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Abstract

Individual-level mortality prediction is a fundamental challenge with implications for life
planning, social policies and public spending. We model and predict individual-level lifespan using
12 traditional and state-of-the-art models and over 150 predictors derived from the U.S. Health
and Retirement Study. Machine learning and statistical models report comparable accuracy and
relatively high discriminative performance, but fail to account for most lifespan heterogeneity
at the individual level. We observe consistent inequalities in mortality predictability and risk
discrimination, with lower accuracy for men, non-Hispanic Blacks, and low-educated individuals.
Additionally, people in these groups show lower accuracy in their subjective predictions of their
own lifespan. Finally, top features across groups are similar, with variables related to habits,
health history, and finances being relevant predictors. We conclude by highlighting the limits
of predicting mortality from representative surveys and the inequalities across social groups,
providing baselines and guidance for future research and public policies.

Introduction

How long will we live? Answering this question means addressing a fundamental issue of human
nature. Mortality is the ultimate life outcome, making disparities in the length of life the most
extreme type of inequality (van Raalte et al., 2018). Demographers and actuaries have tackled this
question since the 17th century, providing convincing evidence of mortality “laws” and regularities
at the population level (see, e.g., Gompertz, 1825; Oeppen and Vaupel, 2002; Riley, 2001; Thatcher
et al., 1998). Conversely, predicting mortality at the individual level remains challenging. Death is
highly unpredictable (Einav et al., 2018), even in clinical and controlled settings where health records
are gathered and medical knowledge can guide predictions (Henderson and Keiding, 2005).

Linked to this question, a key debate in aging research that has arisen in recent years concerns
whether there is an inherent limit to human longevity. On one hand, some scholars believe that such
a limit does not exist. The deceleration or plateau of age-specific mortality rates at the oldest ages is
often put forward as a motivation for the lack of such a limit, along with recently observed mortality
improvements for the elderly (Alvarez et al., 2021; Barbi et al., 2018; Horiuchi and Wilmoth, 1998;
Rau et al., 2008; Wilmoth et al., 2000). On the other hand, other scholars have questioned the
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existence of a mortality plateau, arguing that they are a result of inaccurate data or age exaggeration,
and that consequently human longevity has a fixed limit and will not increase indefinitely (Gavrilov
and Gavrilova, 2011; Newman, 2018; Olshansky et al., 1990). Furthermore, there remain significant
inequalities in mortality and lifespan variation across individuals based on educational attainment,
income levels, and race and ethnicity (Goldman et al., 2017; van Raalte et al., 2018).

Recent advances in statistical methods and artificial intelligence hold great potential for improving
mortality predictions and contributing to the longevity limit debate. Accurate lifespan predictions
would enable individuals to make more informed choices regarding financing retirement and provision
or receipt of support (van Raalte et al., 2018); moreover, they would allow for targeting high-risk
individuals and for better organizing and managing health care spending, pensions, and other social
policies (Einav et al., 2018). Such predictions could also shed novel insights on the debate regarding
human senescence. There is thus a pressing need for investigating whether recent developments in
statistical methods can improve longevity predictions beyond well-established approaches.

In parallel with the above advances, a body of work attempting to characterize the limits of prediction
in complex social and health systems, often employing machine learning, has formed (Hofman et al.,
2017). Such work emphasizes both existing biases as well as the need for better mechanisms to
evaluate predictions in a standardized manner. The performance of machine learning models relative
to classical statistical methods has been varied, with machine learning obtaining considerable gains
in prediction accuracy in certain applications (Dong et al., 2019; Francesco et al., 2023; Jean et al.,
2016) and at best marginal gains in other settings (Dressel and Farid, 2018; Joel et al., 2020).
In this study, we find that machine learning methods trained on vast amounts of data exhibit
minimal performance improvements over statistical models estimated from a handful of demographic
predictors known to be closely tied to the risk of mortality. Furthermore, for all models, we also
observe substantial disparities in predictive performance across race and ethnicity, gender, and
socioeconomic status.

