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Abstract

Background Prior studies on longevity often examine predictors in isolation and rely solely on baseline information,
limiting our understanding of the most important predictors and their dynamic nature. In this study, we used an
innovative regression tree model to explore the common characteristics of those who lived longer than their age and
sex peers in 35-years follow-up. We identified different pathways leading to a long life, and examined to how changes
in characteristics over 10 years (from 1979 to 1989) affect the findings on longevity predictors.

Methods Data was obtained from the “Tampere Longitudinal Study on Ageing” (TamELSA) in Finland. Survey data
was collected in 1979 from 1056 participants aged 60-89 years (49.8% men). In 1989, a second survey was conducted
among 432 survivors from the 1979 cohort (40.2% men). Dates of death were provided by the Finnish Population
Register until 2015. We employed an individual measure of longevity known as the realized probability of dying
(RPD), which was calculated based on each participant’s age and sex, utilizing population life tables. RPD is based on
a comparison of the survival time of each individual of a specific age and sex with the survival time of his/her peers

in the total population. A regression tree analysis was used to examine individual-based longevity with RPD as an
outcome.

Results This relative measure of longevity (RPD) provided a complex regression tree where the most important
characteristics were self-rated health, years of education, history of smoking, and functional ability. We identified
several pathways leading to a long life such as individuals with (1) good self-rated health (SRH), short smoking history,
and higher education, (2) good SRH, short smoking history, lower education, and excellent mobility, and (3) poor

SRH but able to perform less demanding functions, aged 75 or older, willing to do things, and sleeping difficulties.
Changes in the characteristics over time did not change the main results.

Conclusion The simultaneous examination of a broad range of potential predictors revealed that longevity can be
achieved under very different conditions and is achieved by heterogeneous groups of people.
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Background

Mortality rates have declined, however, the probability of
dying increases exponentially with age [1]. As individu-
als age, variability in health outcomes becomes more pro-
nounced, contributing to a growing heterogeneity among
older adults. The growing heterogeneity in health and
longevity has been associated with differences in genet-
ics, physiological and psychological function, living envi-
ronment [2], socio-economic background [3, 4], and the
potential of risk due to behaviors and accidents [5].

Studies associate longevity with risk behavior predic-
tors like smoking and physical inactivity [6], psychologi-
cal predictors such as social relations [7], life satisfaction
[8], feeling tired of life [9], loneliness [10], and self-rated
health (SRH) [11, 12]. Potential predictors are often stud-
ied separately [6], making it hard to identify the most
important predictors of longevity and to assess their indi-
vidual and joint contributions to it. For example, focusing
an analysis only on a single predictor that is associated
with other predictors can result in an exaggeration of its
effect size [13]. Thus, it is important to incorporate pre-
dictors across different domains in order to identify the
most important predictors of longevity [2].

In general, aging involves health deterioration and a
decline in functioning [14]. Previous studies have mainly
focused on using baseline predictors of mortality without
considering the dynamic nature of the predictors [15] or
the emergence of new conditions during follow-up [15].
Changes in functioning may impact other characteristics
like self-rated health (SRH) or life satisfaction [16]. By
tracking these evolving characteristics over time, longitu-
dinal data provides a unique opportunity to reveal how
the aging process unfolds and impacts various aspects of
health and well-being.

Older adults are a heterogeneous group, not only in
terms of their health, living conditions, and social activi-
ties, but also because ‘old age’ encompasses a broad age
range, often spanning more than 40 years. This diversity
highlights the need for individualized analysis, as sig-
nificant differences in health trajectories and life circum-
stances persist within this age group. Previous research
on longevity predictors has often used Cox regression
analysis for both short and long follow-up times, which
may not deeply consider heterogeneity, even with age
adjustment [17]. Specifically, the Cox model struggles to
capture non-linearities and interactions between mul-
tiple predictors, and outputs are built on the assumption
of proportional hazards [18]. For example, individu-
als differ in functioning, health and lifestyle factors, and
environmental exposures that collectively influence their
potential for longevity. Yet many studies have not fully
addressed this multifaceted heterogeneity [17]. Deeg
et al. (2018) and Rutherford et al. (2012) proposed that
individual-based measures of survival time, particularly
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for long follow-up time and wide age ranges, can better
capture heterogeneity and improve longevity prediction
accuracy [19, 20]. Consequently, new approaches are
needed to address this issue and to ponder the dynamic
nature of the characteristics predicting longevity.

