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Abstract

Adverse neonatal outcomes are a prevailing risk factor for both short- and long-term mortality and morbidity

in infants. Given the importance of these outcomes, refining their assessment is paramount for improving prevention
and care. Here we aim to enhance the assessment of these often correlated and multifaceted neonatal outcomes.

To achieve this, we employ factor analysis to identify common and unique effects and further confirm these effects
using criterion-related validity testing. This validation leverages methylome-wide profiles from neonatal blood.
Specifically, we investigate nine neonatal health risk variables, including gestational age, Apgar score, three indica-
tors of body size, jaundice, birth diagnosis, maternal preeclampsia, and maternal age. The methylomic profiles used
for this research capture data from nearly all 28 million methylation sites in human blood, derived from the blood
spot collected from 333 neonates, within 72 h post-birth. Our factor analysis revealed two common factors, size fac-
tor, that captured the shared effects of weight, head size, height, and gestational age and disease factor capturing
the orthogonal shared effects of gestational age, combined with jaundice and birth diagnosis. To minimize false posi-
tives in the validation studies, validation was limited to variables with significant cumulative association as estimated
through an in-sample replication procedure. This screening resulted in that the two common factors and the unique
effects for gestational age, jaundice and Apgar were further investigated with full-scale cell-type specific methylome-
wide association analyses. Highly significant, cell-type specific, associations were detected for both common effect
factors and for Apgar. Gene Ontology analyses revealed multiple significant biologically relevant terms for the five
fully investigated neonatal health risk variables. Given the established links between adverse neonatal outcomes

and both immediate and long-term health, the distinct factor effects (representing the common and unique effects
of the risk variables) and their biological profiles confirmed in our work, suggest their potential role as clinical bio-
markers for assessing health risks and enhancing personalized care.
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and neonatal hypoglycemia compared to that of healthy
score (>7) [2]. These adverse outcomes not only effect
short-term health and mortality but have also been
associated with an increased risks of chronic health
conditions later in life [3, 4].

Neonatal outcomes are often correlated suggesting
that in addition to measuring unique aspects of neona-
tal health, they share common risk factors [5, 6]. Fur-
thermore, they are often “multifaceted” where different
aspects of the same neonatal outcome may reflect dif-
ferent biological mechanisms. Birth weight, for exam-
ple, is determined by various components, including
bone density, internal organ mass, muscle develop-
ment, adipose tissue, and fluid levels, that each can
be influenced by distinct regulatory mechanisms. For
example, it has been suggested that fat-mass reflects
the intra-uterine environment, whereas fat-free mass is
more likely to be altered by genetic factors [7]. As the
different aspects of the same measure may have differ-
ent clinical relevance, it is critical to take the correlated
and multifaceted nature of neonatal outcomes into
account.

Studying epigenetic variation presents an avenue for
better understanding how adverse neonatal outcomes
contribute to health consequences later in life and pre-
sents a novel way to validate the biological relevance
of the common and unique effects that make up these
outcomes. DNA methylation (DNAm), one of the most
commonly studied epigenetic mechanisms, entails the
addition of methyl groups to DNA’s cytosine-phosphate-
guanine (CpG) dinucleotides [8, 9]. In most tissues,
including blood, DNA methylation occurs almost exclu-
sively at the 28 million CpG sites in the human genome.
Changes in DNAm may be the result of genetic, environ-
mental, and developmental factors. DNAm plays a pivotal
role in regulating gene activity [10] and, as the function
of cells differs, DNAm patterns are often cell-type spe-
cific. However, when assessing DNAm in whole tissues,
the measurements encompass contributions from all cell-
types present [11]. Therefore, cell-type specific analyses
are needed to identify effects from individual cell-types.

In this study, we aimed to improve traditional assess-
ment of neonatal outcomes by performing factor analysis
to identify both common and unique effects underly-
ing common neonatal health risk variables. Further-
more, we apply criterion-related validity testing through
methylome-wide association study (MWAS), by leverag-
ing sequence-based methylation profiles from neonatal
blood, encompassing nearly all 28 million sites in the
human genome. MWASs are performed both on whole
blood (i.e., bulk tissue) and, by using a statistical decon-
volution approach, on each cell-type specifically. To fur-
ther characterize the validation results, we performed
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comprehensive Gene Ontology (GO) analyses on the
associated genes.

