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Beyond Age and Sex: Enhancing Annuity Pricing  
 

Abstract 
  

Prices of standard annuity products in the United States do not currently reflect buyers’ 
personal characteristics other than age and sex. I show that several readily-measurable 
risk factors can significantly increase explained variability in mortality outcomes in a 
proportional hazards framework and use them to construct alternative pricing schemes. 
Simulation results show that more detailed pricing may help reduce adverse selection 
in annuity markets because shorter-lived groups are made much better off (and thus 
enter the market) while longer-lived groups are made only slightly worse off (and thus 
remain in the market). 
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How annuities are priced is of central concern to retirement decision-planning for 

individuals, and also for defined contribution plans. Annuities offer valuable longevity insurance 

against outliving one‟s assets by providing a periodic income for life in exchange for an upfront 

premium. But currently in U.S. and Canada, prices of standard retail annuities do not reflect 

buyers‟ personal characteristics other than age and sex. This lack of information in prices 

generates two concerns. Firstly, because insurers do not account for individual economic or 

health status, people who anticipate living longer can self-select into annuities. Empirical studies 

have shown that adverse selection exists in annuity markets (Mitchell et al. 1999; Finkelstein and 

Poterba 2002). Secondly, it may lead to consumer perception that standard annuities are only 

priced for those in very good health (Stewart 2007; Brown and McDaid 2003). Negative 

consumer perception may frustrate policymakers‟ efforts to expand the use of these lifetime 

income instruments in employer-sponsored or government-run defined contribution plans around 

the world.  

The notion of using more risk-classes to price standard retail annuities has gained support 

in recent years, largely motivated by an interest in growing the life annuity market. In an OECD 

study, Stewart (2007) suggests that annuity providers should be permitted to put people into 

different risk categories to allow for more pricing flexibility, reduce adverse selection, and 

increase consumers‟ trust in the pricing of annuity products. In fact, some major U.K. insurers 

have already begun using more personal characteristics such as client postcodes, marital status, 

and tobacco use, to price their standard payout annuities (Banking Times 2008). Nonetheless, 

these insurers are still struggling to define suitable pricing factors and work out the specifics (e.g. 

how to classify individuals who have two addresses). Given the precedence of risk-class pricing 

in life insurance and auto insurance, there is strong reason to believe that using more indicators 

of life expectancy, other than just sex and age, might be a natural evolution for retail annuity 

pricing. 
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A large literature focuses on measuring the money‟s worth of annuities and reports, in a 

voluntary purchase environment, that annuitants obtain higher money‟s worth from annuity 

purchase than would the population if all were to purchase.
1
 This difference is quantified as the 

adverse selection cost. For example, Mitchell et al. (1999) estimates adverse selection cost to be 

about 54% of total loadings in the U.S. annuity market. In smaller annuity markets such as 

Singapore and Australia, estimates are also about 40 to 50% (Fong et al. 2011; Doyle et al. 2004). 

Researchers have also shown that the extent of adverse selection observed in actual annuity 

markets depends on market type and product line. In particular, adverse selection is lower in 

compulsory markets as compared to voluntary ones, and also for annuities with period-certain 

guarantees as compared to those without guarantees (Finkelstein and Poterba 2002).
2
 Since 

information asymmetry arises because annuity buyers have “private” information about their 

mortality, the extent of adverse selection is likely to depend on pricing structures as well. It 

would seem that incorporating more personal characteristics in annuity pricing can help reduce 

adverse selection. Yet investigations of this kind are challenging for a number of reasons, 

including the need to construct plausible alternative pricing schemes, and having to model 

selection effects as pricing structures evolve. 

The primary contribution of this paper is to use longitudinal micro data from the Health 

and Retirement Study (HRS) to develop alternative pricing structures and examine their impact 

on annuitization values across different demographic groups. Using a proportional hazards 

framework, I show that several readily-measurable risk factors can significantly increase 

explained variability in mortality outcomes. Adding the ten best-ranked factors to age and sex 

increases explained variation from 6.7% to 29.7%. Assuming one or more of these pricing 

factors are adopted, I then simulate annuity prices for a variety of pricing schemes and compute 

the annuitization value accruing to a given demographic group under each scheme. Both the 

financial value and utility value of longevity insurance are assessed. 

The impact of risk-class pricing on adverse selection is not straightforward. The need to 

collect more information may result in insurers imposing higher administrative fees. Even if a 

                                                           
1
 See for example, Mitchell et al. (1999) and Finkelstein and Poterba (2002). 

2
 In 1998, the U.K. compulsory annuity market was much larger than the voluntary market; there is less scope for 

adverse selection in the former because participants in defined contribution occupational, or personal, pension plans 

must annuitize their resources (Finkelstein and Poterba 2002). Less adverse selection is observed for annuities with 

longer period-certain guarantees primarily because of shorter-lived individuals self-select into annuities with longer 

guarantee periods. 
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rating class is justified, insurers may not have the flexibility to introduce large disparity in prices 

in actual markets. Annuity purchase decisions are also influenced by many factors other than just 

the financial return from annuities. It is, however, widely believed that more detailed pricing 

reduces information asymmetries between the insurer and the insured and thus will reduce 

adverse selection. My paper contributes to this discussion by highlighting two effects that may 

occur when more pricing factors are implemented: (1) shorter-lived groups will be sufficiently 

induced to buy annuities and enter the market, and (2) longer-lived groups will still be 

incentivized to stay in the annuity market. Overall, this will allow annuity markets to grow 

causing the extent of adverse selection to fall.
3
  

Compared to prior population-based studies on mortality, this paper is distinguished by 

its effort to understand how several less conventionally-used variables relate to retirement 

mortality. For instance, birth region is a truly exogenous demographic variable but it is seldom 

used in empirical studies. Recently, Sloan et al. (2010) find that being foreign-born is associated 

with lower mortality hazards.
4
 Cognition is another interesting variable to examine in relation to 

older adults. For example, Mehta et al. (2003) find cognitive function to be independently 

associated with mortality among elderly adults above age 70 in the Asset and Health Dynamics 

Among the Oldest Old (AHEAD) study. This study is therefore informative regarding the 

potential for such less -conventional variables to serve as suitable pricing factors for annuities. 

Section 1 outlines some possible impediments to risk-class pricing, and highlights recent 

efforts by commercial insurers to incorporate more personal characteristics in annuity pricing. 

Section 2 describes the data and methodology. Section 3 presents results from the proportional 

hazards regressions, and demonstrates how risk-classification sharpens age-at-death predictions. 

Section 4 reports simulated annuity premiums and assesses the financial value of annuities 

accruing to various demographic groups under different pricing schemes. Section 5 examines the 

value of annuities on a utility-adjusted basis in an environment of mortality heterogeneity. 

Section 6 concludes.  

                                                           
3
 Point (2) is necessary because the co-existence of longer-lived and shorter-lived groups is what distinguishes the 

standard annuity market (which is the focus of this paper) from an impaired annuity market where detailed annuity 

underwriting is already in place. Impaired annuities are discussed later in Section 1.1. 
4
 Several studies controlled for current residence instead, which is possibly endogenous to current mortality. For 

example, Dupre et al. (2009) controlled for whether a respondent lives in the South. Sloan et al. (2010) included 

dummies for whether a subject lives on a farm, and whether he is foreign-born. Glymour et al. (2008) study the risk 

of first stroke among the HRS participants and specifically incorporated an indicator for Southern birth-state (also 

known as the stroke belt). 
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1 Background 

1.1  Pricing Structure of Annuities 

The extent of underwriting varies across different types of annuities.
 5

 At one end of the 

spectrum are pension annuities and the U.S. Social Security pension system. Job-based pension 

annuities are priced based on age (Brown 2002; U.S. Supreme Court 1988).
6
 Similarly, benefit 

payouts under the U.S. Social Security program are also purely based on the age of 

annuitization.
7
 Any differences along gender, racial, or education lines are disregarded. In 

contrast, retail annuity providers are permitted to use gender-specific pricing. In U.S. and Canada, 

standard retail annuities are priced based on age, sex, and the amount of money annuitized 

(Brown and McDaid 2003). Females typically pay a higher premium than males under this 

pricing structure because they are expected to live longer. In addition, Stewart (2007) reports that 

differential pricing policy between races is allowed in the European Union.  

At the other end of spectrum are so-called impaired or enhanced annuities. Impaired 

annuities were introduced in the U.K. around 1995 and since then, this market segment has 

grown in size and importance.
8
 Impaired annuities are sold to retirees with profiles of high 

mortality (e.g. those in poor health) or those in nursing home care. It is estimated that as many as 

40 percent of U.K. annuity purchasers can qualify for impaired annuities (The Investors 

Chronicle 2008). Underwriting for impaired annuities is via a health questionnaire (mild medical 

conditions), and a medical report (for more severe medical conditions such as heart attack, or 

cancer). Individuals who qualify for such annuities enjoy lower premiums. In U.S. and Canada, 

impaired life annuities are available but the market is small (Rusconi 2008; Brown and McDaid 

                                                           
5
 Life insurance companies collect information about individuals before deciding at what price to sell insurance to 

them. Applicants for insurance are individually interviewed (often by means of a written questionnaire), and 

sometimes examined by a medical practitioner. This process is called “underwriting”. 
6
 In City of Los Angeles v. Manhart, 435 U.S. 702 (1978), it is ruled that section 703(a)(1) of the Civil Rights Act of 

1964 barred requiring women to contribute more than men to pensions to receive the same benefits. Later, a 

landmark Supreme Court decision in Florida v. Long similarly ruled that only unisex mortality lifetables may be 

employed in the pricing of pension annuities (US Supreme Court 1988). 
7
 Social Security refers to the federal Old Age, Survivors and Disability Insurance (OASDI) Program, which is a 

comprehensive federal benefits program developed in 1935. The Social Security is a pay-as-you-go defined benefit 

pension system funded through dedicated payroll taxes, and benefit payments are made monthly to eligible 

individuals.     
8
 Impaired annuities were introduced in the U.K. around 1995 by a company called Stalwart, which was later 

acquired by GE Capital (Bestwire 2010). Impaired annuity sales in the U.K. totaled £1.26 billion (€1.51 billion) in 

the first six months of 2010. The full-year sales figure for 2009 was £1.78 billion, up from £419.6 million in 2001. 

Companies currently active in this market segment include Aviva, Canada Life, and Legal & General.  
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2003). Such annuities are only offered to individuals who can prove that they are in substandard 

health via a medical certificate. 

The focus of this paper is the pricing of standard annuities. Although impaired annuities 

represent a growing niche in the annuity markets, they are limited to people who are of 

substandard health and thus of less relevance to say, an average retiree of average health who 

wishes to annuitize. The current pricing structure of standard retail annuities leaves much room 

for pause. This is because there are no obvious regulatory barriers to risk-classification (aside 

from using sensitive factors like race), and the insurance industry has a ready technology given 

their experience in the life insurance business. 

One possible impediment may be costs. According to a Deloitte 2008 benchmarking 

study of 15 U.S. life insurers, an insurer typically spends approximately one month and several 

hundred dollars underwriting each applicant (Batty et al. 2010). While a few hundred dollars is 

not necessarily cost-prohibitive for life insurance products, it may be so for annuities. This is 

because annuities are relatively low-margin financial products, and insurers already view them as 

not very profitable relative to other product lines (Orth 2008). The underlying reason is due to 

very thin annuity markets. Existing research shows that the voluntary markets for individual 

immediate annuities in U.S., Australia, France, Germany, Italy and Japan are small (MacKenzie 

2006; Brown 2001; Knox 2000).
9
 In addition, underwriting can be costly in terms of buyer fraud. 

Brown and McDaid (2003) provide the analogy of an applicant who smokes cigarettes for a 

period of time to get better annuity rates. Likewise, an applicant may exaggerate her health 

problems to qualify for lower premiums. 

A second reason pertains to the lack of annuitant mortality data. To justify placing 

applicants into different pricing categories, there must be some actuarial basis indicating how 

mortality differs among those groups. Because the insured population is not the same as the 

noninsured population, insurance companies typically collect mortality experience of their 

applicants over a long period of time to facilitate such analysis. A case in point is the 

smoker/nonsmoker rating class used in the life insurance markets. In the 1960s, U.S. life 

insurance companies still charged the same rates to smokers and nonsmokers (SOA 1983), and it 

                                                           
9
 Several reasons have been suggested to explain the lack of demand for annuities (or the so-called annuity puzzle). 

Among the explanations are the role of adverse selection and administrative load factors (Mitchell et al. 1999; 

Finkelstein and Poterba 2002), bequest motives (Abel and Warshawsky 1988), the ability of risk-pooling within 

families (Kotlikoff and Spivak, 1981), and precautionary savings. 
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was only after two decades that sufficient mortality experience emerged enabling actuaries to 

construct smoker/nonsmoker mortality tables. These developments in turn led to cigarette 

smoking being adopted as a rating class in life insurance policies.
10

 Similarly, substantial 

information on annuitants needs to be collected before mortality differentials amongst risk-

groups with different demographic characteristics can be analyzed. Thus far, this has been an 

uphill task because of the very thin annuity markets. Stewart (2007) reports that a surprisingly 

large number of developed countries still lack the demographic data necessary to construct 

accurate mortality projections for annuitants, and use lifetables from other countries with richer 

annuitant experience such as U.K. and U.S.
11

 

Regulatory restrictions may also play a role. For instance, sex has long been employed as 

a rating class in life insurance whereby women pay lower premiums than men because statistics 

show that women live longer. Yet in March 2011, the European Court of Justice ruled that the 

widespread practice of charging men and women different rates for insurance is illegal and has 

set out to overhaul the pricing of insurance policies across Europe (WSJ.com 2011). Britain and 

other EU states will enforce the ban on using sex as a pricing factor on all new insurance 

contracts, including annuities and motor insurance, entered into on or after 21 Dec 2012 (Reuters 

2011). The U.S. prohibits using sex in job-based pension annuities although it is allowed as a 

rating class for retail annuities. 