In this study, we use an age- and sex-specific individ-
ual-based longevity measure to explore a wide range of
longevity predictors among older people. We relate each
individual’s longevity to the actuarial life expectancy of
their age and sex cohort. For this method to be effective,
it is essential to have a sufficiently large and representa-
tive sample, a long enough follow-up period during which
the majority of participants have died, together with pre-
cise survival time data, and a broad set of potential pre-
dictors [19]. More specifically, we examine: (1) common
characteristics among those reaching longevity in a long
follow-up, and (2) to what extent changes in characteris-
tics over the years affect the findings. We examine older
adults aged 60—89 (at 1979) in a 35-year follow-up, and
changes in the longevity predictors between 1979 and
1989. These research questions are explored using an
algorithmic tree-based method, which unlike many tradi-
tional parametric models, does not impose assumptions
about the underlying distribution or form of relation-
ships between variables. However, a regression tree does
impose a structure by predicting the mean outcome
within each leaf.

Methods

Data

Data were obtained from the prospective “Tampere Lon-
gitudinal Study on Ageing” (TamELSA) in Finland. Data
were collected in 1979 and 1989 using structured ques-
tionnaires in face-to-face interviews. The baseline study
population in 1979 consisted of 1056 participants aged
60—89 years, of whom 49.8% were men (81% response
rate). In 1989, a second measurement round was con-
ducted among 432 survivors from the 1979 cohort (40.2%
men, response rate 84%).

The dates of death were provided by the Finnish Pop-
ulation Register. This information was linked to the
TamELSA data using personal identification codes. Vital
status was ascertained up to the 1st of January 2015. At
that time, 0.95% of the participants were still alive.

The research was conducted in accordance with ethi-
cal guidelines outlined in the Declaration of Helsinki, and
the permission to use national mortality registers was
granted by the national register authority, Statistics Fin-
land, and the Population Register.

Longevity measure: realized probability of dying (RPD)

RPD is a relative measure of longevity that is based on
the comparison of the survival time of each individual
of a specific age and sex with the survival time of his/her
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peers in the total population [19, 21]. A life table of the
Finnish population was used for obtaining the survival
time of peers in the total population [22]. Based on the
probability of dying in a given year from the baseline of
the study onwards, the RPD was calculated separately for
men and women using the formula presented by Deeg et
al. [19].

In the formula: RPD = (1 — dl(ai" S)) x (1 - dz(ai" S)) X ...
x (1 - dn(ai" %)), where n is the total number of calendar
years during which the participant is followed up to death
or end-of-study, d_ @ is the probability of death accord-
ing to the life table in calendar year i (i=1, 2, ..., n) for a
participant “a” years of age and “s” of sex" [19, 21].

An individual’s RPD is expressed as the proportion
of the pertinent cohort still alive at the time of death of
the individual [19, 21]. Values are between 0 and 1, with
higher values indicating a shorter survival compared to
others of the same age and sex. For example, if 80% of
the cohort is still alive at the time of death, then the RPD
value of the individual is 0.80.

Less than 1% (n=10) of the study participants were
alive at the end of the study. For them, RPD was imputed
by multiplying the age and sex-specific probability of sur-
vival in 2014 by 0.50.

Predictors of longevity: individual’s characteristics and
their changes

Baseline measures of individual characteristics and
changes in characteristics occurring between 1979 and
1989 were considered as potential longevity predictors.
Sociodemographic characteristics included sex, mari-
tal status, years in full-time education, and social class
(based on main occupation). Health and functioning were
addressed as self-reported diseases, SRH, activities of
daily living (ADL), mobility activities, demanding func-
tioning (cut toenails, cook, light housework, and heavy
housework), number of medications, weight loss, sleep-
ing difficulties, and hearing problems. In addition, health
behavior was measured with years of smoking, and physi-
cal exercise. Subjective experiences were measured with
satisfaction from social relations, economic situation and
life, and feelings such as feeling of worsening memory,
feeling unnecessary, and feeling tired of life. Social func-
tioning was addressed with social activities, assisting in
bringing-up grandchildren, last paid or received visit, and
having good friends. Living conditions were measured by
having a telephone, fridge, freezer, and using a car. Pre-
dictors are described in detail in the appendix.

There were 49 baseline variables and 40 variables
with two measurements at different times (described in
detail in the appendix). The variables that were subject
to change between 1979 and 1989 are highlighted in
the table of the appendix. The changes in the scores of
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variables were quantified as worsened, unchanged, and
improved.

