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. Ageing is linked to a number of changes in how the body and its organs function. On a molecular

. level, ageing is associated with a reduction of telomere length, changes in metabolic and gene-

. transcription profiles and an altered DNA-methylation pattern. Lifestyle factors such as smoking or

. stress can impact some of these molecular processes and thereby affect the ageing of an individual.

. Here we demonstrate by analysis of 77 plasma proteins in 976 individuals, that the abundance of

. circulating proteins accurately predicts chronological age, as well as anthropometrical measurements

© such as weight, height and hip circumference. The plasma protein profile can also be used to identify
lifestyle factors that accelerate and decelerate ageing. We found smoking, high BMI and consumption
of sugar-sweetened beverages to increase the predicted chronological age by 2-6 years, while
consumption of fatty fish, drinking moderate amounts of coffee and exercising reduced the predicted

. age by approximately the same amount. This method can be applied to dried blood spots and may

© thus be useful in forensic medicine to provide basic anthropometrical measures for an individual

. based on a biological evidence sample.

° Human ageing is associated with a number of changes in how the body and its organs function'. Among
. visible signs of ageing are greying of hair, changes in posture and loss of skin elasticity>*. Less noticeable

signs include hearing loss, increase in blood pressure or sarcopenia’. On the molecular level, ageing

is associated with numerous processes, such as telomere length reduction, changes in metabolic and
© gene-transcription profiles and an altered DNA-methylation pattern®'°. In addition to chronological
© time, lifestyle factors such as smoking or stress can affect both the pattern of DNA-methylation'! and
. telomere length'? and thereby the aging of an individual. Ageing and lifestyle are the strongest known
. risk factors for many common non-communicable diseases, hence, lifestyle factors or molecular markers
. have been used as 5-year mortality predictors'>!. Additionally, specific food-items have been associated
* with lowered all cause mortality'. Various predictor models have been developed using measures of
: facial morphology'é, physical fitness and physiology'>", telomere length'® and methylation pattern® to
. predict ones chronological age. Remarkably, some models are able to predict chronological age with cor-
. relation coefficients (R?) to actual age up to 0.75, and even above 0.90, when based on DNA-methylation

status over 353 or 71 CpG-sites®". Comparisons of the actual chronological age with the predicted age,

sometimes denoted the biological age, can be used as an indicator of health status, monitor the effect

of lifestyle changes and even aid in the decision on treatment strategies for cancer patients'®?. To date,

no current models have explored the potential of using the plasma protein profile for age prediction.
. Furthermore, while lifestyle factors such as stress have been shown to affect the rate of cellular ageing'?,
© to the best of our knowledge, no studies have examined the effect of a wide range of lifestyle factors,
. including smoking or dietary habits, on the predicted age. We have previously characterized abundance
. levels of 144 circulating plasma proteins using the proximity extension assay (PEA) and have found over
: 40% of investigated proteins to be significantly correlated with one or more of the following factors, age,
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Figure 1. Model performance. (A) Inclusion-rate of proteins (number of times a protein was included in
any model) in age prediction models, when executed 500 times. (B) Actual age (y-axis) vs. predicted age
(x-axis) for one model, with training set in red and test set in blue. P-values indicate significance rate for
correlation calculated using Spearman’s method. (C) Distribution of errors for all 500 separate execution
times overlaid, with training set in red and test set in blue. Vertical dashed lines indicate the 2.5% and 97.5%
quartiles of the distribution of the average error from each of the 500 separate runs, respectively. P-values
for test-set represent two-sided differences of error distribution in test set vs. training set, calculated using
Wilcoxon Ranked Sum test.

weight, length and hip circumference'®?. We therefore reasoned that the plasma protein profile might
also be predictive of these traits. Here we demonstrate for the first time that the profile of circulating
plasma proteins can be used to accurately predict chronological age, as well as anthropometrical meas-
ures such as height, weight and hip circumference. Moreover, we used the plasma protein-based model
to identify lifestyle choices that accelerate or decelerate the predicted age. The protein analysis method
used has previously been applied to dried blood spot material??. Interestingly, the ability to accurately
predict anthropometrical characteristics from a dried blood spot sample could potentially be applicable
in forensic investigations.