A frequently proposed explanation for the existence of bias in prediction models is the underrepre-
sentation of minority groups in training data (Chen et al., 2021; Koenecke et al., 2020; Larrazabal
et al., 2020; Li et al., 2022; Martin et al., 2019). Nevertheless, despite the fact that we train models
on the HRS, a nationally representative aging survey in the US, as well as on oversampled synthetic
datasets derived from the HRS that balance demographic groups, we find persistent inequalities
in the accuracy of predictive models for disadvantaged populations as reflected in previous work
Obermeyer et al. (2019). By focusing on the task of predicting individual outcomes, beyond esti-
mating aggregate trends across demographic strata, our findings reveal that these groups, which are
known to be subject to lifespan inequality, also face greater unexplained variation in mortality due to
factors unrelated to the numerous behavioral, demographic, health, and social indicators currently
measured by the HRS. Such differences can perpetuate or even increase existing health disparities
as these models are deployed to make real-world decisions, such as pricing health insurance policies,
implementing targeted social programs, and guiding decisions in clinical settings (Char et al., 2018).
We observe these disparities despite employing state-of-the-art machine learning models capable
of capturing complex interactions between covariates, thereby ruling out heterogeneous covariate
effects across groups as a main source of disparities in predictive accuracy.

Taken together, our findings affirm that mortality is a complex process driven by poorly-characterized
factors that vary across social strata. Uncovering mechanisms to better understand mortality at the
individual level will require thoughtful data collection and well-designed research studies no less
than application of the most advanced statistical and computational tools available. In line with
recent calls for greater focus on the links between structural racism and population health in social
and health research (Hummer, 2023), our results motivate further investigation into the drivers of
mortality and lifespan inequality in marginalized groups. In addition to policy implications, the
findings of such an endeavor could be used to inform the design of future aging surveys to ask
questions that better capture the health of diverse communities.
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In the remainder of this paper we break the overarching challenge of predicting and understanding
mortality risk at the micro level down into four inter-related questions. First, we aim to systemat-
ically assess the limits to micro-level predictability of longevity by comparing both statistical and
machine learning methods applied on one of the most authoritative longitudinal surveys of aging
in the United States, the Health and Retirement Study (HRS). In employing a variety of models
we explore whether increases in available data and advances in computational techniques substan-
tially improve such predictions. Second, we measure how prediction accuracy and uncertainty in
life outcomes vary across socioeconomic groups, reflecting underlying lifespan inequality. Third,
we identify which key variables accurately predict mortality and analyze whether or not they differ
across socioeconomic groups. Finally, we compare individuals’ self-reported survival predictions with
the outputs of statistical and machine learning survival models. These four complementary analyses
provide a rich baseline to guide future research on mortality predictions and, more broadly, to assess
the limits and biases of using machine learning models for demographic analyses, as highlighted in
the conclusions of the paper.

Results

Lifespan predictability
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Figure 1: Evaluation metrics: Time-dependent Brier Score (panel a.) and Area Under the Curve
(panel b.). The dashed horizontal lines indicate the optimal Brier Score (0.00) and the Area Under
the Curve (1.00). The AUC for Kaplan-Meier, 0.5 by construction, has not been reported. Time in
study is measured in years.

We assess the limits to individual-level predictability of lifespan by estimating 12 baseline, tradi-
tional, and machine learning models, as detailed in the Materials and methods section. We report
the time-dependent Brier Score (BS) and the Area Under the Curve (AUC) for each model evaluated
on the test set in Figure 1. Table S1 (Supporting Information) reports the integrated BS and mean
AUC, summary measures of predictive performance over the entire time horizon of the study, for each
model evaluated on the test set. The BS shows that more complex methods and predictors improve
prediction accuracy compared to the baseline CoxReduced and Kaplan-Meier models, sometimes
substantially. For example, the integrated BS difference between the CoxReduced and the time-
varying Cox model (Cox-TV) is 0.021, a 16.0% improvement in prediction accuracy. Our results
indicate that time-varying methods, which fully exploit the longitudinal structure of the HRS data
and are generally overlooked in previous studies, consistently report better performance. Indeed,
Cox-TV and the time-varying relative risk forest (RRF-TV) report, respectively, the lowest inte-
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grated BS among the traditional and machine learning models implemented. In particular, Cox-TV
prediction accuracy is 6% higher than Cox Full, while RRF-TV prediction accuracy is 6.6% higher
than the Random Survival Forest (RSF) in terms of integrated Brier score. Trends in discriminative
accuracy across models, as measured by the Area Under the Curve (AUC), are similar to those of the
Brier score. We note that all models except the Kaplan-Meier estimator report mean AUC above 0.8,
considered excellent discriminative accuracy according to diagnostic standards (Mandrekar, 2010).
More complex statistical models and predictors can significantly improve discrimination, which is
crucial to target high-risk individuals. For example, Cox-TV reports a mean AUC of 0.874, 7.9%
higher than CoxReduced. Again, the time-varying models, Cox-TV and RRF-TV, report the highest
accuracy among traditional and machine learning models.

