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ABSTRACT

Objective. This review aims to summarise key methods for estimating years of life lost
(YLL), highlighting their differences and how they can be implemented in current software,

and applies them in a real-world example.

Study Design and Setting. We investigated the common YLL methods: (1) Years of
potential life lost (YPLL); (2) Global Burden of Disease (GBD) approach; (3) Life tables; (4)
Poisson regression; and (5) Flexible parametric Royston-Parmar regression. We used data

from UK Biobank and multimorbidity as our example.

Results. For the YPLL and GBD method, the analytical procedures allow only to quantify the
average YLL within each group (with and without multimorbidity) and, from them, their
difference; conversely, for the other methods both the remaining life expectancy within each
group and the YLL could be estimated. At 65 years, the YLL in those with vs without
multimorbidity was 1.8, 1.2, and 2.7 years using the life tables approach and the Poisson,
and Royston-Parmar regression, respectively; corresponding values were -0.73 and -0.05

years for YPLL and using the GBD approach.

Conclusion. While deciding among different methods to estimate YLL, researchers should
consider the purpose of the research, the type of available data, and the flexibility of the

model.

Key word. Life expectancy, years of life lost, methods, statistics, epidemiology,

multimorbidity.



Running title. Estimating life expectancy and years of life lost

HIGHTLIGHTS

° Years of life lost (YLL) is easier to understand compared to traditional estimates from survival
analysis, but very few studies report it.

° A range of methods for estimating YLL are reviewed: from basic methods — such as life tables —
to most recent and advanced methods using statistical modelling.

° Using the example of multimorbidity, the estimated numbers of YLL differs among methods, as
each method focused on estimating different quantities.

° This review will help promote a better understanding and use of life expectancy and YLL

metrics in a wide range of studies in health care research.
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INTRODUCTION

Recently, there has been an increasing interest in using life expectancy measures, such as
years of life lost (YLL), as metrics to explore epidemiological associations. Life expectancy
estimates are indeed easier to understand and can be simply translated to deliver public
health priorities and messages.[1] Yet, the majority of studies using time-to-event analysis
still presents results using the most common metric of hazard ratios (HRs). This is a relative
measure, with the potential advantage of being more transportable, i.e. can be applied to
populations different from those where they have been estimated,[2, 3] and requires fewer
assumptions compared to some methods for estimating YLL. However, HRs can be difficult
to understand and frequently misinterpreted;[4] furthermore, large HRs may translate into
negligible absolute differences.[2] Presenting a variety of measures (relative and absolute)

provides therefore a much wider perspective in terms of public health relevance.[5]

The term “YLL” broadly encompasses a range of different definitions, names, methods, and
guantities, including loss in expectation of life, loss of life expectancy, life lost, lost-lifetime,
excess years of life lost, and difference in remaining or residual life expectancy.[6-13]
Differences among these metrics depend on a number of factors, such as: (i) the reference
group for the comparisons with those having the condition of interest (either the standard life
expectancy from the general population — assuming they are free from the condition — or
those without the condition in the same (observed) population); (ii) the starting age (from
birth, commonly used in demography; or from a specific age — at disease diagnosis or at
death among those with the disease);[1] (iii) the population used for the estimates (based
only on individuals who have died, or on extrapolation beyond the last observed follow-up as
most studies do not follow all the patients to the end of life).[10] To our knowledge, there has
not been an overall review summarising the most common YLL methods, their advantages

and disadvantages, and available statistical software.



In this context, our aim is to provide a tutorial style review summarising YLL methods and
their differences, and to apply them to a clinically-relevant example of multimorbidity (i.e. the

presence of two or more chronic conditions) using the UK Biobank.



YEARS OF LIFE LOST: DEFINITIONS and METHODS

In a systematic search, we identified five common YLL methods (Appendix Methods S1).
The modelling methods share similar concepts but the theoretical properties differ. We give
a brief summary of each method before comparing them using our example. Although these
methods allow to quantify the difference in the years of life in relation to the presence of a
condition (i.e., cancer, diabetes, multimorbidity), we note that the underlying estimands are

different, thus we do not a-priori expect consistent findings across all the explored methods.

