




























































Table 4 

Sample Summary Statistics 

  Wave 
  Wave 1a Wave 2a Wave 3a Total 

Number of observations 127,047 (47.6%) 86,513 (32.4%) 53,272 (20.0%) 266,832 (100%) 

A. Demographics      

Age 45.303 (11.839) 50.147 (12.013) 55.887 (11.158) 48.987 (12.441) 
Gender 0.421 (0.494) 0.416 (0.493) 0.415 (0.493) 0.418 (0.493) 
B. Education         

  Low 87,296 (68.7%) 57,493 (66.5%) 32,108 (60.3%) 176,897 (66.3%) 

  High 39,751 (31.3%) 29,020 (33.5%) 21,164 (39.7%) 89,935 (33.7%) 

C. Biomarkers     

Systolic blood pressure 
125.565 
(15.213) 

128.724 
(16.324) 

131.968 
(15.983) 

127.867  
(15.928) 

Diastolic blood pressure 73.999 (9.333) 74.209 (9.472) 82.435 (10.995) 75.751 (10.288) 

Heart rate (ECG)  67.311 (11.199) 66.887 (11.192) 65.001 (10.525) 66.712 (11.100) 

Body mass index (BMI) 26.135 (4.285) 26.137 (4.273) 26.841 (4.473) 26.276 (4.329) 
Waist-hip ratio (WHR) 0.907 (0.084) 0.903 (0.089) 0.931 (4.602) 0.911 (2.058) 
Total cholesterol  5.098 (0.999) 5.097 (0.984) 5.194 (1.008) 5.117 (0.997) 
High-density lipoprotein 
cholesterol 1.491 (0.397) 1.518 (0.423) 1.515 (0.421) 1.504 (0.411) 
Low-density lipoprotein 
cholesterol 3.248 (0.913) 3.328 (0.912) 3.334 (0.906) 3.291 (0.912) 
Glucose 5.016 (0.822) 5.074 (0.885) 5.366 (0.972) 5.105 (0.884) 
 
Hemoglobin A1C 37.243 (4.860) 36.726 (5.236) 38.085 (5.645) 37.243 (5.169) 
Triglycerides 1.184 (0.812) 1.213 (0.814) 1.285 (0.787) 1.213 (0.809) 

Creatinine 73.572 (13.397) 78.635 (14.647) 77.800 (14.853) 76.057 (14.309) 

D. Chronic disease     
Cancer 0.046 (0.209) 0.061 (0.238) 0.088 (0.284) 0.059 (0.236) 
Stroke 0.007 (0.084) 0.011 (0.102) 0.012 (0.109) 0.009 (0.096) 
Heart attack 0.010 (0.099) 0.014 (0.118) 0.017 (0.131) 0.013 (0.112) 
Heart failure 0.007 (0.083) 0.019 (0.136) 0.024 (0.154) 0.014 (0.119) 
Diabetes 0.024 (0.153) 0.036 (0.186) 0.042 (0.201) 0.031 (0.175) 
Ulcerative colitis! 0.006 (0.076) 0.008 (0.091) 0.010 (0.098) 0.007 (0.086) 
Gallstones 0.037 (0.188) 0.046 (0.208) 0.046 (0.209) 0.041 (0.199) 
Hepatitis 0.010 (0.100) 0.011 (0.105) 0.012 (0.107) 0.011 (0.103) 
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Table 4 (continued) 

  Wave 
  Wave 1a Wave 2a Wave 3a Total 
Chronic fatigue 0.013 (0.114) 0.016 (0.127) 0.015 (0.123) 0.015 (0.120) 
Kidney Stones 0.031 (0.173) 0.038 (0.191) 0.040 (0.195) 0.035 (0.184) 
Renal Failure 0.000 (0.000) 0.002 (0.040) 0.002 (0.046) 0.001 (0.030) 
Arthritis 0.021 (0.145) 0.033 (0.178) 0.037 (0.188) 0.028 (0.165) 
Fibromyalgia 0.033 (0.178) 0.042 (0.201) 0.046 (0.208) 0.038 (0.192) 
Osteoarthritis 0.077 (0.267) 0.159 (0.365) 0.198 (0.399) 0.128 (0.334) 
Osteoporosis 0.015 (0.122) 0.029 (0.168) 0.034 (0.180) 0.023 (0.151) 
Repetitive strain injury 0.022 (0.148) 0.035 (0.183) 0.044 (0.205) 0.031 (0.173) 
Chronic obstructive 
pulmonary disease  0.053 (0.224) 0.068 (0.252) 0.067 (0.249) 0.061 (0.239) 
Dementia 0.000 (0.011) 0.001 (0.030) 0.001 (0.032) 0.001 (0.024) 
Parkinson’s 0.001 (0.023) 0.001 (0.037) 0.002 (0.042) 0.001 (0.033) 

 
Notes: This table present summary statistics by wave. For biomarkers, we report the mean of the original values, 
and for chronic diseases, we report the prevalence of specific conditions. 
 