 

1.2  Movement towards Risk-based Pricing  

The notion of using more risk-classes to price standard retail annuities is largely 

motivated by an interest in growing the life annuity market. In an OECD study, Stewart (2007) 

suggests that insurers should be permitted to risk-categorize annuitants to allow for more pricing 

flexibility and to increase consumers‟ trust in the pricing of annuity products. Similarly, Brown 

and McDaid (2003) stress that workers will ideally want to annuitize at fair-market rates that 

                                                           
10

 Smoker/nonsmoker rates for life insurance policies are also successfully introduced with new underwriting 

assistance such as blood tests (Brown and McDaid 2003). 
11

 Stewart (2007) also suggests that segmented mortality data on annuitants can be collected by governments, or 

alternatively, by a cooperative arrangement among insurers willing to cost-share. Currently, U.S. insurers typically 

use the RP-2000 annuitant lifetable as a reference (McCarthy and Mitchell 2010). The RP-2000 annuitant life table 

is provided by the Society of Actuaries, and constructed based on actual annuitant experience from plan years 1990 

through 1994. In U.K., pensioner and annuitant lifetables are available from the Continuous Mortality 

Investigation Committee, and are prepared based on actual annuitant experience collected from U.K. insurance 

companies. Annuitant lifetables are distinct from actuarial tables used in valuing life insurance policies (e.g. the 

2001 Valuation Basic Table). 
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reflect their personal mortality profiles. Evidence from other insurance markets suggests that 

effective underwriting can also alleviate adverse selection problems. For instance in life 

insurance, Cawley and Philipson (1999) present convincing evidence that life insurers may be 

better at identifying mortality risk than individuals themselves. Similarly, McCarthy and 

Mitchell (2010) find that U.S. and U.K. insurers‟ screening of poorer risks in life insurance 

reduces asymmetric information held by policyholders. In auto insurance, Chiappori and Salanie 

(2000) conclude that “…the information at the [auto insurers] company's disposal is extremely 

rich and that, in most cases, the asymmetry, if any, is in favor of the company.” 

In the U.K., commercial insurers have begun using risk-based pricing for standard 

annuities. In 2008, Norwich Union – an insurer with about 10 percent market share – started 

using client postcodes, marital status, and tobacco use, to price its annuities (Banking Times 

2008). Other major insurers like Prudential, and Legal & General, have also justified using postal 

codes on the premise that those who reside in more affluent areas tend to be longer-lived. In fact, 

U.K. market players observe that the differentiation between impaired annuities and standard 

(non-impaired) annuities have started to blur (Bestwire 2010). These developments represent a 

positive step towards annuity risk-class pricing. Going forward, there is strong reason to believe 

that the movement towards risk-class pricing for standard annuities may be sustained and 

eventually extend to the rest of the world.  

Nonetheless, there is currently no consensus on which risk-classes may be most suitable. 

While insurers have experience in underwriting life insurance policies, it remains the case that 

some conventionally-used factors are difficult to verify, for example lifestyle habits or 

participation in hazardous activities like sky diving. Certain risk factors are also mutable, such as 

smoking, which leaves insurers susceptible to buyer fraud.
12

 In addition, there are factors not 

explored in other forms of insurance pricing that tend to help explain longevity; for instance, 

several studies have found that intelligent people live longer (Deary 2008; Hauser and Palloni 

2010). Notably, Brown and McDaid (2003) identify 10 potential risk-classes, including 

education, income, and occupation, race, health behavior, and religion, based on a literature 

                                                           
12

 Mutable factors are those which can be modified by the individual, and thus hard to verify. This is in contrast to 

fixed factors. See Bond and Crocker (1991) for a detailed analysis of the implications of mutable risk classification 

characteristics. In the context of annuity policies, an analogy is a person who starts to smoke heavily in order to pass 

of as someone who is shorter-lived in order to qualify for a lower annuity premium.     
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review of mortality studies.
13

 Among this list, however, several factors are possibly correlated 

while other factors (e.g. health behavior) are not easily measurable. Also, the study did not give a 

sense of which variables are more important than others.  

The next section develops a risk-classification approach by picking out several “readily-

measurable” risk factors that may explain longevity. “Readily-measurable” factors includes 

exogenous variables (like birth region, race, and parental factors), or predetermined factors (like 

education), or objectively-measured factors (like body mass index and cognition). These factors 

are desirable from an insurer‟s standpoint because they are not too costly to collect, easy-to-

verify, and also tend to be difficult to fake. This helps to address issues such as underwriting 

costs and buyer fraud.  

 

2 Data and Methodology 

To study predictors of mortality among adults near retirement, I use data from the Health 

and Retirement Study.
14

 The HRS is an ongoing panel study of Americans over the age of 50 

conducted every other year since 1992, and it features questions on health, economic status, 

retirement plans, cognition, pensions, family structure, and expectations. The baseline birth 

cohort interviewed comprised respondents born 1931 – 1941; other cohorts were added in later 

waves. This paper focuses on individuals in the baseline cohort who were surveyed biannually 

from 1992 through 2008, providing nine waves of panel data.
15

 The initial response rate in 1992 

is 82%, and subsequent reinterview response rates are well above 90% on average (HRS 2008). 

Out of a possible sample of 9,281 respondents, I exclude 11 persons because of faulty or 

incomplete information on survival status, and 223 respondents (2.4%) with no available follow-

up data. The analysis sample is consequently restricted to 9,047 respondents. Appendix Table 1 

provides basic descriptive statistics.  

 

                                                           
13

 Base on a review of 45 empirical papers, Brown and McDaid (2003) highlight 10 factors that seem important in 

predicting mortality after retirement, in addition to age and sex. They are (in no particular order): race, education, 

income, occupation, marital status, religion participation, health behaviors (lifestyle and use of health services), 

smoking, alcohol, and obesity. 
14

 See Juster and Suzman (1995) and HRS (2008) for details about the HRS multistage sample design, enrollments, 

implementation, and response rates. 
15

 The HRS sample cohort (those first interviewed in 1992) comprised 12,521 respondents, including spouses (HRS 

Tracker 2009, p.19) After excluding 2,770 respondents not born between 1931 and 1941, and 470 proxy 

respondents, the reduced sample is 9,281. 
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2.1  Measures 

Survival status and duration. All-cause mortality is the outcome of interest. HRS tracking 

efforts, along with a linkage to the National Death Index, allows mortality to be measured very 

accurately between survey waves. Death is defined as the “time-to-failure” event, based on the 

reported month/year of death and respondents‟ wave-by-wave vital status in the Tracker 2008 

(v1.0) file.
16

 No information on the cause of death was obtained. In the small number of cases 

where the exact date of death is unknown ( =10 with no information and another  =5 with death 

year only), a death year is imputed based on the respondent‟s specific wave-by-wave vital 

statuses, and a death month using a random integer from 1 to 12.
17

 If an individual is known to 

be alive in a given year, her survival status is carried back if it is missing in earlier waves. 

Subjects who cannot be identified as deceased, or who survived through 2008 are considered 

censored. Event variables indicating failure by wave is coded “1” if the individual died in that 

wave, “0” if the individual was alive and responded to an interview, and “missing” otherwise.
18

 

All time variables including interview dates and death dates are expressed in months. 

 Age and sex. The initial risk variables of interest are those currently used in annuity 

pricing: age and sex. Both are defined at baseline and available from Tracker 2008. In particular, 

baseline age (representing birth cohort) is modeled as a continuous variable, and separately as 

categorical dummies, to test the difference in effects. Three sets of risk adjustments are then 

introduced to empirically determine their associations with mortality: conventional exogenous 

factors, less-conventional exogenous factors, and conventional endogenous factors.
19

 

Conventional, readily-measurable factors. These include race (white/nonwhite), 

education (≥12/<12 years), whether married (no/yes), prior health history, and BMI (underweight, 

                                                           
16

 For the 1,905 failure events, 88.2% (or 1,680 cases) of the death years are obtained from HRS records, 11.3% 

(215) from NDI records, and 0.5% (10) imputed based on the wave-by-wave vital status. I rely primarily on the 

year/month of death obtained by HRS through interviews with surviving spouses, or exit interviews with surviving 

relatives. Where exit interviews are either not obtained, or incomplete, I use the NDI information also available from 

the HRS Tracker file. This procedure is consistent with HRS‟ advice that both sources of information (namely HRS 

and NDI) should be used to classify vital status in any analysis (HRS Tracker 2009, p. 12). In addition, HRS also 

seeks matches to the NDI for persons who were reported as deceased or who are not known to be alive through 

contact during tracking. Accordingly, I rely on the NDI alive/deceased flags, and death match scores to verify 

respondent vital status in 2008.  
17

 These respondents were assumed to have died in the year between the two-year interval where their vital status 

switched from „alive (or presumed alive)‟ in one wave to „dead‟ in the next wave. 
18

 The event variable is coded “missing” as long as there was no response in a wave. This could be because 

respondents have permanently attrited from the study, or they failed to respond to interview during a particular wave 

but were known to be alive in a later wave. For the latter, their alive status is not imputed into the “missing” since I 

have no information on the time-varying covariates in that missing wave. 
19

 These variables are all obtained from the RAND version J dataset (RAND 2010). 
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normal (ref.), overweight, and obese). They are so-called conventional because these 

sociodemographic variables are commonly used as controls.
20

 The correlations between race and 

mortality, and education and mortality are well documented (Preston et al. 1996; Sorlie et al. 

1992; Deaton and Paxson 2001; Kitagawa and Hauser 1973). In general, these correlations work 

in the direction that whites live longer than blacks, and more highly-educated live longer than 

less-educated individuals. For older individuals near retirement, it is posited that education and 

marital status are predetermined factors. Educational attainment is a reasonable proxy for 

lifetime financial resources, and appropriate since other social-economic status (SES) measures 

(current income, current wealth, and current occupation) are probably endogenous. Likewise, I 

control on prior health history instead of subjective self-assessments of current health.
21

 Health 

history is obtained from doctor-diagnosed disease conditions (whether a doctor ever told them 

they have chronic diseases such as hypertension, diabetes, arthritis, chronic lung disease, stroke, 

or heart attack). Prior literature suggests that such “ever-have” disease conditions are highly 

predictive of mortality.
22

 BMI is also included since it can be measured objectively and easily, 

and is highly relevant given that a current issue of interest is how obesity relates to mortality and 

morbidity among older adults.
23

   

Unconventional, readily-measurable factors. These include birth region (Northeast (ref.), 

Midwest, South, West, Foreign-born), cognition scores (continuous variable), parental education 

(≥12/<12 years), and parental longevity. Birth place/region is seldom investigated as a predictor 

of mortality possibly because it is not available in many datasets. Most studies using HRS data 

did not control for this variable; Sloan et al. (2010), however, find that being foreign-born is 

associated with lower mortality hazards. Similarly, parental SES factors are not commonly used 

                                                           
20

 For instance, Idler and Angel (1990), Hurd and McGarry (2002), Glymour et al. (2008), and Sloan et al. (2010). 
21

 Some studies have shown that objective measures are better predictors of mortality than subjective measures. For 

example, using a broad-based sample of U.S. adults aged 25–74 years from the National Health and Nutrition 

Examination Survey, Idler and Angel (1990) find that age, race, smoking, unemployment, alcohol use, illness 

symptoms, and marital status, are more predictive of survival than either self-assessed health.  
22

 Using waves 1 and 2 of the HRS, Hurd and McGarry (2002) find that ever-have disease conditions especially 

cancer, heart attack, stroke, and diabetes to be highly predictive of mortality among individuals age 46-65. The study 

also shows low/high BMI to be associated with increased mortality although both variables were not statistically 

significant in the logit regressions. Chronic illnesses and categorical variables for BMI are similarly used to predict 

mortality for the HRS sample in other studies (e.g. Dupre et al. 2009, and Siegel et al. 2003). Although these 

variables are self-reported in the HRS survey, they are still arguably objective since weight and height are 

anthropometric measures, and the ever-have disease condition question is phrased in terms of a doctor diagnosis.  
23

 The selected BMI categories are based on the widely-adopted World Health Organization definition of 

underweight (BMI<18.5), normal weight (18.5≤BMI<25), overweight (25≤BMI<30), and obese (BMI≥30). See 

SOA (2010) for an excellent review of empirical studies on obesity and its relation to mortality and morbidity.  
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by researchers perhaps because adult mortality is believed to be better predicted by personal 

factors. Nonetheless, parental longevity has been shown to affect subjective survival 

expectations which in turn predict mortality (e.g. Hurd and McGarry 2002). Thus I control for 

parental education as well as parental longevity since they are exogenous and may turn out to be 

suitable risk-classes.
24

  

Another explanatory variable of interest is cognitive ability, since it has been 

demonstrated that intelligent people live longer (Deary 2008). Among the various pathways 

proposed are that people with higher intelligence may be more well-organized, conscientious 

individuals; they may also tend to be more educated, work in healthier environments, and engage 

in healthier behavior (do not smoke, exercise, better diets, avoid accidents). Thus, cognition is a 

plausible risk-class for annuitants (who tend to be older adults) and an added advantage is that 

cognition is objectively-measured in the HRS.
 25

 

Conventional, endogenous factors. Prior research has emphasized the importance of self-

ratings and self-assessments of health in predicting mortality (e.g. Idler and Benyamini 1997). 

