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Abstract
Background: DNA methylation has recently been identified as a mediator between in utero famine exposure and
a range of metabolic and psychiatric traits. However, genome-wide analyses are scarce and cross-sectional analyses
are hampered by many potential confounding factors. Moreover, causal relations are hard to identify due to the
lack of controlled experimental designs. In the current study, we therefore combined a comprehensive assessment
of genome-wide DNA methylation differences in people exposed to the great Chinese famine in utero with an in
vitro study in which we deprived fibroblasts of nutrition.
Methods: We compared whole blood DNA methylation differences between 25 individuals in utero exposed to
famine and 54 healthy control individuals using the HumanMethylation450 platform. In vitro, we analyzed DNA
methylation changes in 10 fibroblast cultures that were nutritionally deprived for 72 h by withholding fetal bovine
serum.
Results: We identified three differentially methylated regions (DMRs) in four genes (ENO2, ZNF226, CCDC51, and
TMA7) that were related to famine exposure in both analyses. Pathway analysis with data from both Chinese famine
samples and fibroblasts highlighted the nervous system and neurogenesis pathways as the most affected by
nutritional deprivation.
Conclusions: The combination of cross-sectional and experimental data provides indications that biological adaptation
to famine leads to DNA methylation changes in genes involved in the central nervous system.
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Background
DNA methylation is one of the epigenetic mechanisms that
plays an important role in the cellular responses to detrimental environmental influences that are involved in the
etiology of many diseases [1]. Studies show that early life
exposure to nutritional deprivation is associated with stable
DNA methylation differences [2, 3]. Nutritional deprivation,
especially in utero and early in life, has detrimental effects
on human development and significantly increases the risk
of multiple chronic diseases later in life [3–6].
* Correspondence: m.p.m.boks@umcutrecht.nl
1
Brain Center University Medical Center Utrecht, Department of Psychiatry,
Utrecht University, A01.468, PO Box 85500, 3508, GA, Utrecht, The
Netherlands
Full list of author information is available at the end of the article

A seminal example of the impact of in utero exposure to
nutritional deprivation is the cohort study on offspring
from mothers that were pregnant during the Dutch hunger
winter during the Second World War, which was intense
and well-documented but with brief duration [7]. This
study identified persistent differential methylation of the
insulin-like growth factor II (IGF2), as a key human growth
and development factor involved in the response to famine
in utero [3]. Subsequent studies of this cohort identified
DNA methylation changes as mediators of the association
between maternal famine and metabolic disease in adulthood [6, 8]. Other epigenetic differences associated with
famine exposure in utero have been related to schizophrenia [9] and type 2 diabetes [10].
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While the Dutch famine is the most extensively studied
famine in the literature, the Chinese great famine (1959–
1961) was one of the largest famines recorded around the
world and had more severe consequences resulting in an
estimated 30 million deaths [11]. The offsprings of those
mothers who suffered famine were shorter in length [5],
had worse midlife health [12], and had a higher rate of
chronic diseases [13, 14]. Studies also showed a twofold
increased risk to develop schizophrenia among offspring
conceived at the height of the famine [15, 16]. However,
only one genome-wide DNA methylation study is reported in the Chinese famine population [17]. To further
understand the impact of maternal famine on DNA
methylation changes in offspring, we compared genomewide DNA methylation from whole blood of Chinese
participants exposed to famine in the first trimester to unexposed controls from the same populations.
Since a cross-sectional population-based study is subject
to residual confounding and does not allow the examination of the direct effect of nutritional deprivation, we
subsequently performed an in vitro study of human fibroblasts before and after exposure to nutritional deprivation.
By combining the result of a genome-wide methylation
approach of both studies, we aim to provide an unbiased
investigation of DNA methylation changes induced by
nutritional deprivation.