1. Years of potential life lost

Years of potential life lost (YPLL) is calculated as the difference between the age at death
and age from a selected cut-off, e.g. 65, 75, or 85 years. This concept dates back to the
1940s — when it was first introduced to compare deaths due to tuberculosis with heart
disease and cancer — and, for each death, the number of years of life remaining up until
premature mortality was calculated.[14] For example, if premature mortality is taken to be at
65 years, an individual who has died at 55 years has lost 10 years of potential life. Deaths
after the cut-off age are ignored, giving more value and weight to deaths occurring at
younger ages.[6] The data for this method is restricted to only those who have died. A
disadvantage of using YPLL is that the selected cut-off age is arbitrary, making it difficult to
compare results across studies. However, there have been further adaptations of
standardising YPLL to overcome this issue.[6] Another disadvantage is that accurate
information on the cause of death is required.[10] YPLL is usually based on ranking data by
the leading causes of death for a given period of time: as such, the results emphasise the

causes of death most commonly found in the younger population.[6]

Software:



YPLL is simple to compute. This method can be applied using a calculator or an Excel

spreadsheet.

2. Global Burden of Disease approach

The Global Burden of Disease (GBD) approach is an extension of the YPLL measure and,
although restricted to those who have died, this method includes deaths beyond an arbitrary
cut-off. It is based on comparing the age of death to an external standard life expectancy
curve, and can further incorporate time discounting and age weighting.[7, 15] Since the
YPLL method can be overly sensitive to deaths at younger ages, the GBD approach uses a
discounting strategy based on the idea that the productive years of life are more valuable
than the very young or the very old. From the introduction of the GBD study in 1993,[16] the
burden of disease concept has expanded to numerous countries and is used by major health
organisations, such as the World Health Organization (WHO), as well as an outcome
measure in many cost-effectiveness analysis.[16] The general equation for the GBD YLL
approach is developed on key assumptions of standardised weightings for age, discount
rate, and constants. The benefit of using the GBD approach is that the age-adjusted rates
allow comparisons of causes of death in rank order across groups, conditions, and over
time,[15] which is important from a public health perspective because it identifies patterns of

preventable YLL.

Software

An open source programming code is available in R that allows to estimate GBD YLL:[7] all
that is required is a value in each age group for the number of deaths, average age of death,
and the standard life expectancy for that age.[17] Alternatively, an Excel template created by
the WHO National tools allows the calculation to be carried out for all ages at the same

time.[18]



3. Life tables

Life tables provide a description of the mortality rates and are one of the most important
tools used in demography and actuarial science. The two forms of life tables are: cohort or
period/current life tables. The cohort life table identifies the actual observed mortality
experience of individuals born at the same time followed up throughout time, and is similar to
national life table data. The period/current life table describes the mortality experience of a
population subject to the age-specific mortality rates currently observed and applied to a
hypothetical cohort, and any future changes to mortality rates would not be taken into
account, which is used in epidemiological studies. There are a number methods to construct
life tables;[19-21] the most frequently used is the life tables approach based on methods
from Chiang,[8] as this approach is widely used for population estimates (i.e., by the Office
for National Statistics, ONS) in the UK[17, 21] and has been applied to large epidemiological
studies.[22] Life tables method usually groups the data by five year age intervals, yet this
depends on the size of the study. The life table is then constructed with the number of
participants and deaths in each age interval, and is based on conditional probability of
surviving to the start of the age group. The survival probabilities are applied to a hypothetical
cohort and using cumulative distribution the expected number of years is estimated. The
population can be stratified into groups where two life tables are constructed separately and
the expected remaining years of life is subtracted to find YLL. The results from this method
have been found to be less stable in smaller populations, and the chosen value of the
ending age interval is arbitrary, therefore making it difficult to produce reliable estimates and
compare results between studies.[19, 20] Nevertheless, life tables are one of the oldest and
more traditional methods of calculating remaining life expectancy and work well in large

national studies and have been applied in YLL estimations.