Analysis

As the distribution of the RPD was almost uniform, a
logit-transformation of RPD (LRPD) i.e., log (RPD / (1 —
RPD)) was used. The log-transformed version was used
because this has been used in earlier studies on the same
and different data, and in this way our examination is
comparable with earlier studies [19, 21].

We used a tree-based model, specifically a regression
tree [23] with a sequence of branching or partition opera-
tions, in order to identify the predictors of LRPD. The
analysis was conducted using two data sets: (1) the base-
line data from 1979, and (2) the baseline data together
with changes in the variables from 1979 to 1989. To build
a single regression tree, recursive partitioning of the data
set was used to sequentially split it into non-overlapping
subsets of participants, based on their predictor values.
At each step, the ‘parent’ node was split by identifying the
predictor variable with the best discriminative value and
determining the optimal cut point within that variable.
The goal was to partition the data so that the responses
(LRPD) in the resulting ‘child’ nodes were as similar as
possible. This process was continued until the stopping
criterion was satisfied for each ‘terminal’ node, which
was the default stopping criterion of SAS HPSPLIT. Par-
ticipants with missing values were assigned to nodes
based on observed predictor similarities, using the soft-
ware’s default. The model performance was assessed
using 10-fold cross-validation [23]. The analyses were
conducted using SAS Software 9.4 and the HPSPLIT
procedure. Tree-based models require the specification
of several hyperparameters. For the primary analysis, we
used the default values provided by the software proce-
dure. To assess the sensitivity of the results to different
hyperparameter settings, we varied the maximum tree
depth (maxdepth), minimum leaf size (minleafsize), and
minimum variance required for a split (minvariance).
The hyperparameters were adjusted to: maxdepth=10
(default=5), minleafsize=10 (default=1), and minvari-
ance=0.01 (default=10"(-8)). Although cross-validation
was not explicitly used to tune these hyperparameters in
the primary analysis, we conducted a sensitivity analysis
to determine how variations in these values impacted the
model’s performance.

Results

The mean values of RPD and LRPD, were 0.47 (standard
deviation (SD) 0.28, range O to 1), and —0.22 (SD 1.59,
range —5.6 to 5.0) respectively. The characteristics (mean,
median, or percentage) of the predictor variables that
were used in building the tree are listed in Table 1 for the
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Table 1 The characteristics (mean, median, or percentage) of the cohort 1979 (N=1056) and of survivors from 1979 to 1989 (N=435)

