
1Scientific RepoRts | 6:38705 | DOI: 10.1038/srep38705

www.nature.com/scientificreports

Biological marks of early-life 
socioeconomic experience is 
detected in the adult inflammatory 
transcriptome
Raphaële Castagné1,2,3, Michelle Kelly-Irving2,3, Gianluca Campanella1, Florence Guida1, 
Vittorio Krogh4, Domenico Palli5, Salvatore Panico6, Carlotta Sacerdote7, Rosario Tumino8, 
Jos Kleinjans9, Theo de Kok9, Soterios A. Kyrtopoulos10, Thierry Lang2,3, Silvia Stringhini11, 
Roel Vermeulen1,12, Paolo Vineis1,13,14, Cyrille Delpierre2,3,* & Marc Chadeau-Hyam1,14,*

Consistent evidence is accumulating to link lower socioeconomic position (SEP) and poorer health, and 
the inflammatory system stands out as a potential pathway through which socioeconomic environment 
is biologically embedded. Using bloodderived genome-wide transcriptional profiles from 268 Italian 
participants of the European Prospective Investigation into Cancer and Nutrition (EPIC) cohort, we 
evaluated the association between early life, young and later adulthood SEP and the expression of 
845 genes involved in human inflammatory responses. These were examined individually and jointly 
using several inflammatory scores. Our results consistently show that participants whose father had 
a manual (as compared to nonmanual) occupation exhibit, later in life, a higher inflammatory score, 
hence indicating an overall increased level of expression for the selected inflammatory-related genes. 
Adopting a life course approach, these associations remained statistically significant upon adjustment 
for later-in-life socioeconomic experiences. Sensitivity analyses indicated that our findings were not 
affected by the way the inflammatory score was calculated, and were replicated in an independent 
study. Our study provides additional evidence that childhood SEP is associated with a sustainable 
upregulation of the inflammatory transcriptome, independently of subsequent socioeconomic 
experiences. Our results support the hypothesis that early social inequalities impacts adult physiology.

Life course socioeconomic position (SEP), whether assessed by income, education or occupation, is linked to a 
wide range of adverse health conditions, including cardiovascular disease, hypertension, diabetes and cancer1. 
The literature suggests that socioeconomic disadvantage tends to yield poorer health2,3, and while behavioural and 
lifestyle factors are important determinants of mortality, several epidemiological studies have shown that social 
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inequalities cannot fully be explained by established risk factors for chronic disease4,5. There are various physio-
logical systems (parasympathetic and sympathetic nervous system; hypothalamic-pituitary-adrenal axis) through 
which a wide range of possible mediators at different molecular levels (hormones, proteins, gene expression and 
DNA methylation) may contribute to the biological embedding of social experiences6–9. One of the leading mech-
anistic hypotheses about how SEP exerts its effects on health is inflammation6. Chronic psychosocial stress can 
alter the body’s ability to regulate the pathways of inflammation over time10 and promote the development and 
progression of many chronic health conditions including cardio-metabolic and neurodegenerative disorders, 
asthma and cancer11,12.

Research shows that in adults, low SEP is associated with (i) specific inflammatory profiles, such as elevated 
C-reactive and interleukin 6 proteins13–17, and (ii) a composite inflammatory score based on circulating levels 
of 28 inflammation-related proteins18. Consistently, with the rapid development of field of social genomics19, 
focusing on the identification of molecular signals involved in the regulation of gene activity in response to social 
experiences, evidence is accumulating to show that adverse life circumstances such as low SEP20,21, social iso-
lation22,23 and early-life social deprivation24 are related to the up-regulation of the expression of several genes 
involved in the inflammatory pathways25. The pattern of social stress-related gene expression has been formalised 
as a Conserved Response To Adversity (CTRA)26 which encompasses 53 genes. The latter is characterised by the 
differential expression of genes involved in inflammation, antiviral responses and antibody synthesis that have 
been developped during evolution to respond to stressful environment in both humans and animal models27–29.

In the present study we extend that definition of the inflammatory transcriptome, and exploit genome-wide 
gene expression profiles measured from peripheral blood mononuclear cells (PBMC) prospectively collected in 
268 participants from the Italian component of the European Prospective Investigation into Cancer and Nutrition 
(EPIC-Italy), using the Agilent 4 ×  44 K human whole genome microarray technology. We used a comprehensive 
panel of genes (N =  1,027) involved in various aspects of inflammatory responses30. Of these, a vast proportion 
(N =  845) was assayed in our study population and were used to define the inflammatory transcriptome. In a 
first approach, each of the contributing genes was examined separately. In accordance with the theory of a global 
wear-and-tear due to stressful events on the body31, we assumed a global positive association between inflamma-
tion (as indicated by an upregulation of inflammatory genes) and lower SEP to define a composite inflammatory 
score, which was complemented by a continuous and a rank-based alternative. Irrespective of the measure used, 
the inflammatory transcriptome was examined in relation to SEP at different life stages: early-life, young adult-
hood and adulthood. As previously proposed18, we investigated life course effects of early-life SEP experiences 
by sequentially controlling for time-ordered SEP. In order to assess the robustness of our findings, we conducted 
a series of sensitivity analyses and independent replication was sought for by using a publicly available dataset. 
Finally to gain better understanding of the inflammatory response to SEP experiences we investigated our inflam-
matory scores for several (functionally-defined) inflammatory sub-pathways30.

Results
A detailed description of the study population is given in Table 1. Irrespective of the SEP indicator, participants in 
the low SEP group tend to be older, to have a higher BMI, and to exhibit a lower smoking prevalence than those 
in higher SEP categories.

Inflammatory transcriptome of life course SEP indicators. We first investigated associations between 
each of the 845 genes and the three time-specific SEP indicators (father’s occupational position, participant’s 
education, highest occupational position in the household). For all indicators and in all subsequent analyses, the 
‘high’ socioeconomic group was used as reference and a positive association therefore indicates an up regulation 
of gene expression in the ‘low’ socioeconomic group. No association reached statistical significance after cor-
recting for multiple testing with father’s occupational position, education and highest household occupational 
position (Table S1 and Figures S1–S3).