How predictable is lifespan? Previous results in clinical settings highlight the inherent challenges of
predicting mortality (Henderson and Keiding, 2005). On the other hand, our AUC results suggest
that statistical modeling can attain high discriminative accuracy on these data. However, we note
that discrimination, which assesses a survival model’s ability to rank subjects in terms of relative
risk, is a lower benchmark than calibration, which assesses the accuracy of lifespan predictions. It
can be difficult to interpret the Brier score in absolute terms, as opposed to the diagnostic thresholds
established for the AUC (Mandrekar, 2010). Therefore, to further assess the performance of these
models in lifespan prediction, we calculated predicted survival time in years as the area under the
predicted survival curves by excluding censored individuals. We then compared our predictions
with the observed survival times of subjects in the test set by calculating the Pearson correlation
between these quantities for each model, which is shown in Figure S3 (Supoprting Information).
Across models, the correlation coefficient varies between 0.4 and 0.5, implying that most of the
heterogeneity in longevity at the individual level remains unexplained by the models and predictors
used. We elaborate on these results in the Supporting Information and comment on their implications
in the Discussion. Finally, for each model we calculated the mean absolute error (MAE) of predicted
survival time on the test set, shown in Table S1 (Supporting Information). The average MAE among
traditional and machine learning models is 2.39 years, which surpasses 21% of the average survival
time of subjects in the test set whose deaths we observe, which is 11.3 years. Taken together, these
results imply that the models’ predictions of subject lifespans are not as accurate as their “excellent”
mean AUC scores would suggest.

Notably, the time-varying models that make use of updated measurements in subsequent survey
waves are the most performant, but also require and use additional information. Overall, however,
we conclude from Figure 1 and Table S1 (Supporting Information) that traditional and machine
learning models exhibit similar prediction accuracy on this dataset. Furthermore, we note that the
improvement in predictive performance when going from the Kaplan-Meier estimator (which does
not take into account covariates) to the reduced Cox model (based on 4 predictors) is much larger
than the improvement when going from the reduced Cox model to the other models trained on the
full set of over 150 predictors. These observations further highlight the difficulty of the prediction
task at hand. While the time-invariant machine learning models report similar performance to the
time-invariant traditional models in terms of integrated BS and mean AUC, we note that utilizing
machine learning models comes with additional costs including greater difficulties in implementa-
tion, interpretability, and uncertainty quantification. Supposing these trends hold for other similar
datasets, deciding which model is more suitable depends on the specific purpose of the study and
data availability. If updated observations are unavailable, precluding the use of time-varying mod-
els, there is no clear superior choice. For public policy and social interventions aimed at targeting
high-risk individuals, in which decisions are impacted by the statistical discriminative accuracy (or
AUC) of a model, no method definitively outperforms the others. Similarly, for individual lifespan
prediction, which is assessed by the Brier score, the differences between models may be irrelevant.
On the other hand, for a life insurance company relying only on baseline covariates, switching to
a model in which premia are assessed based on time-varying information may significantly improve
revenue.
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Inequalities in predictability among socioeconomic groups
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Figure 2: Integrated Brier Score and Mean Area Under the Curve by gender (panel a.), race and
ethnicity (panel b.), and education (panel c.). The dashed vertical lines indicate the optimal Brier
Score (0.00) and the Area Under the Curve (1.00). The Mean AUC for Kaplan-Meier, 0.5 by
construction, has not been reported.

We investigated whether prediction accuracy varies between social groups, reflecting inequalities
in mortality and morbidity underlined by previous research (Mackenbach et al., 2018; van Raalte
et al., 2011, 2018). We estimated statistical models using a common training set and computed
prediction accuracy in the test data among specific social groups to assess performance. We stratify
our analyses by gender (men and women), race and ethnicity (non-Hispanic whites, non-Hispanic
Blacks, and Hispanics), and education (low, middle, and high), as described in the data section. In
Figure 2, we report integrated Brier score and mean AUC for each model evaluated on the test set
stratified by each group.

