longevity

Here we analyze two components of our mediation analysis: (a) the effects of education on poten-

tial mediators and (b) the effects of potential mediators on the outcome of interest (longevity).

These results are not intended as essential contributions, but rather as building blocks for the

decompositions. In the main paper, we combine the two components to obtain a decompo-

sition of the effects of education on longevity with respect to mediators, which is the main

contribution of the paper.

C.1 Determinants of Potential Mediators in Midlife

The potential mediators at the start of the risk period in 1992 (about age 53) are health be-

haviors and health-related socioeconomic outcomes that we select based on prior evidence from

the literature: (1) health-related behaviors, such as smoking tobacco or engaging in physical

exercise (Cawley and Ruhm, 2012); (2) lifestyles, such as marriage or intensity of social life

(Holt-Lunstad et al., 2010); (3) income (Cutler et al., 2011); and (4) dangerous working con-

ditions (Viscusi, 2013). In total, we model K = 8 such mediators. An additional mediator is

health stock at the start of the risk period. Health stock accounts for influences of mediators

of longevity in earlier life.

Table C-1 investigates the effects of education on potential mediators among behavioral, so-

cioeconomic, and health outcomes, all measured simultaneously at the start of the risk period.2

From columns 1–9 we see that college graduates of both sexes have higher household incomes,

are less likely to be overweight, and are more likely to engage in social activity and physical

exercise. Additionally, educated men enjoy superior midlife health and are less likely to smoke

tobacco, participate in risky drinking of alcohol, or experience dangerous working conditions.

The only exception to this pattern of potentially health-beneficial effects is marriage for

women, which is negatively affected by a college degree. This result is in line with a well-

2See Table A-6 for estimates of the measurement system, which was estimated as a part of the same model.
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documented historical pattern (e.g., England and Bearak, 2012), which is largely due to past

societal views regarding the role of women. Since the 1970s, the marriage gap between educated

and uneducated women has closed, and possibly even has reversed sign. The change is largely

related to greater marriage stability for educated women (Lefgren and McIntyre, 2006). In

Section IV of the main paper we adjust our estimates for more recent cohorts that are no

longer subject to this adverse influence.

Our results for the effects of college education on essential health behaviors, lifestyles, health

stock, and earnings are auxiliary estimates that serve as building blocks for our main result,

the decompositions. Quantitatively, these results are not directly comparable to other papers

due to a combination of differences: definitions of variables, age group, population type, and

the effect type (in this paper, the average treatment effect). In this respect, we complement the

literature. Qualitatively, our results for the effect of college education are consistent with the

literature on tobacco smoking (Buckles et al., 2016; de Walque, 2007; Heckman et al., 2016),

risky drinking of alcohol (Buckles et al., 2016), income (Heckman et al., 2016), social activity

(Huang et al., 2009), and health stock (Heckman et al., 2016). Our estimates for overweight

status and physical exercise are not precisely determined for men, but these estimates have

signs consistent with findings in the literature (Buckles et al., 2016).

C.2 Effects of Potential Mediators on Longevity

Table C-2 presents estimated parameters of the Mixed Proportional Hazard (MPH) model,

showing the effects of mediators B and health stock ΘH on the hazard of death at the start of

the risk period (1992). These MPH results are not intended to be novel, but we need to have

a full set of model coefficient estimates to proceed.

We can see that several behaviors show effects on mortality. As expected, smoking increases

the hazard of death. Health stock decreases the hazard of death. In men, we also observe statis-

tically significant harmful effects of risky drinking of alcohol and dangerous working conditions.

Being overweight, marriage, physical exercise, social activity, income, and marriage show sizable
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Table C-2: Effects of Potential Mediators on the Hazard of Death for Age 54–78 MPH Model
Coefficients

 Standard  Standard

errors errors

Smoking tobacco(a) 0.366 *** 0.117 0.363 *** 0.110

Risky drinking of alcohol(a) 0.137 * 0.123 0.068 0.131

Physical exercise(a) ‐0.070 0.079 ‐0.054 0.082

Overweight(a) 0.115 0.096 0.071 0.098

Marriage ‐0.274 0.279 ‐0.449 ** 0.190

Social activity ‐0.066 0.110 0.015 0.091

Household income(a) ‐0.098 0.098 ‐0.269 *** 0.109

Dangerous working conditions(a) 0.133 ** 0.071 0.034 0.097

Health stock(a) ‐0.321 *** 0.052 ‐0.294 *** 0.053

Other controls(b)

Joint test p ‐value(c)

PH test p ‐value(d)

Sample size

Yes

0.000

0.163

3961

Yes

0.000

0.351

4491

Males Females

Estimates Estimates

Notes: Estimates of d4k, k = 1, ..., 8, and d5 from Equation (4) are shown. The dependent variable is log hazard

of death conditional on survival to January 1993, at which time the median age is 54. Mediators are measured

in year 1992. Standard errors are shown in parentheses. Asterisks denote the level of statistical significance:

***, **, and * represent p < 0.01, 0.05 and 0.10. Calculations are based on the WLS data. (a)For these

mediators, asterisks correspond to one-sided tests, chosen due to evidence in the literature about the direction

of the effect. (b)“Other controls” include latent skills, IQ, college education, early life health behaviors, and

background variables. (c)We test and reject the hypothesis that all MPH model coefficients are jointly zero.
(d)We test the proportional hazard (PH) assumption by allowing the MPH model coefficients to differ by age

and testing whether they are the same over ages.
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coefficients in the expected direction, but these estimates are not precisely determined. Note

that we control for health stock at midlife, which already accumulated some effects of these

behaviors in the past, thus decreasing estimates of direct effects and the chance to reject the

null hypothesis.