Results

Phenotype prediction from plasma protein profiles. We have previously quantified abundance
levels of circulating plasma proteins from cardiovascular and cancer biomarker panels using the highly
sensitive protein extension assay (PEA)'®* in 976 individuals from the Northern Swedish Population
Health Study (NSPHS). Seventy-seven of these protein measurements were used to build models to
predict chronological age, weight, height and hip circumference. Prediction models were built using
generalized linear models with penalized maximum likelihoods as implemented by the glmnet-package®
in R* and models were optimized using a 10-fold cross-validation scheme on 75% of the observation
and subsequently evaluated using the remaining 25% (see Methods for details). We repeated the process
500 times and recorded which proteins were selected in the model. As expected, individual variation in
protein abundance values and the distribution of phenotypes, gave rise to some variation in the proteins
selected to be part of the final model. On average 68 of the 77 proteins were included in the model
predicting age (Fig. 1A, Table 1). In total, all 77 proteins were included at least once in any of the age
predicting models and a core set of 29 proteins was present in all models. The models for age, height,
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— Actual-predicted correlation (R?) Error (mean +/— sd) Error®
Trait s(i’ze Train | Test P-val? Train Test Train Test
Age 69° 0.87 0.83 6.4x107% 0.0+/—7.6 yrs —0.13+/—8.4 yrs 5.2 yrs 5.0 yrs
20 084 | 085 | 7.9x1071% 0.0+/—8.1 yrs —0.66+/— 8.3 yrs 52yrs | 54yrs
64 085 | 082 48% 107 0.0+/—8.1 yrs 0.0-+/—8.7 yrs 54yrs | 55yrs
Weight 60° 055 | 048 13%x10°% 0.0+/—10.3kg 0.94+/—10.5kg 6.1kg | 68kg
270 052 | 044 32%10°% 0.0+/—10.8kg 0.61+/— 10.6kg 62kg | 7.3kg
56° 0.52 0.46 1.3x 1073 0.0+/—10.9kg —0.154/—10.5kg 6.3kg 8.0kg
Height 66" 0.52 0.34 6.2x 107 0.0+/—6.8cm 0.60+/—7.5cm 4.6cm 4.7cm
26° 0.43 0.44 3.3x107% 0.04+/—7.2 cm 0.26+/—7.3cm 4.6cm 5.4cm
61°¢ 0.46 0.35 6.0 x 1072 0.0+/—6.9cm —0.28+/—8.0cm 4.8cm 5.0cm
HIP 51* 0.61 0.60 22x107% 0.0+/—8.0cm —0.30+/—8.7 cm 4.8cm 5.1cm
16° 0.57 0.54 1.3x107% 0.0+/—8.6cm 0.80+/—8.7cm 5.1cm 5.3cm

Table 1. Model performances for the traits. “Median number of proteins used in the models in 500
train-test splits. *Core set of proteins used in all 500 train-test splits. °As *but excluding proteins with over-
represented PIR superfamilies compared to the complete set of human proteins as background. ¢Significance
of correlation between actual and predictive values in test set. °As defined in Horvath®, i.e. 50% of subjects
classified within this error.

weight and hip circumference performed well on the test and training sets (Table 1) and summary statis-
tics (including protein inclusion statistics) for all models and traits are reported in Supplementary tables
2-5. The models predicted chronological age with an R?>=0.83, while predicting weight (R*=0.48),
height (R*=0.34) and hip circumference (R?>=0.60) with somewhat lower correlation coefficients. An
example of the correlation between chronological and predicted age for one model is shown in Fig. 1B,
and the distribution of prediction errors for 500 age models in Fig. 1C. In the test sets, 95% of the aver-
age errors for each of the models were within +/— 1.23 years and there was no statistically significant
difference (p=10.52, Wilcoxon Ranked Sum test) between the distribution of errors in the training and
test sets, indicating that the models were not over-fitted to the training data. In terms of accuracy, the
plasma protein profile predicted chronological age within 5.0 years, weight within 6.8kg, height within
4.7 cm and hip circumference within 5.1 cm, for 50% of the observations. Additional performance meas-
urements for the models are shown in Supplementary Figures 1-3. We also evaluated the performance
of the models when restricted to a core set of proteins that were included in all models for each trait
(Table 1). Interestingly, the models based on the core set of proteins showed similar performance sta-
tistics as the models using the full set of proteins, suggesting that a smaller set of proteins can capture
most of the phenotype variation. This observation was also confirmed by an analysis of the fraction of
variance of the traits that can be explained by individual and combined proteins included in the predic-
tion models (Supplementary Figure 4, Supplementary Tables 2-5). An analysis of the overlap between
the proteins that were present in the four core-models showed that only 4 proteins (Fig. 2) were common
between all models. These were Tissue plasminogen activator (tPA), Tumor necrosis factor receptor 1
(TNFR1), the Receptor tyrosine-protein kinase ErbB-3 (ErbB3) and Endothelial cell-specific molecule 1
(ESM-1). None of the genes coding for these proteins have been implicated in a recent GWAS for var-
iation in human adult height®. In our material, out of the four proteins common to all models, ESM-1
explains the largest proportion of the variance seen in height (9.8%, Supplementary Table 4). ESM-1 is
mainly expressed in endothelial cells in lung and kidney tissue but circulates in the bloodstream?. We
have found no evidence relating ESM-1 to height in the literature but speculate that circulating levels of
ESM-1 could be a reflection of lung volume, which is correlated to height?”’. Notably, none of the four
proteins in common to the traits are among the set of proteins explaining the largest fraction of variance
in the four traits (Supplementary Tables 2-5).

The proteins included in the study represent a non-random selection of the proteome since they are
based on biomarker panels for cancer and cardiovascular disease. We therefore evaluated the distribution
of superfamilies relative to the human proteome using the International Protein Sequence Resource (PIR)
database. We found a significant overrepresentation (p < 0.05, Bonferroni adjusted) of 3 such families
among the 77 proteins analysed (PIRSF002522:CXC chemokine, PIRSF001950:small inducible chemok-
ine, C/CC type and PIRSF000619:TyrPK_EGEF-R, Supplementary Table 6). In the core set of proteins
used in the prediction models, only one family was shown to be overrepresented (PIRSF000619:TyrPK_
EGF-R) and only in the models predicting age, weight and height. We repeated our model after removing
any protein that was annotated within this family and found performance to remain unchanged (Table 1,
Supplementary Figures 5-7). This suggests, however, that the non-random selection of proteins included
in the analysis does not significantly contribute to the performance of the models.
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HIP Weight

Figure 2. Protein overlap in core models. Overlaps between proteins present in each of the four core
models predicting Age, Hip Circumference (HIP), Weight and Height.