Methods
Chinese famine sample

The sample of Chinese famine is part of our previous study
and has been described in more detail elsewhere [9]. In
short, volunteers were recruited in the northern province of
Jilin, China. Considering the almost complete penetration
of famine during January 1960 and September 1961, it is assumed that those born during that period will have been
exposed. A total of 79 healthy participants were included of
which 25 were exposed to famine during the first 3 months
in utero. All participants provided written informed consent. Table 1 gives the full details of the participants.
Fibroblast in vitro study

The in vitro fibroblast experiment was described in more
detail previously [9]. In short, fibroblasts were obtained
by skin biopsies from five healthy participants of Dutch
descent, of which one was male and four were female
(mean age = 38.4 years, sd = 7.0) (see Table 1). All participants provided written informed consent. Fibroblasts
Table 1 Summary of characteristics of the Chinese famine samples
Unexposed

Exposed to maternal famine

N

54

25

Age (sd)

46.8 (1.0)

50.3 (0.5)

Male N (%)

21 (39%)

10 (40%)
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were plated in two T25 flasks in Minimum Essential
Medium (MEM) (Gibco®) with 15% fetal bovine serum
(FBS)(Gibco®) and 1% penicillin-streptomycin PenStrep
(Gibco®) and in an atmosphere of 95% atmospheric air
and 5% CO2 at 37 °C (normal conditions). After reaching
70–80% confluence, the supernatant was removed and
the cells were washed three times with phosphate buffered saline (PBS) (BioWhittaker® Reagents, Lonza). Next,
one of the T25 flasks from each donor was cultured in
the non-famine condition with Minimum Essential
Medium (MEM) (Gibco®) supported with 15% FBS,
while the other T25 flasks were cultured in only Minimum Essential Medium (MEM) as famine condition.
After 72 h, cells were harvested from each flask and
stored as cell pellet for DNA isolation.
DNA processing

DNA from the Chinese famine samples was extracted
from whole blood using the Gentra Puregene Kit (Qiagen,
Valencia, CA, USA). Fibroblast cell pellets were used for
DNA isolation according to the manufacturer’s instructions (Qiagen, Hilden, Germany). The DNA concentration
and quality were examined using NanoDrop (Thermo
Fisher Scientific, Massachusetts, USA). Bisulfite conversion of each DNA sample was conducted according to the
manufacturer’s instructions of the Zymo EZ DNA MethylationTM Kit (Zymo, Irvine, CA, USA). Quality and quantity of the bisulphite treated single stranded DNA was
examined using NanoDrop.
Genome-wide analysis of DNA methylation

One hundred and fifty nanograms of bisulfite-converted
DNA from the Chinese famine study was used to quantify
genome-wide patterns of DNA methylation using the
Illumina Infinium HumanMethylation450 BeadChip. Genome-wide DNA methylation levels of fibroblasts were obtained using Illumina HumanMethylation EPIC BeadChip
arrays. For the Chinese famine samples, intensity readouts,
beta and M value calculation, and cell-type proportion estimates were obtained using the minfi package (version
1.10.2) in Bioconductor [18]. Probes were excluded based
on a bead count less than three (n = 279 probes) or a detection p value larger than 0.001 in at least 5% of the samples
(n
= 2125
probes).
Non-autosomal
or
cross-hybridizing probes were discarded as were loci with
SNPs of minor allele frequency larger than 1% within 1 bp
of the primer [19]. None of the blood samples had over 1%
of failed probes. All 79 DNA samples survived quality control [20], and 397,985 loci were left in the dataset for further analysis. The normalization was performed using the
functional normalization procedure which is implemented
in the minfi package. Additional adjustments were made
using the genetic principal components estimated according to Barfield et al. [19]. Moreover, the blood-based
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analysis included an adjustment for cell-type (B cells, CD8
T cells, CD4 T cells, natural killer cells, monocytes, and
granulocytes) [21].
The quality control for fibroblasts was performed in a
similar workflow as the Chinese famine samples but adjusted to the newer EPIC methylation beadchip. The dataset was pre-processed in R version 3.3.1 with the meffil
package [22] using functional normalization [23] to reduce
the non-biological differences between probes. To account
for technical batch variables, pre-processing was performed in a larger dataset (n = 80), including DNA
samples of other studies that included brain and blood
DNA. However, normalization was conducted for the
fibroblast samples only. No mismatches between
methylation-predicted sex and actual gender were present
nor were there samples with outliers on mean of methylated and unmethylated channels. Probes were removed if
they failed quality control (a detection p value > 0.01 for >
10% of samples (n = 4610) or a bead count < 3 for > 10%
of samples (n = 68)), were non-specific [20], or were one
of the SNP probes included on the array for quality control purposes. All 10 fibroblast DNA samples survived
quality control, and 862,160 probes were left in the dataset
for further analysis.
For both the Chinese sample and fibroblast samples,
the level (percentage) of methylation is expressed as a β
value, ranging from 0 (unmethylated cytosine) to 1
(completely methylated cytosine), but analyses were performed using M values (log2 of β values), for better statistical validity [24]. To examine the overlap between the
results of the two datasets, DMR and pathway analyses
were performed for the 397,985 CpGs that were present
on the EPIC as well as the 450 k arrays.
Pathway analysis