Despite endogenous factors not being the focus of this paper, it is important to assess how their 

inclusion may affect the predetermined and/or exogenous covariates. Specifically, I use self-

reported health (excellent (ref.), very good, good, fair, and poor), whether currently smoke 

(no/yes), ever smoked, and ever drink.  

 

2.2 Estimation Models 

 Proportional hazard (PH) regression analysis is used to (1) assess the bivariate 

relationship of each additional predictor variable with longevity, controlling for age and sex; and 

                                                           
24

 Although HRS contains data on the parents‟ vital status, it is dependent on the respondent‟s age at time of 

interview and thus not reflective of parental longevity. To construct the parental longevity variables, I create a 

continuous variable using parent‟s current age (or age at death if deceased) minus sex-specific life expectancy, 

divided by 10. The life expectancy used for fathers is age 65, which is an average of the life expectancies of a 15-

year old male and 30-year old male in 1931 and 1941, weighted by the respondent sample composition. The life 

expectancy used for mothers is age 69. For example, mother‟s longevity will be negative if the mother died before 

69 but positive if the mother survived past 69.  
25

 The HRS is one of the first national health surveys to measure cognitive health at the population level, and 

cognitive tests are administered based on well-validated measures developed from psychological research on 

intelligence and cognition (Herzog and Wallace 1997). In this paper, cognition scores are obtained from the 

Imputation of Cognitive Functioning Measures 1992-2006 (v1.0) dataset which contains imputations for cognitive 

functioning data for HRS 1992 through 2006 (Fisher et al. 2009). In 1992 and 1994, only questions pertaining to a 

respondent‟s memory skills (immediate / delayed word recall) were asked. As such, the cognition score defined at 

baseline is the 1992 memory status score (scale 0-40). From 1996 onwards, the HRS included additional questions 

pertaining to a respondent‟s mental status (e.g. Serial 7s test, backwards counting etc.). 
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(2) construct a multivariate equation estimating the independent effects of the more detailed list 

of prognostic factors. An important strength of the hazard framework is its ability to properly 

treat right-censored data. Respondents who survived the entire observational window from 

baseline to 2008 were treated as censored after their 2008 wave interview. For others not known 

to be dead but who attrited from the study at various time points, their data are censored as of the 

last interview date. Consider the general form of the PH function: 

 

 ( |  )    ( )     (   )        (1) 

 

where  ( |  ) is the resultant hazard rate for the  th subject in the data, given survival time   and 

the subject‟s vector of covariates   . It is also called the mortality risk (or force of mortality). 

  ( ) is the baseline hazard function (i.e. hazard when all independent variables are set to their 

reference categories), and   is the vector of regression coefficients to be estimated. Equation (1) 

states that the death hazard that subject   faces is multiplicatively proportional to the hazard 

everyone faces, modified by his personal characteristics expressed as a vector   .  

Within the general class of PH models, I specifically estimate two types. First, the Cox 

(semi-parametric) model is employed because of its flexibility (it does not require assumptions 

about the underlying hazard function); the shape of the hazard function   ( ) is unconstrained. 

Cox models have been widely applied in previous mortality studies using the HRS data (e.g. 

Sloan et al. 2010; Dupre et al. 2009; Lee et al. 2008; Siegel et al. 2003; and Mehta et al. 2003). 

Second, I consider a parametric alternative by imposing a Gompertz form on the underlying 

hazard function.
 
It is well-documented that in past-middle adult ages (age 40 – 90) the mortality 

curve displays a regular and nearly exponential increase that can be represented by the Gompertz 

function (Gompertz 1825; Preston et al. 2001; Bongaarts and Feeney 2002).
26

 Thus, the 

Gompertz form is suitable since the sample of HRS respondents is age 51 – 77 over the 

observational window.
 27

 

                                                           
26

 The Gompertz model might actually underestimate mortality at ages under 40 and overestimate mortality at the 

oldest ages over 80 or 90. The Makeham-Gompertz and logistic models have been proposed to address these 

deviations. Nonetheless, for many purposes, the Gompertz model provides a satisfactory fit to adult mortality rates 

for ages between 40 and 90. I refer interested readers to Preston et al. (2001). 
27

 Using Cox-Snell (Cox and Snell 1968) residuals, I also find that  the „Gompertz‟ form fits the data best compared 

to other parametric forms (e.g. the „Weibull‟, „Log-logistic‟, and „Lognormal‟). The cumulative hazard function 

(estimated with Cox-Snell residuals using the Gompertz form) lies very close to the 45-degree reference line.  
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The Gompertz PH model is implemented with the following hazard and survivor 

functions: 

 

 ( |  )     (  )    (   )                       (2) 

 ( )     {          (     )}                      (3) 

 

where   is the additional parameter to be estimated from the data. Empirically, I find that the 

Gompertz function fits the survival function for both sexes exceptionally well in part because the 

sample respondents are all above age 50; most however have not reached the advanced ages of 

80 or 90 by the 2008 wave. Results from the Cox regressions are nearly identical to those from 

the Gompertz approach (further evidence that the Gompertz function appropriately parameterizes 

the underlying baseline hazard); hence I present only the latter. Moreover, the parametric 

approach allows us to obtain more efficient estimates of the coefficients than the semi-parametric 

model, because it exploits all information in the data; the Cox model only compares subjects at 

failure times. Statistical analyses are conducted using STATA 11.0 software,
28

 and weighted to 

account for over-sampling of blacks, Hispanics, and Floridians in the HRS. 

One important issue to consider in the estimation is whether the hazard functions for 

males and females have different shapes. If the hazards for sexes are not proportional, then 

subsequent estimations need to be separated by sex. Results from fitting stratified models reveal 

that the hazards are proportional and thus a combined analysis is reasonable.
29

 Furthermore, 

hazard plots for both sexes are nearly parallel over the entire follow-up period. Another concern 

might be the nonlinearity of age and the interaction of age with analysis time.
30

 Nonetheless, 

analyses not reported in detail here show that higher order age variables and time-age interaction 

                                                           
28

 See Cleves et al. (2010) for an overview of survival analysis using STATA’s procedures. 
29

 To test for differences in shape between the hazards for males and females, I include an ancillary gamma 

parameter in the Gompertz distribution to allow both the scale and shape of hazard to vary by sex (complete 

stratification). I find that coefficients do not differ, irrespective of whether we constrain the hazards to be of the 

same shape, or allow them to vary. This implies that the effect of sex on the shape of the hazard is not significant, up 

to a scale change. Stratification involving the Cox model leads to the same conclusion. 
30

 Age may interact with follow-up time; for example, a respondent who is older at enrollment may be more likely to 

die during follow-up (Dickman et al. 2004). If so, then the proportional hazards assumption is not appropriate for the 

age covariate since the hazard ratio will differ according to analysis time. In this model, the age*  interaction term is 

not statistically significant, controlling for age and sex.  
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terms are not significant (p>.05). In order to properly estimate the baseline survivor function, the 

age variable is transformed so that the baseline hazard corresponds to a 50-year-old retiree.
31

  

In what follows, I first consider a specification (call it “M1”) with only information 

currently used by U.S. annuity providers i.e. age and sex. Then, the three blocks of additional 

prognostic factors are sequentially added to the PH model in the following order: “M2” adds the 

set of conventional, readily-measurable covariates; “M3” adds the block of less-conventional 

covariates; and finally “M4” adjusts for conventional, endogenous risk factors. In this way, any 

changes in the relation between the various control variables and mortality can be observed, 

while evaluating the fit of each specification.  

 

3 Results: Survival Analysis  

Of the sample of 9,047 HRS respondents, 6,547 survived, 1,905 died, and 595 

permanently attrited by the 2008 wave. The 16-year mortality rate is 21.1%;
32

 the attrited group 

is added to the denominator because it is observed that the bulk of attriters had requested 

removal from the HRS survey in-person whilst alive.
33

 In comparison, the 1992 lifetable 

mortality rate (weighted to reflect sample composition) is 23.5%. Mortality rates in the HRS 

sample are slightly lower than lifetable rates since HRS initially surveyed only the community-

based population, which excludes long-term care facility residents. Figure 1 shows that 70 

percent of males and 78 percent of traced females survived the entire 16 years of follow-up. Also, 

the men‟s survivor curve lies below that of the women‟s, indicating that mortality risks are 

greater for males at every age. The observation that females have a better survival experience is 

consistent with observed longer life expectancies for women in the population at large. The 

survivor functions (Kaplan–Meier curves) in the Figure are also gently sloped which suggest that 

                                                           
31

 I use baseline age minus 50. The origin from which the covariate is measured impacts the baseline cumulative 

hazard and survivor function because it changes how “all covariates equal zero” is defined. If age is unadjusted, the 

baseline hazard will correspond to a newborn.  
32

 This mortality estimate (spanning Waves 1 to 9) appears reasonable given that the overall cumulative mortality for 

the HRS sub-sample up to Wave 7 is 15.9% (HRS 2008).  The confirmed mortality rate is 22.5% (excludes the 

attrited group from both the nominator and denominator). 
33

 The Tracker file records the detailed result of each interview attempt as of the close of the field period by wave, 

although the coding across waves was inconsistent. From the 2002 wave, it classifies respondents‟ removal from the 

study according to these categories: respondent requests removal in person; request through informant, request 

through proxy, because tracking was exhausted, or because a proxy cannot be identified. I observe that a large 

percentage (above 93%) had asked to be removed from the sample in-person, and only a handful of cases were lost 

to tracking. As a result, the extent of unaccounted deaths among the attriters in the sample is minimal. 
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the increase in mortality risk over time is gradual.
34

 An important feature of the Kaplan–Meier 

curve is that it accounts for right-censoring, which occurs if a respondent withdraws from the 

study. The longest observation in this dataset survived 201 months (16.75 years), and was 

ultimately censored.  

Figure 1 here 

 

3.1 Proportional Hazards Regressions 

Table 1 reports the results from fitting the Gompertz PH model for different sets of 

prognostic factors. The estimated hazard ratios (or odds ratios) give the partial effects of the 

explanatory variables on the odds of mortality.
35

 A hazard ratio larger than 1 indicates that an 

increased hazard (probability of death) is associated with the explanatory variable, and a hazard 

ratio less than 1 indicates that a decreased hazard is associated with the explanatory variable. 

Accompanying 95 percent confidence intervals are also reported. It is apparent from Table 1 that 

probability of death is significantly higher for males and older people. Specifically in Column 

(M1), being a male is associated with a 62% higher mortality risk (p<.01) as compared to a 

female, and aging each year beyond age 50 is associated with 9% increased risk. In addition, the 

partial effects show that age and sex continue to be significant predictors of mortality even when 

more covariates are added in subsequent specifications. 

Table 1 here 

A better way to evaluate these hazard ratios is in the context of the baseline hazard 

function since the absolute increase in mortality risk depends on the size of baseline hazard. 

Figure 2 illustrates the hazard functions of four individuals of different attributes. The solid line 

is the baseline hazard depicting the hazard rates for our baseline case: a female age 50 in 1992. 

Her instantaneous probability of death starts low at age 50 and increases to about .0011 by the 

time she is age 66 (in 2008). Turning to consider the case of a male who is also age 50 in 1992, 

the Figure shows that his hazard function lies just slightly above the baseline hazard. This is 

because although he faces 1.62 times more risk than the female, the baseline hazard is small such 

                                                           
34

 One reason might be that the deaths observed over the time window are of individuals who die before their life 

expectancies (age 79-81). The average observed death age is 66. In other words, the subjects have not reached their 

„critical‟ years by the end of 2008.    
35

 For a categorical variable, the hazard ratio compares the (mortality) hazard rate for respondents with the factor to 

the hazard rate for those without it. For a continuous variable, the hazard ratio represents the increase in hazard 

associated with a single unit of change in the explanatory variable. 
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that a 62% increase in risk does not create a large impact. In contrast, a 60-year old male has a 

hazard function that lies far above the baseline hazard. He faces about 3.84 times more the 

baseline case at any given point in time and has a hazard rate of .004 by the time he is age 76 (in 

2008). More generally, the Figure shows closely parallel lines which support the proportionality 

assumption. The monotonically increasing functions are also consistent with the Gompertz 

parameterization. 

