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ABSTRACT

We employ model schedules and time series analysis to forecast future survival to the year 2050. Our results show consistent moderate improvements in life expectancy: between the years 2000 and 2050, life expectancy at age 30 will increase five to six years, or from 45.9 to 51.0 years for males and from 50.6 to 56.4 years for females. These substantial improvements are nevertheless much lower than the approximately 70-year life expectancies at age 30 that some researchers have optimistically suggested. We do, however, find that over time survival curves both lengthen and thicken at older ages, which suggests that we have not yet reached an age limit to survival. These results underscore the advantages to forecasting survival rather than mortality rates and reveal important insight into possible U.S. mortality improvement over the next five decades.

Researchers and policy makers must fully understand past and present mortality trends in order to accurately determine future ones. Such forecasts have direct substantive importance because they inform us about population aging and changing sex differences in life expectancy, and policy relevance because they provide needed information for such national programs as Medicare and Social Security. Although the Social Security Administration (SSA) has regularly underestimated future gains in life expectancy (see Oeppen and Vaupel 2002), past underestimation does not guarantee substantial future gains in life expectancy; more conservative estimates may be more accurate at some future date. It is important to find a technique that can produce accurate life expectancy forecasts for all age and sex groups, but especially for older ages – because the U.S. is an aging population, because researchers are interested in better understanding future mortality at very old ages, and because older ages will most directly affect Social Security and other fiscal policies. We employ model schedules and time series analysis to forecast future survival for males and females aged 30 and above to the year 2050. 
Historical Trends in Life Expectancy
In 1900, U.S. life expectancy at birth for the total population was just 47.3 years; by the year 2003, it had jumped to 77.6 years (see solid line in Figure 1). But in the first half of the twentieth century these increases were uneven and were punctuated by periodic dramatic reductions in life expectancy owing to infectious diseases; for example, between 1917 and 1918, life expectancy at birth plummeted 11.8 years because of the influenza epidemic. The second half of the twentieth century witnessed gains that were slower and less variable.

(Figure 1 about here)

Researchers who project life expectancies can be characterized as optimistic, pessimistic, or middle of the road. Optimistic researchers expect substantial gains in life expectancy, comparable to some of the dramatic gains of the past. The Epidemiologic Transition Theory argues that previous reductions in mortality have been realized through far-reaching medical breakthroughs, public health advances, and increases in quality of life (including warmer clothes, better housing, and higher overall incomes) (Omran 1977; Tuljapurkar et al. 2000). Public health advances in the nineteenth and twentieth centuries include chlorination, pasteurization, and refrigeration (see Omran 1977; Rogers and Hackenberg 1987). New public health interventions – including improved traffic safety; efforts to provide cleaner air, water, and land; and increases in immunizations – have further lowered mortality. Koch’s 1882 isolation of the tubercule bacillus led to practical application of the germ theory of disease, and Fleming’s 1928 discovery of penicillin led in the 1940s to the use of antibiotics (Wilmoth 1998). Recent medical breakthroughs include improved treatment for heart disease and cancer, kidney dialysis, and organ transplants (see Fogel and Costa 1997; Rogers et al. 2005). 

There are reasons to be guarded about future gains in life expectancy, including persistent risky behaviors, external causes of death, and the law of diminishing returns (see Wong-Fupuy and Haberman 2004). We have seen periods of stagnation, if not deterioration, in life expectancy. It is much easier to reduce infectious diseases than such complex chronic and degenerative diseases as heart disease, cancer, Alzheimer’s disease, and AIDS (Tuljapurkar et al. 2000). Further, we must consider the Taeuber Paradox (Keyfitz 1977): especially at older ages, diseases are interrelated, so that the elimination of one disease may not substantially reduce overall mortality (Tuljapurkar and Boe 1998). Although cancer contributes to about one-quarter of all deaths in the U.S., the large majority of these deaths occur at older ages, so its elimination might add just a little over three years to life expectancy at birth (Anderson 1999). Similarly, as mortality declines in the younger ages so does room for improvement, and gains must be smaller or shifted to the older ages where fewer person-years (and therefore fewer years of life expectancy) are added.  Thus, proportional gains in age specific mortality decreasingly affect life expectancy the higher life expectancy rises.  A one percent across the board decrease in age specific mortality would not affect life expectancy today as much as it would have one hundred years ago.  Ironically, past progress hinders future gains (Vaupel 1986).  Gene therapy, heralded as the next major breakthrough, may be some years off, may affect a small proportion of the population, and may more directly affect morbidity and disability than mortality. Thus, whereas we predict that public health measures and medical treatments will continually improve survival, future survival improvements may increase at a decreasing rate.
A pessimist might even argue that life expectancy could deteriorate due to environmental hazards, infectious diseases, stress, and risky behaviors. People may not change their risky behavior, even when they know it will elevate their risk of death. Particularly notable is the rise in obesity as a behavioral cause of death. Overnutrition contributes to heart disease, hypertension, stroke, and by some estimates half of all Type II diabetes (McGinnis and Foege 1993). Because obesity is a rather new health risk to a major segment of the population, and because increasing mortality may lag somewhat behind increasing overnutrition, the negative effects of obesity on health and longevity could counter medical advances over the next several years. Olshansky et al. (2005) estimate that obesity has a larger negative effect on life expectancy at birth than all external causes combined (e.g. accidents, homicide, suicide), and that obesity coupled with other diseases (e.g. AIDS, influenza, antibiotic-resistant pathogens) may cause life expectancies to decline. Individuals continue to overeat and to remain inactive even in the midst of an obesity epidemic; they continue to smoke, drink excessively, and use drugs despite cautions and even prohibitions; and they continue to engage in violence, unprotected sexual intercourse, and unsafe driving even with knowledge of their potential life-shortening effects.  Some suggest that increased risky behaviors coupled with declining mortality due to other factors has ushered us into a new stage of the epidemiological transition, where behavioral factors are the leading cause of death (Rogers and Hackenberg 1987).
Although we have conquered or diminished the effects of many infectious diseases, old infectious diseases could re-emerge, new drug-resistant strains could develop, and new infectious diseases could arise, further increasing mortality. For example, we cannot predict future outbreaks of such infectious diseases as influenza and HIV/AIDS (see Olshansky et al. 1997). 

Life expectancy could deteriorate due to human-made and environmental hazards, such as terrorist attacks and natural disasters (Rogers, Hummer, and Krueger 2003). While the effects of pollution are difficult to measure and are more often associated with morbidity than mortality, studies have shown a correlation between pollution levels and mortality (Lave and Seskin 1973). Future increases in pollution could potentially increase mortality. And mortality could increase with environmental risks such as earthquakes, tornados, mudslides, and floods.
Researchers are interested not only in changes in overall mortality, but also in the shape of the mortality and survival curves and in differences by sex. The sex gap in life expectancy at birth, which was relatively low but variable in the early 1900s, widened to its highest levels in 1975 and again in 1979, at 7.8 years (see dashed lines in Figure 1). Since 1979, the sex gap in life expectancy has gradually closed to 5.3 years by 2003, the narrowest level in 55 years. 