 
 
 
 
Table 5 

Regression Results of CDI and 3-Year Mortality on ALI and Lagged ALI 

  Panel A. CDI Panel B. 3-Year mortality 
 (1) (2) (1) (2) 
𝐴𝐿𝐼 0.0642***  0.0005***  
 (0.0018)  (0.0001)  
𝐴𝐿𝐼!"#  0.0714***  0.0004*** 

   (0.0021)  (0.0001) 
Controls Yes  Yes  Yes Yes 
Observations 120,083 120,083 92,369 92,369 
R-squared 0.158 0.158 0.097 0.096 

Note: The analysis includes individuals who participated continuously in Lifelines for two waves, in order to 
obtain lagged health outcomes. The sample size in Panel B is reduced due to partly missing 3-year mortality 
information in Lifelines 3a (see Section Ⅲ.C for details). Panel A is estimated using a linear regression model, 
while Panel B employs a logistic regression model. Accordingly, we report average marginal effects for the latter. 
We present the R-squared for Panel A and the pseudo R-squared for Panel B. Robust standard errors are reported 
in parentheses. Control variables include age, age squared, age group, gender, cohort, urban residency, province, 
and survey year. *** p < 0.01, ** p < 0.05, * p < 0.1. 
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Table 6 

Regression Results of CDI on ALI and Lagged ALI by Age Group 

 25-34 35-44 45-54 
 (1) (2) (1) (2) (1) (2) 
𝐴𝐿𝐼  0.0241***    0.0508***    0.0583***   

 (0.0048)  (0.0035)  (0.0027)  
𝐴𝐿𝐼!"#   0.0316***   0.0502***   0.0712*** 

   (0.0051)   (0.0038)   (0.0033) 
Controls Yes   Yes Yes  Yes   Yes  Yes 
Observations 8,287 8,287 20,789 20,789 40,046 40,046 
R-squared 0.020 0.022 0.0256 0.033 0.036 0.039 

 
Table 6 (continued) 

 55-64 65-74 
 (1) (2) (1) (2) 
𝐴𝐿𝐼  0.0712***    0.0751***   
 (0.0037)  (0.0059)  
𝐴𝐿𝐼!"#   0.086***   0.0723*** 
    (0.0041)   (0.0064) 
Controls  Yes Yes  Yes  Yes  
Observations 30,120 30,120 16,898 16,898 
R-squared 0.051 0.054 0.038 0.037 

 
Notes: The analysis includes individuals who participated continuously in Lifelines for two waves, in order to 
obtain lagged health outcomes. All regressions presented in Table 6 are estimated using linear regression 
models.  Robust standard errors are shown in parentheses for all models. Control variables include age, age 
squared, gender, cohort, urban residency, province, and survey year. *** p<0.01, ** p<0.05, * p<0.1. 
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Table 7 

Regression Results of 3-Year Mortality on ALI and Lagged ALI by Age Group 

 35-44 45-54 
 (1) (2) (1) (2) 
𝐴𝐿𝐼 0.0003***  0.0005***  
 (0.0001)  (0.0002)  
𝐴𝐿𝐼!"#  0.0006***  0.0006*** 
   (0.0002)  (0.0002) 
Controls  Yes Yes  Yes  Yes  
Observations 16,136 16,136 32,458 32,458 
Pseudo R-squared 0.0393 0.0393 0.037 0.039 

 
Table 7 (continued) 

 55-64 65-74 
 (1) (2) (1) (2) 
𝐴𝐿𝐼 0.0005  0.0006  
 (0.0003)  (0.0007)  
𝐴𝐿𝐼!"#  0.0003  0.0000 
   (0.0004)  (0.0006) 
Controls  Yes Yes  Yes  Yes  
Observations 20,349 20,349 11,906 11,906 
Pseudo R-squared 0.001 0.001 0.003 0.003 

 
Notes: The analysis includes individuals who participated continuously in Lifelines for two waves, in order to 
obtain lagged health outcomes. The sample size is smaller than in Tables 6, due to partial missing data on three-
year mortality in Lifelines 3a (see Section Ⅲ.C for details). All regressions in Tables 7 are estimated using logistic 
regression models. Accordingly, we report average marginal effects and pseudo R-squared values. Robust 
standard errors are reported in parentheses. Control variables include age, age squared, gender, cohort, urban 
residency, province, and survey year. *** p < 0.01, ** p < 0.05, * p < 0.1. 
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B  Figures 
 

 

Figure 1 

Evolution of Biomarker-Related Risks Over the Life Cycle 

Note: This figure illustrates the share of observations with varying numbers of biomarker-related risks across ages 
using pooled observations from an unbalanced panel dataset. The sample covers ages 18 to 80. The number of 
biomarker-related risks refers to the count of biomarkers exceeding the clinical threshold (see Table 1) for an 
individual at a given age. The different colors represent different numbers of risks, with the lowest risk at bottom 
and highest risk at the top. The proportion of the color at each age is the share of observations at this age.  
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Figure 2 

Evolution of Aging-Related Chronic Diseases Over the Life Cycle 

Notes: This figure illustrates the share of observations with varying numbers of aging-related chronic diseases 
across ages using pooled observations from an unbalanced panel dataset. The sample covers ages 18 to 80. The 
number of chronic diseases refers to the count of conditions an individual currently has or has previously had at a 
given age. Details on the list of chronic diseases are provided in Table 2. Different colors represent different 
numbers of chronic diseases, with the lowest at the bottom and the highest at the top. The proportion of the color 
at each age is the share of observations at this age. 
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Figure 3 

Life Cycle Profile of ALI, CDI, and 3-Year Mortality  

Notes: This figure presents the trajectories of ALI, CDI, and 3-year mortality rate over the life cycle using pooled 
observations from an unbalanced panel dataset. The sample covers ages 18 to 80.  Due to limitations in death 
record availability, the number of observations for 3-year mortality rate is smaller than for ALI and CDI (see 
Section Ⅲ.C for details). For CDI, the figure (and subsequent figures that stratify by gender and education) follows 
the corresponding figures in Danesh et al. (2025). In our setting, to ensure comparability between CDI and ALI, 
we rescale the two indices using a min–max scaling approach. We apply the lpoly smoothing method, a kernel-
weighted local polynomial regression, to smooth the trajectories of ALI, CDI, and 3-year mortality. Specifically, 
we use the Epanechnikov kernel with a zero-degree polynomial, which minimizes noise while preserving the 
underlying data pattern. 95% confidence intervals are shown. The larger variation at younger and older ages 
reflects the smaller sample sizes in these groups. 
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Figure 4 