Inflammatory transcriptome scores and life course SEP indicators. As detailed in the methods 
section, we defined a transcriptome inflammatory score by cumulating over all 845 selected inflammatory-related 
genes a binary indicator indicating for each gene, low (first three quartiles) or high (highest quartile) expres-
sion levels32. Only father’s occupational position was found significantly associated with this inflammatory 
transcriptome score (Table 2): participants whose father had a low occupational position had a higher inflamma-
tory score (β =  21.81, P =  0.04, Fig. 1A). We also identified for participants with lower household occupational 
position a higher inflammatory score (β =  7.51, P =  0.49), and conversely, the score was lower in participants 
with lower educational level (β =  − 0.64, P =  0.95). However, none of these two associations were statistically 
significant (P >  0.49, Table 2). The association between low early-life SEP and higher inflammatory transcrip-
tome score (Table 3A, model A) was slightly strengthened by adjusting for participant’s education (Table 3A, 
model B, P =  0.02), and subsequently for highest household occupational position (Table 3A, model C, P =  0.03). 
Adjustments for potential (behavioural) confounders only marginally impacted these associations (Table 3A, 
model D, P =  0.03). Further adjustment on the estimated cell types proportions (see Methods, neutrophils and 
monocytes), slightly weakened the association with father’s occupational position, which however, remained sta-
tistically significant (Table 3A, fully adjusted model, P-value =  0.040).

Sensitivity analyses. To assess the specificity of the 845 genes selected to define the inflammatory transcrip-
tome, we randomly sampled (N =  10,000) subsets of 845 genes to be included in the score definition and assessed 
the strength of the association between that ‘null’ score and father’s occupational position. Over the 10,000 random 
gene sets, only 27 gave rise to a p-value lower than that observed using the real score. The stability of our findings 
to the definition of the inflammatory score was also investigated by considering two alternative definitions: (i) the 
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first principal component from the 845 gene expression levels (PC1, explaining 36.8% of the total variance), and 
(ii) a cumulative gene ranking-based score recently proposed by Sood et al.33. Because of the negative correlation 
between the inflammatory score and PC1 (ρ =  − 0.53, P <  0.001), a higher PC1 score indicates lower inflammatory 
transcriptome score level and effect size estimates have reversed signs. Although slightly weakened in terms of 
strength of association, our results and conclusions remained markedly stable irrespective of the score considered: 
we identified significant association between father’s occupational position and both inflammatory PC1/rank score 
(Table 2), that remained stable after controlling for young and adult SEP (Table 2B,C) and a non-significant associ-
ation with participant’s education and highest household occupational position (Table 1).

External validation. To provide additional support for the association between the inflammatory tran-
scriptome score, we used a publicly available dataset (GSE15180) which included gene expression profiles from 
PBMCs in 30 adults with low early-life SEP and 30 adults with high early-life SEP from Vancouver, Canada (ages 
25–40 years)24. Several potentially differences between the validation and our original study population include 
country, age and study design. Despite these specificities, we were able to replicate our main findings in that inde-
pendent population (Table 4) and found that participants whose parents had a low-SEP household had a higher 
inflammatory transcriptome score (β =  24.50, P =  0.02). Sensitivity analyses using the PC1 (explaining 13.5% of 

Father’s occupational position 
(N = 226) Participant’s education (N = 245)

Highest household occupational 
position (N = 229) Participants with 

complete data (N = 222)Non Manual Manual P-value High Low P-value Non Manual Manual P-value

N 82 144 108 137 151 78 222

Age, yo 52.5 (7.8) 54.2 (8.3) 1.35E-01 50.8 (7.2) 55.4 (8.0) 3.59E-06 52.9 (8) 54.9 (8.2) 8.58E-02 53.6 (8.1)

Gender

 Breast case

Women 62 (75.6) 101 (70.1)
4.67E-01

76 (70.4) 104 (75.9)
4.07E-01

106 (70.2) 57 (73.1)
7.63E-01

160 (72.1)

Men 20 (24.4) 43 (29.9) 32 (29.6) 33 (24.1) 45 (29.8) 21 (26.9) 62 (27.9)

16 (19.5) 22 (15.3) 5.26E-01 19 (17.6) 22 (16.1) 8.83E-01 29 (19.2) 8 (10.3) 1.20E-01 36 (16.2)

 NHL case 29 (35.4) 44 (30.6) 5.51E-01 33 (30.6) 46 (33.6) 7.15E-01 55 (36.4) 21 (26.9) 1.94E-01 73 (32.9)

Center*

South 4 (4.9) 17 (11.8)

3.45E-02

16 (14.8) 16 (11.7)

2.24E-02

11 (7.3) 9 (11.5)

1.93E-01

19 (8.6)

Central 47 (57.3) 59 (41.0) 58 (53.7) 54 (39.4) 78 (51.7) 31 (39.7) 105 (47.3)

North 31 (37.8) 68 (47.2) 34 (31.5) 67 (48.9) 62 (41.1) 38 (48.7) 98 (44.1)

Phase

Phase 1 62 (75.6) 106 (73.6)
8.63E-01

87 (80.6) 98 (71.5)
1.39E-01

119 (78.8) 51 (65.4)
4.12E-02

165 (74.3)

Phase 2 20 (24.4) 38 (26.4) 21 (19.4) 39 (28.5) 32 (21.2) 27 (36.4) 57 (25.7)

 Body mass index 25.3 (3.3) 26.0 (3.6) 1.49E-01 24.9 (3.1) 26.5 (3.6) 1.57E-04 25.4 (3.3) 26.5 (3.6) 2.94E-02 25.8 (3.4)

Smoking status

Never 36 (43.9) 78 (54.5)

2.86E-01

42 (38.9) 78 (56.9)

1.90E-02

68 (45.0) 45 (57.7)

1.58E-01

112 (50.5)

Former 25 (30.5) 33 (23.1) 35 (32.4) 30 (21.9) 43 (28.5) 16 (20.5) 58 (26.1)

Current 21 (25.6) 32 (22.4) 31 (28.7) 29 (21.2) 40 (26.5) 16 (20.5) 52 (23.4)

Missing 0 (0.0) 1 (0.7) 0 (0.0) 0 (0.0) 0 (0.0) 1 (1.3) 0 (0)

 Grams alcohol/day 14.5 (20.2) 10.6 (14.5) 1.28E-01 12.6 (15.9) 11.1 (17) 4.79E-01 12.2 (15.4) 12.6 (19.4) 8.90E-01 12.1 (16.9)

Table 1.  Summary characteristics of the study population. Population features are also summarized for each 
SEP category. Counts and percentages are reported for categorical variable, and means and standard deviations for 
continous variables. P-value for difference was calculated using the chi-squared test for categorical variables and 
the Student t-test for continuous variables. *North: Turin & Varese; Central: Florence; South: Naples & Ragusa.