Traditional and machine learning models show consistent inequalities in lifespan predictability across
social groups. We find that the observed inequalities are robust to the choice of statistical model,
and, in particular, that more novel machine learning models also exhibit inequalities in mortality pre-
diction. Among men, Non-Hispanic Blacks, and low-educated respondents, all models report lower
accuracy in predicting mortality, both in terms of calibration (integrated BS) and discrimination
(mean AUC), as compared to their counterparts. For example, for whites we observe a mean AUC
that is consistently 0.05 higher than for Blacks. In other words, statistical models better discrimi-
nate between high and low-risk white individuals, allowing better targeting for policy interventions,
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than between high and low-risk Black individuals.

As a robustness check, we ran the same analyses on augmented training sets oversampled to correct
for imbalances in gender, race and ethnicity, and education for a subset of models. For instance, the
observed inequalities in lifespan survival predictability could be driven by sample size differences
among groups, as white respondents are, for example, over-represented in the training set compared
to Black and Hispanic respondents. The results of the robustness check, which are qualitatively and
quantitatively consistent with the those described here, are reported in the Supporting Information
with more detailed information on the oversampling procedure.

Explaining why longevity is harder to predict for certain groups is key for future research on the
root causes of disparities in mortality and lifespan predictability, with relevant consequences for life
planning and social interventions. We identified the key variables to predict mortality across social
groups as a preliminary approach to analyzing possible mechanisms driving the observed inequalities.
As described in the data section and the Supporting Information, we computed variable importance
using permutation importance with negative integrated brier score as the scoring metric.

We see minimal variation in the top features across groups, which are primarily related to habits,
health history, and finances. Age, which is consistently the most predictive feature, improves the
integrated brier score between 0.07 and 0.009 depending on the model used. Other top predictors,
such as diabetes diagnosis and whether a participant has ever smoked, tend to have a significant
but smaller impact, between 0.001 and 0.004. The order changes slightly across groups in different
models. For example, items which may indicate healthcare access such as sum of medications
and prescription for psychiatric medications are more predictive in White and higher educated
populations. In the random forest model, diabetes diagnosis is more predictive of mortality for
Blacks than Hispanics or Whites, similar to findings from Goldman et al. (2017). However, in
general, the difference in feature importance across models is larger than across groups within a
single model. Differences in top features also reflect some group-specific predictors, such as the age
of the last menstrual period for women. Top variables for the parametric models are difficult to
interpret, possibly due to collinearity issues since these models are not intended for such a large
number of variables. We list the top 10 variables for each model in the Variable Importance section
of the Supporting Information.

Inequalities in subjective predictability

Finally, we investigated how HRS participants’ predictions about their own longevity compare to
predictive models and to reality, and how these trends differ among social groups. HRS respondents
are asked: “what do you think are the chances that you will live to be 75 or more?”. This question
is a measure of an individual’s subjective survival probability at 75, which has been used, for
example, to compute subjective cohort life tables (Perozek, 2008). Individuals form expectations
holistically by considering their health background, environment, socioeconomic status, extended
family experience, and genetics, among other information that may not be captured in surveys
(Perozek, 2008), and such individual health assessments have been shown to be relatively predictive
of mortality in some cases Goldman et al. (2016). This elicits the question: with access to such
information, are individuals better able to predict their own survival? In the following analyses, we
restrict the sample to respondents who were less than 75 at entry into the study.

In Figure 3, we report a calibration plot stratified by gender, race and ethnicity, and education, with
the predicted survival probability on the horizontal axis and the observed proportion of respondents
alive at 75 on the vertical axis. A perfect calibration is expected to follow the diagonal line - e.g.,
among respondents who estimate a 0.2 survival probability at 75, 20% are expected to be observed
alive. We notice that subjective lines (highlighted in the graph) are generally flat. Individuals who
report a low expected probability of being alive at 75 substantially underestimate survival, while
those who report a high probability substantially overestimate survival. Conversely, model-based
predictions better align with the diagonal line. We observe relevant differences among social groups.
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Figure 3: Calibration plot at age 75 of predicted survival probability and observed survival by
gender (panel a.), race and ethnicity (panel b.), and education (panel c.). The dashed diagonal line
represents a perfect calibration. Predicted survival probabilities have been binned in ten groups:
0-0.1, 0.1-0.2, 0.2-0.3, 0.3-0.4, 0.4-0.5, 0.5-0.6, 0.6-0.7, 0.7-0.8, 0.8-0.9, 0.9-1.

