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Abstract 

Socioeconomic inequality in longevity is typically measured using a single socioeconomic in-

dicator such as education or income. We combine multiple indicators—education, income, oc-

cupation, wealth, and IQ scores—and apply machine learning to measure inequality in longev-

ity. Using Danish population-wide data spanning 40 years, we track mortality for the 1942–44 

birth cohorts from age 40 onwards to estimate life expectancy by socioeconomic status. Indi-

viduals at the top of the socioeconomic distribution live nearly 25 years longer than those at 

the bottom. The socioeconomic gradient in life expectancy becomes 50–150% steeper when 

using multiple indicators. 
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I. Introduction 

Individuals with high socioeconomic status (SES) tend to live longer than those with low SES, 

and this longevity gap has been widening in many countries.2 Together with rising economic 

inequality and declining social mobility (Piketty & Saez 2014; Chetty et al. 2017), this devel-

opment has received increasing attention among policymakers (OECD 2018, 2022; UN 2022, 

2023). 

Empirical studies of the association between individuals’ life expectancy and their SES typi-

cally rely on a single SES indicator, such as years of education or position in the income dis-

tribution.3 These studies consistently find a significant SES gradient. Still, the gradient between 

life expectancy and latent SES may be underestimated when SES is proxied by only one indi-

cator. If all SES indicators capture the same variation between latent SES and life expectancy, 

combining them will not affect the estimated gradient. In the opposite extreme case, with un-

correlated SES indicators, the combined gradient would equal the sum of the single-factor gra-

dients. Where real-world data fall between these two extremes remains unknown. 

In this paper, we combine multiple SES indicators using machine learning to construct a com-

prehensive measure of the SES gradient in life expectancy.  

The advantage of using machine learning is its ability to capture interaction effects and flexibly 

combine multiple SES indicators in a data-driven way while avoiding overfitting. In other 

words, it allows us to exploit rich, multi-dimensional SES data without the model mistaking 

spurious correlations in the estimation sample for meaningful predictors of life expectancy. 

 
2 Deaton 2013; NAS 2015; Case & Deaton 2015, 2020; Currie & Schwandt 2016; Chetty et al. 2016; Auerbach 
et al. 2017; Bor, Cohen & Galea 2017; Kreiner, Nielsen & Serena 2018; Mackenbach et al. 2018; Couillard et al. 
2021; Dahl et al. 2024; Danesh et al. 2024; Hagen et al. 2025. 
3 Meara, Richards & Cutler 2008; Mackenbach et al. 2008, 2018; Chetty et al. 2016; Kreiner, Nielsen & Serena 
2018; OECD 2018; Hederos et al. 2018; Kinge et al. 2019; Case & Deaton 2021; Milligan & Schirle 2021; Dahl 
et al. 2024; Milligan 2024. 
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To conduct the empirical analysis, we merged Danish administrative records on key indicators 

commonly used to measure SES (Brown et al. 2019), including education, income, occupation, 

and wealth. For men, we also observe IQ scores from tests as part of compulsory military ser-

vice assessments. To track mortality over the longest possible age span, we follow all individ-

uals in birth cohorts 1942-44 from age 40 to 78 by their baseline SES. Based on this, we esti-

mate differences in cohort life expectancy at age 40. 

When combining all SES indicators, we find a gap in life expectancy of almost 25 years be-

tween individuals at the opposite extremes of the SES distribution for both men and women. 

Beyond this stark contrast, the gradient across the distribution implies that moving up ten per-

centiles is associated with an average increase in life expectancy of 1.6-1.7 years. Finally, we 

analyze how much of the variance in life expectancy can be explained by SES. We find that 

SES accounts for 12% of the variance for men and 8% for women. 

These findings contribute to the literature (op.cit.) measuring socioeconomic disparities in life 

expectancy. When we assess how well single SES indicators approximate the estimates from 

our multi-factor approach, we find that the SES gradient is 50-150% steeper when combining 

multiple indicators rather than using income or education alone as normally done. Similarly, 

the share of variance in life expectancy explained by SES increases by 100-500%. 

Combining just two indicators, for example income and education, substantially increases the 

share of variance explained, although it remains well below the level explained when all indi-

cators are included. Among single indicators, wealth is the best SES measure, accounting for 

8% of the variance in life expectancy for men and 5% for women. This finding, based on pop-

ulation-wide administrative records, corroborates recent evidence from smaller samples based 

on surveys, pointing to larger inequalities in life expectancy by self-reported wealth than by 

income or education (Glei, Lee & Weinstein 2022). 
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Our analysis relates to other studies that use machine learning to predict mortality (Ganna & 

Ingelsson 2015; Einav et al. 2018; Puterman et al. 2020). Our approach is distinct in two key 

respects: First and foremost, our focus is not on obtaining the best possible prediction. This 

would involve including as much information as possible, for example, prior health information 

(Einav et al. 2018). Rather, we use machine learning to provide a new measure of the socioec-

onomic gradient by including multiple SES indicators, while deliberately excluding other types 

of information. Secondly, by extrapolating the mortality predictions to individual-level cohort 

life expectancy, we connect our analysis to the literature on inequality in life expectancy.  