Methods

Neonatal study samples and methylomic data

All 333 participants were part of a larger Swedish cohort
[12]. Participants were born in Sweden from 1975 to 1989
and were of Swedish descent (defined as having both
parents born in Sweden). For the current study, we use
neonatal blood spots along with neonatal health infor-
mation reported in Swedish national registries. Blood
spots were collected within 72 h of birth by the Swedish
hospital system for routine neonatal newborn screen-
ing. Neonatal health risk variables included gestational
age calculated from the mother’s first day of last period,
Apgar score assessed one minute after birth and three
measures indicating body size (birth weight, birth height,
and head size). Furthermore, we obtained information of
the presence of jaundice, maternal preeclampsia diagno-
sis, the maternal age at delivery, and whether any disease
diagnosis for the child was made at birth. The study was
approved by institutional review boards in Sweden and at
Virginia Commonwealth University.

Methylome-wide profiles from each neonatal blood
sample were recently generated using an optimized pro-
cedure for methyl-binding domain enrichment sequenc-
ing (MBD-seq) [13], that assesses nearly all CpGs in the
human genome [14-16]. Following strict quality con-
trol on CpGs and reads, we retained 24,244,667 com-
monly methylated autosomal CpGs that were assayed
by an average of 46.3 million (SD=5.9 million) reads per
sample.

Main analysis in four steps

As depicted in Fig. 1, to detect common and unique fac-
tors across the neonatal health risk variables, we per-
formed a first phase where we used exploratory factor
analysis on the intercorrelations among the nine risk var-
iables. Next, to study the criterion-related validity of the
identified factors, we applied a second phase involving
three steps. First, in step A, we screened for the presence
of nominally significant (P<0.05) cumulative effects of
associated methylation sites in whole blood, to determine
which factors and variables to include in the full-scale
analysis, thereby minimizing false positive findings in
the downstream analysis. These analyses were performed
using the methylation-risk score (MRS) function in RaM-
WAS, a flexible analysis package specifically designed to
handle large-scale methylation datasets [17]. In step B,
for each neonatal risk variable, with nominal significance
in the screening step, we performed a full-scale MWAS
in whole blood and for each cell-type using RaMWAS
[17].
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Determine common and Identify factors with
Goals: | unique factors underlying significant cumulative
neonatal outcome variables. methylation associations
across the genome.
Methods:

Height, Weight, Head Size,
Pre-eclampsia, Maternal

Variables: | Age, Birth Diagnosis,
Gestational Age, Apgar,
Jaundice

Results:

Height, Weight, Head Size,
Pre-eclampsia, Maternal
Age, Birth Diagnosis,
Gestational Age, Apgar,
Jaundice + Size Factor
and Disease Factor
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Detect individual methylation
marks, in whole blood and in
blood cell-types, for each
effect/variable.

Identify biological functions
of relevance to the
investigated effects.

Gestational Age, Apgar,
Jaundice + Size Factor
and Disease Factor

Gestational Age, Apgar,
Jaundice + Size Factor
and Disease Factor

Fig. 1 Overview of the Study Design. Each of the two phases, and steps, of the analysis are summarized with respect to goals, methods, variables,
and results. Abbreviations: MWAS, Methylome-wide Association Study; GO, Gene Ontology