For example, among respondents who reported a survival probability between 0.9 and 1, men, non-
Hispanic Blacks, and low-educated individuals show lower observed survival. These groups face
higher unexpected mortality relative to their counterparts.

In Figure S2 (Supporting Information), we also report the mean squared error (MSE) in predicted
survival probability at age 75 for the estimated survival models and survey respondents (“Subjec-
tive”) by social group. We underline two relevant results. First, individuals are significantly less
accurate than statistical modeling - subjective survival predictions consistently score, on average, an
additional 0.1 in terms of MSE. Second, the inequalities in lifespan predictability across social groups
observed for the statistical models persist for the subjective survival probabilities reported by indi-
viduals in the survey. Remarkably, men, non-Hispanic Blacks, and low-educated respondents are less
accurate in predicting their survival at 75 than women, non-Hispanic Whites, and highly educated
respondents, respectively, consistent with the modeling results of the previous section.
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Discussion

In this paper we sought to predict individual-level mortality from survey data, a demographic chal-
lenge with potential implications for individuals, policymakers, and researchers alike. We considered
questions around prediction, model usage, and inequalities between groups and pushed the limits of
predictability by including over 150 predictors in a broad range of classic statistical and machine-
learning survival analysis models spanning Cox models, random forests, and deep neural networks.
Our results generally suggest that models incorporating richer information demonstrate improved
predictive performance and can attain relatively high discrimative accuracy, but achieving superior
calibration of lifespan predictions remains a difficult task. In particular, we find that survival mod-
els accounting for time-varying covariates have the best performance. This is in line with previous
research starting from the early work of Allison (1984). However, the additional prediction accuracy
derived from time-varying covariates is not substantial, and we generally observe similar perfor-
mance across traditional, penalized, and machine learning models. In addition, we find inequalities
in prediction that cannot be explained by sampling procedures. Individual level prediction is con-
sistently less accurate for certain groups, regardless of which model is used, motivating a need to
delve more deeply into what may be causing such discrepancies. Finally, despite differences in the
order of variable importance across models, most tended to draw predictive power from the same
indicators like age, smoking status, and the presence of chronic diseases like diabetes, underscoring
the success of past research in determining key mortality predictors.

Our results have several important implications. First, upon incorporating comprehensive life infor-
mation, the discriminative performance of predictive models, which captures the ability to identify
individuals at higher risk, can reach levels deemed ‘excellent’ by diagnostic standards (Mandrekar,
2010). Statistical modelling can thus be used to better inform individual-level life planning and or-
ganize more targeted social interventions and support programs. In particular, like other important
social outcomes (e.g., as in Heller et al. (2022)), individual-level predictive survival models can help
identify and target high-risk individuals. However, though time varying information is important,
the emergence of a similar set of key factors across models provides a basis for prediction in lower
information settings, and such factors may also be consistent across countries Goldman et al. (2016).
Future work may consider at what point adding additional variables results in diminishing returns
in terms of improved performance, which may aid countries with less comprehensive data collection
efforts.

We have focused on one way to predict mortality by generating predicted survival curves based on
fitted survival regression models. We briefly address two alternative approaches. One alternative
approach would be to directly predict age at death, as is often desirable in healthcare settings
(Henderson and Keiding, 2005). Breen and Seltzer attempt to predict lifespans in this way by
focusing on a single birth cohort born in 1910 and identifying their sociodemographic characteristics
and age at death from the US Census and Social Security records, respectively (Breen and Seltzer,
2022). We evaluated the accuracy of survival time predictions output by our models in a fashion
analogous to theirs, which is available in the Supporting Information. However, our data are not well-
suited to the evaluation of lifespan prediction due to the presence of right censoring. Respondents
can drop out of the survey without having their deaths recorded, or they may outlive the length of the
longitudinal period. The survival metrics we utilize above account for censoring and therefore provide
a more valid assessment of the performance of the models considered in our context. Furthermore,
we expect that results from our approach may be more relevant in practice, since the vast majority
of data sources recording mortality contain censoring.

Another way to predict mortality would be to focus on forecasting the probability of death between
waves of the survey. For instance, one could develop a discrete-time model using information from
waves one through thirteen of the HRS to predict which respondents present at wave thirteen will
die before wave fourteen. This ‘discrete-time’ approach has been used in previous work predicting
social outcomes (Arpino et al., 2022; Heller et al., 2022; Salganik et al., 2020). This is an interesting
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approach that can be explored in future work.