The following sections describe our data, method and results, and end with a conclusion in 

Section V. 

II. Data and Sample Selection 

We use population-wide Danish administrative data on SES and mortality during 1980-2022. 

Using personal identifiers assigned at birth (CPR number), we link population-wide adminis-

trative registers on gender, age, income, education, wealth, occupation, and mortality. For men, 

we also link the administrative data with military records containing the results of mandatory 

conscription IQ tests. 

We focus on individuals born between 1942 and 1944 and residing in Denmark at age 40 (years 

1982-1984). We use this sample because we want the longest possible panel of mortality rec-

ords–from age 40 to 78 years−to obtain precise life expectancy predictions. We measure soci-

oeconomic indicators at age 38, two years before we start analyzing mortality, to reduce the 

potential for reverse causality (Chetty et al. 2016; Kreiner, Nielsen & Serena 2018). 

The selected cohorts include 118,026 men and 113,221 women. We further restrict the sample 

to individuals with non-missing education, income, wealth, and occupation (and for men, IQ), 
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leaving 89,927 men and 101,466 women.4 The larger share of discarded observations among 

men is due to incomplete coverage in the military records.  

In the following, we describe how we measure each socioeconomic factor used in the analysis 

(see the appendix for additional details). We focus on individual rather than household 

measures of SES, with results using household variables provided in the appendix. 

Income: We measure income net of universal transfers in line with previous work (e.g., Kreiner, 

Nielsen & Serena 2018; Dahl et al. 2024). 

Education: We measure education as the length of education in years and dummies for indi-

vidual educational qualifications (e.g., engineer, economist, etc.). 

Wealth: We measure wealth as the difference between assets and liabilities. Assets include 

third-party reported housing assets, bank account balances, stocks and bonds, equity in private 

companies, and self-reported values of cars, boats, and campers. Liabilities include bank loans, 

mortgages, student debt, and debt to the tax authorities. Housing assets are known to be under-

valued by tax authorities, while housing liabilities (mortgages, etc.) reflect the actual price of 

buying the house. To address this issue, we follow previous research (Boserup et al. 2016; Leth-

Petersen 2010) and scale up the tax-assessed value of housing assets by 20% to match average 

actual house prices. During our analysis period, the combined wealth of married couples is 

recorded in the husband's name. Therefore, we compute the total wealth of married couples 

and divide it equally between the two partners.  

IQ: At age 18, all Danish men are requested to attend a regional conscription board to assess 

their fitness for military service. The Danish Conscription Database contains information on 

these assessments (Christensen et al. 2014). Our IQ measure is the Danish Armed Forces 

 
4 The occupation classification used includes categories for unemployment and retirement. Hence, the analysis 
sample is not restricted to individuals in employment at age 38. 
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Qualification Test, which was developed for military recruitment to measure cognitive ability. 

The correlation coefficient between these scores and the standard Wechsler Adult Intelligence 

Scale is 0.82 (Mortensen et al. 1989). Between five and ten percent of men were deemed unfit 

for service and exempt from assessment because of medical conditions, e.g., intellectual disa-

bility or epilepsy (Green 1996). Therefore, around 10% of men in the selected cohorts do not 

have a recorded IQ measure. 

Occupation: We measure occupation by including dummy variables for occupation codes, us-

ing a Danish classification comparable to the Disco coding system. Additionally, we include 

dummies for broader occupational categories based on this classification, for example self-

employed with fewer than 20 employees.  

 

III. Method 

Conventional studies of life expectancy inequality compare groups defined by a single cardinal 

SES indicator, such as income ranks or years of education. In this paper, we are interested in 

capturing all relevant SES-related variations in life expectancy without imposing a predefined 

SES grouping. Therefore, we let the data tell us which interactions and combinations of SES 

indicators are most predictive for life expectancy. If longevity was directly observed in the data, 

we could achieve this goal by using a flexible and data-driven method, such as machine learn-

ing, to predict longevity using all the available SES indicators. However, while our data covers 

mortality over four decades from age 40 to 78, the longevity of those still alive by 78 is unob-

served. To address this issue, we instead use machine learning to predict mortality in the ages 

we observe and then use survival models to extrapolate these estimates to cohort life expec-

tancy. 
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We start by splitting the data into a training sample (60%) and a test sample (40%). We then 

construct a panel dataset for the training sample in which we follow individuals from age 40 to 

78 or until death. Furthermore, in the training data set, we create a balanced sample with 50% 

mortality by randomly oversampling mortality cases. We do this because fitting an algorithm 

is easier when the two possible outcomes (dead, alive) are equally likely (Einav et al. 2018).  

We use an eXtreme Gradient Boosting (XGBoost) algorithm to predict mortality in the bal-

anced training dataset. Like random forest, this algorithm is an ensemble method using decision 

trees as the base learner. In other words, the algorithm works by creating and averaging predic-

tions across many decision trees. Unlike the random forest algorithm, where differences in trees 

come from different random subsets of the data, XGBoost creates additional trees by improving 

upon (boosting) previous trees. In this way, the model becomes more accurate with every iter-

ation. The algorithm is widely used for a broad range of applications and has received acclaim 

for its performance (Bentéjac, Csörgö & Martínez-Muñoz 2021). 