Father’s occupational position Participant’s education
Highest household 

occupationnal position

β (SE) P-value β (SE) P-value β (SE) P-value

Inflammatory 
transcriptome score 21.81 (10.32) 0.036 − 0.64 (10.51) 0.951 7.51 (10.78) 0.487

Principal component 1 − 4.03 (2.14) 0.061 − 0.91 (2.17) 0.676 − 2.36 (2.23) 0.289

Cumulative gene 
ranking-based score* 13.76 (6.14) 0.026 4.64 (3.41) 0.176 10.57 (5.61) 0.061

Table 2.  Linear regression results for the inflammatory transcriptome and each of the three SEP factors 
in the EPIC-Italy participants from EGM (N = 222). Sensitivity analysis results are also presented for the 
principal component 1 and the cumulative gene ranking-based score. *Score is calculated separately for each 
SEP indicator. Model adjusted on age, gender, lymphoma and breast cancer case-control status, phase and 
center.
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the variance) and the cumulative gene ranking-based score resulted in a stronger association for the cumulative 
gene-ranking score (Table 4).

Inflammatory sub-pathways scores. To try and capture the multiplicity and complexity of biological 
mechanisms involved in the inflammation responses, we analysed 17 sub-pathways30, and defined for each of 
them a specific score using the same approach. As summarised in Table 5, we examined the association between 
father’s occupational position and each sub-pathway score. We found that father’s occupational position was 
positively correlated to all 17 sub-pathway scores, suggesting a general and non-specific stimulation of the inflam-
matory sub-pathway in the ‘low’ socioeconomic group (Fig. 1B). None of these associations survived a stringent 
Bonferroni correction, but the two strongest ones involved the Phagocytosis-Antigen presentation sub-pathway 
(N =  37 genes, β =  2.13, P-value =  0.006), and the Leukocyte signalling pathway (N =  103 genes, β =  3.62, 
P-value =  0.010) (Fig. 1B). Those associations remained nominally significant after controlling for education and 
upon adjustment for highest household occupational position and potential confounders. Positive and strong 
pairwise correlation coefficients were observed across the 17 sub-pathways scores (Fig. 1C). This indicates the 
functional proximity of these sub-pathways all contributing to the inflammatory responses and further supports 
the global wear-and-tear hypothesis underlying the definition of our overall inflammatory transcriptome score.

Discussion
In the present study, we investigated the association between SEP at different time points in life and the inflamma-
tory transcriptome using a panel of 845 inflammatory genes considered separately, or combined into an inflam-
matory transcriptome score. We hypothesised that SEP may physiologically be embedded from early life, and 
subsequently affect the inflammatory burden. Testing each inflammatory-related genes in relation to the three 
SEP indicators separately, we did not identify any significant association after correction for multiple testing, 
which could be related to the limited statistical power our population size yields. Formal power calculations indi-
cated that a sample size group of around 600 subjects was required to yield a power of 80% to detect the strongest 
effect size we estimated. In that context, and in order to limit the number of tests performed (and hence preserve 
power), individual inflammatory status was defined using an inflammatory transcriptome score. These analyses 
indicated that participants reporting a father with a ‘manual’ occupation had a higher inflammatory transcrip-
tome score later in life compared to those whose father had a ‘non-manual’ occupation. This association was 
robust to the definition of the inflammatory score, was not affected by the adjustment for the main potential con-
founders and was not driven by differential blood cell composition. No significant association was found between 
participant’s education and highest household occupation. Our results suggest that early-life SEP is associated 
with elevated expression of inflammatory-related genes in adulthood. This result was further strengthened by 
external validation in an independent and publicly available dataset. We assessed the contribution of each func-
tional pathways involved in the inflammation responses. Although none of the 17 pathways was statistically sig-
nificant after multiple testing correction, we identified 4 sub-pathways that were significantly overexpressed at a 

Figure 1. (A) Boxplot of the inflammatory transcriptome for both classes of father’s occupational position.  
(B) Association between sub-pathway inflammatory score and father’s occupational position (model A). The 
−log10 p-value (left Y-axis) is signed by the direction of the effect size estimate and is given separately for of 
the 17 sub-pathways (X-axis). The dotted horizontal line represents the Bonferroni significance level correcting 
for 17 tests, and ensuring a family wide error rate of 5%. In the secondary (right) Y-axis, the number of genes 
contributing to each sub-pathway is represented. (C) Pairwise Spearman correlation between each of the 17 
sub-pathway scores in the EPIC-Italy participants (N =  246).



www.nature.com/scientificreports/

5Scientific RepoRts | 6:38705 | DOI: 10.1038/srep38705

nominal 5% significance level. While strongest associations included some of the most represented sub pathways 
(leukocyte, cytokine and MAPK signalling pathways including over 100 genes), some sub-pathways including 40 
or less genes (e.g. Phagocytosis Antigen presentation) were also identified.

Several limitations of this study should be considered. First, our study population remains limited in size, 
which constrained our methodological choices: the categories for the three life course SEP were all recoded 
(binary indicators) to preserve statistical power. The use of binary SEP indicators to capture complex and mul-
tivariate SE experiences and related exposures over a long period of time may hamper the performance of our 
model through an inflation of the variability within each SEP category. In addition, our study being based a 
prospective cohort, data, and in particular father’s occupational position, collected at enrolment may be subject 
to recall bias. Further, there was no information available on potential participant’s infection at enrolment. Our 
study population includes participants from one breast cancer and one lymphoma nested case control study 
and may therefore lack of representativeness. Our study population includes a large proportion of breast cancer 

Variables Levels

Model A Model B Model C Model D Fully Adjusted Model*

β (SE) P-value β (SE) P-value β (SE) P-value β (SE) P-value β (SE) P-value

(A) Inflammatory transcriptome score

 Father’s occupational position Manual 21.81 (10.32) 0.036 26.25 (11.26) 0.021 25.41 (11.39) 0.027 25.37 (11.46) 0.028 23.59 (11.40) 0.040

 Participant’s education Low − 11.21 (11.35) 0.324 − 14.09 (12.61) 0.265 − 9.81 (12.67) 0.440 − 9.07 (12.57) 0.472

  Highest household occupational 
position Manual 6.59 (12.49) 0.599 9.14 (12.5) 0.465 10.24 (12.40) 0.410

 BMI − 3.23 (1.53) 0.036 − 3.30 (1.52) 0.031

 Smoking status
Former 19.23 (13.44) 0.154 18.78 (13.32) 0.160

Current 10.19 (13.33) 0.445 11.44 (13.30) 0.391

 Alcohol − 0.06 (0.34) 0.868 0.06 (0.34) 0.855

(B) Principal components 1

 Father’s occupational position Manual − 4.03 (2.14) 0.061 − 4.36 (2.34) 0.063 − 4.12 (2.36) 0.083 − 3.93 (2.39) 0.102 − 2.52 (2.05) 0.219