Figure 2 here 

Column (M2) adds race, education, whether married, prior health history, and weight – 

all of which are highly significant (p<.001). Lower mortality hazards are associated with 

respondents who completed high school (HR=0.73; 95% CI=0.66, 0.82), or who are married 

(HR=0.69; 95% CI=0.62, 0.77). On the other hand, people who are nonwhite, underweight, or 

had chronic diseases such as lung disease, diabetes, and heart attack face higher mortality risks.
36

 

In particular, being underweight (symptomatic of an underlying disease) increases the risk of 

death by 2.9 times as compared to the reference normal weight group. It may appear surprising 

that obesity (BMI ≥ 30) is not associated with an excess risk of death. This is because the extent 

of obesity matters: several studies have shown statistically significant associations between all-

cause mortality and BMI in severely obese groups (BMI ≥ 35), but not for the mildly obese 

group.
37

 Overall, M2 has substantially better fit than M1: the Wald test statistic (  ) reported in 

the Table shows a six-fold increase and the difference is highly significant (1,287, 16 df – 191, 2 

df = 1,096, 14 df, p<.000).
38

  

Column (M3) adds the set of less conventionally used variables, including birth region, 

cognitive score, and parental factors. A ten-point increase in cognitive score is associated with a 

                                                           
36

 Our reported hazard ratios are consistent with those in prior studies. For example, using a sample of HRS male 

respondents, Sloan et al. (2010) report hazard ratios of 0.945 for with high school education, 0.794 for married, 

1.170 for blacks, 1.006 for baseline age, and 0.83 for foreign-born. 
37

 Consistent with the findings here, prior studies that used HRS data did not find statistically significant differences 

in the mortality of overweight and mildly obese groups versus the normal weight group (Reuser et al. 2008, Mehta 

and Chang 2009). For example, Mehta and Chang (2009) find that respondents who are Class I obese (BMI 30-34.9) 

do not face excess mortality risk but those who are severely obese (Class II/III obesity with BMI ≥35) do. That study 

concluded that obesity is not a significant cause of mortality in the HRS population because there are relatively few 

people who are extremely obese. Applying finer classes of obesity in this present paper, I find that the „Class III 

obese‟ variable has a hazard ratio above one but the effect is not significant (results not presented).  
38

 The test statistic is based on the chi-square test that at least one of the predictors' regression coefficients is not 

equal to zero in the model. It is also a measure of model fit – a larger statistic indicates better fit. In nested models, 

the model with more parameters will always fit at least as well as the one with fewer parameters. Whether the fuller 

model fits significantly better and thus preferred, can be determined by deriving the p-value of the difference 

between the test statistics. The Wald chi-square statistic (a variant of the likelihood-ratio chi-square) is used as it 

accounts for the clustering across observations for the same subject.  



17 

 

26% lower mortality hazard (p<.01). Also significant is birth region: respondents not born in the 

US, or born in the West region, face 26 – 37% less mortality risk as compared to those born in 

the Northeast region of North America. Results also show that father‟s longevity is predictive of 

mortality; a respondent whose father survives 10 years past age 65 faces 5% lower hazard. 

Interestingly, a stepwise procedure (not reported in detail here) reveals that the inclusion of 

cognitive score is the key reason for the diminished effect of race on mortality (odds ratio falls 

from 1.18, p<.01 to 1.14, p<.05). This suggests that nonwhite HRS respondents are likely to have 

lower cognitive scores and to die younger.
39

 If so, this enhances the attractiveness of cognition as 

pricing factor since not only is it objectively-measured, it also act as a proxy for an important 

demographic characteristic like race. The overall improvement in fit (Wald test statistic) is 

modest but statistically significant (p<.000). In essence, model M3 represents the complete 

specification with the proposed set of readily-measurable factors that can be used to price 

annuities, in addition to age and sex. 

The set of endogenous controls are introduced in Column (M4) to test how their inclusion 

affects estimates of previously-controlled covariates. Results show that self-rated health and 

smoking are significant (p<.01). In particular, a person who reports “poor” health faces triple the 

risk (HR=3.02; 95% CI=2.38, 3.81) of someone who reports “excellent” health. The inclusion of 

self-rated health also makes the race and education variables lose statistical significance.
40

 

Interestingly, pairwise correlation analyses reveal that respondents who rate their own health 

poorly tend to be better educated, and are white (rather than black or Hispanic). This observation 

concords with Dowd and Zajacova (2007) who find that individuals across SES strata differ in 

how they evaluate their health. In particular, lower health self-ratings are more strongly 

associated with mortality for adults with higher education and/or higher income. The useful 

takeaway here is that self-rated health is not likely to be useful as an additional pricing factor – it 

is subjective and its explanatory power is derived from existing SES factors. Current smoking 

increases hazards by 76%. While its strong independent effect on mortality enhances its 

                                                           
39

 This is consistent with the findings in Rodgers et al. (2003). Using the 1993 and 1998 waves of the AHEAD 

sample in the HRS, their regression analysis on cognitive score show that being African-American is associated with 

an estimated decline of about 0.49 points on the total cognitive score per year, while being Hispanic is associated 

with a 0.35 points decrease. 
40

 A stepwise procedure (not reported in detail) shows that the addition of self-rated health to the model has the 

greatest impact on existing covariates. In relation, the pairwise correlations are 0.19 (self-rated health and nonwhite) 

and -0.32 (self-rated health and education). Both correlations are significant at 1% level. 
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usefulness as a risk-class, the need for blood tests to verify smoker status makes it less palatable 

than the set of readily-measurable factors already identified in Model 3. 

Table 1 reports the parameter  , which controls the shape of the baseline hazard. The 

value of   varies depending on the model specifications, but the key is that   is a positive value 

indicating monotone hazard functions that increase exponentially with time.
41

 Because it has 

been verified in Section 3 that the male and female hazards have the same shape, a unisex   will 

be applied in the subsequent pricing simulations. A related issue is then whether   differs 

significantly for the younger versus older respondents, since there is a maximum possible age 

gap of 12 years. To test for this age-covariates interaction, I divide the respondents into two 

groups: ages 50-57 (two-thirds of the sample) and ages 58-62. The number of deaths in both 

groups is pretty similar. Results are shown in Appendix Table 2.  

Slight differences emerge: for the older group, the age covariate is not statistically 

significant (HR=1.04, 95% CI=0.97, 1.12, p>.10),
42

 and the negative effect of chronic diseases 

and low BMI on mortality seems less intense.
43

 For instance, an older person with cancer faces 

1.7 times the mortality risk of someone without (compared to 2.3 for a younger counterpart). One 

possible explanation is that at advanced ages, physical conditions become less predictive of 

mortality (everyone eventually becomes frail and disease-ridden), whereas mental health 

emerges as a more significant determinant. Although the dataset we use precludes our validating 

this surmise, it appears that cognitive score and years of education (proxies of mental ability) 

predict mortality slightly better for the older group. But overall, there are no substantial 

differences in the hazard ratios or   between the two age groups; thus, I proceed with the 

combined sample. 

 

3.2 Improved Predictive Ability from Risk-class Pricing 

One of the objectives of this paper is to explore the possible impact of pricing annuity 

benefits using additional risk-classes vis-à-vis existing pricing factors (age and sex). To do so, I 

                                                           
41

 This is consistent with Figure 2. 
42

 The magnitude of the odds ratio, however, is similar to that for the younger group. 
43

 Our results show that the hazard ratios for six of the eight chronic disease conditions are lower for the older group. 

This is consistent with results in Lee et al. (2008). Using HRS data, that study finds that as age increases, the ability 

of chronic conditions to predict mortality declines rapidly. Chronic conditions are stronger predictors of death for 

younger participants (aged 50-59 years) than for older participants. 
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compare the values of adjusted    across the four models.
44

 Controlling only for age and sex in 

“M1” explain about 6.7% (SE 0.0093) of variance in mortality outcomes. In contrast, “M2” and 

“M3” have adjusted    values of 29.7% (SE 0.0139) and 30.6% (SE 0.0138) respectively. In 

other words, implementing the 12 to 18 additional risk-classes will allow an insurer to explain 

about five times more variation in mortality, suggesting that much prognostic information is 

carried by the additional variables.   

To assess the relative contributions of individual predictors, I remove variables from “M3” 

one at a time – in the order that reduced    the least at each step. For the given sample, diabetes 

is the most important predictor of mortality, followed (in this order) by lung disease, heart 

disease, sex, age, marital status, high blood, cancer, own schooling, BMI, psychiatric condition, 

cognition, birth region, stroke, father‟s longevity, race, mother‟s education, father‟s education, 

arthritis, and mother‟s longevity. This ranking suggests that prior health history (other than 

arthritis) and demographic variables (particularly age, sex, and marital status) are important 

predictors of mortality for people close to retirement. Objectively-measured variables such as 

BMI and cognition also rank moderately well, which lends weight to their use in annuity pricing. 

Race does not rank highly on this list, probably because it serves as a proxy for SES, which in 

this case may have been largely captured by the education variable. Parental education is ranked 

low, which is not surprising since the mortality of older adults may no longer be strongly 

associated with parental SES.  

In what follows, the ten best-ranked additional risk-classes are combined with age and 

sex to form a “risk-class pricing” scheme.
45

 This new model specification with a total of 12 

variables has an adjusted    value of 29.7% (SE 0.0137). It is posited that this “risk-class pricing” 

scheme which is richer in information will allow insurers to derive more accurate mortality 

predictions than the “age-sex pricing” scheme. This paper proposes a novel approach to make 

this assessment by comparing age-at-death prediction intervals. To the best of my knowledge, 

this procedure has not been demonstrated in previous population-based studies of mortality. 

                                                           
44

 The values of adjusted    are found at the bottom of Table 1. In the context of censored survival data, the 

adjusted    measures how much of the variation in outcome in a PH model is accounted for through the prognostic 

index (  ), adjusting for the dimension of the model. See Royston (2006) for details. The Harrell‟s   and Somers‟   

statistics for Cox PH models are not suitable for use with our weighted analysis.  
45

 Results (not presented) show that this ranking using adjusted R
2
 is consistent with other variable selection 

methods. Stepwise and forward selection procedures both confirm that parental education, mother‟s longevity, 

arthritis, and birth region are the least significant variables. A slight difference is that the forward selection method 

ranks „stroke‟ as one of the top 12 factors in lieu of „own schooling‟. 
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Studying age-at-death intervals is of interest since insurers will want to pinpoint, as accurately as 

possible, how long annuity payouts need to be made.  

Age-at-death probability density functions are derived from post-PH regression estimates. 

These density functions show the relative likelihood of the individual dying at each point in time, 

i.e. the probability of dying before month     given survival to month  . Formally, let ( ) 

denote the age of a retiree who purchases an individual life annuity at time 0. A discrete random 

variable associated with her future lifetime is  ( ) where discrete time periods are measured in 

months.
46

 The survival function and density function of  ( ) are, respectively: 

 

 ( )    , ( )   -                                                             (4) 

  , ( )   -                                                                       (5)       

 

where     is the probability that ( ) will attain age       (or so-called cumulative survival 

probability), and       is the one-period mortality rate at age      . The constraint of      

is consistent with the minimum age of the given sample. The assumed terminal age that an 

individual can live up to is 120. Essentially, Equation (4) is the discrete-form equivalent of 

Equation (3). Fitted estimates of the survival function are derived for price simulations discussed 

in the next section. The focus here is the fitted estimates of the density function derived from 

Equation (5). 

It is also useful to introduce the notion of a „risk-group‟. Individuals who share a 

common density function are called a risk-group. In the context of annuities, a risk-group with a 

longer lifespan is „riskier‟ than another. Given that the sample consists of a number of risk-

groups, the objective here is to analyze how the density functions estimated under the two 

different annuity pricing schemes will differ, in the presence of such heterogeneity. In particular, 

consider four distinct risk-groups profiled as follows: 

(i) High longevity-risk: 55-year-old female, no disease history, slightly overweight, 

married, completed high school (HS-educated), above-average cognition. 

                                                           
46

 In actuarial terminology, this is called the curtate-future-lifetime of ( ). See Bowers (1997). 
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(ii) Average risk: 55-year-old female, no disease history, normal weight but is not 

married, not HS-educated, average cognition. (Note that this mortality profile is 

obtained by setting all 10 additional risk variables at their reference categories.) 

(iii) Low risk: 55-year-old female, history of cancer, underweight, is not married, not 

HS-educated, below-average cognition.  

(iv) Very low risk: 58-year-old male, overweight, has heart disease, high blood and 

psychiatric illness, not married, not HS-educated, below-average cognition. 

 

Figure 3 plots the density functions for each risk-group. For the first three subgroups, the 

density curves estimated from age-sex pricing alone (dotted lines) are identical; the benchmark is 

the density function for an average 55-year old female. In contrast, estimates obtained from 

“risk-class pricing” (solid lines) vary significantly across the three risk-groups; the subgroup 

with longer longevity is expected to die later than others. Overall, this enables readers to 

visualize exactly how incorporating more risk-classes improves predictive power: insurers are 

not only able to distinguish across risk profiles, but also obtain tighter age-at-death prediction 

intervals (narrower distributions). In addition, the solid line functions reveal higher peaks 

implying that the most probable ages of death are associated with greater weight (higher 

probability levels).  

Figure 3 here 

The bottom-right plot in the Figure illustrates the density curves for a very low-longevity 

risk-group; here we characterize this as an older male with a history of several diseases.  In such 

cases, substantial differences in mortality predictions can emerge: for instance, “risk-class 

pricing” predicts a most probable age-at-death at 64, whereas “age-sex pricing” yields a 

prediction of age 83. Having selected suitable risk-classes and demonstrated how incorporating 

these additional factors will lead to improved age-at-death predictions, the next step is to analyze 

how implementing these risk-classes affects the financial value of annuities for different 

demographic groups.  