Both males and females have enjoyed substantial long-term increases in survival (see Figure 2). Females experienced substantial gains in survival between 1920 and 1940, and between 1940 and 1960. Their survival gains between 1960 and 1980 were smaller, and the most recent gains – between 1980 and 2000 – were smaller still. Note, however, that males, while they have lower survival than females in every period, experienced some of their greatest survival gains during the period 1980 to 2000. That is, male and female survival rates are converging (Preston 2005). One prominent feature for both sexes is the rectangularization of survival – over time, the survival curve is squaring off, with greater proportions of the population surviving younger ages (Fries 1980). Fries (1980) and many since have incorrectly associated rectangularization with a fixed age limit.  While a fixed maximum age coupled with decreasing mortality would lead to a more rectangular survival curve as Fries (1980) asserts, increasing the maximum age would not preclude rectangularization.  The shallow portion of the curve could continue to lengthen and the steep portion of the curve could continue to move outward indefinitely (Wilmoth and Horiuchi 1999).  Moreover the tail could continue to lengthen and thicken without substantially decreasing the rectangularization effect.  Because infant and child survival is already so high and cannot improve much further, future gains in life expectancy must be realized among older ages (Bongaarts 2005).  Vaupel (1986) estimates improvements in age specific mortality at ages proximal to a population’s life expectancy at birth generally translate into the greatest gains in overall life expectancy.
(Figure 2 about here)

Several researchers have predicted that although greater proportions of individuals will survive to a specific age, say 85, few individuals will survive past this age, and the tail of the survival distribution will remain fixed, with exceptionally few individuals surviving past a specific fixed tail, say 100 (see, for examples, Fries 1980; Olshansky, Carnes, and Cassel 1990). Some suggest that there is an age limit beyond which no human can live (Manton et al. 1991). But we have already surpassed some theoretical limits posited by earlier researchers (e.g. Benjamin and Haycocks 1970; Bourgeois-Pichat 1952; Bourgeois-Pichat 1978 Siegel 1980). Thus, it is important to examine survival curves, especially at older ages, to determine the shape and characteristics of the tail. 
Types of Forecasts

Ways to forecast mortality vary in accuracy and complexity: expert opinion; forecasts of age-, sex-, and sometimes cause-specific mortality rates; survival rates; and life expectancies. More complex methods do not necessarily result in more accurate forecasts. At the same time, simple methods may be illustrative but misleading.

Forecasting Life Expectancies. The Social Security Administration (SSA) regularly publishes low, intermediate, and high projected period life expectancies at birth. The 2005 report states that by 2050 life expectancy at birth will rise to 79.4 years for males and 83.2 years for females, based on intermediate estimates. The high cost estimates are slightly higher: 82.4 for males and 85.9 for females (Board of Trustees 2005). Social Security and other official forecasts rely heavily on subjective expert opinion, often reflect the optimistic or pessimistic climate of the times, and over the past century have generally underestimated actual life expectancy (Lee and Miller 2001).
Oeppen and Vaupel (2002) hold that although more sophisticated techniques are available, linear projections of life expectancies are reasonable and relatively accurate. Employing international data from 1840 through 2000, they use the highest female and male life expectancy at birth that is reported for any country in that year. Based on these record-holding countries, they present a linear relationship between the 160-year period and female life expectancy at birth. They argue that more developed countries can expect unprecedented increases in life expectancy – indeed, that in about 60 years, life expectancies at birth could reach 100 years. Further, they assert that the linear life expectancy trend “may be the most remarkable regularity of mass endeavor ever observed” (2002, p. 1029).
A linear pattern in life expectancy should hold for different time periods and countries, including the U.S. But a linear trend based on the 1900-1949 period for the U.S. would vastly overestimate present life expectancies (see Figure 1). Oeppen and Vaupel (2002) find a larger slope for females than for males, state that the sex gap in life expectancy has increased over time, and thus claim that the sex gap in life expectancy will constantly continue to widen over time. But the U.S. has witnessed a substantial and consistent closing of the sex gap in life expectancy over the last 24 years (Arias 2004; Hoyert, Kung, and Smith 2005). Thus, although Oeppen and Vaupel’s (2002) linear method is direct and instructive, it does not work for all periods and countries and does not represent current trends in the sex gap.

Olshansky et al. (2005) argue against extrapolative methods for forecasting life expectancy, stating that the past may not reflect future gains or losses. They also suggest, contrary to many demographers’ advice, that SSA should not increase their forecasts, even though it has had a tendency to underestimate in the past. Although no extrapolative method can completely forecast human behavior (such as obesity rates), political effects (such as war and genocide), or pandemics (Olshansky et al. 2005), extrapolating past trends has been tested and produces reasonable forecasts (Lee and Miller 2001). Furthermore, historical extrapolation is less prone than other methods to subjective biases and common assumptions, such as the existence of a biological maximum lifespan (Preston 2005).
Forecasting Mortality Rates. British Actuary Benjamin Gompertz first proposed a mathematical law of mortality in 1825. Gompertz successfully modeled mortality rates for humans age approximately 20 to 60 with a simple exponential equation. A century and a half later, Heligman and Pollard (1980) expanded Gompertz’s equation to include mortality from birth to age 20 (a modified version of the Gompertz equation is still present as the final monomial of the Heligman-Pollard function). Many researchers have since studied these apparent laws of mortality from a biodemographic perspective, searching for biological causes for the observed mortality pattern (particularly for the ages Gompertz modeled, which occur after many external causes diminish as substantial causes of death). The Gompertz and Heligman-Pollard functions do accurately describe age-specific mortality for humans and other species at select ages (Olshansky and Carnes 1997). But at older ages, mortality does not continue to increase in an exponential fashion but instead shows a deceleration in the rate of aging and increases linearly through at least age 105 and possibly age 110 (Wilmoth 1995).
Researchers and policy makers may be interested in age-specific mortality rates, as well as aggregated measures such as life expectancy. Recently, investigators have converted age- and sex-specific mortality rates into model schedule parameters and have then used time series analysis to project the parameter estimates (for reviews, see Tuljapurkar and Boe 1998, and Wong-Fupuy and Haberman 2004).
Lee and Carter (1992) developed a method for forecasting mortality based on the equation
Ln(mx,t) = ax +bx * kt + x,t

where mx,t is the central death rate for age x at time t, ax and bx are parameters dependent only on age that represent age effects and age pattern of mortality change, respectively, kt is a temporal factor representing level of mortality, and x,t is the error term. Lee and Carter’s method is renowned for its simplicity; there is only one temporal parameter to model, and its error term is relatively easy to calculate.