Software



Templates are freely available online from the ONS,[17] or the Association of Public Health
Epidemiologists in Ontario.[23] They can also be obtained using R,[24] SAS,[25] or

Stata.[26]

4. Rates and survival using Poisson regression

By linking a demographic and survival analysis approach within a parametric modelling
framework, YLL can be estimated using a Poisson regression approach. Firstly, the follow-
up time is split in small intervals: this results in multiple observations for the same subject,
with age, time into the study, and calendar time increasing by the same amount: for
example, a subject starts the study/observation at age 45.5 years in year 2000.5 with time
into study split in intervals of six months (0.5 years): thus, at the end of the next interval, age
will be 46 years, calendar time 2001, and the time into the study 0.5 years.[27] Age is then
modelled with a Poisson regression (with a natural spline) using each small time interval into
the study as offset: the estimated coefficients allow the prediction of age-specific rates and,
from them, the survival functions/curves; the area under the curve allows to estimate the
residual life. This method has been used for large national registries,[9] and it is

straightforward to use.

Software

The Epi package has the functions to calculate estimated residual life (erl) and the YLL (yll)
using Poisson regression; it also allows modelling the possible transition from a state without
to a state with the disease/condition of interest across which the YLL is computed.[28] This

method has also been used in Stata.[29]

5. Survival modelling using flexible parametric Royston-Parmar regression
The flexible parametric (FP) Royston-Parmar survival model allows for greater flexibility to

accurately capture data and extrapolate for future predictions.[30] This is done by using
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restricted cubic splines thus obtaining smooth parametric survival curve.[30] It was first
introduced by Royston and Parmar in 2002 as an alternative to the Cox proportional model
and implemented in Stata.[30, 31] The most recent user-written Stata command stpm2 is a
quick and efficient method to fit FP Royston-Parmar models.[32] Previous studies have used
this method mainly in cancer epidemiology.[33] There are a number of possible outputs
available from these models: this review focuses on calculating YLL. Firstly, stpm2 is used to
fit the regression model using age as time scale and including the condition of interest as
covariate. Then, the postestimation predictnl command enables the estimation of the survival
curves across age; calculating the area under the curve is then straightforward, and YLL is
calculated as the area between the two survival curves of interest. The advantages of using
this method is that it performs better for smaller samples compared to some of the previously
reported methods;[34] it enables 95% confidence intervals estimation (with delta method)
around YLL difference; and potential confounders can be accounted for (both conditional
and average/standardised estimation).[35] The disadvantage of this method is the
computationally intensive process, particularly for large datasets and when confidence

intervals are required.

Software
This method is very broad and there are a number of functions that can be applied.[29] As
well as having commands available in Stata which we have considered, it can also be

carried out in SAS[36] and R.[37]
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EXAMPLE FROM MULTIMORBIDITY

This real-world example focuses on estimating the number of YLL in a population of
individuals with multimorbidity compared to those without multimorbidity, using the UK
Biobank data (Application Number 14146). [38] Full details are provided in Appendix
Methods S2. This study is reported in line with the Strengthening the Reporting of

Observational Studies in Epidemiology (STROBE) guideline (Appendix Checklist S1).

Statistical analyses

To model the association between multimorbidity and all-cause mortality, unadjusted Cox
proportional hazards regression was used with age as time scale. HRs and corresponding
95% confidence intervals (95% CI) were calculated. Participants without multimorbidity
constituted the reference group. For each YLL method described above, we provide detailed
steps and example statistical code in Appendix Methods S3-S7. For each method, the
main analysis stratified the calculations (or regression model) for each exposure category,
i.e. using data in those with and without multimorbidity separately. To compare the results of
the parametric modelling methods (Poisson and FP Royston-Parmar regression), we used
the same number and position of knots (ranging from 3 to 7 knots) and extrapolated the
survival curves within the range of observed data (age at last observed follow-up: 81 years)
and then to 90 and 100 years. Stata version 17.0, R studio version 1.4, and Microsoft Excel

were used for analyses.
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RESULTS