 

4  Price Simulations on a Purely Financial Basis  
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 This section briefly describes the actuarial valuation approach for life annuities and 

presents simulation results for a hypothetical cohort of 65-year-old potential annuity buyers.
47

 It 

should be noted that this pool of individuals is not related in any way to the earlier sample of 

HRS respondents. I first simulate the annuity benefit flows accruing to a variety of risk-groups, 

and then simulate the annuity premiums that would be charged under different actuarially fair 

pricing schemes. These results are combined to obtain the money‟s worth ratio for various risk-

groups under alternative pricing schemes assuming no loading.  

 

4.1  Benefit Flows to Annuitants 

Consider a standard, nominal, whole life annuity that pays $1 per month as long as the 

annuitant is alive. The first payout starts at time     when the annuity is purchased. This is the 

only product available to individuals in this simulation. The benefits to annuity purchasers in the 

same risk-group can be quantified as follows:  

     ∑         
     

 

 

   

                                                                                    (6) 

where EPDV refers to the expected present discounted value of future annuity payouts. In 

addition,   is the discount factor,   
     

  is the set of cumulative survival probabilities for a 

risk-group,   is the age at which the annuity is purchased, and   is time expressed in months. In 

actuarial terminology, the EPDV is called the actuarial present value of a life annuity and the 

upper bound of the summation is set to infinity by convention. Equation (6) captures the present 

value of the series of annuity benefits that an annuitant in a particular risk-group can expect to 

receive over her remaining lifetime. 

Risk-groups can be defined using any combination of risk factors. For instance, a 

broadly-defined risk-group might be „age 65, females‟; their set of   
     

  can be estimated 

from a PH regression that controls only for age and sex.
48

 Another example of a risk-group 

                                                           
47

 Earlier studies that perform annuity value simulations have similarly focused on a cohort of same-age annuitants. 

For instance, Brown (2003) uses a cohort of 67-year-olds. Mitchell et al. (1999) and Turra and Mitchell (2008) focus 

on a cohort of 65-year-olds. Age 65 is selected here because it is closer to the expected retirement age of the sample 

of HRS respondents (mean=63.5, SD=3.65) used in the earlier regression analyses.  
48

 Robustness checks are performed to determine if the fitted estimates of     are reflective of rates reported in 

actuarial lifetables. Results (not presented) show that the fitted cumulative survival estimates generated from the PH 

regression controlling only for age and sex (i.e. Model 1) are close to the survival probabilities constructed from the 

Social Security Administration (SSA) birth cohort tables. The 1930 and 1940 sex-specific SSA cohort tables are 
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would be „married, high-school educated, age 65, females‟ – and any female with these four 

characteristics would be in the group (even though some would be suffering from a disease and 

some would not). Their set of   
     

  is estimated from a PH regression that controls for age, 

sex, education, and marital status. In the simulations that follow, a nominal annual interest rate of 

6% is assumed (this rate reflects the average 30-year Treasury bond yield for the last 20 years) 

and I also present sensitivity analysis using an alternative value of 4%.
49

 Further, the assumed 

terminal age of survival is 120.
50

 

Table 2 presents the simulated expected annuity benefits (or EPDV) for a variety of risk-

groups. The row in the middle shows that a 65-year-old annuity purchaser, on average, can 

expect to receive $126 in annuity benefits. If the fact that females live longer than males is 

accounted for, then plugging sex-specific survival probabilities into Equation (6) reveals that the 

estimated EPDV for females is actually $16 higher than that for males. If we further account for 

the education level of the annuitant, then the EPDV of high-school educated groups will be 

larger than that of non-high-school educated groups. The top and bottom rows of the Table draws 

a contrast between a very long-lived group profiled by „females with no high blood, married, and 

high-school-educated‟ (EPDV $152) and a very short-lived group profiled by „males with high 

blood, unmarried, and low-educated‟ (EPDV $81). In essence, the Table reflects a spectrum of 

longevity profiles in a heterogeneous cohort, although one can easily imagine other forms of 

representative profiles.
51

  

Table 2 here 

 

                                                                                                                                                                                           
used since the HRS sample respondents are born 1931-1941, and are sourced from 

www.ssa.gov/OACT/NOTES/as120/LifeTables_Tbl_7.html.  
49

 The average 30-year Treasury bond yield from 1988 to 2010 is 6.3% (the bond was discontinued between 2003 

and 2005 but re-introduced in 2006). In recent years, yields have been falling. As at end 2010, the 30-year Treasury 

bond yield is 4.25%. Source: Federal Reserve Statistical Release (www.federalreserve.gov/releases/h15/data.htm). 

Prior studies (e.g. Mitchell et al. 1999) have similarly used the 30-year Treasury bond yield to proxy a flat nominal 

term structure. The discount factor is computed using    (   )⁄ , where   denotes the nominal interest rate. It is 

also assumed that the insurer always earns exactly this rate on the assets backing the annuity, and so any profit or 

loss stems solely from annuity pricing simulations and not from reinvestment risk.  
50

 A terminal age (denoted  ) of 120 is appropriate for two reasons. First, it has been used as the limiting age in 

official cohort lifetables from the U.S. Social Security Administration. Second, it appears to be a reasonable choice 

for the sample here since the maximum death ages observed for deceased parents are 105 (father), and 110 (mother) 

suggesting it is plausible that HRS respondents can potentially live to 120. In Equation (6), the upper bound of the 

summation can thus be alternatively expressed as (   )    . 
51

 For example, „females with lung disease, underweight, and poor cognition‟ will also fit the profile of a very short-

lived group. 
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4.2  Premiums Charged by Insurers 

How premiums are set depends on the prevailing pricing scheme in the market. To 

simplify the analysis, zero-loading is assumed so the insurer is assumed to set premiums just 

sufficient to break-even for each benchmark group that it prices.
52

  Table 3 illustrates the dollar 

premiums charged to the hypothetical pool of age 65 individuals under different pricing schemes 

for a $1/month life annuity. In an „age-only‟ pricing scheme, the insurer will set a price based on 

the average survival probabilities of 65-year-olds. All annuity buyers will be charged the same 

premium of $126. Under „age-sex‟ pricing, the insurer no longer charges a single price but now 

has to differentiate between the sexes. The insurer uses the average survival probabilities of 65-

year-old females to derive a premium of $134, and all female annuity purchasers (whether they 

are married or unmarried, with disease or without) must pay $134. Because of their lower 

average survival probabilities, males are charged a lower premium of $117.  

Table 3 here 

Row 3 of the Table shows that if an „age-sex-education‟ scheme is adopted instead, there 

will be a total of four distinct prices after accounting for the different permutations among the 

pricing factors; high-school educated females paying the highest premium of $145. It is also 

important to note from this analysis that risk-groups become more narrowly-defined when the 

pricing scheme becomes more detailed; for example, it is not possible to compute a premium for 

a risk-group of 65-year old females under „age-sex-education‟ pricing. 

Risk-based pricing essentially allows insurers to price-discriminate more finely across 

different risk profiles. As pricing schemes incorporate more details, the schedule of possible 

premiums offered by an insurer grows exponentially. The Table shows that using six rating 

classes will result in 32 distinct prices ranging from $82-160. If all the top 12 pricing factors are 

used, then there are possibly more than 4,000 distinct premiums to account for the various 

permutations of 65-year old annuitants. All the results in the Table assume zero-loads. Loads can 

be factored into the analysis, for example, by assuming that they form a fixed percentage of the 

premium. If loads are say 10%, then all simulated premiums simply decrease by 10%, in which 

case, the relative prices charged to different buyers are unaffected. 

 

                                                           
52

 Insurers typically add loadings to the insurance products they sell to cover administrative costs and to incorporate 

some profit margin. Such loadings are borne by the consumers. 
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4.3  Money’s Worth Ratios Results 

To assess the financial value of annuities accruing to different demographic groups, a 

metric called the “money‟s worth ratio (MWR)” is employed. The MWR measures the financial 

value of an annuity investment to the individual, and it is simply the ratio of the EPDV over the 

annuity premium paid. If the MWR is less than 1, then the individual is expected to receive less 

back in payouts than what she paid. If she decides to buy the annuity, she would anticipate 

receiving a negative expected transfer. If MWR is greater than 1, then the annuitant would 

anticipate receiving a positive expected transfer.  

Table 4A presents the MWR values for different demographic groups under a variety of 

pricing schemes. These values are derived using the simulated EPDV and premium estimates 

discussed earlier. It is important to note that these are the values available to individuals if they 

should decide to buy the annuities; thus this analysis does not require the assumption that all 

individuals must annuitize. The key takeaway from this Table is that shorter-lived annuity 

purchasers will be made financially better off (and the longer-lived made worse off) when more 

detailed pricing schemes are implemented. This is evidenced by focusing on the „top‟ and 

„bottom‟ risk-groups in the Table which represents longer-lived and shorter-lived profiles 

respectively. Under age-sex pricing, the MWR for the shorter-lived group is 0.693. MWR 

increases substantially to 0.893 when additional factors such as education and marital status are 

used – this is about a 29% increase in financial value for every dollar they invest in annuities. 

This is because when pricing incorporates more personal characteristics, shorter-lived 

individuals enjoy lower premiums that reflect their high mortality attributes. In contrast, the 

longer-lived are charged higher premiums causing their MWR to decline. The longer-lived risk-

group has a MWR of 1.204 under „age-only‟ pricing (scheme S1) but only a MWR of 1.047 

under the more detailed pricing scheme S4.  

Table 4 here 

An interesting observation is that the incremental gains achieved by the shorter-lived 

exceed the incremental losses experienced by the longer-lived group. Moving progressively from 

scheme S2 to S4, the Table shows 13 to 15% gains in MWR for the shorter-lived. These gains 

are substantial as compared to the modest declines of 3 to 5% for the longer-lived. This suggests 

that the effect of adopting more factors in annuity pricing in a heterogeneous population of 

annuity purchasers is likely to be uneven; longer-lived groups will be made just slightly worse 
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off but shorter-lived groups will be disproportionately much better off. The intuition here is that 

it is generally harder to increase one‟s survival probability than to worsen it. Hazard ratios reveal 

that the combined longevity advantage of being married, HS-educated, female, and without high 

blood, decreases the risk of death by only 50% vis-à-vis the baseline individual. Yet, having the 

exact opposite attributes (all else equal) increases the mortality risk of an individual by 313%.
53

 

In other words, the survival curve of the longer-lived will lie just slightly above that of the 

baseline individual but the survival curve of the shorter-lived will lie far below the baseline 

curve. This disparity in survival estimates results in the premium falling more for the shorter-

lived than it rising for the longer-lived when a pricing factor is added. 

In sum, the MWR analysis suggests two important reasons why more detailed pricing 

may help reduce adverse selection in annuity markets. First, shorter-lived groups will be induced 

to buy annuities. Where they may have stayed out of the annuity market previously under 

simpler pricing, they may now decide to annuitize given decent MWR values of 0.8 to 0.9. 

Moreover, as pricing schemes become progressively more detailed, the incremental gains in 

MWR (13-15%) accruing to these shorter-lived groups are substantial. Second, longer-lived 

groups still have an incentive to annuitize even when more detailed pricing is implemented. This 

is because the penalty that these groups bear through higher premiums results in only modest 

financial losses of about 3-5%; moreover, they can still expect to enjoy positive expected 

transfers from annuitization as MWR > 1. Sensitivity analysis reveals that these results remain 

robust under a lower interest rate assumption (see Table 4B). 

While the MWR is a useful metric, it ignores the insurance value that individuals may 

derive from the elimination of longevity risk. The next section describes a utility-based model 

and quantifies the utility gains accruing to different demographic groups under the assumption of 

risk aversion. It assesses whether shorter-lived groups may obtain utility gains from more 

detailed pricing schemes, and if so, whether they are as substantial as the financial gains. 
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 The computations are based on the hazard ratios in Column M2, Table 1. Death hazards are multiplicatively 

proportional. Assuming all other factors are set at their reference categories, a married, HS-educated, female without 

high blood has a mortality risk of 0.69*0.73*1*1=0.504 whereas an unmarried, non-HS-educated, male who ever-

had high blood has a mortality risk of 1*1*1.92*1.63=3.13. 
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5  Price Simulations on a Utility-Adjusted Basis  

This section primarily builds on the work by Brown (2001, 2003) and Mitchell et al. 

(1999).
54

 In particular, I adopt the approach developed in these studies to quantify the welfare 

gains of annuitization to an individual using a metric called the “annuity equivalent wealth 

(AEW)”. Unlikely the MWR, the AEW is a utility-based measure of annuity valuation and it has 

been shown in prior studies that individuals may find an annuity to be welfare-enhancing even if 

MWR< 1.  

Closest to this present paper, Brown (2003) studies the utility-adjusted value of 

annuitization for a cohort of 67-year-olds of heterogeneous mortality under two pricing scenarios. 