Lee and Miller (2001) evaluate the Lee-Carter method. When compared to observed data, both Lee and Carter’s (1992) projections and hypothetical historical projections Lee and Miller (2001) fit using the Lee-Carter method are quite accurate. In each case, however, life expectancies were systematically underestimated (though to a lesser degree than Social Security projections, Lee and Miller note). 74 of 78, or 95% of, historical Lee-Carter projections were below actual values. Actual values also fell outside of the 95% probability intervals 15% of the time. Although this seems to imply that the Lee-Carter method underestimates error, every case where the actual values fell outside of the interval occurs with projections of greater than fifty years. When considering estimates from five different countries (all with starting points less than fifty years other than the U.S.), Lee and Miller find only 3% of actual values fell outside of the intervals (the problem of underestimation, however, persisted with each country). The confidence intervals were, in fact, too broad for projections of forty years or less and too narrow for fifty years or greater.


Accurate life expectancy projections do not necessarily imply accurate age-specific mortality and survival projections. For example, although shifting the 1930 U.S. female survival curve to the right a certain distance without changing its shape could produce the life expectancy of U.S. females in 1950, the functional form of the actual 1950 survival curve would deviate substantially from our shifted 1930 curve. The Lee-Carter method runs into a similar problem. Because bx, which defines the age pattern, is not a time-dependent term, Lee and Carter (1992) assume that the age pattern of mortality decline is fixed (Bongaarts 2005; Lee and Miller 2001). But Lee and Miller (2001) show that this age pattern in the second half of the twentieth century is substantially different from the first half. Improvements in infant and childhood mortality were proportionally larger in the early part of the century, whereas in later periods we find the greatest gains among the late middle-aged and the elderly.


Overall, the Lee-Carter method provides very accurate life expectancy projections (much better than the Social Security Administration), but as it does not allow for variations in the age pattern of mortality declines over time, it may not be quite as accurate regarding the shape of mortality. Furthermore, life expectancy projections using the Lee Carter method appear to suffer when they encompass time periods where substantial age pattern changes occur. The fixed age pattern problem may also explain the systematic underestimation of life expectancy (Lee and Miller 2001).
Bongaarts (2005) uses a shifting logistic model to project adult mortality. He first fit mortality data to a three-parameter logistic model. Next, he fixed the slope parameter to its average value, refitted the mortality data to the three-parameter logistic model, and then extrapolated the remaining two parameters. Although extrapolation is straight-forward, the trends over time in at least one of the parameters is not steady, and therefore may be better captured by other nonlinear techniques (Bongaarts 2005). Bongaarts presents results for ages 25-100 and acknowledges that the model will not work for younger ages because there are too few parameters to model mortality among infants, children, and young adults during the accident peak. Further, although the focus on ages 25-100 is important, it overlooks mortality trends among individuals over 100 years of age. Nevertheless, Bongaarts (2005) finds that compared to projections to the year 2100 with his model, the Lee-Carter method produces large mortality improvement in ages 60-80, but very small mortality improvement in older ages (90-100), which suggests that the Lee-Carter method does not fully incorporate mortality improvement among older ages.
McNown and Rogers (1989) used a parameterized time series approach to forecast mortality. The McNown-Rogers method begins with the eight-parameter Heligman-Pollard (1980) mortality model:
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It then employs univariate and multivariate time-series techniques to forecast the eight parameters into the future.


Although the Heligman-Pollard model is accurate within the age range considered by McNown and Rogers (up to age 80), Thatcher (1999) suggests that the model plateaus shortly after that and does not accurately represent mortality at extreme old ages. Wilmoth (1995) proposes that the Coale and Kisker model of linear mortality progression takes over from the Heligman-Pollard function’s exponential increase around age 85 and continues until age 105 or 110.  Many scholars agree that the model does not fit at the oldest ages. And Olshansky and Carnes (1997) note that when Gompertz developed the equation that models adult mortality in 1825, mortality above age 80 (or age 60 or 70 for that matter) was of little concern. Additionally, eight parameters create a great deal of complexity and a large propagation of error. Models that eliminate the volatility due to infant and early childhood mortality and the so-called “accident peak” during young adult years by considering only older adults require fewer parameters (McNown 1992). Indeed, considering mortality only for adults over the age of 20 or 30 can reduce the Heligman-Pollard function from eight to five or even two parameters (parameters A-C and possibly D-F can be dropped). 

Forecasting Survival Rates. Figure 3A demonstrates that it can be difficult to fit curves to mortality data because qx values fluctuate erratically at older ages (see also Olshansky 1997 and Thatcher 1999). Some researchers address this mortality volatility by focusing exclusively on younger ages, say ages 80 and below (see, for example McNown and Rogers 1989). However, although ages above 80 were once considered outliers, people in the extreme old ages now comprise a substantial portion of the population, and changes in their mortality could have important implications for life expectancies at younger ages. And if the focus is on older ages, one alternative is to fit survival rather than mortality rates. Survival and mortality data can be derived one from the other, so they are equally valuable in terms of results. But compared to mortality rates, which are more volatile, can increase or decrease with age, and generally require more parameters, survival rates have much greater regularity, decline with age, and fit with fewer parameters.
(Figure 3 about here)

Preston et al. (2001) fit survival rates with the following three-parameter function:
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The C parameter controls the starting point and the height of the survival curve,1 but does not affect the shape of the curve other than by stretching or compressing it vertically. C changes largely in response to ab: as ab increases, C decreases and vice versa. Both parameters a and b affect the curve’s shape and width but in subtly different ways. As a increases, the starting point of the curve moves upward, and the tail of the curve moves to the right, extending and sharpening the convex part of the curve (at the younger ages) without largely affecting the concave part of the curve (at the older ages) or the linear section in between. As b increases, the tail moves to the left and the linear section becomes steeper, sharpening the concave part of the curve without largely affecting the convex part. A combination of increases in parameters a and b creates the rectangularization effect: in our case, a’s positive effect on the tail outweighs b’s negative effect.2 
Figure 3B shows female age-specific survival rates for 1980, along with the three-parameter model fit. The three parameter model fits the survival data exceptionally well, even better than the five-parameter Heligman-Pollard model for mortality data. Furthermore, especially at older ages, compared to mortality rates, survival rates are smooth and decline in a graded rather than erratic fashion. Ultimately, closer fitting data, particularly at the older ages, provide more accurate parameters and thus better projections, and may provide greater insight into such issues as the shape and length of survival at the oldest ages and the rectangularization of survival.
For the purposes of this paper we have modeled and forecasted only overall survival for men and women.  However, as with forecasts of mortality, parameterized time series forecasts of survival can be used regarding cause specific mortality (McNown and Rogers 1992).  Such forecasts could be particularly valuable concerning causes of death that affect the very old.
AIMS
This paper uses time series analysis to forecast survival of adult males and females aged 30 and above over the next 50 years. We use ages 30 and above to highlight changes in survival at older ages, to avoid the volatility associated with teenagers and young adults, and to reduce the number of parameters needed to fit the survival curves.