Multimorbidity and all-cause mortality

499,992 participants were included (white ethnicity, 94.1%; women, 54.5%; with
multimorbidity, 19.7%; Appendix Methods S2). During a mean study follow-up of 7 (range
2-10) years and 3.5 million person-years at risk, 11,871 deaths were recorded: 4,587 (4.7%)
in subjects with multimorbidity and 7,284 (1.8%) in those without. The median [IQR] age at
death was 61 [54-65] and 57 [49-63] years in subjects with and without multimorbidity,
respectively (Appendix Figure S1). Using age as the time scale, the Cox regression model
showed that the mortality rates were twice as high for those with multimorbidity compared to

those without, with an unadjusted hazard ratio of 2.00 (95% CI: 1.93, 2.08).

Years of life lost estimates across methods

The results are summarised in Table 1. Given the analytical procedures underpinning the
estimations, for the YPLL and GBD method only the average YLL could be estimated within
each group (multimorbidity and no multimorbidity): then, from these values, the difference
between the two groups could be estimated. Conversely, for the life tables, the Poisson
regression, and the FP Royston-Parmar regression, both the remaining life expectancy

within each group and the YLL could be estimated (Figure 1).

The results for the YPLL using a selected cut-off age of 65 years found a total of 25,504
potential years of life lost. The average YPLL lost for a subject with multimorbidity was 6.15
(standard deviation (SD), 4.81) years and for a subject without 6.88 (SD 4.95), giving a
difference of -0.73 years (with vs without multimorbidity). Using a selected cut-off point of 75
years, corresponding figures were: 103,552, 8.52 (SD, 6.05), 9.67 (SD, 6.64), and -1.15
years, respectively (Table 1). Since there was a higher number of deaths in subjects without
vs with multimorbidity (61.4% vs. 38.6%), the results showed larger YPLL values in those

without multimorbidity. In addition, the baseline age of those with multimorbidity was over 60
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years in 52% compared to 35% in those without; therefore, when followed-up until the age of
death, participants with multimorbidity were less likely to lose more years of potential life

than those without multimorbidity.

The GBD approach estimate of the total YLL was 62,538 and 103,595 years in subjects with
and without multimorbidity, respectively. For participants who died between 45-49 years, the
average YLL was 21.61 years in those with multimorbidity and 21.63 years in those without:
the difference in YLL was therefore -0.02 years. For participants who died between 65-69

years, corresponding figures were 13.80, 13.85, and -0.05 years.

Using life tables, the results showed that, at the age of 45-49 years, the remaining life
expectancy was 19.99 (95% CI: 19.30, 20.67) years in participants with multimorbidity and
27.54 (27.36, 27.73) in those without: the YLL was therefore 7.55 years. At the age of 65-69

years, corresponding figures were: 9.72 (9.60, 9.84), 11.55 (11.49, 11.61), and 1.83 years.

For the two parametric modelling methods, when extrapolated within the range of observed
data, we found similar remaining life expectancy and YLL estimates; however, when
extrapolated to 90 or 100 years, the results slightly differed between the two methods, at the
age of 45 years and slightly more at the age of 65 years (Appendix Table S1). Using the
Poisson regression, extrapolating to 100 years the results at the age of 45 years showed
that the remaining life expectancy in subjects with multimorbidity was 47.88 years and in
those without 51.44 years (Appendix Table S1), resulting in YLL of 3.56 years (Table 1 and
Figure 1). At the age of 65 years, corresponding estimates were 31.49, 32.71 and 1.22
years. Using the FP Royston-Parmar regression, at the age of 45 years participants with
multimorbidity had 40.45 (95% CI 39.37, 41.53) remaining years of life, while those without
44.18 (43.40, 44.95) years (Appendix Table S1), resulting in 3.73 YLL (Table 1 and Figure
1). Corresponding figures at the age of 65 years were: 22.32 (21.24, 23.40), 25.03 (24.25,
25.81) and 2.71 years.