We performed Gene Set Enrichment Analysis (GSEA)
for the nominal significant CpGs that overlapped from
the Chinese famine and fibroblasts samples. SetRank
tool was chosen in the current study for GSEA analysis
since it could eliminate many false positive hits [25], especially those biased toward neuronal pathways as these
genes are much more abundant and larger in size. Gene
Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), WikiPathways, and Reactome pathway
database are included in the SetRank tool.
Permutation analysis

The significance level of the identified DMRs was confirmed by permutation analysis whereby p values were
calculated from all potential DMRs with the same number of CpGs throughout the genome. From the fit of the
actual identified DMR in this distribution, an empirical
p value was derived. The probability of finding the number of overlapping DMRs that we presented from all
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potential matches was established. All these analyses
were based on 10,000 permutations.
Statistical analyses

Statistical analyses were carried out using R [26]. Analysis
of the association of DNA methylation with famine in the
Chinese famine samples was performed using linear
regression with DNA methylation as dependent and famine, age, gender, and cell-type proportion estimates based
on the Houseman algorithm [21] as well as the first two
DNA methylation-based ancestry principal components as
indicators [19]. In addition, similar as previously, we adjusted for the effects of smoking by deriving a proxy for
smoking based on methylation levels of CpGs that were
previously associated with smoking [27]. For the fibroblast
experiment, methylation changes under the famine condition were assessed using Wilcoxon’s paired rank test. The
QQ plots were inspected to assess type I error inflation
and power (Additional file 1). DMRcate (version 1.4.2) was
used to identify differentially methylated regions (DMRs).
Nominal significance for the DMR analysis was set at 0.01
[28]. Only DMRs with the same direction of effect (hyperor hypomethylation) in both samples were considered
overlapping.