METHOD
Data Sources

We obtained U.S. age- and sex-specific lx and qx values for ages 30 and above by single ages and single years for the years 1900 through 1999 from the Human Mortality and Life-Table Databases (HMD [http://www.mortality.org] and HLD [http://www.lifetable.de/]). These databases grew out of the Berkeley Mortality Database founded in 1997 by John Wilmoth at University of California at Berkeley, and were compiled by researchers from UC-Berkeley and the Max Planck Institute for Demographic Research in Rostock, Germany. HMD and HLD were launched in 2002 and now include data for nearly thirty countries. Although the National Center for Health Statistics (NCHS) provides detailed official mortality data over the last century (see, for example, Arias 2004), it does not include as much detail for every year, especially detailed mortality data for older ages. Nevertheless, for the years 2000 and 2001, we rely on NCHS data (Arias 2002, 2004).
Model Fitting

We fit lx values to the three-parameter Gompertz survival function with the Table Curve 2D program, which accommodates user-defined functions. Table Curve 2D fits nearly perfect models for every year we consider, with r2 of over .99 for each year. We started with the first year, 1921, and identified the best fit for the three parameters, then sequentially fit each subsequent year. The advantage of using Table Curve 2D is that it provides an objective way to determine the best fit. Moreover, compared to mortality rates, survival values produce better fits, especially with least squares solutions, because they are less likely to be skewed by extreme outliers at the older ages.
Time Series Models of Parameters
Adapting the strategy of McNown and Rogers (1989), we use time series methods to model the temporal patterns of the model schedule parameters in order to project these parameters, and hence the age patterns of adult mortality, into the future. Both univariate and multivariate time series methods are employed to analyze the dynamic behavior of the parameters. Although the fitting of the model schedules produced historical data on all six parameters (three each for males and females) for the period 1900 through 2002, discontinuities in these time series at and immediately after the influenza epidemic of 1918 necessitates limiting our analysis to the period after 1920. 

Because the a parameter asymptotically approaches one, it must be constrained to be less than one in the forecasting models. This is achieved with the logistic transformation logistic(a)=ln[a/(1-a)] with the time series model constructed for logistic(a). The other two parameters are modeled in their original form.

Before constructing either univariate or multivariate models, we test each time series for unit roots (nonstationarity). The basic test for unit roots employs the augmented Dickey-Fuller equation
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where xt represents one of the six parameter series, t is a deterministic time trend, and the number of lagged differences, p, is just sufficient to make εt a nonautocorrelated random variable. The unit root null hypothesis is equivalent to H0:b=0, which also implies that xt must be differenced to become stationary. The common test for this hypothesis employs the calculated t-statistic on the least squares estimator of b, which has a nonstandard distribution under the null hypothesis. We use the test by Dickey and Fuller (1979) and its more powerful extension by Elliott, Rothenberg and Stock (1996) to test this hypothesis for each of the six time series.


The results from these two tests are reported in Table 1. For the male parameters, nonstationarity is not rejected for logistic(a) or C by either test at the 10% level or lower. For parameter b, the unit root hypothesis is rejected at the 5% level by the Dickey-Fuller test but not by the Elliott-Rothenberg-Stock (ERS) test. Since the three parameters are fitted simultaneously, they are likely to have the same stochastic properties, so that the anomalous result from the Dickey-Fuller test may be discounted. It is tentatively assumed that all three are nonstationary. For the female parameters, the evidence is consistent across both tests that all three series are nonstationary. All test statistics fail to reject the unit root hypothesis at the 10% level or less. Again, the modeling will proceed under the assumption that all are nonstationary.

(Table 1 about here)


After first differencing to remove the nonstationarity, most of the six time series exhibit little autocorrelation that would be useful for forecasting. Among the male parameters, logistic(a) is a random walk (nonautocorrelated in the first differences), implying that there is no useful information in the lags of this series for forecasting future changes.  The first differences of parameters b and C have significant autocorrelations at lags one (for b) and out to lag six for C. Although an adequate moving average model can be constructed for parameters b and C, these models become uninformative for forecasting beyond the first and sixth year, respectively.


For the female parameters, significant autocorrelation exists at low lags, providing some information useful for short-term forecasting. Moving average models for the female parameters have a maximum lag of six years (for C), so that these univariate models are not useful for forecasting beyond six years into the future. 


The univariate models are of limited value for forecasting because of their short memories and their inability to model interactions among the parameters. Given the simultaneous estimation of all three parameters in fitting the Gomperz function for each sex, it is likely that considerable interdependence exists among these parameters, and this could provide information that is useful in forecasting. The dynamic interdependence among the parameters can be incorporated into a multivariate time series model such as a vector autoregression (VAR). In a VAR for the female parameters, for example, each parameter is expressed as a function of its own lags and of lags on the other two parameters. The VAR exploits information on the feedback among the three series to create forecasts of potentially greater accuracy than those produced by the univariate models.


The choice of multivariate model for nonstationary time series depends upon whether there exists a stationary relation among these series. If such a stationary relation (called a cointegrating relation) exists, then the dynamic relation among these series can be constructed as an error correction model (ECM). The ECM is a restricted form of the VAR involving the first differences of the series plus a term that embodies the cointegrating relation. 

The existence of a cointegrating relation is tested with the maximum likelihood procedure of Johansen (1995). Implementation of this test requires specifying the length of the lags in the ECM necessary to achieve nonautocorrelated residuals, and the choice of deterministic elements. Given the apparent trends in the historical data on each of the parameters, it is necessary to allow for trends in the choice of deterministic elements of the multivariate models. For the model involving the female parameters, an ECM specification with two lags on all variables is necessary to produce nonautocorrelated residuals. The ECM for males contains one lag.

Johansen’s trace test shows evidence of cointegration among the three female parameters at the 10% significance level and among the male parameters at the 5% level. Given these results, we constructed three-variable ECMs for both sets of parameters, building in the restriction of one cointegrating relation in each. 
RESULTS
The projections of parameters from 2003 through 2050 are attached to the historical data for 1921-2002, and displayed in Figure 4. For the a parameter, the forecasts are computed as the inverse of the logistic transformation of the forecasts of logistic(a). 