Finally, we observed consistent inequalities in predictability: men, non-Hispanic Blacks, and low-
educated respondents had less predictable mortality than their counterparts. These same inequalities
reemerge in survey-respondents’ own predictions about their survival, reflecting the persistent, po-
tentially internalized nature of inequalities in lifespan (van Raalte et al., 2018). These inequalities
present a non-trivial obstacle to the equitable use of predictive models, and must be accounted for
when using models to target interventions. The persistence of differences in predictability even after
including a rich set of predictors and complex modelling remains to be explained. One possibility
may be that mortality is more driven by genetic, biological, or multi-generational factors for some
groups compared to others (Christensen et al., 2006). Another is that certain groups may die more
frequently from unpredictable causes (e.g., traffic accidents) than others. These possibilities remain
to be explored in future work. In particular, a relevant dimension to consider is the role of genet-
ics. We included a large set of behavioral, demographic, health, and social indicators, but genetic
determinants of human longevity could further improve prediction accuracy and explain variation
across individuals and groups. For instance, twin studies have consistently found that around 25%
of human lifespan variation is driven by genetic differences, and that genetic influences on lifespan
are minimal until 60 but increase after this age (Christensen et al., 2006). Understanding the dif-
ferences which lead to such inequalities remains an important question in order to also assess equity
in prediction of life expectancy.

Our findings emphasize the importance of interdisciplinary collaboration in addressing predictive
disparities and establishing frameworks for evaluating models and predictions reliably, especially
when applied to the social sciences. While the adoption of machine learning may offer marginal
improvements in predictive accuracy, it often comes at the cost of transparency and interpretability
and may not always supersede the benefits of traditional models. Moreover, it’s crucial to assess
models not only on a macro level but also with respect to specific subpopulations, considering
factors such as race and gender as well as how they intersect. Diligent research in this field has
the potential to benefit not only individuals in their long-term planning but also policymakers
and other stakeholders dedicated to assisting marginalized communities and formulating end-of-life
policies.

Materials and methods

Data

We use data from the US Health and Retirement Study (HRS, 2022), a representative sample of
individuals over 50 years of age that has been run in two-year waves since 19921. In particular, we
use a longitudinally harmonized dataset ending in 2018 for a total of 14 waves2 . Our data cleaning
procedure is composed of four steps: variable selection based on raw categories (childhood, cogni-
tive, demographic, habit, job, mental health, physical health, social, support, wealth, and welfare),
variable selection based on repetition and missingness, special treatment for certain missing values,
and removal of remaining variables with over 50% missingness. Our final dataset contains more than
150 predictors, spanning behavioral, biological, demographic, health, and social indicators for 39,248
respondents. An overview of the selected variables is available in the Supporting Information along
with further discussion of our data cleaning procedure and the HRS and its limitations. Remaining
missing values are imputed using random forest imputation (Stekhoven and Buhlmann, 2012), as
done in previous work on mortality predictions using HRS data (Puterman et al., 2020), run sep-
arately on the train and test sets, which comprise a 60%-40% split of the full dataset. We stratify

1The HRS (Health and Retirement Study) is sponsored by the National Institute on Aging (grant number NIA
U01AG009740) and is conducted by the University of Michigan.

2This analysis uses data or information from the Harmonized HRS dataset and Codebook, Version C as of Jan
2022 developed by the Gateway to Global Aging Data. The development of the Harmonized HRS was funded by the
National Institute on Aging (R01 AG030153, RC2 AG036619, 1R03AG043052). For more information, please refer to
www.g2aging.org.
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Figure 4: Data, methods, and evaluation flowchart diagram.

the analyses across gender, race and ethnicity, and education. Gender is categorized as either men
or women, as reported in the HRS survey. Race and ethnicity is a categorical variable with three
options: Non-Hispanic white, Non-Hispanic Black, and Hispanic. Education is a categorical variable
which follows the simplified version of the International Standard Classification of Education scale
(ISCED): low (less than high school), middle (upper secondary and vocational training), and high
(tertiary education).