Educational Disparities in the ALI by Age and Gender 

Notes: This figure presents the trajectories of educational disparities in ALI by age and gender using pooled 
observations from an unbalanced panel dataset. The sample covers ages 18 to 80. High education is defined as 
higher vocational or university education according to the Dutch education system, while the rest of the sample is 
classified as low education (see Section Ⅱ.B for details). We apply the lpoly smoothing method, a kernel-weighted 
local polynomial regression of y on x, using the Epanechnikov kernel function with a zero-degree polynomial. 
95% confidence intervals are shown. Larger variation at younger and older ages reflects smaller sample sizes in 
these groups. 
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Figure 5 

Educational Disparities in ALI Across Age and Birth Cohorts 

Notes: This figure examines the importance of cohort effects by grouping individuals into 10-year birth cohorts 
and presenting educational disparities in ALI across ages using pooled observations from an unbalanced panel 
dataset. For example, “80s” refers to participants born in the 1980s. However, the figure still reflects a mix of 
cohort and age effects since individuals are not followed continuously over time. We apply the lpoly smoothing 
method, a kernel-weighted local polynomial regression of y on x, using the Epanechnikov kernel function with a 
zero-degree polynomial. Large variation is observed for the 30s and 90s cohorts due to smaller sample size. 
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Figure 6 

Educational Disparities in the Prevalence of High-Risk Biomarkers Among Individuals Aged 
Under 30 

 
Notes: This figure illustrates differences in the prevalence of each biomarker-related risk across education groups, 
segmented by gender. Observations from all three waves are pooled for this analysis. For example, a value of 
0.027 for females’ heart rate indicates that 2.7% of females have a heart rate above 90 beats per minute (see Table 
1 for clinical thresholds for other biomarkers). Among females, the differences in total cholesterol, HbA1c, 
glucose, and diastolic blood pressure between low- and high-education groups are statistically insignificant at the 
10% level. Among males, the differences in heart rate and diastolic blood pressure are statistically insignificant 
at the 10% level. All other differences are significant at the 10% level. 
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https://docs.google.com/document/d/1rzaQHEogGnaW4Es3I0lLY-8CmV_BQBeCjFJKv1IBgbw/edit?tab=t.0#heading=h.8jmzgshmvlgv


 
 