Association tests are performed using linear regression
while accounting for selected covariates including sex,
lab-technical variables, and cell-type proportions. Addi-
tionally, for risk variables loading high (>0.3) on the size
and/or disease factors, the factors were also included as
covariates, which allows for detection of unique effects
by removing common effects. Furthermore, as previously
described [13], the first two principal components from
the methylation data were used as covariates to address
unmeasured confounders. Cell-types investigated were
B cells, monocytes, granulocytes, natural killer (NK)
cells, cytotoxic T (cT) cells, and T helper (Th) cells. The
cell-type specific MWASs were performed using a sta-
tistical deconvolution approach that has been carefully
described and evaluated previously [18]. The method
was introduced over 20 years ago, is widely used in gene
expression studies [19-21] and has been applied to DNA
methylation studies by us and others [22-25]. In short,
the cell-type proportions in combination with the statis-
tical deconvolution algorithm are applied to disentangle
the association with the neonatal health risk variable, for
each cell-type [18, 26]. The statistical model for the cell-
type specific analyses is:

ne ne
ybulk Z mcPe + Z m¥V(RV x P) +E

c=1 c=1

Thus, measurements from bulk tissue YPUX are
regressed on ¢ =1 to n,, cell-type proportions P, and
the product of the risk variable (RV) by cell-type pro-
portions (RV x P.). The model allows for covariates (not

shown) and residual effects E. Coefficient m. is the effect
of cell-type c. The parameter m~" is used to test the null
hypothesis that there is no association for cell-type c and
the health risk variable.

To account for multiple testing and declare methyl-
ome-wide significance in the MWASs, we controlled the
false discovery rate (FDR) at the 0.1 level [27]. Sugges-
tively significant methylation associations were defined
as P<1.0x 107, Finally, in step C, enrichment analysis
for GO terms, using ConsensusPathDB-human release
35[28], were performed for each risk variable, with all
genes linked to suggestively significant (P<1.0x107°)
findings in the bulk and cell-type specific MWASs [28,
29]. Methodological details are presented in Additional
file 1.

Results

Neonatal study samples

One participant was born prematurely (<32 weeks) and
was excluded from all further analyses. For three partici-
pants the birth records indicated gestational age exceed-
ing 301 days (43 weeks), ie., exceeding the length of a
normal pregnancy [30]. These values were interpreted
as likely clerical errors and were set to missing. In addi-
tion, missing information occurred for gestational age,
birth weight, birth height, and head size for a total of 12
of the 2,988 total number of assessments (0.4% missing)
across the different neonatal risk variables. To allow for
inclusion of participants despite the missing values (no
individual had more than two missing values), missing
values were imputed with the MICE R-package, using
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available information from gestational age, birth weight,
birth height, head size and sex [31]. Table 1 provides
information about the study sample and the investigated
neonatal health risk variables.

Phase 1: factor analysis

The results of the factor analysis revealed two distinct
factors (Table 2 and Additional file 1: Figure S1), size fac-
tor and disease factor, capturing the shared effect of the
risk variables. The variables with high loading (>0.3) on
the size factor were weight, head size, height, and gesta-
tional age. Similarly, disease factor captured orthogonal
shared effects with high loadings, including gestational
age, jaundice, and birth diagnosis. Pair-wise correlations
between each risk variables are shown in Additional
file 1: Table S1.

Phase 2A: cumulative association signal

As shown in Table 2, when assessing each of the now
eleven neonatal variables, we observed significant
cumulative effects for five variables. Both common
effect factors showed highly significant Spearman
correlations with the bulk methylation data: size fac-
tor (r=0.24, P=3.78x107°%); disease factor (r=0.15,
P=3.42x107%. Furthermore, significant correla-
tions were observed for unique effects (after regress-
ing the common effects) for gestational age (r=0.13
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Table 2 Factor loadings and cumulative effects of associated
methylation sites

Neonatal Factor loadings Cumulative Effects
health risk

variables size factor Disease factor correlation P
Gestational 0.561 —-0.418 0.132 8.09x 1073
age

Weight 0.954 0.075 —-0.050 8.18x107"
Head size 0.735 -0.102 -0.024 668x107"
Height 0.818 0.140 0.075 8.55%107?
Maternal age 0.034 0.200 0.046 203%107!
Apgar 0.160 —0.140 0.126 1.10x 1072
Jaundice -0.197 0.645 0.202 1.12x 107
Preeclampsia 0.031 0.103 0.039 241%10-
Birth diagnosis  —0.207 0.460 —0.045 794%107!
Size factor NA NA 0.148 3.42x1073
Disease factor ~ NA NA 0.244 3.78x 10

Variables loading high (>0.3) on the factors are shown in bold. Spearman
correlation is reported between risk variables and the assessed cumulative
effect. Pis the corresponding p-value. P<0.05 is indicated in bold

P=8.09%107%) and jaundice (r=0.20 P=1.12X10"%
as well as for Apgar score (r=0.13 P=1.10x1072). No
significant correlations were detected for the individ-
ual size variables (birth weight, birth height, and head
size), preeclampsia, maternal age, or birth diagnosis.