 Participant’s education Low 0.85 (2.35) 0.720 1.68 (2.62) 0.522 1.42 (2.64) 0.591 0.73 (2.26) 0.746

  Highest household occupational 
position Manual − 1.9 (2.59) 0.464 − 1.98 (2.61) 0.449 − 2.67 (2.23) 0.232

 BMI 0.14 (0.32) 0.657 0.22 (0.27) 0.414

 Smoking status
Former − 0.61 (2.8) 0.829 − 0.44 (2.39) 0.854

Current 4.51 (2.78) 0.106 3.10 (2.39) 0.196

 Alcohol 0.04 (0.07) 0.535 − 0.01 (0.06) 0.852

(C) Cumulative gene ranking-based score

 Father’s occupational position Manual 13.76 (6.14) 0.026 15.6 (6.71) 0.021 14.85 (6.78) 0.030 14.04 (6.88) 0.043 10.41 (6.12) 0.091

 Participant’s education Low − 4.63 (6.76) 0.494 − 7.2 (7.5) 0.338 − 5.96 (7.61) 0.434 − 4.16 (6.75) 0.538

  Highest household occupational 
position Manual 5.89 (7.43) 0.429 6.63 (7.5) 0.378 8.39 (6.66) 0.209

 BMI − 0.95 (0.92) 0.304 − 1.16 (0.82) 0.156

 Smoking status
Former 2.78 (8.07) 0.731 2.38 (7.16) 0.740

Current − 5.71 (8) 0.476 − 2.00 (7.16) 0.780

 Alcohol − 0.16 (0.2) 0.435 − 0.02 (0.18) 0.904

Table 3.  Life course multiple regression analyses for father’s occupational position and the inflammatory 
transcriptome. Results are presented for the inflammatory transcriptome score (A), the first PC (B) and the 
cumulative gene ranking-based score (C). Estimates are based on 222 participants with full SEP and lifestyle 
information. *Model adjusted for cell blood composition (see Methods).

SES in early-life

Model non adjusted Adjusted for cell blood count

β (SE) P-value β (SE) P-value

Inflammatory 
transcriptome score 24.5 (10.21) 0.020 20.21 (9.59) 0.040

Principal component 1 − 2.80 (2.86) 0.332 − 1.23 (2.49) 0.624

Cumulative gene 
ranking-based score* 4.48 (1.11) 0.0002 3.68 (0.78) 0.00002

Table 4.  Linear regression results for the inflammatory transcriptome and the early-life SEP in 
participants from the GSE15180 dataset. Sensitivity analysis results are also presented for the principal 
component 1 and the cumulative gene ranking-based score.
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prospective cases-control pairs. Given the higher breast cancer incidence in higher SE categories, our results may 
be prone to residual confounding and cannot directly be generalised to other populations.

We replicated our results in an independent study comprising participants of different age range, coun-
try, and socioeconomic background than those from our study population. In addition, gene expression data 
from the replication set arose from a different technology (Illumina HumanRef-8 v3.0 Expression Beadchips). 
Despite these sources variability, we were able to replicate the association between the inflammatory score and 
early-life exposure to socioeconomic disadvantages. Altogether, this supports the generalisability of our findings. 
Nevertheless, we cannot exclude the possibility that other genes and/or pathways may also be involved in the 
biological embedding of early-life SEP.

To test the robustness of the definition of the inflammatory transcriptome score, we defined, as an unsuper-
vised alternative, the inflammatory score as the first principal component (PC1) obtained from the (N =  845) 
inflammatory-related genes and also considered a rank-based approach recently proposed by Sood et al.33. We 
identified consistent, though statistically weakened, associations with father’s occupation after controlling for 
young and adult SEP. This consistency may at least be partially explained by the strong correlation between our 
inflammatory score and both PC1 and the rank-based score (ρ =  − 0.53 and 0.56, respectively). Our estimates and 
conclusions remained stable upon adjustments for behavioural factors (smoking and alcohol consumption, and 
BMI) and cell sub-populations, hence providing evidence that the inflammatory signal we report as markers of 
SEP are independent of the potential inflammatory signatures of these factors.

Our results are consistent with previous findings: a number of published studies linked various indicators of 
SEP with circulating inflammatory marker34,35. Several studies have examined the influence of childhood SEP  
(as measured by father’s occupation or father’s education) on inflammatory protein concentration in  
adulthood; specifically, these have shown that lower early-life SEP was associated with a greater level of C Reactive 
Protein17,36,37, fibrinogen17,36,37 and interleukin 617,38.

The transcriptional dynamic was also investigated in previous research suggesting that negative experiences in 
early-life are associated with increased inflammatory gene expression in adulthood by examining both childhood 
and adult stress and their associations with later life gene expression6,20,24,25,39,40. The replication dataset used in 
our study was initially designed to compare healthy adults matched on current SEP who came from high- versus 
low-SEP families of origin. The original research work revealed that early-life low SEP was associated with resist-
ance to glucocorticoid signalling, which in-turn promoted adrenocortical and inflammatory responses through 
the transcriptional dynamics and the immune activation24.

Building upon an approach we developed in a lower dimensional setting18, the present work proposes an 
operationalization of the inflammatory transcriptome through different score metrics allowing its applicability 
to a broad spectrum of cohort studies or tissues and cell types. The originality of this study not only resides in 
the extension, at the gene expression level, of previous results observed using targeted protein profiles, but also 
provides insights, from two independent study populations, into the way social experiences are biologically trans-
lated in the long-term. In particular, our study provides evidence that early life SEP affects in the long-term the 
inflammatory transcriptome.

While our study provides consistent evidence of the sustainable inflammatory response to early-life adversity, 
further work would be required to identify the molecular processes triggering and maintaining these molecular 
signals and to explore the functional consequences of the observed increased inflammatory transcriptome score. 