Variable Variable Baseline  Survi-

1979 (%) vors

Baseline  Survivors
1979 (%) 1979-89

Domains

(%) 1979-
89 (%)
Sociodemographic Gender (male) 50.0 40.5 Having children
Age (mean) 74.0 79.2 No 23.1 215
Marital status Social class (based on occupation) @
Married 459 375 Manual 95.8 873
Never married 134 13.0 Non-manual 6.2 12.5
Widowed 354 424 Years in full-time education 40 50
Divorced 54 7.7
Health, Diseases, and 5 ADL activities ® (median) 15.0 15.0 Neoplasm 2.8 56
disabilities Able 80.3 712 Endocrine diseases 126 20.1
Functional mobility 14.0 12.0 Diseases of blood 1.7 4.0
(median) Mental disorder 35 7.7
Able 473 304 Nervous system diseases 246 302
Demanding functioning ¢ 10.0 9.0 Hypertension 23.1 20.0
(median) Cardiac ischemic 137 18.7
Able 40.7 26.0 Circulatory 382 389
Self-rated health Respiratory 12.2 10.5
Bad 8.0 104 Digestive 14.0 16.8
Fairly bad 19.2 216 Genito-urinary 9.2 8.7
Average 358 349 Musculoskeletal 356 358
Fairly good 279 26.2 Weight lost
Good 9.0 6.9 Yes, nearly continuously 0.5 0.5
Memory worsening Yes, often 0.8 0.8
Yes, nearly 18.8 59 Yes, occasionally 37 4.1
continuously No 95.0 94.6
Yes, occasionally 134 14.0 Hearing 522 56.0
Yes, often 274 283 Physical exercise
No 40.5 51.8 Yes 0.5 613
Depressiveness Years smoked regularly 300 300
Yes, nearly continuously 56 3.1 (median)
Yes, often 53 6.7 Number of medications 1.0 20
Yes, occasionally 206 26.2 (median)
No 68.6 64.1
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Table 1 (continued)
Domains Variable Baseline  Survivors Variable Baseline  Survi-
1979 (%) 1979-89 1979 (%) vors
(%) 1979-
89 (%)
Subjective experiences  Pain Feeling forgotten
Yes, nearly continuously 24.8 214 Often+cannot say 4.2 4.7
Yes, often 137 15.1 Sometimes 17.8 193
Yes, occasionally 216 25.0 Never 78.1 76.0
No 40.0 385
Satisfied with present life Feeling unnecessary
Cannot say+very unsatisfied 30 36 Often 12.3 11.0
Unsatisfied 35 2.8 Sometimes+cannot say 26.2 289
Reasonably satisfied 23.0 19.3 Never 61.5 60.1
Satisfied 41.9 443 Feeling tired of life
Very satisfied 286 30.0 Often 6.3 6.6
Satisfaction with the economic situation Sometimes+cannot say 273 289
Bad +cannot say 83 50 Never 66.4 64.5
Satisfactory 67.3 60.6 Loneliness
Good 244 344 Cannot say +often 11.1 13.7
Unwilling to do things or lack of energy Sometimes 239 293
Yes, nearly continuously 18.8 12.5 Never 65.0 57.0
Yes, often 134 115 Fatigue & tiredness feeling 54.8 47.1
Yes, occasionally 274 230 Satisfied with human relationship
No 40.5 53.1 Satisfied 84.7 78.0
Unsatisfied +cannot say 9.0 6.0
Social Activities Social activities € 10.0 10.0 Having good friends 80.8 829
Social contacts Helping children 272 843
Last paid visit f (median) 4.0 4.0 Being alone (yes) 55.1 46.8
Last received visit ¢ (median) 50 50
Living conditions Having Telephone 783 94.2 Possibility of using a car
Having washing machine 50.0 81.6 Never 757 535
Having a fridge at home 96.1 99.7 Having a freezer at home 237 56.8

2 Social class: Manual workers: lower-level employee with administrative or clerical occupation, workers in agriculture, forestry, and commercial fishing, skilled or
unskilled manual workers, and housewives. Non-manual workers: upper other employers (upper and lower level), own account workers as the lower or upper level,
senior officials and upper management, and upper-level employees and family members as an assistant.

b ADL (activities of daily living): five activities as getting in and out of bed, washing and bathing oneself, using the lavatory, dressing, and undressing, and feeding
oneself.

“Functioning mobility activities: able to move outdoors, walking between rooms, using stairs, walking at least 400 m, and carrying a heavy bag of 5 kg for 100 m.
4 Demanding functioning activities: able to cut toenails, cooking, light housework, and heavy housework.
€ Social activities: number of participations in social activities: (1) family ceremonies, parties, ..., (2) theater, movie, ..., (3) visits to clubs, ..., (4) library, (5) sports

competition watching or participating, (6) religious service, (7) traveling in foreign countries, or (8) traveling in the home country.

All the diseases were categorized as 0: no and 1: yes.
f About a week ago.

9 Some days ago.

cohort of 1979 (N=1056) and for survivors from 1979 to
1989.

Figure 1A and B display the regression trees from the
algorithm designed to identify longevity predictors.
Figure 1A shows the tree with baseline predictors. The
results reveal that SRH was the primary differentiating
factor. Those having poor SRH were assigned to the left
branch of the tree, and those having an average or good
SRH were assigned to the right. Subsequently, several
more variables and cut-off points were identified before
the algorithm ended in the terminal nodes, i.e., nodes for

which no further splits of the nodes would improve the
prediction.