The negative effect of marriage on mortality that we estimate is large and statistically

significant for women. For men the estimate is large and negative but the effect is not precisely

determined. The negative effect of marriage on the hazard of death is consistent with the

meta-analysis by Manzoli et al. (2007).

Table C-2 also provides the results of proportional hazard tests. We test and do not reject

the proportional hazard (PH) hypothesis that regression coefficients are constant over time for

the risk period (see p-value for the PH tests in the bottom of the table). Estimates of our MPH

model based on data from ages around 53 to 77 are internally valid for this period.
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D Calculation and Extrapolation of the Survival Func-

tion

Based on estimated main model (1–8) we calculate the survival function Ŝ(t), which is not only

useful by itself for our analysis, but is also utilized for calculations of life expectancy ê and the

value of remaining life V̂R.

Since Equation (4) is estimated in this paper for two discrete time periods j(t) = 1, 2, we

construct the overall survival function Ŝ(t) from estimated survival functions Ŝ1(t) and Ŝ2(t).

From the end of period 2 we use survival function Ŝ3(t) estimated by the Centers for Disease

Control and Prevention (CDC) for white men and women.3 For a counterfactual calculation

of Ŝ3(t) by education, we blend the survival function from CDC with structure from our main

model to achieve extrapolation Ŝ3(t|D = d), d = 0, 1.

Each survival function Ŝj(t) is normalized to one at the beginning of its time period j:

(Ŝj(0) = 1 for each j = 1, 2, 3). We have:

Ŝ(t) =


Ŝ1(t), for 0 ≤ t < t1 (or j = 1)

Ŝ1(t1)Ŝ2(t− t1), for t1 ≤ t ≤ t2 (or j = 2)

Ŝ1(t1)Ŝ2(t2 − t1)Ŝ3(t− t2) for t2 < t <∞ (or j = 3)4.

(D.1)

We calculate Ŝ1(t) and Ŝ2(t) using the following formula:

Ŝj(t) = (1/N)
N∑
i=1

qmax∑
q=1

p̂qiŜ
exp(d̂1Xi1+d̂2jΘ̂

S
i +d̂3D̂i+

∑K
k=1 d̂4kB̂kiq+d̂5Θ̂

H
iq+µ̂λq)

0jq , j = 1, 2, (D.2)

where i is an individual index; N is the estimation sample size; p̂qi is the probability for

individual i to belong to latent class q, calculated for each individual in the estimation sample

3For S3(t) we use the CDC survival data from age 77 to 100, see Tables 5 and 6 by Arias et al. (2019) .
Between ages 100 and 105 we use an extrapolation of the CDC data, which assumes the same change in the
yearly hazard rate after age 100 as the average change in the yearly rate between age 94 and 100. We set
S3(t) = 0 for age above 105. For conciseness, we refer to this partially constructed function Ŝ3(t) from age 77
to infinity as the CDC data.

4In this paper, t = 0 at the start of 1993, t1 = 12 at the start of 2005, and t2 = 24 at the start of 2017.
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using formulas (7) and (8); Θ̂S
i is a factor score imputed from factor model (5); D̂i, B̂kiq, and

Θ̂H
iq are imputed using formulas (1–3); and Ŝ0jq is the baseline survival function for period

j = 1, 2 and latent class q = 1, ..., qmax estimated from the nonparametrically determined

baseline hazard rate λ0jq(τ):

Ŝ0jq(t) =

∫ t

0

λ0jq(τ)dτ, 0 ≤ t ≤ tj − tj−1, j = 1, 2, t0 = 0. (D.3)

A counterfactual analysis by education using the same CDC survival function S3(t) for both

the educated and uneducated individuals would be a strong assumption.5 Therefore, we offer

a method of blending the CDC data with the structure and estimates of our main model.6

We first decompose the CDC survival curve S3(t) into a baseline survival curve Ŝ03(t) and

the counterfactual part for the average levels of variables:

Ŝ3(t) = Ŝ03(t)exp(f(x̄, θ̄S , d̄, µ̄)), (D.4)

where

f(x̄, θ̄S, d̄, µ̄) = d̂1x̄+ d̂22θ̄
S + d̂32d̄+

∑
k

d̂4kbk(x̄, θ̄
S, d̄, µ̄Bk)

+ d̂5θ
H(x̄, θ̄S, d̄, b(x̄, θ̄S, d̄, µ̄B), µ̄H) + µ̄λ. (D.5)

Here µ̄Bk, µ̄H , and µ̄λ are averages of corresponding points of support over the population

average likelihoods of these points of support, p̄q. For instance, µ̄λ =

qmax∑
q=1

p̄qµ̂λq. Functions bk(·)

and θH(·) are given by conditional expectations of formulas (2) and (3). Based on Equation

5CDC stratifies its survival functions by both race and sex, but we do not have access to detailed survival
functions stratified by three characteristics: race, sex, and education.

6As with any extrapolation, it comes at a cost of assuming that model parameters are true beyond the time
period for which the model is estimated. However, grounding our extrapolation on the CDC data allows us to
make milder extrapolation assumptions.
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(D.4) we can calculate the baseline survival function as

Ŝ03(t) = exp

(
log(Ŝ3(t))

exp(f(x̄, θ̄S, d̄, µ̄))

)
. (D.6)

Finally, we can extrapolate the survival function conditional on education level d:

Ŝ3(t|D = d) = Ŝ03(t)exp(f(x̄, θ̄S , d, µ̄)), d = 0, 1, (D.7)

where Ŝ03(t) is given by (D.6).
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