Subpathway Number of genes β

Father’s occupational position

Model A

β

Model D

SE P-value SE P-value

Cytokine signaling 119 3.07 1.46 0.036 3.32 1.61 0.04

MAPK signaling 111 3.62 1.76 0.041 4.89 1.95 0.01

Adhesion-Extravasation-Migration 110 1.53 1.52 0.315 2.29 1.69 0.18

Leukocyte signaling 103 3.62 1.40 0.010 4.02 1.56 0.01

Apoptosis Signaling 64 1.50 1.04 0.149 1.65 1.16 0.16

Phagocytosis-Ag presentation 37 2.13 0.77 0.006 1.82 0.86 0.03

G-Protein Coupled Receptor Signaling 34 0.44 0.53 0.413 0.52 0.59 0.38

Innate pathogen detection 34 0.86 0.75 0.251 0.73 0.84 0.39

PI3K/AKT Signaling 34 0.56 0.60 0.357 0.76 0.67 0.26

Eicosanoid Signaling 32 0.06 0.50 0.898 0.09 0.55 0.88

NF-kB signaling 32 0.59 0.52 0.260 0.77 0.58 0.18

TNF Superfamily Signaling 31 0.78 0.45 0.084 1.01 0.49 0.04

Natural Killer Cell Signaling 29 0.99 0.71 0.161 1.05 0.79 0.18

Complement Cascase 27 0.42 0.48 0.384 0.40 0.54 0.45

ROS/Glutathione/Cytotoxic granules 18 0.68 0.38 0.076 0.76 0.42 0.07

Glucocorticoid/PPAR signaling 17 0.46 0.39 0.245 0.52 0.44 0.23

Calcium Signaling 13 0.51 0.32 0.106 0.78 0.35 0.03

Table 5.  Linear regression results for each sub-pathway score (model A and D) and father’s occupational 
position.
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One candidate mechanism might involve epigenetic alterations as DNA methylation and histone modification 
play crucial roles in development, adaptation and response to environmental signals41. Several recent studies have 
supported the possibility of differential DNA methylation patterns in peripheral blood cells associated with fac-
tors describing the individual social environment42–44. In a previous study using participants from EPIC-Italy, we 
reported that indicators of life course SEP were associated with DNA methylation levels in genes (N =  17 genes, 
corresponding to 403 CpG sites) involved in inflammation44.

Our work highlights research questions needed to explore the mechanisms involved in the social-to-biological 
transition over the life course. One way forward would be to exploit existing resources where multiple OMIC 
profiles are available in the same individuals and to identify the main regulatory cascades that are triggered and 
biologically mediate the effect socioeconomic experiences during the life course. While this could be done in a 
targeted way, typically looking at the correlation patterns existing across molecular signals arising at different 
cellular level, a hypothesis-free investigation would require larger studies with repeated data on social circum-
stances and biological molecular profiles over the life span. Understanding biological mechanisms by which social 
environment influences the inflammatory system has important implications in treatment and especially in pre-
vention, by potentially identifying modifiable factors in the environment that affect physiological health.

Methods
Study population. Our study population arises from the EnviroGenoMarkers (EGM) project, which was 
initially designed to identify novel biomarkers of non-Hodgkin’s lymphoma and breast cancer risk from multiple 
‘-omics’ profiles45. We include in this study 268 EGM participants from the Italian component of EPIC who were 
healthy (i.e. cancer-free) at enrolment. For each participant, one blood sample as well as questionnaire-based 
anthropometric, lifestyle, dietary and socioeconomic factors were collected at baseline46. All participants pro-
vided informed consent, and the EPIC study protocol was approved by the review board of the International 
Agency for Research on Cancer and by all local institutes recruiting participants. The study was conducted in 
accordance with the approved guidelines. Incident NHL (N =  84) and breast cancer (N =  50) cases were diag-
nosed between 2 and 13 years after recruitment in EPIC, and were identified through local cancer registries. For 
each case identified, one random control was selected among all EPIC Italy participants alive and free of cancer 
at the time of diagnosis of the index case, matched by centre (Turin; Varese; Naples; Ragusa and Florence), gen-
der, date of blood collection (+ /−  6 months), and age at recruitment (+ /−  2.5 years). Biosamples underwent 
genome-wide expression profiling in two distinct phases including 100 and 34 case/control pairs, respectively.

Life course socioeconomic position. To preserve power and interpretability, SEP factors from the EPIC 
questionnaire were dichotomised. Childhood SEP was measured by father’s occupation and recoded in the two 
following categories; i) ‘Manual’ (N =  144) consisting of: unskilled workers (N =  52), skilled workers (N =  57), 
and farmers (N =  35); and ii) ‘Non-manual’ (N =  82) consisting of: retailers (N =  28), employees (N =  39), and 
self-employed (N =  15). Young adulthood SEP was measured through participant’s own education which was 
dichotomised as i) ‘High’ (above the minimum legal education level, 15 years of age; N =  108): professional 
(N =  29), upper secondary school (N =  51), and university (N =  28); and ii) ‘Low’ (below the minimum legal edu-
cation level; N =  137): none (N =  5), primary school (N =  73), lower secondary school (N =  59). Adulthood SEP 
was measured using the highest occupational position in the household as defined by either the participant’s own 
occupation or his/her partner. It was classified as ‘Manual’ (N =  78) and ‘Non-manual’ (N =  151), following the 
same categorisation as for father’s occupation. Characteristics of the 222 participants with full SEP information 
are summarised in Table 1.

Genome-wide expression profile. We recently demonstrated that high-quality RNA can be obtained 
from stored PBMC samples from the EPIC-Italy45. We also showed that samples not cold-stored within 2 h after 
blood collection had significantly different expression profiles than fresh samples, and therefore only PBMC 
samples that had been placed in cold storage within 2 h after blood collection were included in the current study. 
Gene expression profiles were acquired using the Agilent 4 ×  44 K human whole genome microarray platform. 
Technical performance and quality of the microarrays was assessed according to a protocol described previously 
leaving a total of 29 662 transcripts successfully analysed in 246 samples45,47.

Inflammatory transcriptome definition and gene selection. Loza et al. assembled 1,027 inflamma-
tion related genes using literature survey and Ingenuity pathway analysis(24). Genes were assigned to one of the 
functional pathways. This gene list was used to extract the inflammation related genes from our study. Using the 
Agilent 4 ×  44 K human annotation, we first selected all annotated transcripts with an ‘Entrez Gene’ identifiers 
(N =  23,104 transcripts). Data on the probe level was collapsed to genes prior to analysis. When two or more 
probes were available for the same gene, the most variable probe was selected using the R package WGCNA 
resulting in 15,613 annotated genes48. Out of the 1,027 inflammatory genes, 845 genes (82.3%) were present 
in our dataset. The inflammatory transcriptome and its sub-pathways are described in Tables S2 and S3 and 
Figure S4. Initially, we considered all inflammatory gene expression levels separately. As depicted in Figure S5, 
gene expression levels exhibit a strong pairwise correlation. Principal components analysis (PCA) of these 845 
inflammatory genes level showed that 98 principal components (PCs) explained more than 95% of the total var-
iation (Figure S6). The multiple testing corrected significance level accounts for the correlation in the data and is 
defined as P =  0.05/98 (P =  0.0005). Finally, we defined an inflammatory transcriptome score from the 845 gene 
expression levels. For each gene, we defined a dichotomised indicator: ‘high gene expression level’ =  1, and ‘low 
gene expression level’ =  0 based on the highest quartile of the gene expression level, and summed these across the 
845 genes49. Using the same strategy we calculated sub-pathway specific scores.
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Sensitivity analyses: alternative inflammatory scores. As a continuous alternative to the inflamma-
tory transcriptome score, we used the first axis from a PCA. We also used the score proposed by Sood et al. that 
allowed both feature selection and direction of regulation to be taken into account in the estimation of the inflam-
matory transcriptome score. It was defined as a cumulative gene ranking based score and calculated using each 
of the 845 gene expression values33. For a given SEP indicator, gene expression levels were ranked in descending 
and ascending order for down and up-regulated genes, respectively. The median sum of the rank scores was then 
calculated across all transcripts, and a cumulative gene ranking based score was then derived for each SEP.

