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The Forecasting Task

@ Time series: 25-50 annual mortality rates
o Cross-sections: 1 time series for each age, country, cause, sex, etc.
@ Goal: Forecast each time series 25 years

@ Challenges: reducing error by:

e Pooling cross-sections
e Including demographic knowledge (smooth over time and age)
o Including biological knowledge (smoking, obesity)
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How (Some) Existing Mortality Forecasts Work

Procedures:

Develop private forecasts qualitatively (i.e., informally)

Adopt a ‘toy’ statistical model
Get data; produce tentative forecasts with the model

Adjust model until forecasts fit private views

Present forecasts, with statistical model as your “method”

Meaning of procedures
o Forecasts use qualitative information (good!)
o Statistical models add little (bad!)

@ Method is invulnerable to being proven wrong

@ We bring statistics to demography
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Existing Method 1: Parameterize the Age Profile

All Causes (m)

In(mortaiity)

Bolivia

Turkey

e Gompertz (1825): log-mortality is linear in age after age 20
o Reduce age-specific rates to 2 parameters (jtage = 71 + 72 X age)
o Forecast only these 2 parameters (y1,72)
o Reduces variance, constrains forecasts

@ Dozens of more general functional forms proposed since 1825
@ But does it fit anything else?
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Parameterizing Age Profiles Does Not Work

@ No mathematical form fits all or even most age profiles
@ Out-of-sample age profiles often unrealistic

@ The key empirical patterns are qualitative:

o Adjacent age groups have similar mortality rates
e Age profiles are more variable for younger ages
e We don't know much about levels or exact shapes

@ Ignores covariate information
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Existing Method 2: Deterministic Projections

@ Random walk with drift; Lee-Carter; least squares on linear trend
@ Pros: simple, fast, works well in appropriate data

@ Cons: omits covariates; forecasts fan out;
age profile becomes less smooth
@ Does it fit elsewhere?
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Deterministic Projections Do Not Work
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Deterministic Projections Do Not Work

@ Linearity does not fit most time series data

@ Out-of-sample age profiles become unrealistic over time
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Existing Method 3: Stacked Regression

(Murray and Lopez, 1996)

@ Model mortality over countries (¢) and ages (a) as:
Mcat = an,tft)ﬁca +€cat , t=1,...,T

@ Z.,: ¢ : covariates lagged / years.
e 3., : coefficients to be estimated
@ Equation by equation estimation: huge variances

@ Pool over countries: 3., = 3,

Small variance (due to large n)

o large biases (due to restrictive pooling over countries),

e considerable information lost (due to no pooling over ages)
e same covariates required in all cross-sections

o (It always seems ok to pool over variables outside your own field.)
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The New Approach

Start with separate equation-by-equation regressions

Use Bayesian priors to smooth across age, time, agextime, etc.
Put priors on E(mortality), not coefficients

No arbitrary normalizations

Different covariates allowed in each regression

Only one smoothing parameter to represent demographic information

~> An easy-to-use software program, YourCast
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Formalizing (Prior) Indifference (so no cooking the books)

equal = equal

Level indifference

Level and slope indifference
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Smoothing Trends over Age Groups and Time
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Smoothing Trends over Age Groups and Time

Log-Mortality in Bulgarian males from respiratory infections
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Using Covariates (GDP, tobacco, trend, log trend)
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U.S. Male Mortality over Age and Time
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Biological Risk Factors in U.S. Data
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Linear Models: Biology vs. Demography
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Forecasts: Biology and Demography
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Forecasts: Biology and Demography
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Forecasts: Biology and Demography
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Life Expectancy and Aged Dependency Ratios
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