Lifestyle choices affect the biological age. The ability to use the plasma protein profile to accu-
rately predict age allowed us to examine the effect of lifestyle choices on the predicted phenotype (age).
We first studied smoking by comparing data on 115 individuals in the study cohort who self-reported as
smokers with 860 individuals that reported as non-smokers. Smoking status was used to split the cohort
into training and test sets, and an age-prediction model was built using the non-smokers. This model
predicted smokers to be on average 2.3 years older (Fig. 3A, p< 1.8 x 10~%, Wilcoxon Ranked Sum test)
than their chronological age, even though the two groups do not differ in chronological age (p > 0.9,
Wilcoxon Ranked Sum test). Usage of the Swedish wet tobacco product “snus” did not alter the predicted
age (Fig. 3B, p> 0.5, Wilcoxon Ranked Sum test).

Body mass index (BMI) is used to classify obesity and we examined the impact of BMI on predicted
age by training a model on individuals with normal weight (BMI between 18.5 and 25) and applying
this to higher BMI-intervals (Fig. 3E). We observed that a BMI less than 40 does not alter the predicted
versus chronological age, however individuals with a BMI over 40 were predicted to be on average 6.3
years older than their chronological age (p < 4.2 x 1073, Wilcoxon Ranked Sum test).

Over 1000 phenotypic traits have been measured in our study cohort, including lifestyle factors such
as dietary habits. Many of the 284 lifestyle and anthropometrical variables were, however, not inde-
pendent. This is illustrated for dietary items in Fig. 3D, where variables which are significantly cor-
related (p < 0.05/284?=6.2 X 1077, Spearman’s Rho) with soda consumption are shown. For instance,
consumption of sweets (Bulk confectionery, R=0.40, p < below machine precision (BMP)), French fries
(R=0.40, p < BMP), pizza (R=0.25, p < 8.9 X 107'%) and white bread (R=0.25, p < 3.6 x 107'°) were all
positively correlated with soda consumption, while consumption of fatty fish (R=—0.18, p< 1.8 x 1077),
porridge (R=—0.19, p< 5.6 x 107?) and berries (R=—0.19, p < 5.4 X 10~?), as well as chronological age
(R=-0.38, p<3.5%x 107, were all found to be negatively correlated with soda consumption. In light
of these findings, individual dietary variables should be viewed as lifestyle indicators, and differences in
plasma protein abundance is not necessarily the effect of a single food item. Nevertheless, we trained
a model on non-soda drinkers and predicted the age of soda drinkers stratified by consumption. Since
soda-consumption is known to be age-correlated, we included only individuals between 20 and 50 years
of age, restricting the analysis to categories with at least 25 individuals. Individuals with high soda con-
sumption were predicted to be significantly older than their chronological age (Fig. 3F, p<9.6 x 1073,
Wilcoxon Ranked Sum test). There was no statistical difference in actual chronological age between
individuals when stratified on soda consumption (p > 0.1, Wilcox Ranked Sum test).

In addition, we trained an age predicting model on the consumption of fatty fish. Using the most
common consumption frequency (once per week) as controls, the age of individuals consuming fatty fish
at least 3 times per week were predicted to be lower than their chronological age (Fig. 3C, p< 1.2 x 1072,
Wilcoxon Ranked Sum test), whilst individuals with little or no consumption were predicted to be older
than their chronological age (Fig. 3C, p<4.3 x 1072, Wilcoxon Ranked Sum test). There was no sta-
tistical difference in chronological age between individuals when stratified on fatty fish consumption
(p>0.05). Remarkably, the same pattern was found for coffee consumption. The age-prediction model
was trained on non-coffee drinkers and applied to the remaining individuals. Individuals reporting a
consumption of between 3 to 6 cups of coffee per day were predicted to be on average 5.6 years younger
than their chronological age (Fig. 3G, p < 4.0 x 1072, Wilcoxon Ranked Sum test). This analysis was also
restricted to individuals between 20 and 50 years of age, and as before there was no statistical difference
in chronological age between groups based on consumption of coffee (p> 0.1, Wilcox Ranked Sum
test). Finally, we studied self-reported exercise, where participants compared their own level relative to
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Figure 3. Effects of lifestyle factors on predicted age. (A) Smoking. Age predicting model trained on non-
smokers and applied to smokers. (B) Snus. Snus is Swedish wet tobacco. Age predicting model trained on
non-snus-users and applied to snus-users. (C) Fatty fish. Age prediction model trained on individuals with
the most common consumption of fatty fish (Salmon, Whitefish and Herring) applied to groups with other
levels of fatty fish consumption. Analysis restricted to individuals between 20 and 50 years of age.

(D) Significant correlations between Soda consumption and other phenotypic traits in the study cohort, with
red colour indicating positive and blue negative correlations. (E) BMI. Model trained on individuals with
normal BMI (18.5-24.9) and applied to individuals with higher BMI. Analysis restricted to individuals over
20 years of age. (F) Soda. Age prediction model trained on individuals that do not drink soda and applied to
groups with different levels of soda consumption. Analysis restricted to individuals between 20 and 50 years
of age. (G) Coffee. Age prediction model trained on non-coffee drinkers and applied to groups with different
levels of coffee consumption. Analysis restricted to individuals between 20 and 50 years of age. (H) Exercise.
Model trained on individuals reporting that they are as active on their free-time as other individuals in

their age-group, and applied to individuals that reporting to be much less, less, more or much more active
than individuals in their age-group. (A-C,E-H). Specifically written out predicted phenotype differences
imply a statistically significant (p < 0.05, two-sided Wilcoxon Ranked Sum test) change compared to the
control group (coloured black). All other differences have a p > 0.05. All actual phenotype differences have a
p>0.05.