XGBoost relies on several hyperparameters: the learning rate, maximum tree depth, regulari-

zation parameters, and the number of trees. These parameters control the trade-off between 

exploiting all available information and the risk of overfitting. To find the optimal parameter 

values, we perform hyperparameter tuning using five-fold cross-validation and Bayesian Opti-

mization (Frazier 2018).  

We run the final XGBoost model on the balanced training data set using the optimal hyperpa-

rameter values.5 By construction, the resulting algorithm predicts mortality in 50% of cases, 

exceeding actual mortality rates in the unbalanced datasets. To convert the predictions to match 

average mortality in the test sample, we use the unbalanced training dataset and run logistic 

 
5 The various steps, including tuning the hyperparameters and running the XGBoost algorithm, use random 
draws to split the data and to sample candidate parameter values. Hence, the results vary slightly each time the 
code is executed. To smooth this variation, we run the previous steps 50 times, using different seeds for the ran-
dom draws, and then take the average across iterations. 
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regressions of mortality on a fifth-order polynomial of the XGBoost mortality predictions, in-

teracted with age. The age interactions ensure that the predictions capture the age pattern of 

mortality.  

We now have individual-level mortality predictions for each age from 40 to 78. Next, we run 

individual-specific Ordinary Least Squares (OLS) regressions of log predicted mortality on age 

(Gompertz 1825). From these regressions, we obtain individual-level estimates of the intercept 

and slope of predicted log mortality. To predict mortality beyond age 78, we plug these esti-

mates into a Gompertz survival model.6  

The Gompertz survival model is based on the proportional hazards model and assumes that the 

hazard rate ℎ(𝑎𝑎) evolves exponentially with age 𝑎𝑎 according to ℎ(𝑎𝑎) = 𝜆𝜆 𝑒𝑒𝑒𝑒𝑒𝑒(𝛾𝛾𝛾𝛾), where 𝜆𝜆 

and 𝛾𝛾 are parameterized as 𝜆𝜆 = 𝑒𝑒𝑒𝑒𝑒𝑒(𝛼𝛼0 + 𝛼𝛼1𝑥𝑥1) and 𝛾𝛾 = 𝛽𝛽0 + 𝛽𝛽1𝑥𝑥2. 

After taking logs, we obtain: 

log(ℎ(𝑎𝑎)) = 𝛼𝛼0 + 𝛼𝛼1𝑥𝑥1 + (𝛽𝛽0 + 𝛽𝛽1𝑥𝑥2) ⋅  𝑎𝑎 

Hence, in this model, the intercept of log mortality depends on 𝑥𝑥1, while the age slope depends 

on 𝑥𝑥2. We use as 𝑥𝑥1 and 𝑥𝑥2, our OLS estimates of the intercepts and slopes of predicted log 

mortality.7 

We run the Gompertz survival model on the training sample and use the coefficients to predict 

mortality, survival, and life expectancy in the test sample, which has not been used elsewhere 

in estimation. Therefore, we can use the test sample to assess the out-of-sample accuracy of 

our final models (see Appendix Figure 1). 

 
6 While we could predict life expectancy directly from the individual-level log mortality regressions, we use sur-
vival models to reduce the influence of individual-level noise. 
7 Since these individual-level intercepts and slopes are based on Gompertz regressions of predicted log mortal-
ity, the estimated 𝛼𝛼1 and 𝛽𝛽1 parameters are close to unity. 
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Note that our approach allows covariates (𝑥𝑥2) to change the slope of log mortality, in contrast 

to the proportional hazard model. More direct implementations of survival analysis in machine 

learning, such as DeepSurv (Katzman et al. 2018) and survival implementations in XGBoost 

and random forest rely on the assumption of constant slopes, and are, therefore, more paramet-

rically restrictive. The added flexibility of our approach is crucial when studying SES differ-

ences in mortality, as the intercept and slope of log mortality are typically inversely related 

across subgroups, known as the compensation effect of mortality (Gavrilov & Gavrilova 1991). 

 

IV. Results 

Figure 1 shows cohort life expectancy at age 40 by socioeconomic rank for men and women. 

The figure is constructed in the following way: For the line denoted Multi-factor, we first use 

all socioeconomic information to run the machine-learning approach described above. Using 

the estimated algorithm, we predict life expectancy for individuals (in the test sample) and rank 

people on a scale from 1 to 100 (percentile ranks) according to the prediction. Finally, we plot 

the predicted life expectancy of the individuals by their rank as shown in Figure 1. By con-

struction, the graph is increasing, but it can have a stepwise profile because the machine-learn-

ing algorithm divides people into groups with distinct differences in life expectancy based on 

their SES indicators. 
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Figure 1. Life expectancy at age 40 by SES 

(a) Men 

 

(b) Women 

 
Note: The figure plots cohort life expectancy at age 40 by single-factor and multi-factor measures of socioeco-
nomic status. The socioeconomic percentile (on the x-axis) is calculated as the position in the distribution of 
predicted life expectancy based on the selected SES measure. Multi-factor refers to SES measured using the most 
predictive combination of all the listed single factors for life expectancy.  
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When using a single socioeconomic indicator (income, wealth, education, occupation, or IQ) 

to measure the socioeconomic gradient, we apply the same machine-learning approach. This 

ensures that the results of our multi-factor approach (using multiple SES indicators) and the 

standard single-factor approach are compared on equal terms. Machine learning can also im-

prove the predictive power of the single-factor approach if there is a non-monotonic relation-

ship between the SES indicator and life expectancy. This is most relevant for wealth (see Ap-

pendix Figure 2) where those with close to zero wealth live shorter lives than those with nega-

tive wealth, which includes the self-employed with large business losses. Therefore, the ma-

chine-learning algorithm assigns individuals with near-zero wealth with the lowest SES rank. 