Figure 7 

The R-Squared Contribution of Modifiable Factors to ALI by Gender and Age Groups 

Notes: This figure presents the Shapley–Owen decomposition results of the relative importance of modifiable 
factors for ALI by age group. For each age group, we run a linear regression of ALI on education, neighborhood 
SES, employment, a set of modifiable factors, and basic demographics. The stacked bars display the contribution 
of each factor to the overall R-squared of the models. Details on these modifiable variables are provided in Section 
Ⅱ.B. 
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i A biomarker-related risk can be viewed as an instance of physiological dysregulation, where the measured biological indicator 
departs from the clinically defined normal range. 
ii Aging-related chronic diseases refer to long-term health conditions whose prevalence increases with age and reflects the 
cumulative physiological deterioration. 
iii Specifically, two follow-up (wave 1b and wave 1c) questionnaires were conducted after the wave 1a, and one follow-up 
(wave 2b) took place after the wave 2a. Since 2024, the fourth wave of assessment is underway, with plans to include new 
participants, particularly from younger generations, in the Lifelines cohort. We do not include the data from wave 4a because 
it is still in the process. For more information about Lifelines, please visit https://www.lifelines-biobank.com. 
iv Clinically defined thresholds refer to the biomarker values that define the boundaries between clinically normal and abnormal 
ranges. 
v In wave 1a, participants were asked, “Have you ever had a certain disease?” For all subsequent waves, participants were 
asked, “Did any of the health problems listed below begin since the last time you completed the Lifelines questionnaire?”. 
vi For participants aged 18 years and older, the questionnaires assess whether they have experienced any of the specified chronic 
diseases since their last participation in the Lifelines survey and associated assessments. Our identification of chronic diseases 
primarily relies on the list provided in the questionnaires. 
vii Since our focus is on lifetime trajectories, we limit our analysis to aging-related chronic conditions. Specifically, we include 
only diseases with prevalence that increase with age, excluding chronic conditions primarily observed in childhood and 
predominantly caused by genetic factors. Additionally, we do not consider chronic diseases that are only available in limited 
waves of Lifelines.  
viii While self-reported data on chronic diseases offer valuable health insights, they are subject to limitations, including non-
classical measurement errors and underdiagnosis (Danesh et al. 2025). These issues are particularly prevalent among lower-
income or less-educated groups, potentially introducing bias into health assessments.  
ix In the Netherlands, higher vocational education and university education correspond to levels 6, 7, and 8 of the International 
Standard Classification of Education (ISCED). Consequently, the low-education group in our dataset includes individuals with 
ISCED levels ranging from 0 to 5. The mandatory nature of most types of secondary education is the primary reason for 
dividing it into two categories. 
x We exclude individuals aged below 18, as most biomarkers in Lifelines are only available for participants aged 18 and above. 
Additionally, we exclude individuals older than 80 years because they are underrepresented in Lifelines. 
xi  Many biomarkers are influenced by short-term dietary intake. To ensure reliable results, fasting is required before blood 
sample collection or measurement. It is therefore imperative to exclude individuals who did not fast before blood collection 
from our sample. 
xii We currently do not observe data drop-out due to enrollment into a regular health care facility. However, Sijtsma et al. (2022) 
show that only a small proportion of participants withdraw in follow-ups.  
xiii The concept of allostatic load was introduced by McEwen and Stellar (1993) and does not directly measure stress itself. 
xiv The use of BMI for assessing clinical obesity has been a topic of ongoing discussion in the literature. Research suggests 
that BMI might misclassify or overestimate adiposity, potentially leading to inappropriate conclusions. In particular, as 
suggested by Rubino et al. (2025), BMI should be treated as a surrogate measure of health risk at the population level rather 
than a direct measure of individual health outcomes. Therefore, rather than treating BMI as a marker of chronic conditions, 
we use it as an indicator of health risks, aligning with previous research on the construction of allostatic load. To assess the 
role of BMI, we also constructed an alternative ALI that excludes BMI. Further details on the ALI without BMI are provided 
in Appendix B. Additionally, we use this alternative ALI in place of the original measure to conduct sensitivity analyses, the 
results of which are reported in  Table B.1 and Figure B.1. 
xv Some prior studies also employ biomarkers from other systems, including the immune system, the hypothalamic-pituitary-
adrenal axis, the respiratory system, and the parasympathetic nervous system. However, biomarkers from the cardiovascular 
and metabolic systems are the most commonly used to construct the ALI (Johnson, Cavallaro, and Leon 2017).  
xvi The number of biomarker-related risks captures how many biomarkers exhibit values beyond the clinically defined normal 
range, that is, above or below the respective clinical thresholds. 
xvii One exception is HDL cholesterol, often called "good" cholesterol. A low HDL cholesterol level is considered high risk 
because HDL cholesterol helps remove excess cholesterol from the blood. 
xviii The count-based approach has also been applied in constructing similar health indicators, such as the frailty index 
(Hosseini, Kopecky, and Zhao, 2022). 
xix In contrast, Danesh et al. (2025) construct the CDI using a weighted approach based on prescription medication data from 
the Netherlands. The weights are derived from the observed relationship between chronic diseases and mortality risk in old 
age, allowing their CDI to reflect how the current chronic disease burden may translate into long-term health risks. 
Therefore, some caution is warranted when relating our findings to the setting of  Danesh et al. (2025). 
xx There is a clear distinction between the biomarkers we included and the aging-related chronic diseases we considered. While 
chronic disease indicates a diseased state in the body, biomarkers are biological measures that frequently but not perfectly 
correlate with an illness. For example, total cholesterol and triglyceride levels exceeding clinical thresholds do not immediately 
indicate a diagnosis of cardiovascular disease. However, high levels of these biomarkers increase the risk of stroke and heart 
attack, which offer insights into potential health risks. 
xxi The mini-max scaling approach is a data normalization technique used to scale the values of a dataset to a specific range, 
often from 0 to 1.  
xxii These trajectories are estimated using a pooled analysis of unbalanced panel data and may be confounded by factors such 
as cohort effects, health-related attrition, and medication interventions. 
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xxiii Specifically, the 3-year mortality for 35,240 observations in wave 3a are missing because these participants took part in 
the third wave of Lifelines after September 2021. 
xxiv In the Lifelines study, we have access to limited self-reported medication data. Unfortunately, the quality of this data is 
insufficient to test this assumption due to the categorization of medication information and the available sample size. 
xxv By contrast, we also present the educational CDI disparities by age and gender in Appendix Figure A.1. Among females, 
the disparity emerges as early as age 25 and gradually widens with age. For males, the gap becomes apparent only around age 
40 and continues to increase steadily until approximately age 70. Our findings are related to those of Danesh et al. (2025), who 
report that the income-related CDI gap increases around age 25 for both females and males. It is important to note, however, 
that we employ different SES measures and use a different method and data to construct the CDI. 
xxvi For young adults under the age of 25, we use the highest parental education in place of their educational attainment, which 
may partly mitigate the endogeneity of SES in this group. 
xxvii HDL cholesterol is considered “good” cholesterol, so here we report the percentage of individuals with HDL cholesterol 
below the clinical threshold. 
xxviii The 10-year age bins do not apply to all age ranges. Specifically, the 18-24 and 75-80 groups are defined separately due 
to the age distribution of our sample. 
xxix A similar Shapley-Owen decomposition approach was applied to CDI by Danesh et al. (2025), and our approach is in the 
spirit of that innovative approach. Apart from the difference between ALI and CDI, the comparison somewhat complicated 
due to implementation details, such as differences in the availability of decomposers in the various datasets and differences 
in age intervals. 
xxx Given the limited set of explanatory variables, the reported contributions should be regarded as conditional lower-bound 
estimates of the variation attributable to these factors. Additional unobserved determinants, including income, environmental 
exposures, and dietary behaviors, are likely to explain further variation. 
xxxi  BMI is an anthropometric measure that is widely regarded as a biomarker in public health and epidemiology. It is 
objectively measured and strongly associated with various health conditions. Consistent with prior literature, we therefore treat 
BMI as a biomarker in our analysis. 
xxxii Compared to other cohort studies, the triglycerides seem to be lower in Lifelines in all percentiles. This is mainly because 
current criteria are largely based on the studies that were carried out in the 1970s (Balder et al. 2017).  
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Lifetime Trajectories and Drivers of Socioeconomic Health Disparities: 
Evidence from Longitudinal Biomarkers in the Netherlands 
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 2 