individuals of the same age in the community (peers). We trained the model using individuals that exer-
cise at similar levels as their peers, and applied it to other exercise categories. Individuals that exercised
less or much less than their peers had a significantly higher predicted age (42.3 years, p<1.2x 102
versus+5.2 years, p< 7.9 x 1074, Wilcox Ranked Sum test). There was no difference in actual chrono-
logical age between the different exercise groups (p > 0.6, Wilcox Ranked Sum test) (Fig. 3H). None of
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Figure 4. Effect of single proteins on predicted age in smokers. The age predicting model was trained
on non-smokers and applied to smokers. The Y-axis shows the contribution of each protein to the total
age-difference between predicted and chronological age in smokers, based on the change in protein levels
between the two groups. Red (blue) colour corresponds to a positive (negative) contribution to the age in
smokers compared to non-smokers. The X-axis depicts the statistical significance of that contribution for
each protein (two-sided Wilcoxon Ranked Sum test, —log10(p)).

the individual groups in any of the lifestyles investigated showed any significant (Bonferroni adjusted
p > 0.05, Breusch-Pagan test) dependency between the predicted age and the actual age.

The contribution of an individual protein to the age model and the difference between groups (e.g.
smokers vs. non-smokers) was in most cases modest, and an increase in protein abundance was shown
to have either an additive or subtractive effect on the predicted age (Supplementary Tables 1-6). This is
illustrated using the effect of individual proteins on predicted age of smokers versus non-smokers. The
majority of proteins contributed a small positive or negative effect on the predicted age (Fig. 4). Some
proteins however, such as the cytokines CXCL9 and CXCL10, mediated relatively large effects (on aver-
age+0.27 years in smokers compared to non-smokers, p<5.6 x 1077 and —0.77 years, p<5.6 X 1072
respectively). Both CXCL9 and CXCL10 have previously been shown to be down-regulated in response
to cigarette smoke extract compared to control samples in human monocyte-derived macrophages®. In
our age prediction model, the coefficient (3) for CXCL9 was positive while negative for CXCL10 and
both abundance levels were found to be higher in non-smokers compared to smokers. Therefore, the
contribution from CXCL9 to the predicted age was lower in smokers compared to non-smokers, while
higher in smokers compared to non-smokers for CXCL10. Notably, IL-12 was found to contribute the
largest effect (on average, +0.82 years in smokers compared to non-smokers, p< 7.6 x 1074, Wilcoxon
Ranked Sum test). For IL-12 the sign of the coeflicient (3) in the age prediction model was negative,
meaning that smokers have lower levels of IL-12, which in turn contributes to a higher predicted age
compared to non-smokers.

Limitations of the study. The NPSHS cohort used consists exclusively of western European eth-
nicity and therefore the models used here need not be representative of other populations. The sample
size is moderate which restricts statistical evaluation of relationships between different lifestyle choices
or stratifications on these. Finally, the NSPHS is a cross-sectional study and we lack follow-up data that
could have been used to study relationships between longevity, mortality and the age prediction carried
out here.

Discussion

A number of molecular markers have been used to study the ageing process and to compare chronolog-
ical age with the predicted age, also termed biological age. The definition of biological age has been a
matter of debate for decades® as have the biomarkers used to define it*’. We have shown that the plasma
protein abundance profile is highly predictive of both chronological age and basic anthropometrical
traits. In examining the effect of lifestyle choices we choose to compare chronological age with the pre-
dicted age, in order to avoid using the somewhat unclear concept of biological age.

The proteins included in our study have not been selected because they belong to pathways or pro-
cesses known to be involved in biological ageing, or in the development of the anthropometrical traits
studied. Instead, we used protein panels designed as research tools for the discovery and validation of
biomarkers for cancer and cardiovascular disease. The changes in the protein profile seen are therefore
not likely to be drivers of the ageing process but merely a reflection of this process at the metabolic level.
The strong correlation between traits and the abundance profile of proteins not known to be involved in
their development, underscores the likelihood that other proteins exist that exhibit similar strong corre-
lations with age. For instance, strong correlations have recently been described’! between chronological
age and the abundance of a number of cytokines not included in our study. Additionally, analysis on
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proteins known to have a direct involvement in cellular ageing, e.g. telomerases and methylases, are likely
to improve the models and provide even more powerful predictions.

The plasma protein profile described herein is highly accurate in predicting chronologic age, while
somewhat less accurate for weight, height and hip circumference. This can be seen in the analysis of the
fraction of variance of the traits that is explained by the proteins measured. In the combined model, the
77 proteins explain 85.6% of the variance in age, but only between 51.1% and 65.1% of the variance in
weight, height and hip circumference. It is not known how different disease states affect the individual
protein levels, and thereby the precision of the prediction models used. From a biological standpoint,
some of the individual proteins might be expected to be more important for a particular trait. For
instance, growth hormone followed by Fatty acid binding protein 4 (FABP4) were found to exert the
strongest effect on height. For weight, the main predictive proteins were growth hormone followed by
Tissue plasminogen activator (tPA). Interestingly, for age the top predictor was Osteoprotegerin, fol-
lowed by Chemokine (C-X-C motif) ligand 9 (CXCL9) and growth differentiating factor (GDF-15)
(Supplementary Tables 2-5). However, many of the other proteins also contributed to the different traits.