When including all indicators, life expectancy at age 40 for men starts at 65 years for those 

with the lowest SES, gradually increasing to 89 for those with the highest SES (see Figure 1 

and Table 1). This difference in life span of 24 years is much greater than the difference ob-

tained when using only one of the indicators. For the most used indicators of SES in this con-

text, education and income, the life span difference is 9 and 17 years, respectively. The results 

for IQ, wealth, and occupation are similar: 9, 17, and 19 years. 

We reach the same conclusions when comparing lifespan differences between the 10th and 90th 

percentiles of socioeconomic rank. The multi-factor approach yields a 13-year difference, 

while the single-factor approach yields differences from 7 to 9 years. Interestingly, the esti-

mated life expectancies based on education or occupation alone come closest to the multi-factor 

estimate in the top, while the estimates based on income or wealth come closest to the multi-

factor estimate in the bottom. 

Table 1 also reports the estimated SES gradient in life expectancy. For example, moving up 10 

percentiles in the income-life expectancy distribution is associated with an increase in life ex-

pectancy of 1.16 years, while the same move in the multi-factor distribution corresponds to a 
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gain of 1.72 years. Hence, the SES gradient increases by 50% when using the multi-factor 

approach. When comparing to using education alone, the increase is even larger at 120%. 

Next, we assess the share of the variance in life expectancy attributed to SES, as a non-para-

metric summary measure of the importance of SES inequality. This is calculated as the ratio of 

the variance in average life expectancy between SES groups to the population variance in age 

at death. We find that about 3% of the variance in life expectancy is accounted for by education. 

This percentage increases fourfold to 12% when using all socioeconomic indicators. For the 

single-factor approach, income and wealth give very similar results when comparing Min-Max 

and P10-P90 differences, but wealth accounts for more of the overall variance with an estimate 

close to 8%. This suggests that while income approximates SES well at the extremes, wealth 

is better at capturing SES differences in the middle of the distribution.    

The difference between the multi-factor and single-factor estimates is even greater for women 

(despite the availability of only four SES indicators). Women can expect to live longer than 

men (note the difference in scale on the y-axis in Figure 1). Still, the difference in life expec-

tancies between low-SES and high-SES women is 23 years when including all socioeconomic 

indicators, almost the same as for men. In contrast, the difference between low-SES and high-

SES women is only 9 years when using education, income, or occupation alone and only 12 

years when using wealth. Hence, the ability of the multi-factor approach to combine the SES 

information increases the predicted gap in life expectancy of women significantly compared to 

using any of the SES indicators alone. 

Table 1 shows that income and occupation account for less of the variance in life expectancy 

for women than men, possibly due to less labor market participation and less full-time work 

for these cohorts of women. For education, the share of the variance in life expectancy at-

tributed to SES is higher for women than for men. 
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Table 1. Life expectancy differences and explained variance by SES indicators 
 Multi-factor Education Income Wealth IQ Occupation 
Men       
Min-Max 65 − 89 78 − 87 68 − 85 69 − 86 76 − 85 67 − 86 
P10-P90 75 − 87 78 − 85 76 − 85 76 − 85 78 − 84 77 − 86 
Linear gradient 0.172 0.078 0.116 0.135 0.085 0.107 
SES share (%) of var. 11.8 2.6 5.8 7.8 2.7 5.4 

Women       
Min-Max 73 − 96 83 − 92 79 − 88 80 − 92  83 − 92 
P10-P90 81 − 92 83 − 91 83 − 88 80 − 91  83 − 91 
Linear gradient 0.157 0.099 0.059 0.121  0.094 
SES share (%) of var.  8.4 3.7 1.3 5.0  3.2 

Note: The table reports inequality in cohort life expectancy at age 40 by single-factor and multi-factor measures 
of socioeconomic status. The upper pane reports results for men, the lower results for women. Within each pane, 
the first row shows the minimum and maximum predicted life expectancy in the sample when based on the se-
lected SES measure (reported in columns). The second row reports the 10th and 90th percentile. The third row 
reports the slope of a linear regression line across percentiles of the SES measure. The fourth row reports the share 
of the overall variation in life expectancy accounted for by the selected SES measure. This is calculated as the 
ratio between the between-SES-group variance in life expectancy to the overall variance in age at death.  

Summarizing across genders, the steepness of the SES gradient increases by 50-150%, and the 

explained variance in life expectancy increases by 100-500% when combining multiple indi-

cators compared to using income or education alone. 