Results
Identification of differentially methylated regions

Analysis of single CpG methylation did not identify significant differences after adjustment for multiple testing due to
insufficient power. The QQ plot indicated the analysis was
underpowered to detect genome-wide differentially methylated probes (Additional file 1 shows the QQ plots). Additional file 2 provides the information and test statistics of
the nominally associated loci (18,871 for the Chinese famine and 56,375 for the fibroblast experiment). Two thousand seven hundred six CpGs overlapped between
nominally associated loci of both experiments. The probability to end up significant in both analyses was higher for
CpGs from the famine study (chi-squared = 843.97, df = 1,
p value < 0.001) as a logical result from the larger number
of loci on the methylation array of the fibroblast experiment. However, the odds of identification as nominal significant was also significantly larger in the famine study
(chi-squared = 1398.4, df = 1, p < 0.001) most likely as a result of a larger power. Analysis of DMRs in the Chinese
famine cohort identified 613 different methylated regions
(DMRs) and 1080 DMRs in fibroblast samples. Among
these significant DMRs, three DMRs were similarly associated (significant and same direction of effect) in both samples. The three replicated DMRs are all hypomethylated in
relation to famine exposure and highlight four gene
promoters: DMR1, enolase 2 (ENO2) (cg08003732,
cg13334990, cg18912645, cg19720347), and DMR2, zinc
finger protein 226 (ZNF226) (cg19331658, cg03559973,
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cg19836894, cg19599862, cg03573702). DMR3 is related to
2 gene promoters: coiled-coil domain containing 51
(CCDC51) and translation machinery associated 7 homolog
(TMA7) (cg00329014, cg06625258, cg07744328, cg0153
8982, cg24981564, cg12370248, cg07095599, cg11196693,
cg03629318, cg15853329, cg21856689, cg26094714, cg2585
8682). The study from Hannon et al. [29] was used as a
lookup for the relation between methylation in blood and
brain for the identified loci. cg08003732 and cg13334990
loci in ENO2 gene were all significantly correlated between
blood and four brain regions: the prefrontal cortex (PFC),
entorhinal cortex (EC), superior temporal gyrus (STG), and
cerebellum (CER). Other loci with significant correlation
between blood and brain were cg19331658 in ZNF226 and
cg26094714 in CCD51/TM7 that were correlated with
PFC, cg18912645 in ENO2 and cg12370248 and cg1585
3329 in CCD51/TM7 that were correlated with EC, and
blood cg19720347 methylation in ENO2 that was correlated
with CER. Table 2 shows the characteristics of the DMRs
consistently associated to famine in both experiments. Permutation analysis confirmed the significance of most of the
presented associations with the exemption of the association of ENO2 to famine in the Chinese sample that
showed an empirical p value of p = 0.099, although combined p values of both analyses remain significant (p =
0.0016). Additional file 3 presents the results of the
permutation analysis.
Pathway analysis of identified CpG loci

Figure 1 shows the significant pathways that are associated
with all the 2706 overlapping CpGs from the Chinese famine sample and fibroblast experiments. The pathway analysis is based on GO, KEGG, WikiPathways, and Reactome
pathway databases. GO pathway analysis highlighted three
significant molecular function pathways, among which cell
adhesion molecule binding is mostly prevalent. Adherens
junction is most relevant regarding the cellular components. In addition, we found that the famine condition
influenced a wide range of biological processes, among
which neuronal systems are most strongly implied. For example, pathways in nervous system development, both
positive and negative neurogenesis, and neuron projection

morphogenesis are highly involved. The pathway analysis
from significant Reactome and WikiPathways analysis
showed that DNA damage response and signaling by nerve
growth factor (NGF) are mostly involved by nutritional
deprivation.

Discussion
This is the first study that combines genome-wide DNA
methylation analysis of famine exposure with an in vitro
study of nutritional deprivation to explore the effect of
famine on DNA methylation. The results highlight several
gene promoters that are differentially methylated due to
nutritional deprivation. Further pathway analysis showed
that the nervous system development and signaling by
nerve growth factor (NGF) are sensitive to nutritional
deprivation.
Analysis of the overlapping DMRs from Chinese famine
samples and in vitro fibroblast samples identified three
DMRs in four gene promoters (ENO2, ZNF226, CCDC51,
and TMA7) that are consistently hypomethylated in relation to nutrition deprivation in both Chinese famine and
fibroblast in vitro samples (Table 2). The fact that famine
is consistently linked to hypomethylation and no occurrences of hypermethylation were identified suggests reduced methylation efficacy, for instance, due to the limited
production of the methyl donor S-adenosyl methionine
(SAMe) which is dependent on nutrients such as folate,
vitamin B1, B6, and B12. Genes identified in the current
study have a wide range of functions, but the involvement
of the gene ENO2 is one of the most interesting findings.
ENO2 is abundantly expressed neurons and peripheral
neuroendocrine tissue [30] and often used as neuron-specific reference genes [31–33]. Functional studies showed
that ENO2 promotes cell proliferation, glycolysis, and
glucocorticoid resistance [34], and silencing of this gene
was found to inhibit the growth of glioblastoma cells [35].
Consistently, ENO2 serves as a biochemical marker for tumors derived from neuronal and peripheral neuroendocrine tissues [34]. Furthermore, ENO2 is found to be
expressed higher in the brain of schizophrenia (SCZ) patient as compared to controls and may affect glucose metabolism in SCZ patients [36]. Moreover, a recent study