The male parameter a and b forecasts show smooth, positive trends reflective of their historical patterns. The a parameter approaches one asymptotically, and Figure 4 shows a convergence of the male a parameter towards the higher female values. The historical data for C show no consistent trend, but the forecasts exhibit a negative trend as a result of the influence of parameters a and b in the multivariate model. In particular, the continued rise in a tends to raise the starting point of the survival curve, requiring a compensating decline in C to keep the radix at 100,000. 
(Figure 4 about here)

The temporal patterns for the female parameters are similar to those for the males with a and b trending positively and C moving downward in the long run. One of the striking features of Figure 4 is the convergence of the male a parameter towards the female levels that results in a partial closing of the gap in life expectancies between the sexes. Since the two b parameters are projected to trend upwards in a parallel fashion, but with the female b higher than the male parameter, this difference in life expectancies does not continue to shrink towards zero, but rather levels off and widens again after 2010.

Table 2 (and Figure 5) shows survival values observed (years 1930 through 1990) and projected (years 2010 through 2050) by sex for selected ages and years. We computed the projected lx values from the forecasted times series parameters. This table shows that survival consistently improves for each period: for both males and females, within every age (except of course the initial age), the lx values are higher for each subsequent 20-year period. For example, out of 100,000 30-year old females, the number who could expect to survive to age 35 was 97,695 in 1930, and 99412 in 1970, and is predicted to be fully 99,912 in 2050.

(Table 2 and Figure 5 about here)

Both sexes show substantial gains in survival during selected years. For example, both males and females enjoyed substantial gains in survival between 1930 and 1950, with smaller gains between 1950 and 1970. Visually, the observed and projected survival curves are comparable. For instance, the substantial improvement for males between the years 1990 and 2010 is visually similar to the gains between 1930 and 1950 and between 1970 and 1990 (see Figure 5). Similarly, the expected gains for females between 2010 and 2030 are visually similar to the gains observed between 1950 and 1970 and between 1970 and 1990. For every age and time period, more females than males survive. Thus, compared to males, females display a more rectangular curve. 

The three-parameter model allows the degree of rectangularization and the lengthening of the tail in the survival curve to evolve independently. For both sexes the projected survival curves exhibit increased rectangularization, as well as increases in old-age survival.

Both sexes see substantial gains in the number of individuals surviving to older ages. For example, out of 100,000 females aged 30, the number of females expected to live to age 100 was 80 in 1930, increased to 2,359 in 1990, and is expected to reach 10,411 in 2050. We see similarly impressive gains for females at age 110. Out of 100,000 females aged 30, the number of females expected to live to age 110 was 17 in 1990, but will be about 134 in 2050. Similar but attenuated increases are presented for the proportion of males living to age 100.

Increased survival results in greater proportions of individuals living to older ages. For example, in 1910, only 5% of females aged 30 could expect to live to age 87.4. But by 2050, half of all females aged 30 can expect to live to 88.2 years. Similar advances are expected for males. Thus, what was once a rarity will soon become the norm. 

Table 3, which presents life expectancies calculated from the lx values, shows substantial increases in life expectancies by age, by sex, and over time. For instance, life expectancy at age 30 for females will rise from 39 years in 1930 to an expected 57 years in 2050. These estimates are similar to but slightly higher than the intermediate, but the same as or lower than the high SSA projected life expectancies (Board of Trustees 2005). These life expectancy estimates are difficult to compare directly because we project life expectancies at age 30, which, because of mortality risk before age 30, are approximately 1.5 years higher than life expectancies at birth. Substantial increases in life expectancy are projected at the older ages. For instance, between 1910 and 2050, life expectancy at age 90 is expected to double for females and to increase by two-thirds for males.
(Table 3 about here)

The sex gap in life expectancy was small in the 1900s, slowly increased through the mid- to late-1970s, and has since substantially and consistently narrowed through the present period. It is instructive to examine not only the sex gap in life expectancy at birth, but also the sex gap at other ages. For instance, at age 30, the sex gap in life expectancy was just 2.3 years in 1930, widened to 6.5 years in 1970, will close to 3.9 years in 2010, and then will slowly widen to 4.7 years in 2050.


Table 4 shows that major gains in life expectancy at age 30 resulted from reductions in mortality across age groups and over time. For example, between 1930 and 1950, half of all gains in life expectancy at age 30 were attributable to reductions in mortality at the youngest ages examined here, i.e., ages 30-55 for females and ages 30-45 for males. In the future, relatively little of the gain in life expectancy at age 30 will come from mortality drops at younger ages. For example, in the period 2030-2050, among females only about 14% of the gains in life expectancy at age 30 will be contributed by the youngest age groups (30 through 54 years of age). Half of all such gains will come from lowered mortality among those aged 70-90. 

In the first half of the last century, major gains in life expectancy were realized at younger ages, whereas we can now expect greater gains among older ages. For example, half of all gains in life expectancy for females between the years 2030 and 2050 will come between ages 70 and 90. Although there may be great reductions in mortality at ages beyond 90, such improvement will have smaller effects on gains in average life expectancy because of the smaller proportions of populations in these older ages. Males can still expect to realize relatively large gains in life expectancy from reductions in mortality at younger ages, in part because male mortality in the 30-50 year age group is relatively high and therefore more amenable to reduction.

(Table 4 about here)

Table 5 shows that age-specific annual percentage improvement in mortality rates are generally greater for younger than older ages. Most mortality improvement rates fall between 0.5% and 2.0%. Historically, they have varied considerably – from about 0.5% or lower for males in age groups 55-59 and above during the period 1950-1970, to 4.0% for ages 30-34 during the period 1930-1950 for males and 5.25% for females. The magnitude of future mortality decline is similar to that of past mortality decline. For instance, for females, the mortality decline projected between 2010 and 2030 is quite similar to that between 1950 and 1970; and mortality decline between 2030 and 2050 is similar to if not greater than that between 1970 and 1990. Thus, future mortality trends mirror past trends.

Generally, mortality improvement is slightly greater for females than males. But during the period 1990-2010 males show greater mortality improvement than females at all age groups up to 95-99. This differential improvement will contribute to proportionately larger increases in male life expectancy and will narrow the sex gap in life expectancy at all ages.
(Table 5 about here)

CONCLUSION
Our results show that the U.S. population will continue to enjoy moderate improvements in life expectancies for the next five decades. Although our forecasts do not mimic past sporadic large improvements (or periodic deterioration) for specific ages and sexes, they are consistent with moderately strong improvements over the past century in general. We expect that between the years 2000 and 2050, life expectancy at age 30 will increase five to six years, or from 45.9 to 52.4 years for males and from 50.6 to 57.1 years for females. Our fairly dramatic improvements in projected life expectancies fall within the intermediate and high bound of SSA projections (Board of Trustees 2005), but are nevertheless substantially lower than the  approximately 70-year life expectancies at age 30 that Oeppen and Vaupel (2002) expect. Given past trends, time series analysis, life table entropy, the law of diminishing returns, and risky behaviors, we contend that in the next 50 years, life expectancies at birth of 90 years and below are reasonable and that life expectancies at birth of 100 years and above are untenable. Remember, too, that our forecasted 2050 female life expectancy at age 30 would create a life expectancy at birth of 87.1 years only if everyone below age 30 survived to age 30.
Over time, there is increased rectangularization in the survival curve. Furthermore, we find that with time, survival curves at the older ages continue to lengthen and thicken, which contradicts the assumptions made by Fries (1980) and Olshansky, Carnes, and Cassel (1990). Indeed, we find that whereas in 1990 only 289 out of 100,000 females age 30 could expect to survive to age 105, in the year 2050 this number is expected to increase over seven-fold to 2090.6. Such lengthening and thickening of the survival curve is consistent with observed data from other developed countries (see National Research Council 1997; Wilmoth and Lundstrom 1996), and the ability to capture it constitutes an advantage for the three-parameter function over the Lee-Carter method (1992). Improvement at younger adult ages will feed proportionately more individuals into older ages, and increased mortality improvement at the older ages will result in more older individuals surviving longer. 