The terminal Nodes (oval shape) 10 A (mean LRPD =
-1.79, n=43) and 19 A (mean LRPD = -1.32, n=40) had
the lowest LRPDs indicating a longer life than their age
and sex peers. Individuals assigned to Node 19 A differed
from those in Node 10 A from the parental node by hav-
ing poor SRH. Among this group of 75 year or older indi-
viduals, individuals lived longer than their peers if they
scored at least 1 in demanding functioning, were willing
to do things, and had sleeping difficulties. Individuals
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Fig. 1 Regression trees for relative measure of longevity (LRPD) fitted on TamELSA data for total population in 1979 with predictors at baseline (1 A) and
changes for the characteristics over the years added to potential predictors at baseline (1B)
Notes: Negative values for LRPD indicate a longer life. BL refers to the baseline measurement. A higher score indicates a good SRH, better demanding
functioning, and better functional mobility and willingness to do things. Darker shades indicate shorter and lighter shades longer life compared to age
and sex peers. Oval shapes represent the terminal nodes i.e, Node 3
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in terminal Node 10 A had average or good SRH, no or
a shorter smoking history than 39 years (the mean was
30 years among smokers), and had nine or more years of
education. In addition to these two groups, individuals
assigned to Node 22 A (mean LRPD = -1.23, n=122) had
a longer life than their age and sex peers. They shared the
same criteria in the beginning of the tree with the Node
10 A, but had less than nine years of education, were 70
years or older, and had very good mobility (=14).

Those assigned to terminal Nodes 3 A (mean
LRPD=0.61, n=112) and 18 A (mean LRPD=0.59,
n=118) had the highest LRPDs indicating a shorter life
than their age and sex peers (darkest color). Individuals
assigned to Node 3 A were characterized by poor SRH
(score<2) and severe difficulties in performing demand-
ing functioning (score<1). For those assigned to Node
18 A, demanding functioning appeared two times in the
regression tree with different cut-off points (range 0-12).
Individuals assigned to Node 18 A, scored>1 in demand-
ing functioning, were younger than 75 years old, and
scored <11 in demanding functioning at the second time
of measurement. Furthermore, they did not have any
musculoskeletal diseases.

In the 10-fold cross-validation assessment of the model,
the ASE was 2.56 for the model with only the baseline
predictors, and it improved very little (2.54) when we
added the predictors with changes to the model.

Figure 1B presents the result when changes in lon-
gevity predictors were taken into account in addition
to the baseline predictors. Terminal Node 3B (mean
LRPD=0.69, n=95) and 6B (mean LRPD=0.15, n=46)
with positive LRPD include individuals with a shorter
life than their peers. Individuals assigned to Node 3B had
poor SRH at baseline and experienced increasing ADL
disability (<-4) between 1979 and 1989. Terminal Node
6B that indicated shorter life than their peers and Termi-
nal Node 10B (mean LRPD = -1.79, n=43) that indicated
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longer life than their peers remained the same after add-
ing changes in the variables to the regression tree.

The regression trees from the algorithm (Fig. 1A and
B) were rather similar with and without changes in the
longevity predictors. The number of branches remained
the same when changes in the predictors were added to
the model, but the number of leaves reduced from 12 to
7. In addition, in the left branch, demanding function-
ing was replaced with increasing ADL disability, and
when splitting predictors for individuals at Node 7B
(mean LRPD=0.06, n=334), demanding functioning
was replaced with the number of medications. The age
threshold reduced from 75 to 74 and the branch did not
continue after Node 8B. The importance of the predic-
tors in the two regression trees for LRPD is presented in
Table 2.

Changing the default values of leaf size, tree depth, or
minimum variance did not change the resulting tree sub-
stantially. Chronic ischemic heart diseases replaced mus-
culoskeletal diseases in Node 17 A and 18 A in Fig. 1A.
Additionally, the variable related to sleeping difficulties
did not appear in the sensitivity analysis.

Discussion
We employed a novel individual-based regression tree
analysis to identify predictors of longevity. The used
method helps to overcome challenges related to hetero-
geneity identified in earlier studies, and provides more
nuanced insights into predictors of longevity. Our find-
ings suggest that individuals share certain characteristics
that lead to a short or long life, but also show the diver-
sity in characteristics leading to distinct survival profiles.
Key predictors of longevity appearing in the regres-
sion tree included SRH, demanding functioning, years
of education, and smoking history. Other identified pre-
dictors were the decline in ADL, number of medications,
sleeping difficulties, and unwillingness to do things.