A. Additional Figures 
 

 
Figure A.1: The Educational Disparities in the CDI by Age and Gender 

Notes: This figure presents the trajectories of educational disparities in chronic disease index (CDI) by age and 
gender using pooled observations from an unbalanced panel dataset. The sample covers ages 18 to 80. High 
education is defined as higher vocational or university education according to the Dutch education system, while 
the rest of the sample is classified as low education (see Section Ⅱ.B for details). We apply the lpoly smoothing 
method, a kernel-weighted local polynomial regression of y on x, using the Epanechnikov kernel function with a 
zero-degree polynomial. 95% confidence intervals are shown. Larger variation at younger and older ages reflects 
smaller sample sizes in these groups. 
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 3 

 
 

Figure A.2:  Educational Disparities in the Prevalence of High-Risk Biomarkers Among 
Individuals Aged Over 60 

 
Notes: This figure illustrates differences in the prevalence of each biomarker-related risk across education groups, 
segmented by gender. Observations from all three waves are pooled for this analysis. For example, a value of 
0.027 for females’ heart rate indicates that 2.7% of females have a heart rate above 90 beats per minute (see Table 
1 in the main text for clinical thresholds for other biomarkers). Among females, the differences in total cholesterol 
and diastolic blood pressure between low- and high-education groups are statistically insignificant at the 10% 
level. Among males, the differences in total cholesterol, LDL cholesterol, creatinine, and diastolic blood pressure 
are statistically insignificant at the 10% level. All other differences are significant at the 10% level. 
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 4 

 
Figure A.3:  Educational Disparities in the Prevalence of High-Risk Biomarkers for the 

Whole Sample 
 
Notes: This figure illustrates differences in the prevalence of each biomarker-related risk across education groups, 
segmented by gender. Observations from all three waves are pooled for this analysis. For example, a value of 
0.027 for females’ heart rate indicates that 2.7% of females have a heart rate above 90 beats per minute (see Table 
1 in the main text for clinical thresholds for other biomarkers). The difference between low and high education 
groups is statistically significant at the 1% level.  
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Figure A.4: The R-Squared Contribution of Modifiable Factors to the Growth of ALI by 
Gender and Age Groups 

 
Note: This figure presents the Shapley–Owen decomposition results of the relative importance of modifiable 
factors for the growth of allostatic load index (ALI) by age group. For each age group, we run a linear regression 
of the growth of ALI on education, neighborhood SES, employment, a set of modifiable factors, and basic 
demographics. The stacked bars display the contribution of each factor to the overall R-squared of the models. 
We do not include the age groups of 18-24 and 75-80 due to the very small number of observations we have. 
Details on these modifiable variables are provided in Section Ⅱ.B. 
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B. Sensitivity Analysis of the Allostatic Load Index Excluding BMI 
 
BMI is commonly used as a criterion for diagnosing obesity, with individuals having a BMI 

above 30 typically classified as obese. This raises the possibility that our analysis could be 

influenced by BMI, particularly since several biomarkers, such as cholesterol and blood 

pressure, are strongly associated with obesity. Although BMI is widely used in clinical and 

epidemiological research, its utility as a measure of adiposity remains contested. While it 

provides useful insights into population-level health risks and can help identify preclinical or 

clinical obesity, it may also misclassify or overestimate body fat. Such misclassification could 

potentially lead to misleading conclusions. As Rubino et al. (2025) suggested, BMI could be 

viewed as a surrogate indicator of health risk at the population level rather than a direct measure 

of individual health outcomes, which aligns with the broader definition of a biomarker. 

Besides, in the Netherlands, the prevalence of obesity is substantially lower than in 

countries such as the United States. According to the Dutch National Institute for Public Health 

and the Environment, 16% of adults aged 20 and over were classified as obese (BMI >30) in 

2023, compared to 42.4% in the U.S. (National Center for Health Statistics). This suggests that, 

in our setting, the BMI has a relatively weak role in ALI.  

To examine the role of BMI for our analyses, we conduct a sensitivity analysis by 

reconstructing the ALI excluding BMI and including BMI as a control variable. The 

corresponding regression results are presented in Table B.1 and Figure B.1. As shown in Table 

B.1, the predictive power of ALI for CDI and mortality remains statistically significant, 

although the coefficients are smaller than those reported in Table 5 (main text). Similarly, 

Figure B.1 shows that, even after excluding BMI, a clear though somewhat attenuated 

educational gradient in ALI persists across the life course.  

We assess the role of BMI in explaining the ALI gradient by treating it as a behavioral 

factor. The decomposition analysis is conducted in the same manner as in Section Ⅴ of the 
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main text, and the results are reported in Figure B.2. We find that the R-squared increases 

substantially, and BMI explains a sizable share of the gradient in ALI. In contrast, the 

contributions of other factors are slightly diminished. This is likely because BMI is associated 

not only with biomarkers but also with other explanatory variables, such as physical activity 

and education. As a result, BMI absorbs part of the original contributions of these factors. 

These findings confirm the robustness of our main conclusions, while also highlighting the 

important but not dominant role of BMI. 