Models

We model each individual’s survival curve as a function of time in the study from 0 at time of entry to
27 years, which is the maximum follow-up time in the HRS. We use time in study instead of age as the
outcome in order to alleviate survivorship bias arising from left-truncation resulting from subjects
entering the study at different ages. While left truncation is accounted for in most off-the-shelf
Cox proportional hazard model software, many packages implementing machine learning survival
models, including widely popular random survival forests, are not currently equipped to handle
time-to-event data with left truncation. We categorize the methods we implement into five broad
categories, which span a range of established and widely-used survival analysis models, in addition to
more recently-developed machine learning models. We consider 12 models in total. Further remarks
detailing the specification and implementation of the models presented here, including discussion of
hyperparameter tuning, are included in the Supporting Information.

Baseline

The first class, which we refer to as the “Baseline” category, consists of two simple and popular
survival models: the nonparametric Kaplan-Meier estimate (Kaplan and Meier, 1958) of the sam-
ple survival curve, which does not take into account covariates; and a Cox proportional hazards
model (Cox, 1972) (hereafter referred to simply as a Cox model) fitted to a reduced set of covari-
ates comprising the subject’s age, gender, race, and education level, which we term “CoxReduced”.
These models are implemented using Python’s scikit-survival package (Pölsterl, 2020) and R’s sur-
vival package (Therneau, 2022), respectively. Baseline models serve as a benchmark on which the
performance of increasingly complex models can be compared.
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Traditional

The second class, which we refer to as the “Traditional” category, consists of classical parametric
and semi-parametric survival models. The first of these is a Cox model fitted to the full set of
predictors from each subject’s first survey wave, termed “CoxFull”. In practice, due to the large
number of predictors, we apply a small amount of ridge (or ℓ2) regularization to the partial likelihood
to assuage singularities in the design matrix. This model is “time-invariant” in the sense that it
uses only the covariate information provided at the time of entry to the study, i.e., the records from
the first HRS wave in which an individual appears. Going forward, any models described should be
assumed time-invariant in this sense unless otherwise stated. The remaining models are also fitted
to the full set of predictors. Next, we fit a time-varying Cox model, denoted “Cox-TV”, which makes
full use of the longitudinal nature of the HRS, allowing covariates to vary across waves of the survey.
Standard software implementations of the Cox model can directly handle time-varing covariates and
left-truncated data using the Andersen-Gill counting process data formulation (Andersen and Gill,
1982). Finally, we fit a fully parametric Gompertz regression model (Gompertz, 1825), denoted
“Gompertz”, which is widely used to study mortality and assumes a log-linear baseline hazard.
CoxFull, in constrast to CoxNet discussed in the penalized section, is implement within scikit-
survival (Pölsterl, 2020). Cox-TV is implemented within the survival package (Therneau, 2022).
The Gompertz model is implemented within Python’s PySurvival package (Fotso et al., 2019).

Penalized

Despite its proximity to the classical Cox model, we differentiate the Cox model with an elastic
net penalty (Park and Hastie, 2007; Simon et al., 2011), denoted “CoxNet”, into its own category.
Penalized likelihood methods, which induce shrinkage estimation and variable selection, are often
included within the broad category of machine learning methods. CoxNet is implemented within
scikit-survival (Pölsterl, 2020).

Machine Learning: Forest Based

The third class, termed “Machine Learning”, consists of modern deep learning and decision-tree-
based ensemble methods for survival analysis. The decision-tree-based ensemble methods that we fit
include random survival forest (Ishwaran et al., 2008), denoted “RSF”, and gradient-boosted trees
with Cox proportional hazards loss (Friedman, 2002), denoted “GradBoost”, both implemented
within scikit-survival (Pölsterl, 2020). Tree ensemble models are flexible non-parametric methods
that demonstrate superior performance in regression tasks with tabular data (Shwartz-Ziv and Ar-
mon, 2022). In particular, RSF does not make the strong proportional hazards assumption of the
Cox model, which specifies that the hazard ratio between any two subjects remains constant over
time. In the last few years, there has been work to extend popular machine learning survival models
to handle data with left truncation and time-varying covariates (Fu and Simonoff, 2016; Moradian
et al., 2022; Wongvibulsin et al., 2020; Yao et al., 2022). We fit the dynamic relative risk forest
(RRF) of (Yao et al., 2022), an extension of the RRF (Ishwaran et al., 2004) to time-varying and
left-truncated data, denoted here as “RRF-TV”, which is implemented within the LTRCForests R
package.