To study the consequences of lifestyle choices on the predicted age we trained a model on individ-
uals with a specific lifestyle choice, and subsequently applied it to individuals with other choices. This
enabled us to identify factors that accelerate and decelerate the predicted age by 2 to 6 years. A model
trained on non-smokers predicted the age of smokers to be 2.3 years older than their actual chronological
age. Whether this reflects all aspects of ageing, including risk of developing disease, or is an immediate
lifespan reduction by 2.3 years cannot be determined using our cohort since we lack follow-up data, but
these number are in good agreement with expected life extension following smoking cessation®’. An
interesting question is whether ceasing to smoke results in normalization of the plasma proteome profile,
or if some of the changes of the protein profile are permanent? Our study is cross-sectional rather than
longitudinal, and we therefore lack the possibility to examine if the effect of smoking or any other life-
style choice is reversible or permanent. The largest effect on age seen by smoking is mediated by IL-12.
Lower levels of IL-12 have previously been observed in smokers compared to non-smokers***, whilst the
levels in moist-tobacco users and non-smokers have been found to be comparable®. Kroening et al.®,
suggest that the suppression of IL-12 is due to oxidative stress rather than the nicotine component in
cigarette smoke, which is in concordance with our observations. Previous studies have also shown a rela-
tionship between IL-12 levels and responses to smoking triggered by the immune system®. This suggests
an acute response that could be reversible, but further studies are needed to elucidate this.

Our method allowed us to examine the consequences of lifestyle choices on the predicted age with
high statistical confidence on a group level. Furthermore, the models provide the ability to predict effects
at the individual level. That said, additional studies in larger cohorts are needed in order to increase
the accuracy of prediction further. We envisage that having established the effect of lifestyle factors on
predicted age, analyses of the plasma protein profile could be used to motivate lifestyle changes for indi-
viduals at risk of developing non-communicable disease, by monitoring the effect of such changes on
the predicted age. Pointing to the effect of individual lifestyle factors is complicated by the correlation
between variables. Even so, it has recently been shown that sugar-sweetened beverages causes earlier
menarche in US girls’’, demonstrating that dietary effects are not only confined to specific molecular
events but can have a significant impact on the development of the body. Such dietary choices can have
direct downstream consequences on the disease risk of an individual. For example, the risk of breast
cancer is known to increase by 5% for each year of early onset of menarche as a consequence of longer
lifetime exposure to oestrogen®®-*.

The plasma protein profile may also be valuable in forensic medicine. Age and gender predic-
tion in forensic medicine have been proposed based on DNA-methylation or N-glycan levels***2. The
PEA-technology we used for profiling of protein levels requires only 1 pl of plasma or serum for analysis
of up to 92 proteins, and is applicable to dried whole blood samples?>. Our results demonstrate that our
protein profile can be used to predict a number of traits with high accuracy. In light of our findings
we propose that such a method may be useful for predicting basic anthropometrical characteristics in
forensic investigations. Ultimately, this possibility rests on the assumption that the protein profile is
sufficiently stable over time. Future studies of the stability of individual proteins in biological samples
found on crime scenes are called for. Our core-models for predicting chronological age, weight, height
and hip circumference, were based on a total of 48 proteins. This suggests that only a small, specific, set
of proteins might be sufficient to capture sufficient amounts of the variation in these traits to be useful
for anthropometrical predictions.

Methods

Samples. The Northern Sweden Population Health Study (NSPHS) was initiated in 2006 to provide
a health survey of the population in the parish of Karesuando, county of Norrbotten, Sweden, and to
study the medical consequences of lifestyle and genetics. In the first phase, 719 individuals participated
(KAO06 cohort) and in a second phase, another 350 individuals from a neighboring village (Soppero) were
recruited in 2009 (KAO09 cohort). Here, 974 individuals with were included out of which 510 are female
and 464 male with ages ranging from 14 to 94, mean (+/— standard deviation) height was 164 (9.6) cm,
weight 72.3 (15.3) kgs and hip circumference 97 (13.5) cm. For each participant, blood samples were
drawn (serum and plasma) and stored at —70°C on site. A questionnaire was used to collect data on
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medications and lifestyle. The anthropometrical measurements were carried out, and the questionnaire
was filled in, at the local health care center in the presence of the local district nurse.

Ethical considerations. The NSPHS study was approved by the local ethics committee at the
University of Uppsala (Regionala Etikprovningsndmnden, Uppsala, 2005:325) in compliance with the
Declaration of Helsinki*. All participants gave their written informed consent to the study including the
examination of environmental and genetic causes of disease. In cases where the participant was not of
age, a legal guardian signed additionally. The procedure that was used to obtain informed consent and
the respective informed consent form has recently been discussed in light of present ethical guidelines*.

Plasma protein profiles. The Protein Extension Assay (PEA) has previously been used to measure
the plasma protein levels of 144 proteins in the NSPHS cohort. The protein abundance levels were meas-
ured using the Olink Proseek Multiplex Oncology I°6*%¢ and CVD I°6*% kits as previously described!*?!.
All assay characteristics including detection limits and measurements of assay performance and valida-
tions are available from the manufacturers webpage (http://www.olink.com/products/proseek-multiplex/
downloads/data-packages).

Model generation. Phenotype prediction models were built in R** utilizing the glmnet-package®.
The glmnet-package implements elastic net regularization, which performs variable selection and fits
Intercept and Beta-values for each selected variable (protein) yielding a linear model explaining the
response variable (phenotype). The glmnet-package does not allow for missing values and therefore the
data set was pruned to the 77 proteins with no missing values nor measurements below detection limit
in any of the individuals (Supplementary Table 1) The Gaussian model-family was used throughout and
the elastic-net penalty () was set to 0.6.