Our results show continued gains in life expectancy for both sexes, but the age patterns by sex change over time. The sex gap in life expectancy at age 30 was small in 1930, generally widened to a peak gap of 6.5 years in 1970, and according to our calculations, will drop to an expected 3.9 years in 2010, and will grow again to about 4.7 years by 2050. Oeppen and Vaupel (2002) argue that the sex gap in life expectancy will constantly widen over time. Because the sex gap has both widened and narrowed in the past, we suggest that time series forecasts of model schedule parameters are preferable to a linear extrapolation of life expectancies because they allow the sex gap to widen or narrow to reflect differences between age groups and periods. For example, compared to females aged 65 and over, comparably aged males can expect larger percentage declines in mortality between 1990 and 2010, which will narrow the sex gap in life expectancy. 
The sex gap is partly behavioral. Much of the closure of the sex gap in life expectancy between 1964 – the date of the Surgeon General’s report – and 1979 is most likely due to reductions in smoking among men, though some of it may be due to increases in smoking by young women. Indeed, earlier smoking initiation among women has now contributed to subsequent lung cancer mortality among older women (Preston 2005). Future declines in mortality and changes in the sex gap will continue to be influenced by smoking: still, 22.5% of the adult population smokes (Lethbridge-Cejku, Schiller, and Bernadel 2004).
One clear advantage of forecasting ages 30 and above for 50 years is that most of the population that will be projected forward is already alive today, a fact that increases the accuracy of the forecasts. Since forecasting individuals aged 30 and above through the year 2030 relies totally on individuals who are already alive today, any new major medical advances that affect only newborns or infants will have no impact on our forecasts through 2030. They may also have only modest impacts thereafter. We must remain mindful of age, period, and cohort effects and the lag between medical research advances and their application: even major advances may not affect all ages, may take years to implement, and may only slowly increase life expectancies.

The Epidemiologic Transition Theory demonstrates that historical reductions in mortality have come about through public health advances, improvements in quality of life, and new medical technology (see Fogel and Costa 1997; Rogers et al. 2005). But future reductions could be hampered by risky behaviors, stress, environmental risks, and the law of diminishing returns. Most major causes of death today are chronic, progressive, degenerative, multifactorial, and relatively resistant to intervention and treatment: heart disease, stroke, cancer, Alzheimer’s disease, and AIDS (Tuljapurkar et al. 2000). We are now at a stage where individual behaviors – cigarette smoking, diet, drinking, drug use, exercise, and sexual activity – can have a profound effect on life expectancies (Rogers and Hackenberg 1987). Life expectancy gains could slow with increases in poverty and income inequality, outbreaks of infectious diseases, environmental and human-made catastrophes, and continued risky behavior (Olshansky et al. 1997). Indeed, Olskansky et al. (2005) estimate that obesity dampens current U.S. life expectancy by one-third to three-quarters of a year, and with greater prevalence and higher levels, could further reduce life expectancy in future years. Although we agree that obesity has increased for three decades, and that obesity is increasing for children, adolescents, and adults, we also acknowledge that national programs, public health initiatives, and medical intervention could reverse this trend. Moreover, obesity, is but one of hundreds of factors that affect life expectancy (Preston 2005).
Life expectancy forecasts have important lifestyle and public policy ramifications. Accurate forecasts are critical to policy decisions that affect tax rates, benefit amounts, and age of receivership. Underestimates of future life expectancy could prove especially problematic for such programs as Social Security and Medicare (Olshansky et al. 2005). 
The U.S. Social Security program, based on intergenerational transfers, succeeds if the surplus taxes collected from the working population offset the deficit generated by the elderly and other qualifying Social Security recipients who pay little in taxes (Lee and Tuljapurkar 1997). Lee and Tuljapurkar (1997:78) calculate that each additional year of life expectancy requires an increase in tax rates (or a decrease in benefits) by 3.6%. Similarly, individuals need accurate life expectancy estimates to balance work and retirement. Lee and Tuljapurkar (1997) calculate that a population would have to increase earnings (or decrease production) over a lifetime by .8% for each additional year of life expectancy .

Our results suggest that the U.S. population will continue to enjoy increased life expectancies for the foreseeable future. But we should remain mindful that these increases may be uneven, slow, and punctuated by periods of rapid increase as well as short-term periods of decline. The more accurately our forecasting methods can capture this unevenness, the better. Overall, our results reveal important insight into possible U.S. mortality improvement over the next five decades.

ENDNOTES
1 Although values for the C parameter tend to stay close to 100,000, this parameter is not the starting value for the survival curve at age 30. The actual starting value – which does not have to be 100,000 for projections (it can be rescaled to 100,000 later without affecting life expectancies or the curve's shape) – will always be lower than C when we begin our curve at age 30.
2 Parameter b’s effect could outweigh a’s effect as they both increase, but this would mean that a survival curve becomes more rectangular while its tails simultaneously retracts, which is unlikely.
3 Only two cells show mortality deterioration, one for males aged 100-104 in the observed period, and one for females aged 105-109 in the projected period. Although we have experienced some periods of mortality deterioration and could continue to do so, in general, we expect future morality to remain at present levels or to decline.
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Table 1. 
Tests for Unit Roots in the Parameter Time Series: 1921-2001

_____________________________________________________________

Parameter

Dickey-Fuller test

ERS test

______________________________________________________________

A. Male parameters

logistic(a)

-2.23(0)


-1.67(0)

b


-4.01(2)**


-2.88(2)*

C


-2.64(2)


-1.06(1)

________________________________________________________________

B. Female parameters

logistic(a)

-1.65(1)


-1.67(1)

b


-1.27(3)


-1.73(1)

C


-3.29(0)*


-1.64(0)

________________________________________________________________

Notes. ERS is the test by Elliott, Rothenberg and Stock (1996). Numbers in parentheses are the number of lagged differences included in the Dickey-Fuller equation. Significance at the 5% level is indicated by **, and at the 10% level by *. In all cases the null hypothesis is that the series has a unit root.