Table 2 Three DMRs consistently associated with famine in both experiments (Chinese famine samples and fibroblasts samples)
DMRs Gene promoters CHR

Region (hg19)

CpG numbers β value (Chinese) p value (Chinese) β value (Fibroblasts) p value (Fibroblasts)

DMR1 ENO2

chr12 7023752–7024121

4

− 0.0243

1.19E−04

− 0.1523

7.42E−04

DMR2 ZNF226

chr19 44669146–
44669354

5

− 0.0636

9.21E−03

− 0.3155

1.07E−03

DMR3 CCDC51

chr3

13

− 0.0290

7.87E−04

− 0.2318

1.25E−06

TMA7

48481268–
48481793

DMR differentially methylated regions, CHR chromosome, hg19 human genome version 19. The first column of the table shows the DMR identifier and followed
by the gene name which belongs to the DMR. The chromosome of the gene is provided and followed by the more precise region in hg19 (human genome
version 19). The number of significant CpGs response to nutrition deprivation in both studies is presented, and β value and p value of DMRs in both studies are
also presented. β value in each study refers to the mean β values of identified CpG in each DMR
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A

B

Fig. 1 Significant pathway analysis based on CpGs (2706) associated with famine in both the Chinese famine and fibroblast study. a Significant pathways
from GO analysis. Pathways in red represent molecular functions, in green represent cellular components, and in blue represent biological processes. X-axis
displays the minus log p value of the association with the SetRank value of the gene set. b Significant pathway analysis from Reactome and WikiPathways.
Reactome pathway is in purple, and WikiPathways is in orange. X-axis displays the minus log p value of association with the SetRank value of the gene set

found ENO2 hypermethylation in autism alongside with
decreased transcription and translation of this gene [37]. A
look-up in BECon [38], an online database to compare the