From an external validity perspective, it is worth noting that the estimates based on single SES 

indicators are in the same ballpark as previous findings. For example, the P90-P10 gap in life 

expectancy by income is nine years for men and five years for women, which aligns with the 

results of Chetty et al. (2016). Similarly, we find that education accounts for 3% of the variance 

in life expectancy, which is consistent with van Raalte et al. (2012). 

To understand why the multi-factor approach performs better, Table 2 examines who ends up 

with predicted life expectancies at the top and bottom. Among men with a predicted life expec-

tancy in the top 10%, around 40% also rank in the top 10% of the separate distributions of 

education, income, wealth, IQ, and occupation. However, around 80% rank in the top 10% if 
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we instead compute an individual's average rank across all socioeconomic indicators. In other 

words, having consistently high rankings across multiple socioeconomic indicators is much 

more predictive of high life expectancy than being at the top of any single indicator. 

This pattern is even more visible at the very top of the distribution. Among the top 1% with the 

highest predicted life expectancy based on our multi-factor approach, only 5–15% are in the 

top 1% of any single socioeconomic indicator. In contrast, around 70% belong to the top 1% 

when ranked by the average of all indicators.  

Table 2. Characteristics of individuals in the top and bottom of predicted life expectancy  

 Men  Women 

 Bot. 10 Top 10 Top 1  Bot. 10 Top 10 Top 1 

Income 54 38 4  38 23 3 
Wealth 62 38 8  48 37 7 
IQ 30 41 15     
Education 21 47 8  25 62 5 
Occupation 44 40 13  20 46 4 
Avg. rank 72 79 68  81 72 23 
Avg. rank (ex. educ, IQ) 82    70   

Note: The table reports the percentage share of individuals in the bottom 10, top 10, and top 1 percent of predicted 
life expectancy (based on the multi-factor approach) who belong to the bottom 10, top 10, and top 1 percent, 
respectively, of the separate distributions of the various single SES indicators. In the "Average rank" row, individ-
uals are ranked based on their average position across these separate SES indicators. Hence, individuals at the top 
have, on average, high ranks across all indicators. The "Average rank (ex. educ. and IQ)" row excludes education 
and IQ when calculating the average position across indicators. 

We observe the same pattern for women and for individuals at the bottom of the distribution 

for both genders. Specifically, being in the bottom 10% ranked by the average of all indicators 

is more predictive of low life expectancy than being in the bottom 10% of any single indicator. 

Among men at the bottom, it turns out that the average of income, wealth, and occupation is 

even more predictive than the average of all five indicators, as education and IQ are weak 

predictors of low life expectancy. The strength of the machine-learning approach is that it ob-

serves such patterns and derives the best prediction from the available information. 
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Combining a Limited Set of Socioeconomic Indicators 

To examine the contribution of individual indicators and the extent to which using a subset of 

them can approximate the full estimate, we present two additional analyses in Table 3.  

The upper pane of Table 3 shows the share of the variance attributed to SES when we exclude 

one of the SES indicators from the multi-factor analysis. For men, the share is almost un-

changed when removing education, IQ, or occupation, reflecting that each of these indicators 

contributes with little additional variation conditional on the other four indicators. While occu-

pation alone accounts for 5.4% of the variation in life expectancy (according to Table 1), ex-

cluding it from the multi-factor analysis only decreases the share accounted for by the multi-

factor approach from 11.8% to 11.4%. Income is somewhat more important, but the largest 

decrease in the share occurs when we remove wealth. In this case, the share accounted for by 

SES drops from 11.8% to 8.6%, demonstrating that wealth's contribution cannot be substituted 

by the four remaining indicators. 

Table 3. Explained variance in life expectancy by SES using limited sets of indicators 
SES share (%) of variance  Education Income Wealth IQ Occupation 
1. Excl. one indicator      
Men 11.5 11.0 8.6 11.5 11.4 
Women 7.1 8.1 6.4  8.2 

2. Combining two indicators      
Men      
Education  7.2 9.8 4.0 6.8 
Income   10.4 7.2 8.1 
Wealth    9.8 10.6 
IQ     6.5 

Women      
Education  5.2 7.1  5.4 
Income   6.0  4.2 
Wealth     6.7 

Note: The table reports the share of the overall variation in cohort life expectancy at age 40 accounted for by 
different measures of SES, based on combinations of SES indicators. The estimates are calculated as the ratio 
between the between-SES-group variance in life expectancy to the overall variance in age at death. The upper 
pane reports estimates based on the most predictive combination of all SES indicators (multi-factor approach), 
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excluding the indicator listed in the column title. The lower pane reports estimates based on the combination of 
only two SES indicators, given by row and column titles.  

For women, the drop in the share when excluding income or occupation is small, aligning with 

our previous findings that these indicators are less informative for women than for men. How-

ever, like men, the share drops most when excluding wealth. 

The lower pane of Table 3 shows the share of the variance in life expectancy attributed to SES 

when we combine only two of the SES indicators. For example, for men, we account for 7.2% 

of the variance when combining education and income, compared to 2.6% and 5.8% when 

using education or income alone. Hence, the share is considerably higher when combining 

these two commonly used indicators. We saw previously that wealth is the most predictive 

single indicator, accounting for 7.8% of the variance. This percentage increases to 10.5% when 

we add income or occupation, illustrating that with two indicators, we can approach the share 

accounted for when using all five indicators. For women, the most predictive two-factor com-

bination is wealth and education, which accounts for 7.1% of the variance compared to 8.4% 

when including all indicators.  