Mortality is differentiated using sex, education, and race.
55

 One pricing scenario examined is 

unisex uniform pricing (which corresponds to age-only pricing) and the other scenario is 

actuarially fair pricing for each and every separate demographic group. This present paper aims 

to extend the empirical analysis on two fronts: first, I consider intermediate pricing scenarios that 

lie between the two markers. Thus the pricing scheme prevailing at any point in time may be 

more than actuarially fair for some demographic groups and less than actuarially fair for other 

groups.
56

 This is perhaps a better reflection of reality since insurers are likely to adopt additional 

risk-classes progressively as depicted by the intermediate pricing scenarios. Second, I examine a 

more diverse set of demographic groups. In particular, I differentiate mortality along more 

demographic lines, including education, marital status, and disease condition, which serves to 

broaden the analysis in useful ways.
57

 In what follows, I describe the multi-period, stochastic 

life-cycle model used to evaluate the insurance value of an annuity under uncertain lifetimes and 

simulate AEW results for the hypothetical cohort of 65-year-olds.  

 

5.1  Analytical Framework for AEW 

                                                           
54

 I am especially grateful to Jeffery R. Brown for sharing his optimization code originating from Brown (2001). 
55

 According to Brown (2003), education is selected in because it is a reasonable proxy for lifetime resources and is 

also a predetermined variable for most retired individuals. Race is selected because it is directly relevant to the 

politics of the Social Security debate in the U.S. This is consistent with the study‟s objective of assessing the utility 

implications of mandating annuitization in an environment of heterogeneous mortality.   
56

 The pricing scheme will be actuarially fair for groups which are identified as benchmarks in that particular 

scheme. These benchmark groups have been identified in Table 3 and have MWR values of 1.000 in Table 4.    
57

 Differentiating along more demographic lines increases the mortality heterogeneity between the „top‟ and „bottom‟ 

risk-groups, thus leading to a larger observed dispersion in MWR and AEW values. In addition, the choice of factors 

matters; selecting factors that are less correlated will create greater mortality heterogeneity between the risk-groups 

analyzed. 
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At the posited retirement age of 65, the individual decides how much of her initial wealth 

to annuitize. The retiree is assumed to be solving an expected utility maximization problem. 

Formally, let  (  ) represent the one-period utility function defined over real consumption,     

is the probability that an individual survives to period   (  is expressed in years),   the time 

preference rate, and   the terminal age (assume 120). Then, assuming additive separability over 

time, the value function   (  ) is defined as: 

 

  (  )      *  +  [ ∑
       (  )

(   ) 

      

   

]                                                            (7) 

subject to the following constraints: 

(i)    is given, 

(ii)                                                                                                          (8)                  

(iii)       (        )(   ). 

 

In this set of constraints,    is non-annuitized wealth in period  ,    is consumption in period  , 

   is the annuity income she receives in period   if she had purchased an annuity, and   is the 

real interest rate. There is no expectation operator because the survival probabilities have been 

explicitly accounted for, and there are no other sources of uncertainty in this problem. In addition, 

as in prior studies, I assume no bequests, no loadings, and no taxes in this setup. This value 

function at time   is the present discounted value of expected utility evaluate along the optimal 

path. Knowing the optimal decision in period   allows one to find the optimal decision that 

maximizes the value function in period    . The problem is thus solved numerically using 

backward recursion from the final period, and may be expressed by the following recursive 

Bellman equation: 

   *  +   (  )      *  +  (  )   
     

(   )
     (    )                                 (9) 

 

where       is the one-period probability of surviving in period    .  

Consistent with prior studies, I apply standard methods of discretizing the wealth space, 

and adopt the standard assumption that individuals exhibit constant relative risk aversion 
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(CRRA).
58

 The CRRA utility allows the simulation results to be invariant to the level of wealth 

possessed by the individuals in the different demographic groups at retirement. In other words, 

the value of annuitization derived by each demographic group will be unaffected by the 

differences in wealth levels across groups. The CRRA utility structure is: 

 (  )   
  
   

   
                                                                                                              (10) 

 

where   is the coefficient of relative risk aversion. More risk-averse individuals will value 

annuities more highly than less risk-averse individuals. Consistent with earlier studies such as 

Hubbard et al. (1995), a   parameter of 3 is used for the main analysis. Sensitivity analysis using 

an alternative value of     is also presented since a risk aversion of 1 corresponds to log utility, 

and has been found to be the average risk aversion in prior studies on consumption (e.g. Laibson 

et al. 1998).  

The analysis proceeds with a counterfactual exercise using two scenarios. Assume that an 

individual has initial financial wealth   . In the first scenario, individuals have full access to an 

annuity market where single-life, fixed-payout, nominal payout annuities are sold. Assume that 

the individual annuitizes all resources she has, i.e.     . The annual income she obtains from 

the annuity  (  ) is determined by the pricing scheme used by the insurer. For the special case in 

which the annuity is actuarially-fair for the individual,    is determined by: 

 

    
  

∑
    

(   ) (   ) 
      
   

                                                                                (11) 

 

where   is the real interest rate, and   is the inflation rate. The maximum utility    the individual 

attains in this first scenario can be found by solving the maximization problem subject to the 

constraints in Equation (2). 

Turning to the second scenario, assume now that no annuity market is available. That is, 

    
  and        . I solve the maximization problem again and find the amount of 

additional wealth,   , which must be given to the individual (in the absence of annuities) so 

                                                           
58

 See Turra and Mitchell (2008), Brown (2003, 2001), and Mitchell et al. (1999). 
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that she can achieve the utility level   . Given this setup, the annuity equivalent wealth (AEW) 

is thus defined as: 

 

     
      

  
                                                                                                         (12) 

 

In essence, the utility-based measure of AEW is similar to the Equivalent Variation measure in 

applied welfare analysis. Specifically, it quantifies how much an individual‟s wealth needs to be 

multiplied by (in a scenario without annuities) in order to generate the same utility level as in the 

scenario where annuities are available. In a multi-period life-cycle model with risk-averse 

individuals, the AEW is typically a number greater than unity since the option of annuitization is 

valuable. Following Brown (2003), the simulations here assume   =   =   = 3%.
59

 Also, 

simulations only focus on annuity contracts that pay fixed, nominal benefit streams.
60

  

 

5.2  Annuity Equivalent Wealth Results 

Annuity prices (defined here as the annual annuity income for a given premium
61

) are 

constructed by replacing the      in Equation (11) with the appropriate set of survival 

probabilities. For example, if annuities are priced based on age and sex only, then the annuity 

income for a married, or unmarried, 65-year old female is found using the average survival 

probabilities of 65-year old females. It is important to note that the mortality rates used as input 

to determine pricing are only averages and significant dispersion in mortality will exist among 

say, the group of 65-year old females. As such, annuities that are age-sex priced in an 

actuarially-fair manner for 65-year old females will be more than actuarially-fair for a married 

                                                           
59

 Some important parameters adopted in this present paper are different from Brown (2003), for instance, mortality 

inputs, age of annuitization, and limiting age. While Brown (2003) considers mortality differentiated by age, sex, 

race, and education, this present paper differentiates risk-groups by age, sex, education, marital status, and disease 

conditions. The selection of risk-classes is important since correlations among the risk-classes affect the amount of 

mortality heterogeneity across the various risk-groups, and in turn affect the dispersion in AEW results.  
60

 The focus of this present paper is on the dispersion in annuity equivalent wealth ensuing across different pricing 

schemes, thus only one annuity type is illustrated. Readers who are interested in how the dispersion in AEW varies 

across annuity types can refer to Brown (2003).  
61

 Annuity pricing can be expressed in two ways. The first is that the insurer determines the annuity premium as in 

the MWR analysis. This applies to a fixed-payout annuity (e.g. annuity pays $500/month for life). The second is that 

the insurer determines the quantum of payout for a given premium invested. This applies when the annuitant decides 

to invest, say $100,000, in an annuity. In both cases, the insurer sets the „price‟ and annuitant is the price-taker. 
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65-year old female with no diseases, and less than actuarially-fair for an unmarried, low-

cognition 65-year old female. 

Table 5 reports the annual annuity income for a $100,000 policy under various pricing 

schemes. If individual-life annuities are age-sex priced, a 65-year old male will receive $10,898 

per year, while a female will receive a lower annual income of $9,492 due to her longer life 

expectancy. Under pricing scheme S3, lowly-educated individuals will benefit from an increase 

in annuity income. In particular, the Table shows that lowly-educated males now receive $12,344 

in annual income as compared to $10,898 under scheme S2. In contrast, better educated 

individuals experience a decline in annuity income. A high school-educated female now receives 

only $9,036 (compare $9,492 under S2) since her premium educational level is now factored into 

the annuity pricing. In the very detailed pricing scheme S4, an unmarried, lowly-educated male 

will receive $5,527 more annually than a married high school-educated female for the same 

given annuity premium of $100,000. 

Table 5 here 

Table 6A presents the annuity equivalent wealth for different demographic groups under 

different pricing schemes. Results show that the utility gains from annuitization are substantial 

for both genders under the age-sex pricing scheme used in the U.S. annuity market today. This 

finding is consistent with previous empirical analyses (e.g. Brown 2003; Mitchell et al. 1999). In 

particular, females – on average – have an AEW of 1.474, meaning that they will be indifferent 

between $1 of annuitized wealth and $1.47 of non-annuitized wealth. Compared to average 

females, women with longevity-enhancing attributes such as being married, or being highly-

educated, enjoy even higher AEW values (1.482 to 1.495) because they have higher survival 

probabilities and are thus more likely to be alive to consume the annuity.  

Table 6 here 

Average males have an AEW of 1.644; this is comparable to Brown (2003)‟s figure of 

1.633 under age-sex pricing. The Table also shows that unmarried or lowly-educated males have 

lower AEW values than the average male. These risk-groups find annuities less valuable since 

they are less likely to survive to consume the annuity. Nonetheless, even those with very poor 

mortality prospects benefit from the annuitization option. For example, even the „bottom‟ risk-

group of unmarried, lowly-educated males with high blood disease has an AEW of 1.445.  
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As with the money‟s worth analysis, AEW results here show that shorter-lived groups 

find annuities more valuable as pricing becomes more detailed while longer-lived groups find 

annuities less valuable. The „bottom‟ group experiences a 30% increase in utility moving from 

age-sex pricing to scheme S4 and it should be noted that these utility gains are achieved by 

adding just a couple of pricing factors. In contrast, the „top‟ group experiences a modest 8% loss 

in utility but still obtains a decent AEW of about 1.4 under the detailed pricing schemes. 

Sensitivity analysis shows that the AEW figures are generally smaller under log utility, i.e.  =1 

(see Table 6B). This is because individuals with lower degree of risk aversion value annuities 

less than those who are more risk-averse. Nonetheless, the finding that high-mortality-risk 

groups benefit the most from annuitization when annuity pricing becomes more detailed remains 

robust. 

 

6  Discussion and Conclusion 

Annuities provide valuable longevity insurance to individuals with uncertain lifetimes. 

The aging of the boomer generation in the U.S. and the global advent of individual retirement 

accounts will likely increase the demand for annuities. Yet in the U.S. as well as in many other 

developed countries, prices of most standard retail annuities do not reflect buyers‟ personal 

characteristics other than age and sex. Some impediments to annuity underwriting may be costs 

and thin annuity markets. It may also be that insurers think underwriting is not profitable, which 

would be true if mortality differentials were not substantial. Nonetheless, the results in this paper 

suggest that mortality differentials are in fact substantial. Explained variation in mortality 

doubles from 6.7% to 12.6% just by using education and marital status, in addition to age and 

sex. Adjusted R
2
 increases further increases to 29.7% when the ten best-ranked factors are used 

along with age and sex. Moreover, these factors are readily-measurable and therefore not costly 

to collect. 

A main contribution of this paper has been to show that more detailed pricing may reduce 

adverse selection in annuity markets. This can be attributed to two effects that occur when more 

pricing factors are implemented. First, shorter-lived groups may be sufficiently induced to buy 

annuities. Where they may have stayed out of the market previously, they may now decide to 

annuitize since they are able to obtain decent MWR values of 0.8 to 0.9. Adding just one or two 

risk factors to age-sex pricing results in substantial financial gains (13-15%) for these groups. In 
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relation, the AEW analysis shows that shorter-lived groups can achieve attractive utility gains of 

about 30% when more detailed pricing is implemented. The second effect is that longer-lived 

groups will still be incentivized to stay in the annuity market. Although more detailed pricing 

schemes results in higher premiums for the longer-lived groups, they are not severely penalized. 

These groups experience only modest financial and utility losses of about 3 to 5%. With the 

shorter-lived groups entering the annuity market and longer-lived continuing to consume 

annuities, annuity markets are likely to grow which in turn reduces adverse selection.  