Table 2 Importance of the predictors for relative measure of the longevity (LRPD) fitted on TamELSA data for total population in 1979
with predictors at baseline (Fig. 1A), and changes in the characteristics over the years added to predictors at baseline (Fig. 1B)

Importance of predictors and count for relative measure of the longevity (LRPD)

At the baseline 1A

Changes over the years + baseline (BL) 1B

Variable Importance Count Variable Importance Count
Self-rated health 10.5 1 Self-rated health (BL) 10.5 1
Demanding functioning 9.5 2 Changes in ADL over the years 76 1

Age 79 2 Years of full-time education (BL) 6.7 1
Years of full-time education 6.7 1 Regular smoking in years (BL) 6.3 1
Regular smoking in years 6.3 1 Number of prescription medicines (BL) 6.0 1
Functional mobility 54 1 Age (BL) 57 1
Sleeping difficulties 50 1

Musculoskeletal diseases 4.7 1

Unwilling to do things 45 1

Notes: The importance of the predictor indicates how much a predictor improved the purity of all nodes and can be interpreted as the share of the overall model
importance. Importance is scaled to 100. Counts show how many times that predictor appeared in the regression tree
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The interlinkage of these characteristics and their com-
bined impact on longevity was identified with different
pathways.

The study identified three pathways for long life: (1)
individuals characterized by good SRH, no or shorter
smoking history, and higher education (Node 10), (2)
individuals with good SRH, no or shorter smoking his-
tory, lower education, and excellent mobility (Node
22), and (3) individuals with poor SRH but able to per-
form less demanding functions, aged 75 or older, will-
ing to do things, and experiencing sleeping difficulties
(Node 19). We also found pathways to shorter life, which
were related to poor SRH and difficulties in performing
demanding functioning. These pathways demonstrate
that individuals may share one or more characteristics
leading to longevity, but they can also vary in some crite-
ria and still live long lives. On the other hand, the lack of
commonly known predictors for longevity does not guar-
antee a long life.

Several characteristics underwent change between
1979 and 1989, leading to small alterations in the regres-
sion tree when analyzed alongside the baseline char-
acteristics. The number of leaves reduced and two
new characteristics emerged; an increase in ADL dis-
ability over the years and the number of medications.
Our results show a similar predictive value for both the
model with only baseline characteristics, and the model
with baseline characteristics and changes in the char-
acteristics. ADL disability was the only variable that
exhibited changes between 1979 and 1989 and appeared
in the regression tree. Thus, the regression trees were
mainly based on baseline characteristics. The reasons for
this may stem from the fact that due to high mortality,
there were only 432 participants with two measurement
points. It is also possible that the changes in the variables
presenting subjective characteristics were not optimally
captured because there were only a few categories in the
variables, and the change from one category to another
would have required considerable change, for instance, in
life satisfaction. Nevertheless, there is research that sup-
ports our finding that in a very long follow-up, baseline
characteristics may be good predictors of mortality [24].

SRH was the most important predictor of mortality.
The association between SRH and mortality is well-estab-
lished [11, 25]. SRH is an inclusive, dynamic evaluation
of general health status [26], which influences behaviors
and reflects resources [27] or vice versa [25]. Lorem et al.
(2020) found that SRH is a stable predictor of mortality
over time, but the association may be weaker if SRH is
initially scored as poor [28]. Vogelsang (2014) revealed
higher mortality among the oldest old who reported
improved SRH compared to those with stable SRH
[24]. The study further indicated that individuals with
improvements in SRH had worse SRH at the baseline
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which lagged a greater risk of death [24]. In our study
with two measurement points, only baseline SRH pre-
dicted mortality, and about 14% of the participants had
an improvement in SRH over the years.

Prior research shows that functional disability is a
strong predictor of mortality and a shorter life expec-
tancy [29, 30]. For instance, Keeler et al. (2010) reported
shortened life expectancy for individuals with disabilities
in ADL [31]. In line with the current study, they empha-
sized the significance of baseline functional status in pre-
dicting mortality. ADL is a measure of self-care [31]. We
found that in the prediction model with baseline charac-
teristics and changes in the characteristics, a change in
ADL was the strongest predictor of mortality after SRH.
Disability progresses with difficulty in old age, and the
hierarchical ordering of loss of functioning starts from
complicated tasks such as cutting toenails and ends in
tasks related to self-care [32]. According to Stineman et
al. (2012), changes in self-care can predict short and long-
term mortality, but the prediction is better for shorter
periods [33]. The appearance of ADL in the regression
tree instead of demanding functioning after the second
measurement point may reflect the fact that the study
participants were older, and thus closer to death.

Two earlier identified predictors of mortality, years
of education [1] and history of smoking [34], were also
found to be among the important predictors in this study.
Education is linked to longevity through various mech-
anisms, and can correlate to higher levels of income,
healthier lifestyle, and more stable and better-paid jobs
for instance [35]. This study confirmed that a history of
smoking is an important predictor of mortality, but we
also showed the interlinkage between the years of smok-
ing, years of education, and longevity. Terminal Node 10
with the highest negative LRPD indicates that individuals
with an average or good SRH, no or shorter smoking his-
tory, and more education lived a longer life than their age
and sex peers.