For most two-factor combinations, the SES indicators partially substitute for one another, so 

the share of the variance accounted for by two indicators together is smaller than the sum of 

the shares accounted for by each individual indicator. A notable exception is the combination 

of education and income for women, which accounts for 5.2% of the variance, exceeding the 

sum of their individual contributions (3.7% and 1.3%). In this case, interaction effects increase 

the predictive power above the sum of each component. 

Robustness  

In this section, we describe robustness checks reported in the Appendix. To include information 

on IQ, we have focused our analysis on men who participated in mandatory military 



16 
 

recruitment assessments (85% of the selected cohorts). This sample restriction may induce se-

lection bias since participation is non-random, which further implies that sampling differs be-

tween men and women. Appendix Table 1 shows results for all men, including those without 

IQ test scores. The results are very similar. For example, the multi-factor estimates still start at 

a life expectancy of 65 years for those with the lowest SES and increase to 89 years for those 

with the highest SES. We extend this analysis by using household variables instead of individ-

ual-level variables, e.g., the average income of spouses (Appendix Table 2). Using household 

income increases the share of variance accounted for by SES for women, showing that house-

hold-level SES indicators can be more predictive than individual-level SES indicators. Still, 

the share accounted for by SES is significantly larger for the multi-factor approach than for the 

single-factor approach. 

Following previous studies (Chetty et al. 2016; Kreiner, Nielsen & Serena 2018), we measure 

SES two years before starting to measure mortality to reduce the potential for reverse causality, 

which can occur if individuals are in poor health before we measure their SES. In Appendix 

Table 3, we remove individuals who receive disability insurance benefits at age 38 from the 

sample. This can reduce reverse causality but also remove some of the inequality. The share of 

variance accounted for by SES falls somewhat, but the relative difference between the multi-

factor and single-factor approach is very similar to Table 1. 

We observe individual mortality from age 40 to 78 and follow previous studies by estimating 

a Gompertz model of age-dependent mortality rates to derive life expectancy estimates. Ap-

pendix Figure 1 shows that the Gompertz model fits the data well. We obtain almost identical 

results if we instead use a Kannisto model (Gavrilov & Gavrilova 2019) to predict mortality 

rates (see Appendix Table 4).  
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We have also repeated our main analysis where we use survival until age 78 as the outcome, 

which we observe in the data. Appendix Figure 3 plots the observed survival rate against the 

machine-learning prediction of socioeconomic rank. It mirrors Figure 1 with the multi-factor 

approach giving a considerably steeper gradient. For example, among men, the multi-factor 

line shows that the survival probabilities range from 33% at the lowest SES level to 78% at the 

highest, compared to a 42%-74% span across education groups and a 58%-76% span across 

income groups. 

 

V. Conclusion 

Socioeconomic inequality in life expectancy is typically measured as the association between 

life expectancy and a single socioeconomic indicator approximating latent SES. We ask 

whether the socioeconomic gradient becomes larger when combining several indicators. If the 

different SES indicators capture the same underlying association between SES and longevity, 

the multi-factor gradient need not exceed the gradient based on single indicators. Our analysis 

reveals that the socioeconomic gradient increases substantially when indicators are com-

bined−by 50-150% relative to the single-factor gradient based on the most commonly used 

indicators, income and education. This suggests that standard estimates of SES differences in 

life expectancy fail to capture the full extent of inequality. 

Information on multiple socioeconomic indicators in combination with mortality is often una-

vailable. In that case, our study can also provide useful information. Some examples are as 

follows: Education is good at capturing variation in the upper portion of the SES distribution 

but is less good at capturing it at the lower end. For income, it is the other way around. Overall, 

combining SES indicators improves predictive accuracy and reveals a steeper SES gradient. 

Wealth stands out as the most predictive single indicator, and the other indicators can only 
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partially compensate for missing wealth information in the measurement of inequality in life 

expectancy. 
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Online Appendix
Socioeconomic Inequality in Longevity:

A Multidimensional Approach

Paul Bingley, Claus Thustrup Kreiner, and Benjamin Ly Serena

Additional details on socioeconomic (SES) indicators

Below we describe the specific construction of each SES indicator. Variables in ALL CAPS signify that
they refer to variable names in the raw data as used by Statistics Denmark.

Income

We measure income net of universal transfers in line with previous work (Kreiner et al., 2018; Dahl et al.,
2024):

Income = PERINDKIALT − QPENSNY − KONTHJ − ANDOVERFORSEL (5)

PERINDKIALT is total income, QPENSNY is public pensions (disability insurance benefits, public retire-
ment pension), KONTHJ is cash assistance, and ANDOVERFORSEL is other universal public transfers.

Education

We measure education as the length of education in years and dummies for individual educational qualifica-
tions (e.g., engineer, economist, etc.) based on the variable HFAUDD.