Table 1 Summary of Data for the 332 Participants Included in the Statistical Analyses

Variables Post-imputation Missing
before
N % imputation
Males 191 575 0
Jaundice 17 5.1 0
Birth Diagnosis 99 298 0
Preeclampsia 24 7.2 0
Mean SD
Gestational age (days) 278 12.6 5
Apgar score 89 1.02 0
Birth weight (grams) 3,490 526 1
Birth height (cm) 50.1 243 3
Birth head size (cm) 345 1.68 3
Maternal age (years) 274 4.83 0
B cells 0.08 0.03 0
Granulocytes 0.39 0.08 0
Monocytes 0.18 0.03 0
Nature killer cells 0.05 0.02 0
Cytotoxic T cells 0.15 0.03 0
T helper cells 0.14 0.04 0

N, number of participants; SD, standard deviation
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Phase 2B: methylome-wide association studies (MWASs)
We performed full-scale MWASs, including bulk and
cell-type specific analyses, for size factor, disease factor,
gestational age and Apgar, and full-scale robust MWAS
for jaundice, i.e., the variables for which we observed sig-
nificant cumulative effects. Quantile—quantile plots and
corresponding lambdas for full-scale MWAS, are shown
for each risk variable in Additional file 1: Figure S2. The
shape of these plots and the observed lambdas (0.932—
1.076), as well as the lambdas from the robust MWAS
(0.957-1.082) showed no signs of test statistic inflation,
confirming the accuracy of our P values. An overview of
the number of methylome-wide significant and sugges-
tive findings, for each risk variable, are shown in Table 3.
Here we confine ourselves to top methylome-wide sig-
nificant (g <0.1) findings for each cell-type and loci where
multiple CpGs are linked to genes. Full results are pro-
vided in Additional file 2: Tables S2—Additional file 6:
Table S6.

In regards to the common factors, for the size factor,
we identified a total of 67 methylome-wide significant
findings in bulk (N=13), B cells (N=5), granulocytes
(N=10), monocytes (N=12) and cT cells (N=27). The
most significant findings for both bulk (P=1.61x107",
g=0.003) and B cells (P=3.23x107%, 4=0.078) were
intergenic, without any linked genes. In contrast, the
most significant finding for granulocytes was linked to
the BLNK (P=3.35x107, q=0.069), a gene involved in
kinase signaling and previously associated with Alzhei-
mer disease [32]. Of note, the same CpG, in the BLNK
gene, that was detected in granulocytes was also the
most significant finding in monocytes (P=1.12x107",
g=0.0003), with the opposite direction of effect. This
reinforces the importance of cell-type specific analysis
to detect associations otherwise undetectable in bulk tis-
sue. The most significant finding for cT cells was linked
to the ZNF131 gene (2 CpGs, P=1.66x10-8.05x 107,
q=0.022-0.027), found to be critical for T cell growth
and development [33]. For disease factor, we identified a
total of 248 methylome-wide significant findings, includ-
ing bulk (N=2), monocytes (N=2), cT cells (N=28), and
Th cells (N=216). The most significant findings for bulk
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(P=5.51x10"%, g=0.070), monocytes (P=6.46x1071°,
g=0.016) and cT cells (P=6.35x1071% g=0.015) were
intergenic. The most significant finding in Th cells was
linked to UBR3 (P=3.47x107'!, 4=0.0008), which has
been suggested as a candidate gene for developmental
delay in children [34].