Overall, these findings lend support to the movement towards risk-based annuity pricing 

for standard retail products, which has already begun in the U.K. and may possibly spread to 

other countries. On the other hand, it implies that the European Union‟s recent elimination of the 

use of sex in insurance pricing, including annuities, represents a step backwards for the ongoing 

efforts towards greater risk-classification. Reducing the number of risk-classes will bring about 

greater dispersion in annuity values between the shorter and longer-lived risk-groups, which has 

possible redistributive implications in the event that all individuals purchase annuities, for 

example under a mandate.
62

 One limitation of this study is that the analysis is performed for a 

hypothetical cohort of 65-year-old individuals, without employing weights relevant to the HRS 

sample used for regression analysis. Future research can extend the analysis to the nationally 

representative sample of HRS respondents. This will allow me to better model selection effects 

under various pricing schemes and also quantify the impact of more detailed pricing on adverse 

selection for a nationally representative mix of risk classes in the population at large. 
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 Annuitization mandates have been actively considered by policymakers as a longevity risk management tool. For 

example, annuitization was compulsory in U.K. defined contributions plans for many years until recently. Singapore 

will implement an annuitization mandate in its national provident fund by 2013 (Fong et al. 2011). Mandating life 

annuity purchase may be one approach to limiting adverse selection in annuity markets, provided that appropriate 

regulation is in place (Bateman et al. 2001). 
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Figure 1: Survival function by Sex of 50 – 62 year olds first interviewed in 1992 in the 

Health and Retirement Study (Kaplan-Meier estimates) 

 

 
Note: The sample consists of 9,047 age-eligible respondents first interviewed in 1992 in the HRS (1992-2008). At the 2008 

wave cut-off, 70% of males and 78% of females are still alive. The estimates presented are un-weighted. Incorporating base-year 

respondent-level weights to account for over-sampling of blacks, Hispanics, and Floridians in the HRS leads to very similar 

results. The slight variability at the ends of the survival functions is due to a reduced effective sample at the tail caused by prior 

failures and censoring. 

Source: Author; see text.  
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Figure 2: Mortality Hazard Functions from Fitted Estimates of Gompertz PH Model 1 
 

 
Note: The sample consists of 9,047 age-eligible respondents first interviewed in 1992 in the HRS (1992-2008). All proportional 

hazards regressions include base-year respondent-level weights to account for over-sampling of blacks, Hispanics, and Floridians 

in the HRS. 

Source: Author; see text.  
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Figure 3: Density Function of the Age-at-Death random variable for Four Risk-groups 

 

  

  
Legend:   

 

Note: The graphs are based on fitted Gompertz proportional hazards regression estimates. For „age-sex‟ pricing, 

only age and sex are specified in the regression. For „risk-class‟ pricing, the following 12 controls are included: 

diabetes, lung disease, heart disease, sex, age, marital status, high blood, cancer, own schooling, BMI, psychiatric 

condition, and cognition. All regressions are weighted. The assumed terminal age is 120. The density curves show 

the conditional probability of death at each age. The four risk-groups are characterized in the following manner: 

 High-longevity risk: age 55 female, no disease history, overweight, married, high-school (HS) educated, above-

average cognition. 

 Average risk: age 55 female, no disease history, normal weight but unmarried, not HS-educated, average 

cognition. (Note that this mortality profile is obtained by setting all 10 additional risk variables at their reference 

categories.) 

 Low risk: age 55 female, ever-had cancer, underweight, unmarried, not HS-educated, below-average cognition.  

 Very low risk: age 58 male, overweight, ever-had heart disease, high blood, and psychiatric illness, unmarried, 

not HS-educated, and of below-average cognition. 

Source: Author; see text.  
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Table 1: Hazard Ratios for Mortality in the HRS, 1992 – 2008, Gompertz Proportional 

Hazards Model (N=9,047) 

 

 (M1) (M2) (M3) (M4) 

  HR [95% CI] HR [95% CI] HR [95% CI] HR [95% CI] 

Age 1.09 [1.07,1.10]*** 1.07 [1.05,1.09]***  1.07 [1.05,1.08]***     1.08 [1.06,1.09]***   

Male 1.62 [1.46,1.78]*** 1.92 [1.72,2.13]*** 1.83 [1.64,2.05]***          1.69 [1.51,1.89]***   

Nonwhite  1.18 [1.05,1.33]***  1.14 [1.00,1.30]**            1.12 [0.98,1.27]*     

Years of schooling ≥ 12 years  0.73 [0.66,0.82]*** 0.79 [0.70,0.89]***           0.94 [0.83,1.06] 

Married  0.69 [0.62,0.77]*** 0.70 [0.63,0.79]***        0.81 [0.72,0.91]***   

BMI (ref=normal weight):     

   Underweight  2.93 [2.18,3.93]***  2.97 [2.18,4.03]***      2.16 [1.56,2.99]*** 

   Overweight  0.83 [0.73,0.94]*** 0.83 [0.73,0.94]***           0.87 [0.77,0.98]**    

   Obese  0.85 [0.74,0.98]** 0.84 [0.73,0.97]**            0.89 [0.77,1.02]*     

Prior health history:     

   Ever-have Cancer (=1)  1.99 [1.62,2.44]***  1.99 [1.62,2.44]***           1.82 [1.49,2.23]***   

   Diabetes  2.49 [2.18,2.84]***  2.49 [2.19,2.85]***           2.18 [1.90,2.50]***   

   Heart disease / attack  1.63 [1.42,1.87]***  1.61 [1.41,1.85]***            1.34 [1.16,1.54]***   

   High blood pressure  1.40 [1.26,1.56]***  1.37 [1.23,1.53]***            1.30 [1.16,1.45]***  

   Chronic lung disease  2.28 [1.93,2.69]***  2.19 [1.85,2.60] ***           1.62 [1.37,1.91]***   

   Major psychiatric condition  1.57 [1.32,1.86]*** 1.54 [1.30,1.83]***           1.30 [1.09,1.54]***   

   Stroke  1.73 [1.36,2.21]***  1.71 [1.34,2.19]***            1.47 [1.16,1.87]***   

   Arthritis  1.06 [0.95,1.18] 1.05 [0.94,1.17]          0.93 [0.83,1.04] 

Birth region (ref = Northeast region):    

   Midwest region   0.90 [0.77,1.06]          0.90 [0.77,1.06] 

   South region   0.96 [0.83,1.12]         0.90 [0.77,1.04] 

   West region   0.74 [0.58,0.93]***            0.75 [0.59,0.94]**   

   Not born in the U.S.    0.63 [0.50,0.80]***            0.64 [0.51,0.81]***   

Cognition (memory score)   0.97 [0.96,0.99]***            0.98 [0.97,0.99]***  

Father education ≥ 12 years   1.08 [0.93,1.24]          1.13 [0.98,1.30]*    

Mother education ≥ 12 years   0.93 [0.81,1.07]          0.94 [0.82,1.08] 

Father‟s Longevity   0.95 [0.92,0.99]***            0.96 [0.93,0.99]**    

Mother‟s Longevity   1.00 [0.96,1.04]          1.00 [0.97,1.04] 

Self-reported health (ref=excellent):     

   Very Good    1.27 [1.05,1.54]**    

   Good    1.68 [1.39,2.02]***   

   Fair     2.29 [1.85,2.82]***   

   Poor    3.02 [2.38,3.81]***   

Currently smoke (=1)    1.76 [1.56,1.99]***   

Ever smoke (=1)    1.41 [1.23,1.62]***   

Ever drink (=1)    0.94 [0.84,1.05] 

     

Gamma ( ) 0.0063 0.0076 0.0077 0.0081 

     

# observations 58,467 58,467 58,467 58,467 

   190.78 1,287.06 1,336.73 1,622.97 

df 2 16 30 37 
     

Adjusted     6.7%  29.7% 30.6% 36.7% 

     

Source: Author; see text.  

Notes: HR = hazard ratios (* p<0.10, ** p<0.05, *** p<0.01), CI = 95% confidence intervals in brackets.  

The sample consists of 9,047 age-eligible HRS respondents first interviewed in 1992. Analyses are weighted by base-year 

respondent-level weights to account for over-sampling of blacks, Hispanics, and Floridians. M2 adds conventional, 

predetermined covariates (race, education, whether married, and weight), M3 adds less-conventional, predetermined risk factors 

(birth region, cognition scores, parental factors), and M4 adds conventional, endogenous variables (self-reported 

health, smoking, and drinking).   is the shape parameter of the baseline hazard.    is the Wald chi-square statistic 

which compares the log pseudo-likelihood of the fitted model against a null model. A model with more parameters 

will always have a higher statistic; whether it fits significantly better than a model with fewer parameters is 
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determined by calculating the p-value of the difference in    between models, together with the associated degrees 

of freedom (df). The adjusted    for survival models measures how much of the variation in outcome in a Gompertz 

proportional hazards model is accounted for through the prognostic index (  ), adjusting the dimension of the 

model. Flags for missing, and imputed, values for these variables are included in the analysis: birth region, father‟s 

education, mother‟s education (p<.10), and parental longevity.  
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Table 2: Benefit Flows to Annuitants (for age 65 annuity purchasers;  =6%) 

 

Subgroups of 65-year olds Expected Benefit Flows 

Top: No high blood, Married, HS-educated, Females $152 

Married, HS-educated, Females 145 

HS-educated, Females 140 

Females 133 

65-year-olds 126 

Males 117 

Lowly-educated, Males 104 

Not married, Lowly-educated, Males 91 

Bottom: High blood, Not married, Lowly-educated, Males 81 

Notes: The benefit flows pertain to a standard, nominal, whole life, retail annuity that pays $1/month to 65-year-old 

would-be annuity purchasers. Simulations are based on a nominal annual interest rate of 6% and a terminal age of 

120. The risk-group of „No high blood, Married, HS-educated, Females‟ is the longest-lived group analyzed in this 

Table and marked “Top”. Correspondingly, „High blood, Unmarried, Low-educated, Males‟ is the shortest-lived 

group and marked “Bottom”. 

Source: Author.  
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Table 3: Annuity Premiums Charged under Different Pricing Schemes (for age 65 annuity 

purchasers;  =6%; zero-loads) 

 

Different Pricing 

Schemes 

# of pricing 

factors 

Prices ($) # of distinct 

premiums 

Age-only  1 Single price:  $126 1 

Age, sex  2 
F:  

M:  

$134 

117 2 

Age, sex, education 3 

HS-educated F:  

Less-educated F: 

HS-educated M: 

Less-educated M:  

$140 

122 

125 

104 

4 

Age, sex, education, 

marital status 
4 

Married, HS-educated F: 

Unmarried, HS-educated F: 

Married, less-educated F:  

Unmarried, less-educated F:  

Married, HS-educated M: 

Unmarried, HS-educated M: 

Married, less-educated M:  

Unmarried, less-educated M: 

$145 

129 

129 

111 

128 

110 

109 

91 

8 

: 

: 
: 

: 

: 

: 

: 

: 
: 

: 

Age, sex, education, 

marital status, high 

blood, cognition  

6 
: 

: 
$67-153 32 

: 

: 
: 

: 

: 

: 

: 

: 

: 

: 

All top 12 factors: 

Age, sex, education, 

marital status, high 

blood, cognition, 

diabetes, lung 

disease, heart 

disease, cancer, 

BMI, psychiatric. 

12 
: 

: 
$4-161 4,096 

Notes: Only one of these pricing schemes is adopted by the insurer at any one time. Premiums are set by the insurer and offered 

to 65-year-old would-be annuity purchasers. Simulations are based on a single-life, nominal, standard retail annuity with fixed 

$1/month payouts, a nominal interest rate of 6%, and a terminal age of 120. The distinct number of prices in each row is obtained 

by multiplying the number of categories that is associated with each additional pricing factor. For example, „sex‟ is associated 

with only two categories (male/female) but „BMI‟ is associated with four categories (underweight, normal weight, overweight, 

and obese). In addition, only a group of 65-year old annuitants is considered here. In other words, age is fixed. If age is allowed 

to vary, as it would in a random pool of annuitants, the number of distinct prices that will be larger than that indicated here. 

Source: Author; see text.  
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Table 4: Money’s Worth Ratios for Various Risk-groups under Different Pricing Schemes 
(age 65 annuity purchasers) 

 
A: Money’s Worth Ratios ( =6%) 

 

Simpler Pricing More Detailed Pricing 

 

(S1) Age-only (S2) + Sex (S3) + Educ. (S4) + Marital 

Top: No high blood, Married, 

High-school (HS)-educated, Females 
1.204 1.133 1.081 1.047 

Married, HS-educated, Females 1.150 1.082 1.032 1.000 

HS-educated, Females 1.114 1.048 1.000 - 

Females 1.062 1.000 - - 

65-year-olds 1.000 - - - 

Males 0.931 1.000 - - 

Low-educated, Males 0.827 0.889 1.000 - 

Unmarried, Low-educated, Males 0.722 0.775 0.873 1.000 

Bottom: High blood, Unmarried, 

Low-educated, Males 0.645 0.693 0.780 0.893 

     

Decline in MWR (for Top) 
 

-6% -5% -3% 

Increase in MWR (for Bottom) 
 

+7% +13% +15% 
      

 

B: Money’s Worth Ratios ( =4%) 

 

Simpler Pricing More Detailed Pricing 

 

(S1) Age-only (S2) + Sex (S3) + Educ. (S4) + Marital 

Top: No high blood, Married, 

High-school (HS)-educated, Females 
1.254 1.166 1.102 1.059 

Married, HS-educated, Females 1.184 1.101 1.040 1.000 

HS-educated, Females 1.138 1.059 1.000 - 

Females 1.075 1.000 - - 

65-year-olds 1.000 - - - 

Males 0.918 1.000 - - 

Low-educated, Males 0.801 0.872 1.000 - 

Unmarried, Low-educated, Males 0.686 0.747 0.857 1.000 

Bottom: High blood, Unmarried, 

Low-educated, Males 0.605 0.659 0.756 0.882 

     

Decline in MWR (for Top) 
 

-7% -6% -4% 

Increase in MWR (for Bottom) 
 

+9% +15% +17% 
      

Notes: These calculations are the MWR values available to 65-year-old would-be annuity purchasers. The dashes indicated cases where the 
premium for that risk-group cannot be defined under the prevailing pricing scheme. Simulations are based on a single-life, nominal annuity with 

fixed $1/month payouts, a nominal interest rate of 4% or 6%, and a terminal age of 120. S1 denotes a pricing scheme using 1 risk-class (age-only); 

S2 denotes a scheme using 2 risk-classes (age and sex), and so on. For example, the S4 scheme uses four pricing factors: age, sex, education, and 
marital status. The risk-group of „No high blood, Married, HS-educated, Females‟ is the longest-lived group analyzed in this Table and marked 

“Top”. Correspondingly, „High blood, Unmarried, Low-educated, Males‟ is the shortest-lived group and marked “Bottom”. Moving from left to 

right, the relative change in MWR for both of these groups is shown at the end of the Table.  
Source: Author; see text.  
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Table 5: Annual Annuity Income from $100,000 Policy under Different Pricing Schemes 
(for age 65 annuity purchasers;      3%; zero-loads) 

 

 
Simpler Pricing More Detailed Pricing 

 

S1 

Age-only 

S2 

+ Sex 

S3 

+ Educ. 