Wealth

We measure wealth as the difference between assets (QAKTIVF) and liabilities (QPASSIV). Assets include
third-party reported housing assets, bank account balances, stocks and bonds, equity in private companies,
and self-reported values of cars, boats, and campers. Liabilities include bank loans, mortgages, student debt,
and debt to the tax authorities. Housing assets are known to be undervalued by tax authorities, while housing
liabilities (mortgages, etc.) are based on the actual price of buying the house. Therefore, we follow previous
research (Boserup et al., 2016; Leth-Petersen, 2010) and scale up the tax-assessed value of housing assets
by 20% to match average actual house prices.

During our analysis period, all wealth is recorded in the husband’s name for married couples. Therefore,
we compute the total wealth of married couples and divide it equally between the two partners.

IQ

At age 18, all Danish men are requested to attend a regional conscription board to assess their fitness for
military service. The Danish Conscription Database contains information on these assessments (Christensen
et al., 2014). Our IQ measure is the Danish Armed Forces Qualification Test, called the Børg Prien Prøve,
which was developed for military recruitment to measure cognitive ability. The test contains 78 items:
19 letter matrices, 24 verbal analogies, 17 number series, and 18 geometric figures, to be completed in

1



45 minutes. The score is the total number of correct responses. The correlation coefficient between the
Børg Prien Prøve scores and the Wechsler Adult Intelligence Scale is 0.82 (Mortensen et al., 1989). While
assessments can be postponed to age 26, 77% of men were tested at ages 18-20.

Between five and ten percent of men were deemed unfit for service and exempt from assessment because
of medical conditions, e.g., intellectual disability or epilepsy (Green, 1996). Predating the civil registration
system, records were identified by names and dates of birth written on cards. Two percent of records could
not be matched to administrative registers (Christensen et al., 2014).

Occupation

We measure occupation by including dummy variables for occupation codes, using the variable NYSTGR
based on a classification similar to the Disco88 coding system. Additionally, we include dummies for
broader occupational categories derived from the first digit of this variable. For instance, these categories
include the self-employed with fewer than 20 employees.

In Figure A2 below, we plot predicted life expectancy against continuous measures of SES. To convert
occupational categories into a continuous measure suitable for plotting against life expectancy, we employ
the commonly used International Socio-Economic Index of Occupational Status (Ganzeboom et al., 1992),
which ranks occupations according to social prestige.

Appendix Figures and Tables



Figure A1: Gompertz approximations by age and SES for men
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Note: The figure plots predicted and actual log mortality hazard rates by age and SES tercile. Terciles are constructed from predicted life expectancy based on the training data and
the Gompertz model. The lines represent predicted hazard rates based on the training data. The dots represent Kaplan-Meier estimates of actual log hazard rates in the test sample.



Figure A1: (Continued). Gompertz approximations by age and SES for women

-8

-6

-4

-2

0

Lo
g 

ha
za

rd
 ra

te

40 60 80 100 120
Age

1st: Actual

2nd: Actual

3rd: Actual

1st: Predicted

2nd: Predicted

3rd: Predicted

Socioeconomic tercile

Income

-8

-6

-4

-2

0

Lo
g 

ha
za

rd
 ra

te

40 60 80 100 120
Age

1st: Actual

2nd: Actual

3rd: Actual

1st: Predicted

2nd: Predicted

3rd: Predicted

Socioeconomic tercile

Wealth

-8

-6

-4

-2

0

Lo
g 

ha
za

rd
 ra

te

40 60 80 100 120
Age

1st: Actual

2nd: Actual

3rd: Actual

1st: Predicted

2nd: Predicted

3rd: Predicted

Socioeconomic tercile

Education

-8

-6

-4

-2

0

Lo
g 

ha
za

rd
 ra

te

40 60 80 100 120
Age

1st: Actual

2nd: Actual

3rd: Actual

1st: Predicted

2nd: Predicted

3rd: Predicted

Socioeconomic tercile

Occupation

-8

-6

-4

-2

0

Lo
g 

ha
za

rd
 ra

te

40 60 80 100 120
Age

1st: Actual

2nd: Actual

3rd: Actual

1st: Predicted

2nd: Predicted

3rd: Predicted

Socioeconomic tercile

Multi-factor

Note: The figure plots predicted and actual log mortality hazard rates by age and SES tercile. Terciles are constructed from predicted life expectancy based on the training data and
the Gompertz model. The lines represent predicted hazard rates based on the training data. The dots represent Kaplan-Meier estimates of actual log hazard rates in the test sample.



Figure A2: Association between life expectancy and absolute levels of socioeconomic indicators for men
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Note: The figure plots deciles of predicted life expectancy against the within-decile mean of the SES indicators used to make the prediction. The SES deciles are constructed from
predicted life expectancy based on the training data and the Gompertz model.



Figure A2: (Continued). Association between life expectancy and absolute levels of socioeconomic indicators for women
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Note: The figure plots deciles of predicted life expectancy against the within-decile mean of the SES indicators used to make the prediction. The SES deciles are constructed from
predicted life expectancy based on the training data and the Gompertz model.



Figure A3: Actual survival from age 40 to 78
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Note: The figure plots the actual share of individuals surviving in the test sample from age 40 to 78 by SES deciles. Deciles are
constructed from predicted life expectancy based on the training data and the Gompertz model.