Model evaluation. Model performance was evaluated by randomly splitting the observations into a
training set (75%) and a test set (25%). The model was optimized using a 10-fold cross validation schema
over the training set using the ‘cv.glmnet’-function from the glmnet-package. A final model was built
from the training set using the ‘glmnet’-function with the lambda-values returned by ‘cv.glmnet. This
model was then used to predict the response variable in the test set. The random-split into training and
test set and the variable selection of the elastic net regularization can result in different proteins being
selected and thus different models. The process was thus repeated 500 times and the proteins included in
the models as well as model prediction errors on the training and test set were recorded. The correlation
between actual and predicted values was reported for one model only. This was carried out separately
for each investigated phenotype.

Effects of lifestyle-choices. The observations were split into train and test set(s) according to e.g.
smoking status or consumption patterns of specific food items. A single model was built and optimized
using e.g. non-smokers and then applied to smokers and the difference between actual response variable
(e.g. age) and predicted was recorded.

Statistics and figure generation. The Protein Information Resource (PIR)* superfamily overrep-
resentation analysis was carried out using the DAVID online resource*®*’ using the whole human genome
as background. Associations were considered significant if the reported Bonferroni adjusted p-values
were below 0.05. All other statistical analyses were carried out in R. Tests for heteroskedasticity were car-
ried out using the ‘bptest’ function from the Imtest™*® R-package implementing the Breusch-Pagan test.
The fraction of variance explained by a variable in a trait was calculated by fitting a linear model using
the trait as response and one or several proteins as variables. Differences in phenotype distribution were
examined using two-sided Wilcoxon rank tests and correlation coefficients and statistics between varia-
bles were calculated employing two-sided Spearman statistics. Heatmaps and dendrograms for clustering
of correlations were calculated using the R-function ‘hclust’ with Euclidean distances and employing the
Wards agglomeration method. Venn diagrams were drawn using the VennDiagram R-package®.

References

1. Lopez-Otin, C., Blasco, M. A., Partridge, L., Serrano, M. & Kroemer, G. The hallmarks of aging. Cell 153, 1194-1217,
doi: 10.1016/j.cell.2013.05.039 (2013).

2. Guinot, C. et al. Relative contribution of intrinsic vs extrinsic factors to skin aging as determined by a validated skin age score.
Archives of dermatology 138, 1454-1460 (2002).

3. Karasik, D., Demissie, S., Cupples, L. A. & Kiel, D. P. Disentangling the genetic determinants of human aging: biological age as
an alternative to the use of survival measures. The journals of gerontology. Series A, Biological sciences and medical sciences 60,
574-587 (2005).

4. Fisher, A. L. Of worms and women: sarcopenia and its role in disability and mortality. Journal of the American Geriatrics Society
52, 1185-1190, doi: 10.1111/j.1532-5415.2004.52320.x (2004).

5. Johansson, A., Enroth, S. & Gyllensten, U. Continuous Aging of the Human DNA Methylome Throughout the Human Lifespan.
PloS one 8, €67378, doi: 10.1371/journal.pone.0067378 (2013).

6. Horvath, S. DNA methylation age of human tissues and cell types. Genome biology 14, R115, doi: 10.1186/gb-2013-14-10-r115
(2013).

SCIENTIFIC REPORTS | 5:17282 | DOI: 10.1038/srep17282 8


http://www.olink.com/products/proseek-multiplex/downloads/data-packages
http://www.olink.com/products/proseek-multiplex/downloads/data-packages

www.nature.com/scientificreports/

10.

1

—

12.

13.

14.

15.

16.

17.

18.

19.

20.

2

—_

22.

23.

24.

25.

26.

27.

28.

29.

30.

3

—

32.

33.

34,

35.

36.

37.

38.

39.

40.

4

—_

42.

43.

44.

Lindsey, J., McGill, N. L, Lindsey, L. A., Green, D. K. & Cooke, H. J. In vivo loss of telomeric repeats with age in humans.
Mutation research 256, 45-48 (1991).

. Valdes, A. M., Glass, D. & Spector, T. D. Omics technologies and the study of human ageing. Nature reviews. Genetics 14,

601-607, doi: 10.1038/nrg3553 (2013).

. Bae, C. Y. et al. Models for estimating the biological age of five organs using clinical biomarkers that are commonly measured

in clinical practice settings. Maturitas 75, 253-260, doi: 10.1016/j.maturitas.2013.04.008 (2013).
Enroth, S., Johansson, A., Enroth, S. B. & Gyllensten, U. Strong effects of genetic and lifestyle factors on biomarker variation and
use of personalized cutoffs. Nature communications 5, 4684, doi: 10.1038/ncomms5684 (2014).

. Besingi, W. & Johansson, A. Smoke-related DNA methylation changes in the etiology of human disease. Human molecular

genetics 23, 2290-2297, doi: 10.1093/hmg/ddt621 (2014).

Epel, E. S. et al. Accelerated telomere shortening in response to life stress. Proceedings of the National Academy of Sciences of the
United States of America 101, 17312-17315, doi: 10.1073/pnas.0407162101 (2004).

Ganna, A. & Ingelsson, E. 5 year mortality predictors in 498 103 UK Biobank participants: a prospective population-based study.
Lancet, doi: 10.1016/S0140-6736(15)60175-1 (2015).

Fischer, K. et al. Biomarker profiling by nuclear magnetic resonance spectroscopy for the prediction of all-cause mortality: an
observational study of 17,345 persons. PLoS Med 11, 1001606, doi: 10.1371/journal.pmed.1001606 (2014).