Statistical analyses. Statistical analyses were performed using R v3.1.2. As proposed elsewhere47, the 
per-gene analyses were based on a linear mixed model controlling for technically-induced noise (nuisance varia-
tion: isolation, hybridization, and labeling steps) and investigated the relationship between the expression level of 
each gene and the SEP. The general formulation of the mixed model for sample i is

α β β ε∼ + + + +Y X FE u , (1)i i i A i
1 2

i

where Yi represents the gene expression level in participant i, α is the intercept, ε is the residual error, Xi is the 
binary SEP indicator observed in that same participant (where the highest class is used as the reference category) 
whose effect is measured by the regression coefficient β1, and FEi is a matrix of fixed effect observations and cor-
responding regression coefficients are compiled in the vector β2. Fixed effect covariates include the case-control 
matching criteria (age, gender, and centre, recoded in three categories: North, Central, and South Italy) and phase. 
To account for the case-control design of EGM, we also included two binary variables indicating whether a partic-
ipant is a prospective breast cancer or lymphoma case (model 1). The inflammatory transcriptome score, each of 
the 17 sub-pathway scores and the principal component 1 (PC1) were based on ‘de-noised’ gene expression levels 
as obtained from the above linear mixed model by subtracting the random effect estimates from the observed 
levels. These measures are implicitly corrected for technically-induced variation, and were analysed using a linear 
model corresponding to equation (1) setting the random intercept term to zero.

Life course analyses. For the different measures of inflammatory status described above, we used the same 
benchmark model, and, to mimic life course experiences, we sequentially adjusted for the following chrono-
logically ordered proxies for early-life, young adulthood, and adulthood SEP indicators; resulting in four 
time-sequenced models:

(A) Age, gender, case-control status, phase, centre and father’s occupation;
(B) Model A +  education;
(C)  Model B +  highest household occupational position;

To control for potential confounder another model was subsequently built upon model C including body mass 
index (BMI, kg/m2), smoking status (categorical: current, former, and never smoker), and alcohol consumption 
(g/day) as three potential SEP-driven behaviours (model D). To adjust for potential cell composition bias, we 
re-tested the model D including two blood cell estimates (neutrophils and monocytes proportion, see below).

Score specificity. To assess the specificity of the 845 genes constituting the inflammatory transcriptome 
score, we randomly generated 10,000 independent sets of 845 genes among the 15,613 unique and annotated 
genes. From each gene set, we calculated the ‘null’ inflammatory transcriptome score based and assessed the 
strength of their association with father’s occupational position (model 1, see above).

Replication using a public dataset. The GSE15180 public dataset was used to replicate our findings24. 
Subjects were adult from Vancouver, Canada, from either low or high early lifer SEP background. Early life SEP 
was measured by parental occupation during the first 5 years of life and was dichotomised as follows: low (manual 
or lower supervisory occupation) or high (managerial or professional occupation). The authors ensured that both 
early-life SEP groups had similar average SEP at enrolment and similar demographic (age, sex and ethnicity) and 
behavioural (smoking, body mass index, alcohol use) characteristics. The raw GSE15180 dataset was downloaded 
from the GEO database and consisted of 30 adults with low early-life SEP and 30 adults with high early-life SEP 
who underwent a transcriptional profiling of PBMC using the Illumina HumanRef-5 v3.0 expression beadchip 
(N =  16 830 transcripts)24. Quantile normalization was performed on probe level intensities using the R package 
preprocessCore50. Out of the 1,027 inflammation related genes assembled by Loza et al., using the HumanRef-8 
v3.0 Expression BeadChip annotation (GPL6883) and the transcript selection described above, 913 (88.9%) 
inflammatory genes were present in the GSE15180 dataset. The inflammatory transcriptome score was computed 
as described above together with its 2 alternatives (PC1 and cumulative gene ranked based score). These were 
linearly regressed against early-life SEP.

Cell type estimation. PBMC cell composition was assessed by estimating the proportion of each cellular 
type using the deconvolution algorithm proposed by Abbas et al. implemented in the gedBlood function in the 
CellMix R package51,52. This resulted in 17 surrogate variables which were then aggregated into ‘Lymphocytes’, 
‘Neutrophils’ and ‘Monocytes’ using the asCBC function from the same R package. Applying this method, we 
found that the EPIC samples contained an average of 75% lymphocytes, 18% neutrophils and 7% of monocytes. 
These proportions were 71% lymphocytes, 10% neutrophils and 19% monocytes in GSE15180.



www.nature.com/scientificreports/

9Scientific RepoRts | 6:38705 | DOI: 10.1038/srep38705

References
1. Adler, N. E. & Ostrove, J. M. Socioeconomic status and health: what we know and what we don’t. Ann. N. Y. Acad. Sci. 896, 3–15 

(1999).
2. Mackenbach, J. P. Health inequalities: Europe in profile (Produced by COI for the Department of Health, 2006).
3. Mackenbach, J. P. et al. Socioeconomic Inequalities in Health in 22 European Countries. N. Engl. J. Med. 358, 2468–2481 (2008).
4. Stringhini, S. et al. Health Behaviours, Socioeconomic Status, and Mortality: Further Analyses of the British Whitehall II and the 