Table A1: Life expectancy inequality for men without IQ restriction

Multi-factor Education Income Wealth Occupation

Min-Max 65 - 89 77 - 87 67 - 84 69 - 86 67 - 86
P10-P90 73 - 86 77 - 85 75 - 84 76 - 85 77 - 85
Linear gradient 0.178 0.089 0.120 0.139 0.123
SES share (%) of var. 12.5 3.2 6.5 8.1 6.8

Note: The table reports four different statistics for the distribution of predicted life expectancy at age 40 in the test sample. The
first row reports the minimum and maximum; the second row reports the 10th and 90th percentiles; the third row reports the slope
of a linear regression line across percentiles of the SES measure; the fourth row reports the percent of the variation in life
expectancy accounted for by SES. The column headers show which single SES indicator the prediction uses. Multi-factor
approach refers to the combination of all indicators.



Table A2: Life expectancy inequality, using household averages of socioeconomic indicators

Multi-factor Education Income Wealth Occupation

Men
Min-Max 65 - 90 76 - 87 67 - 84 69 - 86 68 - 89
P10-P90 73 - 86 76 - 83 79 - 84 76 - 85 76 - 85
Linear gradient 0.172 0.096 0.091 0.138 0.123
SES share (%) of var. 11.9 3.6 4.4 8.0 6.7

Women
Min-Max 73 - 98 78 - 94 76 - 91 80 - 92 75 - 94
P10-P90 80 - 92 83 - 91 83 - 90 81 - 91 82 - 90
Linear gradient 0.167 0.122 0.085 0.124 0.118
SES share (%) of var. 9.3 5.0 3.2 5.0 5.0

Note: The table reports four different statistics for the distribution of predicted life expectancy at age 40 in the test sample. The
first row reports the minimum and maximum; the second row reports the 10th and 90th percentiles; the third row reports the slope
of a linear regression line across percentiles of the SES measure; the fourth row reports the percent of the variation in life
expectancy accounted for by SES. The column headers show which single SES indicator the prediction uses. Multi-factor
approach refers to the use of all indicators in the prediction. Continuous indicators are measured as the average within the
household. For categorical variables, we include dummies for each category for both the main individual and the spouse. For
unmarried individuals, we code the spouse-related dummy variables as missing values.



Table A3: Life expectancy inequality, excluding recipients of disability insurance benefits at age 38

Multi-factor Education Income Wealth IQ Occupation

Men
Min-Max 65 - 88 78 - 86 72 - 85 70 - 86 77 - 86 69 - 87
P10-P90 74 - 87 78 - 85 76 - 85 76 - 86 78 - 84 77 - 85
Linear gradient 0.160 0.075 0.101 0.131 0.080 0.102
SES share (%) of var. 10.4 2.4 4.2 7.3 2.5 4.4

Women
Min-Max 75 - 96 84 - 92 85 - 89 81 - 93 82 - 94
P10-P90 81 - 92 84 - 92 85 - 88 81 - 91 83 - 90
Linear gradient 0.145 0.097 0.041 0.121 0.093
SES share (%) of var. 7.4 3.6 0.6 5.1 3.2

Note: The table reports four different statistics for the distribution of predicted life expectancy at age 40 in the test sample. The
first row reports the minimum and maximum; the second row reports the 10th and 90th percentiles; the third row reports the slope
of a linear regression line across percentiles of the SES measure; the fourth row reports the percent of the variation in life
expectancy accounted for by SES. The column headers show which single SES indicator the prediction uses. Multi-factor
approach refers to the use of all indicators in the prediction.



Table A4: Life expectancy inequality, using Kannisto model for extrapolations

Multi-factor Education Income Wealth IQ Occupation

Men
Min-Max 65 - 91 78 - 89 68 - 87 68 - 85 77 - 85 67 - 88
P10-P90 74 - 88 78 - 86 76 - 84 77 - 85 78 - 84 79 - 86
Linear gradient 0.182 0.078 0.101 0.129 0.080 0.097
SES share (%) of var. 12.8 2.9 4.7 7.6 2.5 5.2

Women
Min-Max 76 - 99 83 - 92 80 - 89 80 - 91 81 - 95
P10-P90 80 - 95 83 - 91 84 - 88 80 - 91 81 - 90
Linear gradient 0.178 0.107 0.055 0.130 0.112
SES share (%) of var. 10.7 4.2 1.1 5.8 4.8

Note: The table reports four different statistics for the distribution of predicted life expectancy at age 40 in the test sample. The
first row reports the minimum and maximum; the second row reports the 10th and 90th percentiles; the third row reports the slope
of a linear regression line across percentiles of the SES measure; the fourth row reports the percent of the variation in life
expectancy accounted for by SES. The column headers show which single SES indicator the prediction uses. Multi-factor
approach refers to the use of all indicators in the prediction. The Kannisto model differs from the Gompertz model by imposing a
plateau in mortality rates at old ages (Gavrilov and Gavrilova, 2019). This difference is apparent from how they model the
relationship between the hazard rate and age, a:
Gompertz: h(a) = λeγa. Kannisto: h(a) = λeγa

1+λeγa .