Table 2.     Observed (Years 1910 Through 1990) and Projected (Years 2010 Through
      2050) Sex- and Age-Specific lx Values at Ages 30 and Above, Selected Years
[image: image4.wmf]        Selected Years

Observed

Projected

Age

1910

1930

1950

1970

1990

2010

2030

2050

A. Female l

x

30

100000.0

100000.0

100000.0

100000.0

100000.0

100000.0

100000.0

100000.0

35

96696.4

97689.7

99188.2

99414.5

99579.5

99835.6

99876.3

99915.4

40

93185.4

95033.8

98030.8

98503.3

99011.1

99556.3

99666.5

99769.2

45

89142.6

91774.3

96313.1

97151.9

98203.6

99085.2

99311.3

99516.5

50

84501.7

87667.3

93816.5

95116.7

96894.3

98292.3

98711.0

99080.7

55

78685.6

82307.2

90250.9

92203.7

94815.2

96963.8

97700.1

98330.7

60

71090.1

75289.9

85251.7

88098.1

91623.4

94754.7

96007.1

97045.8

65

61429.6

65985.5

78054.2

82456.7

86825.3

91127.4

93199.2

94861.0

70

49092.2

54166.5

68428.7

74811.3

79875.7

85297.8

88618.2

91194.6

75

34577.0

39802.8

54734.3

63742.8

70461.3

76262.5

81349.3

85179.5

80

20167.0

24474.9

37864.8

48676.0

57644.5

63089.0

70346.0

75689.4

85

8520.6

11393.5

21126.4

30660.9

41284.1

45758.0

54962.7

61692.0

90

2384.3

3743.0

8186.4

14168.7

23197.4

26559.7

36148.3

43300.8

95

286.6

537.9

1767.9

4115.4

8476.5

10570.7

17745.1

23462.1

100

9.7

20.0

147.5

600.4

1589.2

2220.4

5301.1

8122.1

105

0.1

0.1

2.8

28.7

118.0

158.0

681.4

1294.6

110

0.0

0.0

0.0

0.1

1.4

1.8

20.9

53.9

115

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.2

B. Male l

x

30

100000.0

100000.0

100000.0

100000.0

100000.0

100000.0

100000.0

100000.0

35

96196.5

97392.6

98821.8

98859.9

98891.2

99532.4

99648.4

99734.6

40

91895.5

94287.6

97176.5

97313.9

97517.6

98802.3

99090.5

99307.1

45

86852.4

90285.0

94619.4

94974.3

95859.3

97666.1

98207.5

98620.1

50

80984.2

85183.1

90700.8

91435.5

93527.3

95907.6

96816.1

97519.8

55

74269.1

78522.6

84874.6

86158.0

90039.0

93208.8

94638.6

95767.5

60

65523.4

70122.7

76755.8

78429.2

84717.4

89121.6

91268.0

93001.7

65

54915.9

59455.1

66205.6

68073.6

76943.4

83059.8

86141.0

88699.5

70

42529.4

46689.7

53622.0

55369.3

66085.7

74358.8

78556.5

82163.2

75

28701.8

32458.8

39102.1

40957.0

52725.3

62493.6

67821.9

72602.1

80

15804.5

18561.1

24229.5

26154.9

36973.3

47559.1

53658.8

59445.0

85

6152.6

7834.5

11785.7

13251.2

21183.1

30968.3

36937.1

43030.5

90

1556.9

2247.9

3837.7

4683.0

8862.3

15784.3

20366.7

25524.8

95

183.0

300.1

700.9

980.0

2215.0

5475.5

7884.1

10974.7

100

6.3

11.4

53.6

95.7

258.4

1037.8

1736.5

2805.1

105

0.0

0.0

1.1

2.6

10.4

76.1

155.7

309.4

110

0.0

0.0

0.0

0.0

0.0

1.3

3.3

8.8

115

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0


Source: Observed values derived from Human Life-Table Database (2005).
Table 3.      Observed (Years 1910 Through 1990) and Projected (Years 2010 Through
                   2050) Sex- and Age-Specific Life Expectancies at Ages 30 and Above,
                   Selected Years
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Observed

Projected

Age

1910

1930

1950

1970

1990

2010

2030

2050

                           A. Female e

x

30

36.98

38.99

44.16

46.99

49.98

51.98

54.48

56.43

40

29.31

30.75

34.93

37.61

40.42

42.18

44.64

46.54

50

21.78

22.88

26.25

28.75

31.18

32.65

35.02

36.82

60

14.86

15.75

18.33

20.60

22.65

23.65

25.84

27.47

70

9.10

9.78

11.48

13.28

15.15

15.63

17.51

18.86

80

5.00

5.46

6.44

7.45

8.87

9.16

10.59

11.55

90

2.48

2.68

3.19

3.78

4.39

4.66

5.57

6.12

100

1.15

1.17

1.48

1.84

2.08

2.07

2.54

2.78

                              B. Male e

x

30

34.76

36.66

39.62

40.33

43.79

47.25

49.15

50.97

40

27.37

28.56

30.61

31.29

34.77

37.75

39.54

41.29

50

20.37

21.03

22.39

22.94

26.01

28.72

30.34

31.94

60

13.88

14.39

15.45

15.81

18.13

20.48

21.83

23.21

70

8.53

8.96

9.83

10.18

11.67

13.43

14.46

15.53

80

4.70

5.02

5.65

5.92

6.72

7.97

8.63

9.35

90

2.44

2.58

2.94

3.15

3.46

4.25

4.60

5.00

100

1.19

1.16

1.47

1.61

1.74

2.07

2.22

2.39


Source: Derived from Table 2.

Table 4. 
Percentage Contribution to Life Expectancy Improvement at Ages 30 and
Above Over 20- Year Periods, by Sex, United States
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                 Selected Years