LRPD was built based on an individuals’ age, therefore,
the appearance of age in the regression tree algorithm
for LRPD was unexpected. Deeg et al. (2018) explained
a similar finding as the result of the way of imputing the
RPD for individuals alive at the end of the follow-up time
[19]. The association of age with the LRPD may indicate
a bias towards a healthier selection of the initial study
sample. The mean of the RPD (0.47) compared to the
theoretical mean of RPD (0.50) indicates that our study
sample was slightly healthier / lived longer than the gen-
eral Finnish population. Therefore, age was considered in
the analysis among other predictors.

In general, older age is associated with higher mor-
tality. Our study shows, however, that older age (<70
/ 70+) is one characteristic for longer life in the pres-
ence of excellent functioning. This finding highlights
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the heterogeneity within older individuals, and the need
to examine the impact of several predictors of longevity
simultaneously.

In addition to the well-established predictors of mor-
tality, we identified four more predictors in the regression
trees with less impact on the prediction model. First, the
number of medications appeared in the regression tree
when baseline characteristics and changes in the charac-
teristics were in the same prediction model. The number
of medications or polypharmacy is known to be associ-
ated with mortality and morbidity [36, 37]. For instance,
Chang et al. (2020) reported that every increase in the
number of medications is associated with a 3% increase
in mortality [37]. Second, musculoskeletal diseases were
present in the prediction model with only baseline char-
acteristics. Musculoskeletal diseases are common in old
age [38], but their impact on longevity is controversial.
There is, however, evidence from prior research that
musculoskeletal diseases increase the risk of mortal-
ity [38, 39]. In the sensitivity analysis, this predictor was
replaced with chronic heart diseases, which are one of
the known predictors of mortality [40]. Third, an unwill-
ingness to do things was identified as a predictor of mor-
tality. Unwillingness to do things or a lack of energy have
not been reported as mortality predictors as such before,
but they can represent various underlying physical ill-
nesses or psychological disorders [41]. Fourth, we found
that having sleeping difficulties was one of the character-
istics among those who lived longer than their age and
sex peers (Node 19). Previous studies have reported a
U-shaped or inconclusive association between sleeping
difficulties and mortality [42, 43]. Therefore, our finding
highlights the need for further research in this area.

Strengths and limitations

This study had several strengths. We used novel
approaches which enabled the use of an individual-based
measure of longevity, and applied the advanced method
of algorithmic regression tree analysis. This approach
allowed us to simultaneously consider multiple poten-
tial predictors of longevity while accounting for interac-
tions between them, even when predictors are mutually
related. This allows us to reveal the most important com-
binations leading to longevity. Unlike traditional models
which might suffer from omitted variable bias when key
predictors are excluded, the regression tree approach
identifies the most important combinations of predictors
without such limitations. The study had a long follow-up
of 35 years. As most of the participants had died during
the follow-up period, we used the exact dates of death to
calculate the RPD. In addition, two measurement points
enabled the examination of how changes in the predic-
tors over ten years affected the prediction of longevity.
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However, we acknowledge that the study also has some
limitations. First, algorithmic regression trees are easily
interpretable, but suffer from instability from one analy-
sis to another. This instability can represent the effect of
a correlation, and while the tree may look different, the
same underlying features are still there. That said, alter-
ing the default values of leaf size, tree depth, or minimum
variance (as a sensitivity analysis) did not substantially
change the resulting tree in our study. As a second con-
sideration, we had only two measurement points ten
years apart. Especially in the older population, health can
deteriorate rapidly. Thus, the ten year interval is not opti-
mal to capture the changes that take place. Furthermore,
due to the participants’ mortality, the second measure-
ment point had a smaller study population, which may
have had an impact on the finding that the regression
tree was mainly based on baseline characteristics.

Conclusions

The novel approach used in this study identified the
same key predictors of longevity as more traditional
approaches: SRH, functioning, years of education, and
history of smoking. The simultaneous examination of a
broad range of potential predictors revealed that longev-
ity can be achieved under diverse conditions, and that
heterogeneous groups of people achieve it. In this study
concerning an older population with a 35 years of mor-
tality follow-up, the examined changes in longevity pre-
dictors over time did not change the main results.
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