Freedman, N. D,, Park, Y., Abnet, C. C., Hollenbeck, A. R. & Sinha, R. Association of coffee drinking with total and cause-specific
mortality. N Engl ] Med 366, 1891-1904, doi: 10.1056/NEJMo0al112010 (2012).

Chen, W. et al. Three-dimensional human facial morphologies as robust aging markers. Cell research, doi: 10.1038/cr.2015.36
(2015).

Jee, H. et al. Development and application of biological age prediction models with physical fitness and physiological components
in Korean adults. Gerontology 58, 344-353, doi: 10.1159/000335738 (2012).

Zhang, W. G. et al. Select aging biomarkers based on telomere length and chronological age to build a biological age equation.
Age 36, 9639, doi: 10.1007/s11357-014-9639-y (2014).

Hannum, G. et al. Genome-wide methylation profiles reveal quantitative views of human aging rates. Mol Cell 49, 359-367,
doi: 10.1016/j.molcel.2012.10.016 (2013).

Hubbard, J. M., Cohen, H. J. & Muss, H. B. Incorporating biomarkers into cancer and aging research. J Clin Oncol 32, 2611-2616,
doi: 10.1200/JC0O.2014.55.4261 (2014).

. Enroth, S., Bosdotter Enroth, S., Johansson, A. & Gyllensten, U. Effect of genetic and environmental factors on protein biomarkers

for common non-communicable disease and use of personally normalized plasma protein profiles (PNPPP). Biomarkers
DOI: 10.3109/1354750X.2015.1093546 (2015).

Assarsson, E. et al. Homogenous 96-plex PEA immunoassay exhibiting high sensitivity, specificity, and excellent scalability. PloS
one 9, €95192, doi: 10.1371/journal.pone.0095192 (2014).

Friedman, J., Hastie, T. & Tibshirani, R. Regularization Paths for Generalized Linear Models via Coordinate Descent. Journal of
statistical software 33, 1-22 (2010).

R Develpment Core Team. R: A language and environment for statistical computing. (R Foundation for Statistical Computing,
2014).

Wood, A. R. et al. Defining the role of common variation in the genomic and biological architecture of adult human height. Nat
Genet 46, 1173-1186, doi: 10.1038/ng.3097 (2014).

Kao, S. J. et al. Plasma endothelial cell-specific molecule-1 (ESM-1) in management of community-acquired pneumonia. Clin
Chem Lab Med 52, 445-451, doi: 10.1515/cclm-2013-0638 (2014).

Hepper, N. G., Fowler, W. S. & Helmholz, H. E, Jr. Relationship of height to lung volume in healthy men. Dis Chest 37, 314-320
(1960).

Doyle, 1. et al. Differential gene expression analysis in human monocyte-derived macrophages: impact of cigarette smoke on host
defence. Mol Immunol 47, 1058-1065, doi: 10.1016/j.molimm.2009.11.008 (2010).

Moreira, T. UNSETTLING STANDARDS: The Biological Age Controversy. Sociol Quart 56, 18-39, doi: DOI 10.1111/tsq.12079
(2015).

Jackson, S. H., Weale, M. R. & Weale, R. A. Biological age-what is it and can it be measured? Arch Gerontol Geriatr 36, 103-115
(2003).

. Larsson, A. et al. The effects of age and gender on plasma levels of 63 cytokines. J Immunol Methods, doi: 10.1016/j.jim.2015.06.009

(2015).

Taylor, D. H., Jr., Hasselblad, V., Henley, S. J., Thun, M. J. & Sloan, E A. Benefits of smoking cessation for longevity. Am J Public
Health 92, 990-996 (2002).

Kroening, P. R. et al. Cigarette smoke-induced oxidative stress suppresses generation of dendritic cell IL-12 and IL-23 through
ERK-dependent pathways. J Immunol 181, 1536-1547 (2008).

Nouri-Shirazi, M. & Guinet, E. A possible mechanism linking cigarette smoke to higher incidence of respiratory infection and
asthma. Immunol Lett 103, 167-176, doi: 10.1016/j.imlet.2005.10.024 (2006).

Nordskog, B. K. et al. Study of cardiovascular disease biomarkers among tobacco consumers, part 2: biomarkers of biological
effect. Inhal Toxicol, 1-10, doi: 10.3109/08958378.2015.1013227 (2015).

Arimilli, S., Damratoski, B. E. & Prasad, G. L. Combustible and non-combustible tobacco product preparations differentially
regulate human peripheral blood mononuclear cell functions. Toxicol In Vitro 27, 1992-2004, doi: 10.1016/j.tiv.2013.06.015
(2013).

Carwile, J. L. et al. Sugar-sweetened beverage consumption and age at menarche in a prospective study of US girls. Human
Reproduction, doi: 10.1093/humrep/deu349 (2015).

Ma, H., Bernstein, L., Pike, M. C. & Ursin, G. Reproductive factors and breast cancer risk according to joint estrogen and
progesterone receptor status: a meta-analysis of epidemiological studies. Breast Cancer Res 8, R43, doi: 10.1186/bcr1525 (2006).
Collaborative Group on Hormonal Factors in Breast, C. Menarche, menopause, and breast cancer risk: individual participant
meta-analysis, including 118 964 women with breast cancer from 117 epidemiological studies. Lancet Oncol 13, 1141-1151,
doi: 10.1016/S1470-2045(12)70425-4 (2012).