French GAZEL Prospective Cohorts. PLoS Med. 8, e1000419 (2011).
5. Gallo, V. et al. Social Inequalities and Mortality in Europe–Results from a Large Multi-National Cohort. PLoS ONE 7, e39013 (2012).
6. Miller, G., Chen, E. & Cole, S. W. Health psychology: developing biologically plausible models linking the social world and physical 

health. Annu. Rev. Psychol. 60, 501–524 (2009).
7. Boyce, W. T., Sokolowski, M. B. & Robinson, G. E. Toward a new biology of social adversity. Proc. Natl. Acad. Sci. USA 109 Suppl 2, 

17143–17148 (2012).
8. Rutter, M. Achievements and challenges in the biology of environmental effects. Proc. Natl. Acad. Sci. USA 109 Suppl 2, 17149–17153 

(2012).
9. Blane, D., Kelly-Irving, M., d’Errico, A., Bartley, M. & Montgomery, S. Social-biological transitions: how does the social become 

biological? Longit. and Life Course Stud. 4, 136–146 (2013).
10. Cohen, S. et al. Chronic stress, glucocorticoid receptor resistance, inflammation, and disease risk. Proc. Natl. Acad. Sci. USA 109, 

5995–5999 (2012).
11. Glaser, R. & Kiecolt-Glaser, J. K. Stress-induced immune dysfunction: implications for health. Nat. Rev. Immunol. 5, 243–251 (2005).
12. Scrivo, R., Vasile, M., Bartosiewicz, I. & Valesini, G. Inflammation as “common soil” of the multifactorial diseases. Autoimmun. Rev. 

10, 369–374 (2011).
13. Ranjit, N. et al. Socioeconomic position, race/ethnicity, and inflammation in the multi-ethnic study of atherosclerosis. Circulation 

116, 2383–2390 (2007).
14. Koster, A. et al. Association of inflammatory markers with socioeconomic status. J. Gerontol. A Biol. Sci. Med. Sci. 61, 284–290 

(2006).
15. Gruenewald, T. L., Cohen, S., Matthews, K. A., Tracy, R. & Seeman, T. E. Association of socioeconomic status with inflammation 

markers in black and white men and women in the Coronary Artery Risk Development in Young Adults (CARDIA) study. Soc. Sci. 
Med. 69, 451–459 (2009).

16. Fraga, S. et al. Association of socioeconomic status with inflammatory markers: a two cohort comparison. Prev. Med. 71, 12–19 
(2015).

17. Loucks, E. B. et al. Life course socioeconomic position is associated with inflammatory markers: the Framingham Offspring Study. 
Soc. Sci. Med. 71, 187–195 (2010).

18. Castagné, R. et al. A life course approach to explore the biological embedding of socioeconomic position and social mobility 
through circulating inflammatory markers. Sci. Rep. 6, 25170 (2016).

19. Slavich, G. M. & Cole, S. W. The Emerging Field of Human Social Genomics. Clin. Psychol. Sci. 2167702613478594 (2013).
20. Chen, E. et al. Genome-wide transcriptional profiling linked to social class in asthma. Thorax 64, 38–43 (2009).
21. Chen, E., Miller, G. E., Kobor, M. S. & Cole, S. W. Maternal warmth buffers the effects of low early-life socioeconomic status on pro-

inflammatory signaling in adulthood. Mol. Psychiatry 16, 729–737 (2011).
22. Cole, S. W. et al. Social regulation of gene expression in human leukocytes. Genome Biol. 8, R189 (2007).
23. Cole, S. W., Hawkley, L. C., Arevalo, J. M. G. & Cacioppo, J. T. Transcript origin analysis identifies antigen-presenting cells as 

primary targets of socially regulated gene expression in leukocytes. Proc. Natl. Acad. Sci. USA 108, 3080–3085 (2011).
24. Miller, G. E. et al. Low early-life social class leaves a biological residue manifested by decreased glucocorticoid and increased 

proinflammatory signaling. Proc. Natl. Acad. Sci. USA 106, 14716–14721 (2009).
25. Cole, S. W. Social Regulation of Human Gene Expression: Mechanisms and Implications for Public Health. Am. J. Public health 103, 

S84–S92 (2013).
26. Cole, S. W. Human social genomics. PLoS Genet. 10, e1004601 (2014).
27. Irwin, M. R. & Cole, S. W. Reciprocal regulation of the neural and innate immune systems. Nat. Rev. Immunol. 11, 625–632 (2011).
28. Powell, N. D. et al. Social stress up-regulates inflammatory gene expression in the leukocyte transcriptome via beta-adrenergic 

induction of myelopoiesis. Proc. Natl. Acad. Sci. USA 110, 16574–16579 (2013).
29. Tung, J. et al. Social environment is associated with gene regulatory variation in the rhesus macaque immune system. Proc. Natl. 

Acad. Sci. USA 109, 6490–6495 (2012).
30. Loza, M. J. et al. Assembly of inflammation-related genes for pathway-focused genetic analysis. PLoS ONE 2, e1035 (2007).
31. Seeman, T. E., Singer, B. H., Rowe, J. W., Horwitz, R. I. & McEwen, B. S. Price of adaptation-allostatic load and its health 

consequences. MacArthur studies of successful aging. Arch. Intern. Med. 157, 2259–2268 (1997).
32. McEwen, B. S. Protective and Damaging Effects of Stress Mediators. N. Engl. J. Med. 338, 171–179 (1998).
33. Sood, S. et al. A novel multi-tissue RNA diagnostic of healthy ageing relates to cognitive health status. Genome Biol. 16 (2015).
34. Nazmi, A. & Victora, C. G. Socioeconomic and racial/ethnic differentials of C-reactive protein levels: a systematic review of 

population-based studies. BMC Public Health 7, 212 (2007).
35. Aiello, A. E. & Kaplan, G. A. Socioeconomic position and inflammatory and immune biomarkers of cardiovascular disease: 

applications to the Panel Study of Income Dynamics. Biodemography Soc. Biol. 55, 178–205 (2009).
36. Lawlor, D. A., Smith, G. D., Rumley, A., Lowe, G. D. O. & Ebrahim, S. Associations of fibrinogen and C-reactive protein with 

prevalent and incident coronary heart disease are attenuated by adjustment for confounding factors. British Women’s Heart and 
Health Study. Thromb. Haemost. 93, 955–963 (2005).

37. Pollitt, R. A. et al. Early-life and adult socioeconomic status and inflammatory risk markers in adulthood. Eur. J. Epidemiol. 22, 
55–66 (2007).

38. Mendall, M. A. et al. Relation of serum cytokine concentrations to cardiovascular risk factors and coronary heart disease. Heart 78, 
273–277 (1997).

39. Cole, S. W. et al. Transcriptional modulation of the developing immune system by early life social adversity. Proc. Natl. Acad. Sci. 
USA 109, 20578–20583 (2012).