methylation pattern between brain and blood, suggests that
part of the DMR in ENO2 (cg08003732) has a similar
DNA methylation pattern in blood and brain tissue.
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Interpretation of the involvement of zinc finger protein gene ZNF226 is less straightforward as not much is
currently known about this specific gene. Zinc finger
proteins have a broad range of molecular functions, and
they are widely targeted for aberrant DNA hypermethylation during toxicant-induced malignant transformation
[39] and as a driver of detrimental environment factorassociated carcinogenesis, leading to suggestions of their
suitability for cancer prevention [40]. The third DMR
identified, CCDC51, is a protein-coding gene, which is
present in endosomes [41]. This gene is involved in several signaling pathways, such as B cell receptor activation [42], micronucleus formation regulation [43],
cellular senescence [44], liver-specific microRNA binding [45], and tumor suppressor activity [46], as well as
kidney disease [47]. Mouse Ccdc51 gene is the target
gene of miR-672-5p, which is highly expressed after
steroid-induced osteonecrosis [48]. Considering that nutritional deprivation could potentially disturb steroid
levels, the current finding of CCDC51 hypomethylation
raises the possibility of a relation between famine and
steroid imbalance. The final DMR gene TMA7 codes for
the TMA7 protein, and deletion of this gene is consistent with loss of proteins involved in ribosome biogenesis
[49]. Though the current finding is based on blood and
fibroblasts, the database from Hannon et al. shows that
methylation in blood of the four identified loci from the
current study is correlated with the prefrontal cortex,
five are correlated with the entorhinal cortex; two are
correlated with the superior temporal gyrus, and three
are correlated with the cerebellum. This suggests that
blood methylation levels of these DMRs in part may
serve as a proxy for methylation in these brain areas.
In the previous genome-wide methylation study of the
Dutch hunger winter, 181 genes were identified through
reduced representation bisulfite sequencing (RRBS) and a
further 6 genes were verified in mass spectrometry-based
EpiTYPER assay [8]. Later, in a Bangladesh famine cohort,
seven epialleles were identified [4]. Although the DMRs
from these previous studies do not overlap with our
DMRs, the DMRs are near genes from the same pathway.
For example, ZNF251 and CCDC57 were identified in the
Dutch hunger cohort, whereas in our study, ZNF226 and
CCDC51 are found differentially methylated. The different
genetic background of the three famine cohort studies
could be one of the explanations of these differences since
the vulnerability to environmental factors could be inherent genetically [50]. Another explanation for the diverging
results could be that although all three populations suffered from famine, the remaining food consumption pattern probably was quite different between countries.
Differences in dietary nutrient intake could eventually lead
to different patterns of malnutrition and to different
outcomes.
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The pathways most commonly related to malnutrition
exposure are in the nervous system and neurogenesis,
specifically, positive regulation of nervous system development in the GO pathway analysis (blue in Fig. 1) and
nerve growth factor (NGF) signaling in the WikiPathways analysis (orange in Fig. 1). This points to the high
relevance of epigenetic adaptations to famine for the
brain [51] (even though current study did not analyze
brain). Impact of famine on the brain has been shown in
rodent studies that showed large epigenetic changes in
the hippocampus in offsprings of nutritional deprived
rats [52].
Performing DNA methylation analysis on fibroblasts in
addition to whole blood increases the diversity of the tissue types and strongly reduces the risk that residual confounding factors are driving the results. Fibroblasts
provide a different tissue type, and using longitudinal analysis within the same participants poses the opportunity to
directly relate DNA methylation changes to famine. The
replicating DMRs from fibroblasts and blood therefore
provide compelling evidence that these are relevant genes
that are involved in the response to malnutrition.
Some limitations should be considered when interpreting
the current study. Replication of our findings in the Dutch
famine [8] study was not possible due to the fact that these
loci were eliminated in their analysis based on a low variance in whole-genome bisulphite sequencing data. Also,
lookup of the presented DMRs in the studies of James et al.
[53] and Finer et al. [4] did not identify an overlap. However, considering these studies essentially used candidate
gene approaches in very different populations, this does not
refute our findings. The merit of the current approach is
the triangulation identifying epidemiological associations
combined with an experimental biological response [54].
Inherent to the case-control setup of this study, other residual confounding factors such as for instance diet, cannot
be ruled out. The identified DMRs from the current study
are based on two different tissues and different experimental setups. Considering these differences, we expected a
small number of overlapping DMRs from these two experiments. We expect that only truly strong biological effects
will be detected in both experiments consistent with the
concept of triangulation of research findings [54]. Nevertheless, the small overlaps between DMRs from both experiments underscore the limited similarity between studies
and therefore have limited value as a replication. The
sample sizes are relatively small, and therefore, power
and significance level are limited. Also, although two
tissue types were used, both the blood and fibroblast
methylation may still not represent the situation in
the developing brain. Finally, the genetic background
from this study limits our conclusion on malnutrition
response to Chinese and Dutch ancestry and may not
represent other ethnic groups.
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Conclusions
Using an unbiased genome-wide approach, the current
study examined the association between DNA methylation
and severe nutritional deprivation in two unique samples
separately (Chinese famine and in vitro fibroblasts) and
leads to the identification of DMRs that were consistently
hypomethylated in both samples. The three DMRs in the
four gene promoters ENO2, ZNF226, CCDC51, and TMA7
and the involvement of the nervous system development
and signaling by nerve growth factor (NGF) that are suggested by pathway analyses can provide new leads to understand the pathways from nutrition deprivation to disease.
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