Table B.1: Regression Results of CDI and 3-Year Mortality on ALI and Lagged ALI 
(Excluding BMI) 
  Panel A. CDI Panel B. 3-Year mortality 
 (1) (2) (1) (2) 
𝐴𝐿𝐼 0.0380***  0.0004***  
 (0.0020)  (0.0001)  
𝐴𝐿𝐼!"#  0.0443***  0.0003** 

   (0.0022)  (0.0002) 
Controls Yes  Yes  Yes Yes 
Observations 120,083 120,083 92,369 92,369 
R-squared 0.165 0.165 0.097 0.097 

 
Notes: The analysis includes individuals who participated continuously in Lifelines for two waves, in order to 
obtain lagged health outcomes. The sample size in Panel B is reduced due to partly missing 3-year mortality 
information in Lifelines 3a (see Section Ⅲ.C for details). Panel A is estimated using a linear regression model, 
while Panel B employs a logistic regression model. Accordingly, we report average marginal effects for the latter. 
We present the R-squared for Panel A and the pseudo R-squared for Panel B. Robust standard errors are reported 
in parentheses. Control variables include age, age squared, age group, gender, cohort, urban residency, BMI, 
province, and survey year. *** p < 0.01, ** p < 0.05, * p < 0.1. 
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Figure B.1 The Educational Disparities in the ALI by Age and Gender (Excluding BMI) 
 
Notes: This figure presents the trajectories of educational disparities in ALI (excluding BMI) by gender using 
pooled observations from an unbalanced panel dataset. The sample covers ages 18 to 80."High education is 
defined as higher vocational or university education according to the Dutch education system, while the rest of 
the sample is classified as low education (see Section Ⅱ.B for details). We apply the lpoly smoothing method, a 
kernel-weighted local polynomial regression of y on x, using the Epanechnikov kernel function with a zero-degree 
polynomial. 95% confidence intervals are shown. Larger variation at younger and older ages reflects smaller 
sample sizes in these groups. 
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Figure B.2 The R-Squared Contribution of Modifiable Factors to ALI by Gender and Age 

Groups (Excluding BMI) 
 
Notes: This figure presents the Shapley–Owen decomposition results of the relative importance of factors for ALI 
(excluding BMI) by age group. For each age group, we run a linear regression of ALI on education, neighborhood 
SES, employment, BMI (>30), a set of modifiable factors, and basic demographics. The stacked bars display the 
contribution of each factor to the overall R-squared of the models. Details on these modifiable variables are 
provided in Section Ⅱ.B. 
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C. Sensitivity Analysis of Using the Z-Score and Weight-Based Approaches 
to Construct the Allostatic Load Index 
 
Besides applying clinical cut-off points to calculate the ALI, we also use z-scores and a 

weighted approach. In this section, we describe the computation of the z-ALI and the weighted 

ALI, discuss the advantages and limitations of the three different allostatic load algorithms, 

and test the sensitivity of our main results by applying these alternative approaches. 

In our main analysis, we follow most of the previous literature and use clinical cut-off 

points combined with a count-based approach to calculate the ALI. The main advantage of this 

method lies in its simplicity and its grounding in clinically defined risk thresholds. However, 

it also has limitations. It does not capture the relative importance of individual biomarkers for 

health risks, and the determination of cut-off values can be somewhat arbitrary, potentially 

obscuring meaningful variation in overall risk. 

In contrast, the z-score method also benefits from simplicity, as it utilizes the full 

distribution of the data without relying on predefined cut-off points. Yet, it too has limitations. 

Specifically, it does not account for differences in the relative importance of biomarkers, and 

the results may be more difficult to interpret because they are expressed only in standardized 

units. 

To compute the z-ALI, each biomarker is standardized to have a mean of zero and a 

standard deviation of one (e.g., a score of 1 corresponds to a value one standard deviation above 

the mean). The standardized values are then summed across biomarkers. For HDL cholesterol, 

often referred to as “good” cholesterol, the sign is reversed so that higher values reflect higher 

health risk. To reduce the influence of outliers, values exceeding five standard deviations above 

or below the mean are truncated at 5 or -5.   

As an additional sensitivity analysis, we employ a weighted approach to constructing the 

ALI. The weighted ALI is a data-driven measure that reflects the relative importance of 
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biomarkers for overall chronic disease risk. To derive the weights, we regress the CDI on 

biomarkers among individuals aged 55 to 75, following Equation C.1. These estimated 

coefficients are then applied to the full sample to compute the weighted ALI (Equation C.2). 

The educational disparities observed in the weighted ALI are consistent with those obtained 

using the count-based and z-score methods. However, this method relies on several 

assumptions and may exaggerate health disparities among younger adults, as their biomarker 

profiles are evaluated using risk estimates derived from older individuals. 

𝐶𝐷𝐼!,# = 𝛼 + ∑ 𝛽$ 	𝐼!,#,$∗&'
$(& + 𝜖!,# ,					𝑖 ∈ {𝑎𝑔𝑒[55 − 75]}     (C.1) 

𝐴𝐿𝐼!,#) = ∑ 𝛽$:𝐼!,#,$∗&'
$(&     (C.2) 

The 𝐶𝐷𝐼!,# represents the chronic disease index of individual 𝑖 at age 𝑎, while 𝐼!,#,$∗  refers to 

the standardized z-score of biomarker 𝑘. 𝛽$: denotes the estimated coefficients corresponding 

to each biomarker, as estimated from Equation C.1. 

Table C.1 and Table C.2 present the regression of CDI and 3-year mortality on z-ALI and 

weighted ALI respectively. Both of them show consistent results compared to Table 5, and this 

indicates that the constructed ALI effectively predicts current and future health outcomes 

across the three different methods.1 In addition, Figures C.1 and Figure C.2 separately present 

the educational health gap in z-ALI and weighted ALI. The results are consistent with our main 

analysis, showing that the educational gap in ALI emerges early in adulthood and gradually 

widens with age. 