For Apgar, we identified a total of 12 methylome-
wide significant findings, including bulk (N=10),
granulocytes (N=1), and NK cells (N=1). The most sig-
nificant finding for bulk was linked to the gene MANIA2
(P=1.96x107?, =0.015), a susceptibility gene for biliary
atresia in neonates[35]. The significant CpG for granu-
locytes (P=3.10x 10", g=0.075) was intergenic but the
significant CpG in NK cells overlapped with ZNF502
(P=3.88x10"°, g=0.094), a possible biomarker for
depression [36]. No methylome-wide significant findings
were detected for the remaining unique effects of gesta-
tional age and jaundice, when the common effects were
accounted for.

Phase 2C: gene ontology enrichment analysis

The full results for the GO enrichment analysis and clus-
tering, using suggestively significant MWAS findings, are
presented in Additional file 7: Table S7. Here we confine
ourselves to the most significant GO terms and the larg-
est resulting clusters. The findings for size factor were
enriched for 43 GO terms clustering into 7 groups (Addi-
tional file 1: Figure S3A). The most significant term was
cytoskeleton (P=4.00x 10~%), which segregated to a clus-
ter (green) involving cytoskeleton mitotic division. The
largest cluster (blue) was centered on cell signaling and
comprised 9 terms, the most significant being negative
regulation of secretion by cell (P=1.4x1072). The results
for disease factor showed enrichment of 30 terms that
segregated into 8 cluster (Additional file 1: Figure S3B).
Proteoglycan metabolic process was the most significant
term (P=2.5%107°) and fell within a cluster (light green)
relating to glycoprotein processes. The largest cluster
(orange) involved 6 terms focused on nervous system
development, the most significant being neuron projec-
tion development (P=3.22x 1072).

Table 3 Number of Methylome-wide/suggestively significant MWAS Findings (g <0.1/P<1.0x 107)

Neonatal health risk Bulk B cells Granulocytes Monocytes NK cells cT cells Th cells
variables

Size Factor 13/49 5/94 10/45 12/100 0/37 27/100 0/32
Disease Factor 2/109 0/50 0/24 2/29 0/40 28/104 216/234
Gestational Age 0/37 0/59 0/32 0/18 0/17 0/8 0/15
Apgar 10/97 0/53 1/89 0/33 1/24 0/52 0/44
Jaundice 0/6 0/0 0/0 0/0 0/5 0/0 0/0

NK, natural killer; cT, cytotoxic T; Th, T helper
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In regard to unique effects, results for gestational age
included 43 terms, grouped into 5 clusters (Additional
file 1: Figure S3C). The most significant term was cell
projection morphogenesis (P=7.0x107%), which was
part of the largest cluster (green) containing 12 terms,
centered on nervous system development. Findings for
Apgar led to the enrichment of 22 terms segregated into
6 clusters (Additional file 1: Figure S3D). The most sig-
nificant term was homophilic cell adhesion via plasma
membrane adhesion molecules (P=5.0x10"%), which
lies with a cluster (red) centered on the components of
the plasma membrane. The largest cluster (green) was
involved in cell signaling and contained 6 terms, the most
significant being intrinsic apoptotic signaling pathway
(P=1.8x107%). Lastly, our findings for jaundice’s showed
enrichment of 4 terms that clustered into 3 groups
(Additional file 1: Figure S3E). The most significant
term being negative regulation of biosynthetic process
(P=3.5x107%), which fell within the only cluster (green)
that contained more than 1 term.

Discussion

Neonatal outcomes are often correlated and “multifac-
eted” constructs, suggesting they both, shared risk fac-
tors and different aspects of the same outcome may
reflect different biological mechanisms. In this study,
we performed factor analyses on a broad set of neonatal
health risk variables to improve the assessment of neo-
natal outcomes by specifically distinguishing between
the underlying common effects shared between multiple
risk variables and unique effects specific for individual
risk variables. We then investigated the criterion-related
validity of these derived factors via methylation profiles
from neonatal blood. Our analyses revealed two common
and three unique effect factors with significant cumula-
tive association signals. For these factors we observed
multiple methylome-wide significant findings for spe-
cific genes of potential relevance and suggestive findings.
This supports the biological validity of the derived factor
model. Our results may prove of critical importance for
future investigations and applications as different facets
of the same neonatal risk factor may have different clini-
cal correlates.