S4 

+ Marital 

Top: No high blood, Married, 

High-school (HS)-educated, Females 
$10,109 $9,492 $9,036 $8,742 

Married, HS-educated, Females 10,109 9,492 9,036 8,742 

HS-educated, Females 10,109 9,492 9,036 - 

Females 10,109 9,492 - - 

65-year-olds 10,109 - - - 

Males 10,109 10,898 - - 

Low-educated, Males 10,109 10,898 12,344 - 

Unmarried, Low-educated, Males 10,109 10,898 12,344 14,269 

Bottom: High blood, Unmarried, 

Low-educated, Males 10,109 10,898 12,344 14,269 

      

Notes: These calculations are based on a single-life, nominal, standard retail annuity that charges a lump-sum 

premium of $100,000 in exchange for fixed annual payouts. Additional parameters include a real interest rate of 3%, 

an inflation rate of 3%, an annuitization age of 65, and a terminal age of 120. S1 denotes a pricing scheme using 1 

risk-class (age-only); S2 denotes a scheme using 2 risk-classes (age and sex), and so on. For example, the S4 scheme 

uses four pricing factors: age, sex, education, and marital status. The dashes indicated cases where the annuity 

payout for that risk-group cannot be defined under the prevailing pricing scheme; for example, it is necessary to 

determine the educational status of the annuitant under Scheme S3 since low-educated annuitants will receive higher 

annuity income. The risk-group of „No high blood, Married, HS-educated, Females‟ is the longest-lived group 

analyzed in this Table and marked “Top”. Correspondingly, „High blood, Unmarried, Low-educated, Males‟ is the 

shortest-lived group and marked “Bottom”.  
Source: Author; see text.  
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Table 6: Annuity Equivalent Wealth for Various Risk-groups under Different Pricing 

Schemes (age 65 annuity purchasers;      3%; zero-loads) 

 
A: CRRA utility with  =3 

 

Simpler Pricing More Detailed Pricing 

 

(S1) Age-only (S2) + Sex (S3) + Educ. (S4) + Marital 

Top: No high blood, Married, 

High-school (HS)-educated, Females 
1.592 1.495 1.421 1.374 

Married, HS-educated, Females 1.583 1.488 1.415 1.368 

HS-educated, Females 1.577 1.482 1.411 - 

Females 1.568 1.474 - - 

65-year-olds 1.552 - - - 

Males 1.527 1.644 - - 

Low-educated, Males 1.471 1.586 1.791 - 

Unmarried, Low-educated, Males 1.406 1.512 1.709 1.972 

Bottom: High blood, Unmarried, 

Low-educated, Males 
1.342 1.445 1.633 1.882 

     

Decline in AEW (for Top) 
 

-6% -5% -3% 

Increase in AEW (for Bottom) 
 

+8% +13% +15% 
      

 
B: CRRA utility with  =1 

 

Simpler Pricing More Detailed Pricing 

 

(S1) Age-only (S2) + Sex (S3) + Educ. (S4) + Marital 

Top: No high blood, Married, 

High-school (HS)-educated, Females 
1.535 1.441 1.372 1.328 

Married, HS-educated, Females 1.509 1.419 1.351 1.307 

HS-educated, Females 1.492 1.402 1.336 - 

Females 1.466 1.377 - - 

65-year-olds 1.429 - - - 

Males 1.376 1.483 - - 

Low-educated, Males 1.289 1.388 1.571 - 

Unmarried, Low-educated, Males 1.192 1.279 1.447 1.671 

Bottom: High blood, Unmarried, 

Low-educated, Males 
1.127 1.198 1.346 1.554 

     

Decline in AEW (for Top) 
 

-6% -5% -3% 

Increase in AEW (for Bottom) 
 

6% 12% 15% 
      

Notes: These calculations are based on a single-life, nominal annuity that charges a lump-sum premium of $100,000 in exchange 

for fixed annual payouts (as illustrated in Table 5). Additional parameters include a real interest rate of 3%, an inflation rate of 

3%, an annuitization age of 65, and a terminal age of 120. S1 denotes a pricing scheme using 1 risk-class (age-only); S2 denotes a 

scheme using 2 risk-classes (age and sex), and so on. For example, scheme S4 uses four pricing factors: age, sex, education, and 

marital status. The dashes in the Table represent cases where annuity pricing cannot be defined for that risk-group, thus AEW is 

not computed for that group.  

Source: Author; see text.  
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Appendix Table 1: Descriptive Statistics 

 

This Table provides basic descriptive statistics of the sample of 9,047 respondents in the baseline 

HRS cohort. Age distribution is pretty even across the range of 51 – 61; average age is 56. About 

79% of the respondents are white, 95% have a religion, and 90% are born in the US. Average 

education is about 12.1 years of schooling. About a third of the individuals are normal weight, 

1.3% is underweight, and the rest are overweight or obese. In terms of parental factors, father‟s 

years of schooling is slightly lower than that of mother‟s, and more respondents‟ mothers are 

alive at baseline than fathers.  

 

Variable Mean 

Individual demographic characteristics  

    Male 45.4% 

    Average age at interview 56.0 (3.18) 

    Race: nonwhite 21.2% 

    Married 72.7% 

    Born in the US 90.3% 

    Has religion 95.3% 

    Place of birth (by region):  

1. Northeast 17.6.% 

2. Midwest 25.3% 

3. South 38.7% 

4. West 7.9% 

5. Not born in the U.S.  10.5% 

Socioeconomic factors   

    Own years of schooling 12.1 (3.20)  

    Father's years of schooling 8.8 (3.81) 

    Mother's years of schooling 9.1 (3.52)  

Parental longevity  

    Father alive 16.4% 

    Mother alive 42.2% 

    Father's age at death (if deceased) 68.0 (13.85) 

    Mother's age at death (if deceased) 68.5 (14.93) 

    Father's current age (if alive) 80.9 (5.62) 

    Mother's current age (if alive) 79.3 (5.85) 

Health & Cognition  

    BMI:  

Underweight (BMI < 18.5) 1.3% 

Normal weight (18.5 ≤ BMI <25) 33.6% 

Overweight (25 ≤ BMI <30) 40.8% 

Obese (30 ≤ BMI ) 24.3% 
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Variable Mean 

    Ever-have Cancer 4.8% 

    Ever-have Diabetes 9.6% 

    Ever-have Heart condition 10.6% 

    Ever-have High blood pressure 34.7% 

    Ever-have chronic lung disease 5.3% 

    Ever-have major psychiatric condition 7.1% 

    Ever-have Stroke 2.4% 

    Ever-have Arthritis 34.5% 

    Cognition: Memory score only (scale 0 – 40) 12.8 (5.24) 

  9,047 

Notes: Percentages are shown for dichotomous variables, and means with standard deviations in parentheses are 

shown for continuous variables and some categorical variables (e.g. years of schooling). Statistics shown here are 

solely for baseline 1992 variables. The baseline cognition measure features only the memory score (based on word 

recall items) as the rest of the cognition test questions were not asked until wave 3. Missing values for these 

variables are flagged: parental education, parental longevity, birth region, BMI, and cognition scores. The birth 

regions are organized as follows: the Northeast Region comprises New England and Middle Atlantic divisions; the 

Midwest Region comprises East North and West North divisions; the South region comprises South Atlantic, East 

South, and West South divisions; the West region comprises Mountain and Pacific divisions.  

Source: Author.  

 

 

 

 

  



50 

 

Appendix Table 2: Comparing Hazard Ratios for Mortality in the HRS by Age Groups 
(1992 – 2008, Gompertz proportional hazards model, N=9,047) 

 
 (M3) (M3) By Age Group 

  All Ages 

HR [95% CI] 

Age 50-57 

HR [95% CI]  

Age 58-62 

HR [95% CI] 

Age  1.07 [1.05,1.08]***     1.05 [1.02,1.08]*** 1.04 [0.97,1.12] 

Male 1.83 [1.64,2.05]***          1.78 [1.54,2.05]*** 1.89 [1.59,2.25]*** 

Nonwhite 1.14 [1.00,1.30]**            1.13 [0.95,1.34] 1.12 [0.91,1.37] 

Years of schooling ≥ 12 years 0.79 [0.70,0.89]***           0.81 [0.68,0.95]*** 0.77 [0.64,0.93]*** 

Married 0.70 [0.63,0.79]***        0.71 [0.61,0.82]*** 0.69 [0.58,0.83]*** 

BMI (ref=normal weight):    

   Underweight 2.97 [2.18,4.03]***      3.15 [2.16,4.60]*** 2.59 [1.55,4.33]*** 

   Overweight 0.83 [0.73,0.94]***           0.82 [0.69,0.97]** 0.84 [0.70,1.02]* 

   Obese 0.84 [0.73,0.97]**            0.87 [0.72,1.04] 0.80 [0.64,1.01]* 

Prior health history:    

   Ever-have Cancer (=1) 1.99 [1.62,2.44]***           2.25 [1.72,2.93]*** 1.72 [1.26,2.36]*** 

   Diabetes 2.49 [2.19,2.85]***           2.61 [2.18,3.13]*** 2.38 [1.95,2.90]*** 

   Heart disease / attack 1.61 [1.41,1.85]***            1.72 [1.43,2.07]*** 1.48 [1.20,1.83]*** 

   High blood pressure 1.37 [1.23,1.53]***            1.40 [1.21,1.62]*** 1.33 [1.13,1.58]*** 

   Chronic lung disease 2.19 [1.85,2.60] ***           2.01 [1.60,2.53]*** 2.60 [2.03,3.33]*** 

   Major psychiatric condition 1.54 [1.30,1.83]***           1.56 [1.25,1.95]*** 1.44 [1.08,1.91]** 

   Stroke 1.71 [1.34,2.19]***            1.81 [1.27,2.57]*** 1.61 [1.16,2.22]*** 

   Arthritis 1.05 [0.94,1.17]          1.00 [0.87,1.16] 1.11 [0.94,1.31] 

Birth region (ref = Northeast):    

   Midwest region 0.90 [0.77,1.06]          0.84 [0.68,1.03]* 1.00 [0.78,1.27] 

   South region 0.96 [0.83,1.12]         0.91 [0.74,1.10] 1.06 [0.84,1.33] 

   West region 0.74 [0.58,0.93]***            0.66 [0.49,0.91]** 0.83 [0.59,1.18] 

   Not born in the U.S.  0.63 [0.50,0.80]***            0.64 [0.47,0.86]*** 0.63 [0.44,0.89]*** 

Cognition (memory score) 0.97 [0.96,0.99]***            0.98 [0.96,0.99]*** 0.97 [0.95,0.99]*** 

Father education ≥ 12 years 1.08 [0.93,1.24]          0.97 [0.81,1.16] 1.26 [1.00,1.59]** 

Mother education ≥ 12 years 0.93 [0.81,1.07]          0.91 [0.76,1.08] 0.96 [0.77,1.19] 

Father‟s Longevity 0.95 [0.92,0.99]***            0.93 [0.89,0.98]*** 0.99 [0.94,1.05] 

Mother‟s Longevity 1.00 [0.96,1.04]          0.99 [0.94,1.04] 1.01 [0.96,1.07] 

    

Gamma ( ) 0.0077 0.0077 0.0078 

    

# observations 58,467 40,525 17,942 

   1,336.73 771.327 555.9522 

df 30 30 30 

    
Notes: HR = hazard ratios (* p<0.10, ** p<0.05, *** p<0.01), CI = 95% confidence intervals in brackets.  

The sample consists of 9,047 age-eligible HRS respondents first interviewed in 1992. Analyses are weighted by base-year 

respondent-level weights to account for over-sampling of blacks, Hispanics, and Floridians.   is the shape parameter of the 

baseline hazard.    is the Wald chi-square statistic which compares the log pseudo-likelihood of the fitted model 

against a null model. Flags for missing, and imputed, values for these variables are included in the analysis: birth 

region, father‟s education, mother‟s education (p<.10), and parental longevity.  

Source: Author; see text.  
 

 

 