 

 

 

 

 
1 It should be noted that the coefficients presented in Table 5 (main text), Table C.1, and Table C.2 are not directly comparable. 
In Table C.2, we assign a weight to each biomarker based on its association with CDI. As a result, the values are rescaled 
according to these weights, leading to significantly larger coefficients. 
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Table C.1: Regression Results of CDI and 3-Year Mortality on z-ALI and Lagged z-ALI  
  Panel A. CDI Panel B. 3-Year mortality 
 (1) (2) (1) (2) 
𝑧 − 𝐴𝐿𝐼 0.0552***  0.0929***  
 (0.0019)  (0.0284)  
𝑧 − 𝐴𝐿𝐼!"#  0.0596***  0.0732** 

   (0.0022)  (0.0319) 
Controls Yes  Yes  Yes Yes 
Observations 120,083 120,083 92,369 92,369 
R2 / Pseudo R2 0.154 0.153 0.096 0.096 

 
Notes: The analysis includes individuals who participated continuously in Lifelines for two waves, in order to 
obtain lagged health outcomes. The sample size in Panel B is reduced due to partly missing 3-year mortality 
information in Lifelines 3a (see Section Ⅲ.C for details). Panel A is estimated using a linear regression model, 
while Panel B employs a logistic regression model. Accordingly, we report average marginal effects for the latter. 
We present the R-squared for Panel A and the pseudo R-squared for Panel B. Robust standard errors are reported 
in parentheses. Control variables include age, age squared, age group, gender, cohort, urban residency, province, 
and survey year. *** p < 0.01, ** p < 0.05, * p < 0.1. 
 
 
Table C.2: Regression Results of CDI and 3-Year Mortality on Weighted ALI and Lagged 
Weighted ALI 
  Panel A. CDI Panel B. 3-Year mortality 
 (1) (2) (1) (2) 
𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑	𝐴𝐿𝐼 0.812***  0.733***  

 (0.0129)  (0.147)  
𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑	𝐴𝐿𝐼!"#  0.822***  0.815*** 

   (0.0139)  (0.159) 
Controls Yes  Yes  Yes Yes 
Observations 120,083 120,083 92,369 92,369 
R-squared 0.188 0.183 0.098 0.099 

 
Notes: See Table C.1 for sample selection, model specifications, and the full list of control variables. Here, the 
only difference is that ALI is constructed using the weighted algorithm. Robust standard errors are reported in 
parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1. 
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Figure C.1: The Educational Disparities in the z-ALI by Age and Gender 

 
Notes: This figure presents the trajectories of educational disparities in z-ALI (z-scores ALI) by age and gender 
using pooled observations from an unbalanced panel dataset. The sample covers ages 18 to 80. High education is 
defined as higher vocational or university education according to the Dutch education system, while the rest of 
the sample is classified as low education (see Section Ⅱ.B for details). We apply the lpoly smoothing method, a 
kernel-weighted local polynomial regression of y on x, using the Epanechnikov kernel function with a zero-degree 
polynomial. 95% confidence intervals are shown. Larger variation at younger and older ages reflects smaller 
sample sizes in these groups. 
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Figure C.2: The Educational Disparities in the Weighted ALI by Age and Gender 
 
Note: This figure presents the trajectories of educational disparities in weighted ALI by age and gender using 
pooled observations from an unbalanced panel dataset. The sample covers ages 18 to 80. High education is defined 
as higher vocational or university education according to the Dutch education system, while the rest of the sample 
is classified as low education (see Section Ⅱ.B for details). We apply the lpoly smoothing method, a kernel-
weighted local polynomial regression of y on x, using the Epanechnikov kernel function with a zero-degree 
polynomial. 95% confidence intervals are shown. Larger variation at younger and older ages reflects smaller 
sample sizes in these groups. 
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D. Sensitivity Analysis of Using Household Net Income and Parental 
Education as Measures of Socioeconomic Status 
 
In our main analysis, we use education as a proxy for socioeconomic status (SES) and examine 

the educational ALI gap over the life course. In this section, we present a sensitivity analysis 

using parental education and household net income as alternative SES proxies. These variables 

are only partially available in the Lifelines dataset, which is the primary reason they are not 

included in our main analysis. 

The self-reported parental educational attainment in the Lifelines is only available in wave 

3a (approximately 63,000 respondents). We use the highest level of education attained by either 

parent. This information is matched to individuals in waves 1a and 2a using individual IDs. 

Due to attrition across waves, this matching process results in a substantial reduction in the 

sample size in wave 1a and 2a, with 126,814 observations excluded due to missing parental 

education data. Ultimately, 140,018 observations are retained for the analysis. 

Figure D.1 presents the educational disparities in ALI based on parental education. We 

observe a smaller gap between individuals from low and high parental education backgrounds. 

The health disparities tend to emerge earlier in adulthood and widen after age 35, although 

these differences are not statistically significant at the 95% confidence level for young and 

older adults. This is presumably mainly driven by the small sample sizes at younger and older 

ages. 

Self-reported household net income in the Lifelines is available only in waves 1a and 2b, 

and the variable provides income ranges rather than exact values (e.g., €2,000–€2,500). As a 

result, it is not feasible to adjust income for inflation. We match income information from wave 

1a to waves 2a and 3a using individual IDs, under the assumption that individuals remain in 

the same income class throughout the observation period. To improve comparability, we 

exclude individuals under the age of 25, as they are less likely to have a stable income range. 
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We categorize participants into two income groups: a low-income group (monthly income 

below €3,000) and a high-income group (monthly income above €3,000). Figure D.2 presents 

disparities in the ALI by income, age, and gender. Among females, the health gap is substantial 

by age 25 and continues to widen with age. Among males, the gap is relatively small before 

age 35 but increases steadily until around age 60. 