40. Levine, M. E., Cole, S. W., Weir, D. R. & Crimmins, E. M. Childhood and later life stressors and increased inflammatory gene 
expression at older ages. Soc. Sci. Med. 130, 16–22 (2015).

41. Jaenisch, R. & Bird, A. Epigenetic regulation of gene expression: how the genome integrates intrinsic and environmental signals. Nat. 
Genet. 33 Suppl, 245–254 (2003).

42. Borghol, N. et al. Associations with early-life socio-economic position in adult DNA methylation. Int. J. Epidemiol. 41, 62–74 (2012).
43. Suderman, M. et al. Childhood abuse is associated with methylation of multiple loci in adult DNA. BMC Med. Genomics 7, 13 

(2014).
44. Stringhini, S. et al. Life-course socioeconomic status and DNA methylation of genes regulating inflammation. Int. J. Epidemiol. 44, 

1320–1330 (2015).
45. Hebels, D. G. A. J. et al. Performance in omics analyses of blood samples in long-term storage: opportunities for the exploitation of 

existing biobanks in environmental health research. Environ. Health Perspect. 121, 480–487 (2013).



www.nature.com/scientificreports/

1 0Scientific RepoRts | 6:38705 | DOI: 10.1038/srep38705

46. Palli, D. et al. A molecular epidemiology project on diet and cancer: the EPIC-Italy Prospective Study. Design and baseline 
characteristics of participants. Tumori 89, 586–593 (2003).

47. Chadeau-Hyam, M. et al. Prediagnostic transcriptomic markers of Chronic lymphocytic leukemia reveal perturbations 10 years 
before diagnosis. Ann. Oncol. 25, 1065–1072 (2014).

48. Langfelder, P. & Horvath, S. WGCNA: an R package for weighted correlation network analysis. BMC Bioinformatics 9, 559 (2008).
49. Juster, R.-P., McEwen, B. S. & Lupien, S. J. Allostatic load biomarkers of chronic stress and impact on health and cognition. Neurosci. 

Biobehav. Rev. 35, 2–16 (2010).
50. Bolstad, B. M., Irizarry, R. A., Astrand, M. & Speed, T. P. A comparison of normalization methods for high density oligonucleotide 

array data based on variance and bias. Bioinformatics 19, 185–193 (2003).
51. Abbas, A. R., Wolslegel, K., Seshasayee, D., Modrusan, Z. & Clark, H. F. Deconvolution of blood microarray data identifies cellular 

activation patterns in systemic lupus erythematosus. PLoS ONE 4, e6098 (2009).
52. Gaujoux, R. & Seoighe, C. CellMix: a comprehensive toolbox for gene expression deconvolution. Bioinformatics 29, 2211–2212 

(2013).

Acknowledgements
The authors wish to thank all the centres that took part in the study and the additional members of the 
EnviroGenoMarkers Consortium. For further information on the EnviroGenoMarkers Consortium please visit 
http://www.envirogenomarkers.net/. This work was supported by the Institut National du Cancer (SHSESP14-082 
to RC). This work has been carried out as part of the H2020 LIFEPATH (http://www.lifepathproject.eu/, 633666 
to PV) and the 7th European Framework Programme (FP7) Envirogenomarkers (226756 to SAK) projects. SS is 
supported by an Ambizione Grant (PZ00P3_147998 to SS) from the Swiss National Science Foundation. MC-H, 
PV, RV, SK acknowledge the support from the FP7 Exposomics project (308610 to PV).

Author Contributions
R.C., C.D., M.K.I., P.V. and M.C.-H. designed research; V.K., D.P., S.P., C.S., R.T, R.V., J.K., T.K., S.A.K., P.V. 
collected the data; R.C., M.K.I., P.V., C.D. and M.C.-H. analysed the data; G.C., F.G., R.V., J.K., T.K., S.A.K., T.L. 
contributed reagents, materials or analysis tools; R.C., M.K.I., P.V., C.D., and M.C.-H. discussed the results and 
wrote the paper. All authors reviewed and commented on the manuscript.

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: Castagné, R. et al. Biological marks of early-life socioeconomic experience is detected 
in the adult inflammatory transcriptome. Sci. Rep. 6, 38705; doi: 10.1038/srep38705 (2016).
Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

This work is licensed under a Creative Commons Attribution 4.0 International License. The images 
or other third party material in this article are included in the article’s Creative Commons 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/
 
© The Author(s) 2016

http://www.envirogenomarkers.net/
http://www.lifepathproject.eu/
http://www.nature.com/srep
http://creativecommons.org/licenses/by/4.0/

	Biological marks of early-life socioeconomic experience is detected in the adult inflammatory transcriptome
	Introduction
	Results
	Inflammatory transcriptome of life course SEP indicators
	Inflammatory transcriptome scores and life course SEP indicators
	Sensitivity analyses
	External validation
	Inflammatory sub-pathways scores

	Discussion
	Methods
	Study population
	Life course socioeconomic position
	Genome-wide expression profile
	Inflammatory transcriptome definition and gene selection
	Sensitivity analyses: alternative inflammatory scores
	Statistical analyses
	Life course analyses
	Score specificity
	Replication using a public dataset
	Cell type estimation

	Additional Information
	Acknowledgements
	References



 
    
       
          application/pdf
          
             
                Biological marks of early-life socioeconomic experience is detected in the adult inflammatory transcriptome
            
         
          
             
                srep ,  (2016). doi:10.1038/srep38705
            
         
          
             
                Raphaële Castagné
                Michelle Kelly-Irving
                Gianluca Campanella
                Florence Guida
                Vittorio Krogh
                Domenico Palli
                Salvatore Panico
                Carlotta Sacerdote
                Rosario Tumino
                Jos Kleinjans
                Theo de Kok
                Soterios A. Kyrtopoulos
                Thierry Lang
                Silvia Stringhini
                Roel Vermeulen
                Paolo Vineis
                Cyrille Delpierre
                Marc Chadeau-Hyam
            
         
          doi:10.1038/srep38705
          
             
                Nature Publishing Group
            
         
          
             
                © 2016 Nature Publishing Group
            
         
      
       
          
      
       
          © 2016 The Author(s)
          10.1038/srep38705
          2045-2322
          
          Nature Publishing Group
          
             
                permissions@nature.com
            
         
          
             
                http://dx.doi.org/10.1038/srep38705
            
         
      
       
          
          
          
             
                doi:10.1038/srep38705
            
         
          
             
                srep ,  (2016). doi:10.1038/srep38705
            
         
          
          
      
       
       
          True
      
   