14



Using the proportional hazards model (instead of a stratified model which allows non-
proportionality of hazards), at the age of 45 years participants with multimorbidity had 39.52
(95% CI: 38.85, 40.19) remaining years of life while those without 44.71 (44.03, 45.39)
years, resulting in YLL of 5.19 (4.81, 5.58) years (Table 1 and Figure 1). Corresponding
figures at the age of 65 years were: 21.05 (20.38, 21.71), 25.63 (24.95, 28.89), and 4.59

(4.24, 4.93) years.
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DISCUSSION

The YLL measures are becoming a key health indicator in understanding a population's
health. In this article, a range of different methods for estimating YLL were reviewed, from
the oldest — such as YPLL and life tables — to the most recent and advanced method using
statistical modelling. The example demonstrated that the total numbers of YLL due to
multimorbidity varied according to the technique used, as each method focuses on
estimating different quantities, emphasising the need to understand the different concepts
and use the most suitable method for the database and the specific research question. In
turn, our results also underline the need to consider such differences when comparing (and

summarising) studies reporting “years of life lost”.

A graphical overview of the YLL methods described in our manuscript is shown in Figure 2.
The simplest method is the YPLL, which is especially useful in a setting requiring minimal
data input. Though, YPLL is usually found in large studies that help quantify the total disease
burden and identify the most common causes of premature deaths. When applied to our
multimorbidity example, the results showed a gain in YLL, since the baseline age for the
majority of those with multimorbidity was much older than those without multimorbidity;
therefore, participants with multimorbidity were less likely to lose more YPLL than those
without multimorbidity at age of death. The GDB approach, which additionally accounted for
time discounting and age weighting, showed a small difference in the average YLL. These
two methods are based on only participants who have died and do not consider people who
are alive during the time period; it is thus most useful, probably, in extremely large national

databases.

The results from the life tables approach showed a higher number of YLL only at the

youngest age — at 45-49 years, YLL was 7.55 years, compared to the Poisson regression
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approach (3.56 years) or the Royston-Parmar model (3.73 years) — and then decreases.
This is because: (1) the results were based on aggregated data where abridged life tables
with five year age intervals were used, as the sample size was not large enough for
individual year data (unabridged or complete life table),[20] and the mortality rate in each
age interval is assumed to be constant; (2) the chosen value for the last age interval was 7,
which was the difference between 75 (inclusive) and the last observed age, 81 years. This
value is arbitrary and varies in the literature, as any age interval value could be applied, or it
could be left open-ended.[19, 20, 39] Leaving this open-ended interval assumes a constant
hazard of death for the remaining ages, which may lead to erroneous conclusions about
mortality measures.[20] Therefore, in relation to the type of life table (abridged or
unabridged) and the last age interval value, the results for the remaining life expectancies

and YLL from the life tables method will vary.

The Poisson regression approach is based on survival curves obtained from mortality rates,
following a Poisson modelling on split data: this fully parametric approach gives more
flexibility (i.e., may allow multiple time scales and/or other covariates for conditional
estimates). The results from our example showed higher remaining life expectancies than
other methods; of note, the smaller the age used for the extrapolation, the smaller the
remaining life expectancy (i.e., the area under the curve), as demonstrated in Appendix
Table S1. While noting that not only the life expectancies within each group but also the YLL
comparing the two groups were larger for longer extrapolation, in our database the impact of
the number/position of knots was negligible (regardless of the extrapolated age or the
conditional age used in the models). An advantage of this method in its implementation in
the “Epi” package in R is the possibility to easily model the transition from one group to the
other exposure group across which YLL is estimated, in our case from no multimorbidity to