Machine Learning: Deep Learning

Finally, we introduce the three deep learning models implemented. DeepSurv is a nonlinear Cox
model parameterizing the log-hazard via a deep neural network (Katzman et al., 2018). Although it
allows for a nonlinear log-hazard function, DeepSurv still makes the proportional hazards assumption
of the Cox model. The second deep learning model, DeepHit, makes no assumptions about the
stochastic process of event times and instead estimates the distribution of survival times based on
the covariates (Lee et al., 2018). While DeepHit can handle multiple competing risks, in our context
we use it for a single risk case, mortality. Finally, DeepPCH models the continuous-time hazards
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by piece-wise constant functions of the covariates parametrized by neural networks (Kvamme and
Borgan, 2019). The introduction of neural networks in these deep learning survival models allows
for greater flexibility in modeling the survival curve, weakening the assumptions of the classical
survival models and potentially capturing nonlinear interactions within the data. All of the deep
learning models are implemented within the pycox package, which enables training survival models
with PyTorch (Kvamme et al., 2019).

Model evaluation

Prediction metrics

After fitting each of the above models on the training dataset, we assess their predictive performance
on the test set. Namely, for each individual in the test set, we generate a predicted survival curve
from each model. We evaluate the accuracy of these survival curves with two widely-used survival
prediction metrics – the time-dependent Brier score (BS) and area under the receiver operating
characteristic curve (AUC), which assess the calibration and discrimination of a predictive model,
respectively (Royston and Altman, 2013). We calculate the Brier score and AUC using Python’s
scikit-survival package (Pölsterl, 2020).

The Brier score is a strictly proper scoring rule (Gneiting and Raftery, 2007) that assesses model
calibration by comparing the predicted survival curve at each time point to the subject’s observed
survival status using a squared error loss adjusted for the censoring distribution. The time-dependent
Brier score is averaged over time to obtain an aggregate measure of predictive accuracy, the integrated
Brier score. The time-dependent Brier score ranges from 0 to 1 with lower scores indicating better
model calibration. A Brier score above 0.25 indicates predictive accuracy worse than a random
“coin flip” prediction, which assigns a 0.5 probability of death to every individual at each time
point. Essentially, the Brier score measures the average difference between the actual outcome and
the outcome forecasted by our model.

The AUC assesses the discriminative performance of a survival model by comparing the risk scores
assigned to pairs of subjects in relation to their observed survival status at each time point, while
adjusting for the censoring distribution. A model discriminates appropriately if subjects living longer
are assigned lower risk scores. The time-dependent AUC is averaged over time to yield an aggregate
score, the mean AUC. The time-dependent AUC ranges from 0 to 1, with higher scores indicating a
more discriminative model. An AUC below 0.5 indicates no discrimination, i.e., worse performance
than a model that assigns the same risk score to each individual. Adopting the terminology of
Mandrekar (2010), we consider an AUC within 0.7-0.8 as acceptable, 0.8-0.9 as excellent, and 0.9-
1.0 as outstanding. The AUC is similar to the popular concordance index (or c-index), which we do
not use due to its impropriety in our context (Blanche et al., 2018). If the Brier score measures how
far the predictions are from the outcomes, the AUC denotes how common false positives, or in our
case individuals incorrectly classified as dead, and false negatives, or individuals incorrectly classified
as alive, are. This is an important metric because a model which predicted survival in every case
could have a high accuracy when tested on a dataset where the majority of people survived, but
would have a low AUC.

Variable importance

To interpret how each model classifies individuals in terms of survival we compute variable im-
portance using permutation importance with negative integrated Brier score as the scoring metric.
Permutation importance measures how model accuracy changes when a given variable is randomly
shuffled (Breiman, 2001), thereby determining the predictors having the greatest impact on the
model predictions. We run these comparisons for each model using all participants, as well as for
each model separating participants by gender, race and ethnicity, and education level. We use
the permutation importance method implemented within Python’s scikit-learn package (Pedregosa
et al., 2011) and change the scoring metric to the integrated Brier score with a custom scoring
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function.

Data Availability

The raw harmonized Health and Retirement Study (HRS) data used in this study are publicly
available and can be downloaded from
https://hrsdata.isr.umich.edu/data-products/gateway-harmonized-hrs (HRS, 2022). All
data processing, modeling, evaluation, and visualization were carried out in R (RStudio Team,
2019) and Python (Van Rossum and Drake Jr, 1995). All code is available and can be reproduced
from Github: https://github.com/mpidr-mort-pred/Replication-Package.
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