Given the limited availability and measurement issues of these variables, the sensitivity 

analyses should be viewed as supplementary robustness checks. Importantly, they show that 

regardless of how these SES measures are constructed, the conclusions remain consistent with 

our main findings.   

 

 

 

 

 

 

 

by
 g

ue
st

 o
n 

Ja
nu

ar
y 

24
, 2

02
6.

 C
op

yr
ig

ht
 2

02
5

D
ow

nl
oa

de
d 

fr
om

 



 17 

 

 
Figure D.1: The Educational Disparities in the ALI by Age and Gender (using Parental 

Education) 
 
Notes: This figure shows the trajectories of educational disparities in ALI by gender, based on parental education, 
using pooled observations from an unbalanced panel dataset. The sample includes individuals aged 18 to 80. High 
parental education is defined as higher vocational or university education according to the Dutch education system, 
while all others are classified as low parental education. We apply the lpoly smoothing method, a kernel-weighted 
local polynomial regression of y on x, using the Epanechnikov kernel function with a zero-degree polynomial. 
95% confidence intervals are shown. Larger variation at younger and older ages reflects smaller sample sizes in 
these groups. 
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Figure D.2: The Educational Disparities in the ALI by Age and Gender (using Household Net 

Income) 
 
Notes: This figure presents the trajectories of income disparities in ALI by age and gender, based on household 
net income, using pooled observations from an unbalanced panel dataset. The sample covers ages 18 to 80. 
Participants are categorized into two income groups: low income (monthly net income below €3,000) and high 
income (monthly net income above €3,000). We apply the lpoly smoothing method, a kernel-weighted local 
polynomial regression of y on x, using the Epanechnikov kernel function with a zero-degree polynomial. 95% 
confidence intervals are shown. Larger variation at younger and older ages reflects smaller sample sizes in these 
groups. 
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E. The Distribution of Biomarkers 
 
We examine educational disparities in biomarkers separately for females and males. Figure 

E.1.1, Figure E.1.2, and Figure E.1.3 in the Appendix present box-and-whisker plots of 12 

biomarkers by 10-year age groups, constructed using pooled observations from 3 waves.2  

Several stylized facts emerge from these figures. First, for most biomarkers, such as systolic 

and diastolic blood pressure, BMI, and total cholesterol, values tend to increase with age and 

decrease with educational attainment. The rate of increase slows down with age, and some 

biomarker values begin to decline after middle age, likely due to factors such as medical 

treatment, changes in health behaviors, and mortality. Second, for biomarkers like systolic and 

diastolic blood pressure, glucose, and creatinine, the cross-sectional dispersion increases with 

age and is larger in the low-education group. Third, the percentage of individuals whose 

biomarker values exceed the clinical threshold for certain biomarkers begins to emerge before 

age 35, or even 25, with a noticeable gap in prevalence between different education groups. 

Finally, for some biomarkers (e.g., HDL cholesterol and creatinine), there is a clear gender 

difference in the value, but the pattern across age groups is generally similar for both males 

and females. 

 
2 The bottom and top edges of each box represent the 25th and 75th percentiles, respectively, while the middle line within the 
box denotes the median. The lower whisker extends from the first quartile to 1.5 times the interquartile range below the first 
quartile, and the upper whisker extends from the third quartile to the largest data point within 1.5 times the interquartile range 
above the third quartile. A red line indicating the clinical threshold for each biomarker is also included. Outliers, defined as 
values below the first quartile or above the third quartile by more than 1.5 times the interquartile range, are not shown in these 
figures. 
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Figure E.1.1  The Distribution of Biomarkers Across Education Levels, Gender, and Age 

Groups 
 
Notes: This figure presents the distribution of systolic blood pressure, diastolic blood pressure, heart rate, and 
body mass index using box-and-whisker plots. The analysis is based on a selected sample with no missing data 
for all 12 biomarkers of interest, pooling observations across three waves. The sample covers ages 18 to 80. High 
education is defined as higher vocational or university education according to the Dutch education system, while 
the remainder of the sample is classified as low education (see Section Ⅱ.B for details). The red lines indicate the 
clinical thresholds: systolic blood pressure at 140, diastolic blood pressure at 90, heart rate at 90, and body mass 
index at 30. Outliers are excluded. 
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Figure E.1.2  The Distribution of Biomarkers Across Education Levels, Gender, and Age 
Groups 

 
Notes: This figure shows the distribution of waist-to-hip ratio, total cholesterol, HDL cholesterol, and LDL 
cholesterol using box-and-whisker plots. The sample definition and methodology are identical to Figure E.1.1. 
The red lines indicate the clinical thresholds: 0.85 (females) and 0.90 (males) for the waist-to-hip ratio, 6.2 for 
total cholesterol, 1 for HDL cholesterol, and 4.1 for LDL cholesterol. Outliers are excluded. 
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Figure E.1.3  The Distribution of Biomarkers Across Education Levels, Gender, and Age 

Groups 
 
Notes: This figure shows the distribution of hemoglobin A1C, glucose, triglycerides, and creatinine using box-
and-whisker plots. The sample definition and methodology are identical to Figure E.1.1. The red lines indicate 
the clinical thresholds: 48 for hemoglobin A1C, 7 for glucose, 1.7 for triglycerides, and 90 for creatinine. Outliers 
are excluded. 
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