multimorbidity.
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The last method we considered is based on the stratified FP Royston-Parmar model, which
enables to estimate the survival functions (and the difference among them) and their
uncertainties. Similar to the Poisson regression, the results of this fully parametric approach
may reflect decisions around the maximum age used for the survival prediction (within the
range of observed data or extrapolated beyond); the number/position of the knots for the
cubic spline; or interactions between the covariate of interest and age (non-proportional
hazard in a single model instead of stratified by presence/absence of multimorbidity). In our
example, also for the Royston-Parmar models the impact of the number/position of knots
was negligible (across the extrapolated and conditional age) and the values of YLL were
greater for longer extrapolations; notably, YLL estimates at 45 years were similar between
the two parametric models but, at 65 years, values were greater in the Royston-Parmar
model. Overall, these results indicate that the age used for extrapolation has a relevant
effect on the differences in YLL estimates within and between the two models and, in turn,
between the methods explored in our review. Besides conditional estimates, i.e. for specific
values of the covariates included in the model, recent further software development of the
Royston-Parmar model also enables marginal (standardised) average effect estimates,

including YLL.[35] Lastly, running the full code in our example was time consuming.

Parametric modelling approaches have advantages in that they allow for greater flexibility for
both individual-level and grouped data.[40] As most studies do not follow participants to the
end of life, the risk of extrapolating (i.e. to 100 years) needs to be taken into consideration.
This means that factors such as the time-scale, length of follow-up, number of participants
and deaths, as well as the age distribution of the population and among those who died, can
influence the results. To date, there is no standard method for estimating life expectancy and
YLL, and the most appropriate method may vary depending on the research question being

addressed and the available data.
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From the example presented here, the mortality rates were twice as high for those with
multimorbidity compared to those without (HR from Cox PH model, 2). Using the PH
Royston-Parmar model, the YLL at the age of 45 years in participants with multimorbidity
was on average 5.2 (95% CI 4.8, 5.6) years lower than in participants without; one
advantage of presenting HRs is that, as a relative measure, the estimate is more
transportable and can be used to compare and combine estimates from different populations
with different baseline risk.[2, 3] In this perspective, a recent study confirmed that the HR
estimates from the UK Biobank are similar to those obtained from studies based on the
general population.[41] On the other hand, presenting the absolute risk in terms of “years of
your life' may be far more influential from a public heath perspective and policy makers, as
the concept is easier to grasp. Therefore, presenting both relative and absolute measures
strengthens the reporting of associations from an epidemiological, clinical, and public
perspective, and aligns with current guidelines for conducting and reporting epidemiological
studies (STROBE; item #16).[42] It should be also noted, however, that measures of life
expectancy/years of life lost should be complemented by metrics which are not based
exclusively on the mortality of a population/cohort, such as years lived without disability —
which are relevant for both the individual and the healthcare system (i.e., costs associated

with multimorbidity).

This review has some limitations. We focused only on commonly used YLL methods; others
(or further extension of those mentioned in this study) are available and may also enable the
estimation of the YLL by different causes of death.[43, 44] As most studies predict survival
beyond the duration of the study data, further investigations with longer follow-up may
explore the impact of the model structural uncertainty on the YLL estimates. Lastly, the
minimum sample size of participants and the number of events required to estimate life
expectancy and YLL for each method is still yet to be clarified, and further research is
needed, possibly through simulation studies.[20] Strengths of this study include the
illustration of different YLL methods with available statistical codes. We applied the methods
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to an emerging clinical research area, as one of the four recommendations for research from
the National Institute for Health and Care Excellence (NICE) guidance for multimorbidity
focuses on predicting the life expectancy.[45] Finally, the methodologies used to estimate
the number of YLL could be also be used to enhance the interpretation and potentially the
promotion of beneficial interventions, such as gain in disease-free life expectancy,[46] or
lifestyle modifications.[47, 48] For instance, patients with multimorbidity may be motivated to
exercise more if their doctors communicated a simple health care message, such as 10

minutes of brisk walking a day could lead you to having up to 4 years of additional life.[48]