For example, we found highly significantly associated
methylation differences when examining the common
effects of gestational age via size factor and disease fac-
tor. This suggested biological effects of gestational age on
DNA methylation are mediated through two common
components, potentially involved in distinct functional
mechanisms, represented by size factor and disease fac-
tor. To reinforce this validation the GO enrichment
analysis unveils the involvement of nervous system devel-
opment and cell signaling for both factors. However, a
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more intricate narrative emerges upon more detailed
analysis of the results (i.e.,, GO terms and genes associ-
ated with each risk variable), while the broader biological
processes seem similar, the finer branches within these
processes diverge significantly across the risk variables.
This highlights the importance of considering the corre-
lated and multifaceted nature of neonatal outcomes.

In contrast to the findings related to gestational age,
Apgar score did not load on either of the common factors
and is solely composed of unique effects. This suggests,
Apgar score should continue to be considered a distinct
measure for assessing the immediate and long-term,
health risks for neonates. In validation of this observa-
tion, we detected several highly significantly associated
methylation sites when studying the Apgar score alone.
The detection of these methylation marks further sug-
gests the potential expanded valuable of this already
important variable in a clinical setting.

The study results offer valuable insights into neona-
tal health risk variables. However, it is important to
acknowledge potential limitations when interpreting the
results. The current study involves samples from a rela-
tively homogenous population, comprising individuals
of Swedish descent whose biological and phenotypical
information was collected via a standardized hospital
system. While this study sample offers great homogene-
ity and consistency in data collection, it potentially limits
the generalizability of the findings toward more diverse
populations. In addition, the relatively limited sample
sizes in this study, in particular for the analysis involv-
ing jaundice, which only include a small number of par-
ticipants with this condition, leads to limited statistical
power, which may result in that some methylation differ-
ences go undetected. However, we note that despite low
statistical power, significant findings are detected.

Furthermore, our primary analyses, focusing on
methylation marks associated with neonatal health
risk variables in neonatal blood, are performed with-
out consideration of any disorders the participants may
develop later in life. However, it should be noted that
the investigated participants were originally enrolled to
study schizophrenia, a psychiatric disorder that typi-
cally manifests in late adolescents or early adulthood.
Thus, the participants included 198 individuals that
later in life developed schizophrenia and 135 individu-
als who, well into adulthood, had not been diagnosed
with any psychiatric disorder. Because of this distribu-
tion of schizophrenia cases and controls it is feasible to
further evaluate the potential influence of schizophre-
nia on the investigated risk variables and factor scores.
Therefore, we performed confirmatory factor analy-
ses. Results showed that the measurement structure
is not significantly different (P=0.06) suggesting the
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biological processes underlying the risk variables are
similar across the two groups (Additional file 1).

Moreover, the current study sample involves limited
information about the presence of prenatal exposures,
for example, maternal smoking and prenatal infections,
which could potentially cause confounding effects with
the risk variables. Finally, we note the absence of nucle-
ated red blood cells (nRBC) in our cell-type specific
reference panel, a recognized limitation given nRBCs
often are present the first few days after birth and,
therefore, may contribute to the methylation profiles
generated from whole blood [28, 29]. Despite these lim-
itations, our results encourage future studies to further
validate the derived factors. Future investigations of
larger, and more diverse, cohorts will offer the potential
to uncover further nuances of these findings.

Conclusion

Our novel use of factor analysis showed that clinical
neonatal outcomes are not unidimensional variables
but rather multidimensional, effected by many under-
lying components. We successfully performed crite-
rion-related validation analysis on neonatal health risk
variables, using DNAm on a cell-type specific level,
to show the derived factors have meaning and unique
biological correlates. Our results may prove of critical
importance for future investigations and clinical appli-
cations as the different risk factors may have different
clinical correlates.
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