Age

1910-1930

1930-1950

1950-1970

1970-1990

1990-2010

2010-2030

2030-2050

         A. Female

30 - 34

18.46%

12.17%

3.57%

2.61%

6.33%

0.86%

1.08%

35 - 39

14.62

10.97

3.51

4.90

6.48

1.30

1.60

40 - 44

12.36

10.17

4.67

6.97

6.74

1.95

2.33

45 - 49

8.26

9.60

5.27

8.31

9.17

2.89

3.33

50 - 54

6.99

9.66

6.60

8.52

11.72

4.19

4.67

55 - 59

8.06

9.88

7.93

8.41

13.46

5.94

6.38

60 - 64

6.54

9.81

11.79

7.32

14.17

8.15

8.44

65 - 69

8.11

9.97

13.19

6.09

12.73

10.70

10.69

70 -74

7.52

7.72

15.85

10.62

7.12

13.19

12.74

75 -79

4.49

5.41

14.08

13.10

3.85

14.85

13.96

80 - 84

3.04

3.40

7.94

12.64

2.41

14.61

13.55

85 - 89

1.32

0.87

3.89

7.62

2.75

11.70

11.00

90 - 94

0.23

0.33

1.40

2.43

2.36

6.82

6.81

95 - 99

0.01

0.05

0.28

0.40

0.71

2.42

2.78

100 - 104

0.00

0.00

0.02

0.05

0.00

0.40

0.60

105 - 109

0.00

0.00

0.00

0.00

0.00

0.02

0.05

110 - 114

0.00

0.00

0.00

0.00

0.00

0.00

0.00

115 - 119

0.00

0.00

0.00

0.00

0.00

0.00

0.00

          B. Male

30 - 34

22.12%

18.11%

2.02%

0.37%

8.32%

2.86%

2.28%

35 - 39

20.26

16.58

4.69

1.83

7.54

3.82

3.12

40 - 44

16.44

14.84

9.06

6.44

5.53

5.03

4.20

45 - 49

12.06

11.48

13.91

10.08

5.44

6.47

5.54

50 - 54

4.08

8.58

17.97

13.12

6.63

8.10

7.14

55 - 59

7.13

5.41

13.07

15.68

9.05

9.81

8.91

60 - 64

4.80

5.18

9.10

15.74

11.11

11.35

10.68

65 - 69

3.58

6.09

4.01

12.76

12.86

12.37

12.13

70 -74

4.33

5.44

8.04

10.82

10.58

12.43

12.79

75 -79

2.50

4.36

9.03

7.06

9.60

11.15

12.16

80 - 84

1.87

2.98

4.99

3.95

7.24

8.52

10.00

85 - 89

0.72

0.68

3.00

1.73

4.08

5.17

6.65

90 - 94

0.11

0.24

0.95

0.39

1.65

2.24

3.24

95 - 99

0.00

0.04

0.16

0.04

0.34

0.59

1.00

100 - 104

0.00

0.00

0.01

0.00

0.02

0.08

0.15

105 - 109

0.00

0.00

0.00

0.00

0.00

0.00

0.01

110 - 114

0.00

0.00

0.00

0.00

0.00

0.00

0.00

115 - 119

0.00

0.00

0.00

0.00

0.00

0.00

0.00


Source: Derived from Table 2.
Note: Calculated according to Preston et al. (2001, pp. 65-65).

Table 5. 
Age-Specific Annual Percentage Improvement in Mortality Rates at Ages
30 and Above Over 20-Year Periods, by Sex, United States
[image: image7.wmf]Age-Specific Percentage Improvement

      Selected Years

Age

1910-1930

1930-1950

1950-1970

1970-1990

1990-2010

2010-2030

2030-2050

A. Female

30-34

1.81%

5.26%

1.64%

1.66%

4.68%

1.45%

1.90%

35-39

1.47

4.26

1.21

2.37

3.57

1.43

1.81

40-44

1.19

3.39

1.23

2.61

2.73

1.42

1.71

45-49

0.77

2.77

1.07

2.27

2.56

1.41

1.61

50-54

0.61

2.42

1.09

1.80

2.33

1.39

1.52

55-59

0.64

2.22

1.11

1.42

1.97

1.38

1.42

60-64

0.50

1.98

1.42

1.03

1.59

1.36

1.32

65-69

0.62

1.99

1.49

0.76

1.16

1.35

1.22

70-74

0.62

1.56

1.62

1.19

0.56

1.33

1.12

75-79

0.48

1.31

1.50

1.42

0.28

1.30

1.02

80-84

0.53

1.26

1.10

1.54

0.18

1.27

0.91

85-89

0.58

0.71

0.92

1.35

0.26

1.22

0.80

90-94

0.39

0.88

0.88

0.92

0.38

1.15

0.69

95-99

0.10

0.99

0.94

0.57

0.32

1.06

0.56

100-104

0.03

0.87

0.88

0.53

0.01

0.94

0.44

105-109

2.03

0.02

0.56

0.59

0.10

0.80

0.32

110-114

0.00

0.00

0.00

1.42

0.17

0.69

0.23

B. Male

30-34

1.91%

4.00%

0.17%

0.14%

4.33%

1.43%

1.41%

35-39

1.72

3.28

0.31

0.59

3.21

1.35

1.34

40-44

1.31

2.42

0.46

1.74

1.97

1.28

1.27

45-49

0.92

1.59

0.54

2.16

1.52

1.21

1.20

50-54

0.30

1.01

0.55

2.22

1.43

1.13

1.13

55-59

0.50

0.58

0.33

2.15

1.52

1.06

1.06

60-64

0.33

0.54

0.21

1.90

1.54

0.98

0.99

65-69

0.27

0.66

0.10

1.50

1.57

0.90

0.92

70-74

0.37

0.67

0.22

1.40

1.28

0.82

0.84

75-79

0.30

0.72

0.31

1.12

1.26

0.74

0.77

80-84

0.39

0.83

0.26

0.92

1.22

0.66

0.69

85-89

0.41

0.46

0.32

0.79

1.16

0.57

0.61

90-94

0.27

0.61

0.34

0.53

1.14

0.48

0.52

95-99

0.12

0.80

0.36

0.31

1.04

0.39

0.43

100-104

0.11

0.89

0.34

0.32

0.74

0.30

0.35

105-109

0.00

1.84

0.77

0.14

0.54

0.22

0.26

110-114

0.00

0.00

0.00

0.00

1.86

0.24

0.21


Source: Derived from Table 2.
Notes: Unshaded percentages indicate annual percentage decline.

Shaded percentages indicate annual percentage increase.

Figure 1. 
Life Expectancies at Birth for Males, Females, and Both Sexes Combined,
1900-2003, United States
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Source: Derived from Arias (2004) and Hoyert, Kung, and Smith (2005).

Note: Life expectancies for 2003 are based on preliminary data.

Figure 2. 
Survival Curves from Age 30 by Sex, for Selected Years, 1900-2000
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B. Male Survival
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Source: Derived from Human Life-Table Database (2005) and Arias (2002).
Figure 3. 
Observed and Fitted qx and lx Values for Females, 1980, United States
A. Observed qx Values and qx Values Fitted with a Five-Parameter Heligman-Pollard Function, where D=.0002576, E=11.78, F=19.5, G=.0000136, and H=1.11264
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B. Observed lx Values and lx Values Fitted with a Gompertz Function, 

where C=99913.6, A=.999705, and B=1.10025
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Source: Derived from Human Life-Table Database (2005). 
Figure 4. 
Observed (1925-2000) and Estimated (2001-2050) Survival Parameter
Values by Sex, U.S.
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Source: Derived from Human Life-Table Database (2005).
Figure 5. 
Survival Curves from Age 30 by Sex, for Selected Years, 1900-2050
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[image: image15.emf]B. Males
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Source: Derived from Human Life-Table Database (2005), Arias (2002), and Time Series Projections.
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