RECOMMENDATIONS

YLL metrics are simple summary measures that can enhance the interpretation of the
findings from epidemiological studies for health care professionals and the public. When
possible, we recommend that, alongside a relative risk (i.e. rate or hazard ratio), also the
absolute risk (i.e. number of events, rates, YLL) should be reported, thus providing a more
complete and actionable information. Furthermore, researcher should choose the YLL
method in view of the purpose of the research, the type of available data, and the required

flexibility when a modelling strategy is considered.
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Table 1. Estimating years of life lost in subjects with multimorbidity compared to those

without multimorbidity using different methods

Methods

Years of potential life lost

Global burden of disease
approach

Methods

Life tables #

Poisson regression *

FP Royston-Parmar stratified *

FP Royston-Parmar PH *

Age (years)

65 cut-off
75 cut-off

45-49
65-69

Age (years)

45-49
65-69

45
65

45
65

45
65

Average years of life lost (SD)

With multimorbidity Without multimorbidity
6.15 (4.81) 6.88 (4.95)
8.52 (6.05) 9.67 (6.64)
21.61 21.63
13.80 13.85

Remaining life expectancy (95% CI)

With multimorbidity Without multimorbidity
19.99 (19.30, 20.67) 27.54 (27.36, 27.73)
9.72 (9.60, 9.84) 11.55 (11.49, 11.61)
47.88 51.44
31.49 32.71
40.45 (39.37, 41.53) 44.18 (43.40, 44.95)
22.32 (21.24, 23.40) 25.03 (24.25, 25.81)
39.52 (38.85, 40.19) 44.71 (44.03, 45.39)
21.05 (20.38, 21.71) 25.63 (24.95, 28.89)

Difference in average
years of life lost
-0.73
-1.15

-0.02
-0.05

Years of life lost
(95% ClI)

7.55
1.83

3.56
1.22

3.73
2.71

5.19 (4.81, 5.58)
4.59 (4.24, 4.93)

Years of life lost = without multimorbidity — with multimorbidity.

SD=standard deviation; Cl=confidence interval, FP=flexible parametric; PH=proportional hazards

# Life tables method indicate the years of life lost for the five-year age interval (i.e. 45 to 49 years). Note that
these estimates are based on the maximum age of 81 years, which was the last age at follow-up (last age
interval 75 to 81 years). Comparisons with Royston-Parmar and Poisson estimates using the same extrapolation
until 81 years are reported in Appendix Table S1.

* Poisson and stratified Royston-Parmar models stratified by exposure (multimorbidity), with the same number
and position of knots (3 internal knots and two boundaries knots: centile position 0, 25, 50, 75, 100), and
predictions extrapolated for age up to 100 years.

~ Proportional hazards Royston-Parmar models with 3 internal knots and two boundaries knots (centile position
0, 25, 50, 75, 100) and predictions extrapolated for age up to 100 years.
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FIGURES

Figure 1. Number of years of life lost in subjects with multimorbidity compared to those

without multimorbidity in the UK Biobank using different methods

Legend

PH=proportional hazards; y=years.

Poisson and stratified Royston-Parmar models stratified by exposure (multimorbidity), with the same
number and position of knots (3 internal knots and two boundaries knots: centile position 0, 25, 50,

75, 100), and predictions extrapolated for age up to 100 years.

Proportional hazards Royston-Parmar models with 3 internal knots and two boundaries knots (centile

position 0, 25, 50, 75, 100) and predictions extrapolated for age up to 100 years.

Marker estimates on the life tables method indicate the years of life lost for the five-year age interval
(i.e. 45 to 49 years). Note that these estimates are based on the maximum age of 81 years, which
was the last age at follow-up (last age interval 75 to 81 years). Comparisons with Royston-Parmar
and Poisson estimates using the same extrapolation until 81 years are reported in Appendix Table
S1.