Bodicoat, D. H. et al. Timing of pubertal stages and breast cancer risk: the Breakthrough Generations Study. Breast Cancer Res
16, R18, doi: 10.1186/bcr3613 (2014).

. Vidaki, A., Daniel, B. & Court, D. S. Forensic DNA methylation profiling-potential opportunities and challenges. Forensic science

international. Genetics 7, 499-507, doi: 10.1016/j.fsigen.2013.05.004 (2013).

Gudelj, I. et al. Estimation of human age using N-glycan profiles from bloodstains. International journal of legal medicine,
doi: 10.1007/s00414-015-1162-x (2015).

World Medical Association Declaration of Helsinki: ethical principles for medical research involving human subjects. JAMA: the
journal of the American Medical Association 284, 3043-3045 (2000).

Mascalzoni, D. et al. Comparison of participant information and informed consent forms of five European studies in genetic
isolated populations. European journal of human genetics: EJHG 18, 296-302, doi: 10.1038/ejhg.2009.155 (2010).

SCIENTIFIC REPORTS | 5:17282 | DOI: 10.1038/srep17282 9



www.nature.com/scientificreports/

45. Wu, C. H. et al. The Protein Information Resource. Nucleic Acids Res 31, 345-347 (2003).

46. Huang da, W, Sherman, B. T. & Lempicki, R. A. Bioinformatics enrichment tools: paths toward the comprehensive functional
analysis of large gene lists. Nucleic Acids Res 37, 1-13, doi: 10.1093/nar/gkn923 (2009).

47. Huang da, W, Sherman, B. T. & Lempicki, R. A. Systematic and integrative analysis of large gene lists using DAVID bioinformatics
resources. Nat Protoc 4, 44-57, doi: 10.1038/nprot.2008.211 (2009).

48. Zeileis, A. & Hothorn, T. Diagnostic checking in regression relationships. R News 2, 7-10 (2002).

49. Chen, H. & Boutros, P. C. VennDiagram: a package for the generation of highly-customizable Venn and Euler diagrams in R.
BMC Bioinformatics 12, 35, doi: 10.1186/1471-2105-12-35 (2011).

Acknowledgements

The Northern Swedish Population Health Study (NSPHS) was funded by the Swedish Medical Research
Council (Project Number K2007-66X-20270-01-3, and 2011-2354). NSPHS is part of EUROSPAN
(European Special Populations Research Network) and was also supported by European Commission
FP6 STRP grant number 01947 (LSHG-CT-2006-01947). We thank Nicola Cahill for proofreading of
the manuscript.

Author Contributions

S.E. conceived of the study, designed experiments, devel(j{ed analysis tools, analysed data and wrote
the paper. S.B.E. interpreted results and wrote the paper. A.]. provided data and wrote the paper. U.G.
provided data, designed experiments and wrote the paper.

Additional Information
Supplementary information accompanies this paper at http://www.nature.com/srep

Competing financial interests: The authors declare no competing financial interests.

How to cite this article: Enroth, S. et al. Protein profiling reveals consequences of lifestyle choices on
predicted biological aging. Sci. Rep. 5, 17282; doi: 10.1038/srep17282 (2015).

This work is licensed under a Creative Commons Attribution 4.0 International License. The

Tam images or other third party material in this article are included in the article’s Creative Com-
mons license, unless indicated otherwise in the credit line; if the material is not included under the
Creative Commons license, users will need to obtain permission from the license holder to reproduce
the material. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/

SCIENTIFIC REPORTS | 5:17282 | DOI: 10.1038/srep17282 10


http://www.nature.com/srep
http://creativecommons.org/licenses/by/4.0/

	Protein profiling reveals consequences of lifestyle choices on predicted biological aging

	Results

	Phenotype prediction from plasma protein profiles. 
	Lifestyle choices affect the biological age. 
	Limitations of the study. 

	Discussion

	Methods

	Samples. 
	Ethical considerations. 
	Plasma protein profiles. 
	Model generation. 
	Model evaluation. 
	Effects of lifestyle-choices. 
	Statistics and figure generation. 

	Acknowledgements
	Author Contributions
	﻿Figure 1﻿﻿.﻿﻿ ﻿ Model performance.
	﻿Figure 2﻿﻿.﻿﻿ ﻿ Protein overlap in core models.
	﻿Figure 3﻿﻿.﻿﻿ ﻿ Effects of lifestyle factors on predicted age.
	﻿Figure 4﻿﻿.﻿﻿ ﻿ Effect of single proteins on predicted age in smokers.
	﻿Table 1﻿﻿. ﻿  Model performances for the traits.



 
    
       
          application/pdf
          
             
                Protein profiling reveals consequences of lifestyle choices on predicted biological aging
            
         
          
             
                srep ,  (2015). doi:10.1038/srep17282
            
         
          
             
                Stefan Enroth
                Sofia Bosdotter Enroth
                Åsa Johansson
                Ulf Gyllensten
            
         
          doi:10.1038/srep17282
          
             
                Nature Publishing Group
            
         
          
             
                © 2015 Nature Publishing Group
            
         
      
       
          
      
       
          © 2015 Macmillan Publishers Limited
          10.1038/srep17282
          2045-2322
          
          Nature Publishing Group
          
             
                permissions@nature.com
            
         
          
             
                http://dx.doi.org/10.1038/srep17282
            
         
      
       
          
          
          
             
                doi:10.1038/srep17282
            
         
          
             
                srep ,  (2015). doi:10.1038/srep17282
            
         
          
          
      
       
       
          True
      
   