Shaded area indicates 95% confidence interval

Figure 2. Summary of common methods to estimate years of life lost

Legend

YLL=years of life lost; YPLL=years of potential life lost; GBD=Global Burden of Disease.
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Years of life lost

Figure 1. Number of years of life lost in subjects with multimorbidity compared to those

without multimorbidity in the UK Biobank using different methods

e | jfe tables
— Poisson regression

FP Royston-Parmar stratified

FP Royston-Parmar PH

45 50 55 60 65 70 75 80 85 90 95 100
Age,y

PH=proportional hazards; y=years.

Poisson and stratified Royston-Parmar models stratified by exposure (multimorbidity), with the same number and
position of knots (3 internal knots and two boundaries knots: centile position 0, 25, 50, 75, 100), and predictions
extrapolated for age up to 100 years.

Proportional hazards Royston-Parmar models with 3 internal knots and two boundaries knots (centile position 0,
25, 50, 75, 100) and predictions extrapolated for age up to 100 years.

Marker estimates on the life tables method indicate the years of life lost for the five-year age interval (i.e. 45 to 49
years). Note that these estimates are based on the maximum age of 81 years, which was the last age at follow-
up (last age interval 75 to 81 years). Comparisons with Royston-Parmar and Poisson estimates using the same
extrapolation until 81 years are reported in Appendix Table S1.

Shaded area indicates 95% confidence interval.



Figure 2. Summary of common methods for estimating years of life lost

YEARS OF POTENTIAL LIFE LOST

YPLL is an estimate of the average years an individual would
have lived if they had not died prematurely. A selected age
cut-off point is used i.e. B3, 75, 83 years.
Pros

= [luick and easy to calculate

= |sed in large national studies
Cons

= [Sives more weight to younger ages

= Works well in very large data

= Joesn't take into account participants that are still alive
Software calculator or any software

GLOBAL BURDEN OF DISEASE

GBD approach extends YPLL by comparing the age of death to
an external standard life expectancy; can also incorporate
standardised time discounting and age weighting.
Pros

® Enables age-adjusted estimations

» |sed in large national studies and cost-effectiveness

analysis

= Estimates can be compared across studies
Cons

= Waorks well in very large data

= Doesn't take into account participants that are still alive
Software R or Excel templates available

Estimating
Years of
Life Lost

FLEXIBLE PARAMETRIC SURVIVAL REGRESSION

Royston-Parmar parametric survival model based on cubic
spline which allows quantifying survival functions, life
expectancy, and YLL.
Pros
= Performs well in large and small samples
= Enables estimation of 35% confidence interval for YLL
= [an account for confounders (conditional or
averaged/standardised estimates)
Cons
= May take a long time to run complex models/in large
datasets
Software Stata sipmZ; R rstpm?

LIFE TABLES

Life tables summarise a cohort's mortality experience by

estimating the probability of death for specified age categories.

These probabilities can be applied to a hypothetical cohort to
estimate the remaining life expectancy for those alive and
estimate YLL.
Pros

= Most traditional method used in demography

= [Ised in large national studies
Cons

® |ess stable in small samples

= |ast age interval is arbitrary

POISSON REGRESSION

Connecting the demographic approach with survival analysis in
a parametric modelling framework. Uses Lexis to split data,
Poisson regression to model rates, and estimates survival
functions, life expectancy, and YLL.
Pros

= Fase to use

» Allow transition between no-disease to disease state
Cons

® |Incertainty of estimate not directly available
Software Epi Package in R, can be implemented in Stata

YLL=years of life lost; YPLL=years of potential life lost; GBD=Global Burden of Disease.




What is new?

Years of life lost (YLL) is easier to understand compared to traditional estimates from

survival analysis, but very few studies report it.

° A range of methods for estimating YLL are reviewed: from basic methods — such as
life tables — to most recent and advanced methods using statistical modelling.

° Using the example of multimorbidity, the estimated numbers of YLL differs among
methods, as each method focused on estimating different quantities.

. This review will help promote a better understanding and use of life expectancy and

YLL metrics in a wide range of studies in health care research.
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