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We investigated gene expression patterns in whole blood and fecal microbiota profile as potential predic-
tors of immune response to vaccination, using healthy M. hyopneumoniae infection free piglets (n = 120).
Eighty piglets received a dose of prophylactic antibiotics during the first two days of life, whereas the
remaining 40 did not. Blood samples for RNA-Seq analysis were collected on experimental Day 0 (DO;
28 days of age) just prior to vaccination, D2, and D6 post-vaccination. A booster vaccine was given at
D24. Fecal samples for microbial 16SrRNA sequencing were collected at 7 days of age, and at DO and

5?2 gz;‘i?;n D35 post-vaccination. Pigs were ranked based on the levels of M. hyopneumoniae-specific antibodies in
Transcriptome serum samples collected at D35, and groups of ‘high’ (HR) and ‘low’ (LR) responder pigs (n =15 each)
Microbiota were selected. Prophylactic antibiotics did not influence antibody titer levels and differential expression

Pig analysis did not reveal differences between HR and LR at any time-point (FDR > 0.05); however, based on
functional annotation with Ingenuity Pathway Analysis, D2 post-vaccination, HR pigs were enriched for
biological terms relating to increased activation of immune cells. In contrast, the immune activation
decreased in HR, 6 days post-vaccination. No significant differences were observed prior to vaccination
(D0). Two days post-vaccination, multivariate analysis revealed that ADAMS8, PROSER3, B4GALNTI,
MAP7D1, SPP1, HTRA4, and ENO3 genes were the most promising potential biomarkers. At DO, OTUs anno-
tated to Prevotella, CF21, Bacteroidales and S24-7 were more abundant in HR, whereas Fibrobacter,
Paraprevotella, Anaerovibrio, [ Prevotella], YRC22, and Helicobacter positively correlated with the antibody
titer as well as MYL1, SPP1, and ENO3 genes. Our study integrates gene differential expression and gut
microbiota to predict vaccine response in pigs. The results indicate that post-vaccination gene-
expression and early-life gut microbiota profile could potentially predict vaccine response in pigs, and
inform a direction for future research.

Prediction
Mycoplasma hyopneumoniae

© 2019 Elsevier Ltd. All rights reserved.

1. Introduction

The incidence and severity of infectious diseases has a direct
influence on product quality, animal welfare and production eco-

Abbreviations: PND, postnatal day; DE, differential expression/differentially
expressed; HR, high responder; LR, low responder; OTU, operational taxonomic
units; SCFA, short chain fatty acid; TMM, trimmed mean of M-values; CPM, counts
per million; IPA, Ingenuity pathway analysis; sPLS, sparse partial least squares;
sPLS-DA, sparse least squares discriminant analysis; rCCA, regularized canonical
correlation analysis.
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nomics, hence, animal health and wellbeing are important issues
for both producers and consumers. However, strategies aimed at
improving animal resistance to specific pathogens may lead to
increased susceptibility to other diseases [1]. In order to assess
immune capacity or immunocompetence, it is important to under-
stand the molecules that dictate how individuals respond to different
stimuli such as infections, vaccination or environmental stresses.
Although immune competence is naturally revealed during infection,
experimental vaccination addresses many components of the
immune system [2]. As such, commercial vaccines, consisting of inac-
tivated, adjuvanted whole-cell preparations, are widely applied
worldwide. However, in spite of the fact that the success of vaccina-
tion programs is indisputable [3], response to vaccination is highly
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variable between individuals, even within apparently homogeneous
cohorts [4,5]. In this context, previous studies measuring cell medi-
ated immunity in response to vaccination or immune challenge have
indicated a considerable variation among individual pigs [6,7], and
serological responses to vaccines have been shown to differ [7].
Therefore, identification of biomarkers that are predictive of a suc-
cessful vaccine response is of significant importance.

The gut microbiota, which consists of a dynamic community of
bacteria, viruses, fungi, and archaea, is known to impact develop-
ment, maturation and function of the immune system [8-10] and
hence, it is a natural extension that the microbiota will impact
upon vaccine efficacy. In this context, human and non-human pri-
mate studies have suggested a possible link between the micro-
biota and vaccine efficacy [11-13]. For example, in a model of
oral vaccination using heat-labile enterotoxin of enterotoxigenic
Escherichia coli as adjuvant, depletion of the gut microbiota was
associated with depressed Th1 and Th17 responses to the antigen
[11], whereas the presence of commensal microbiota in the gut
was shown to be crucial for the optimal antibody response to influ-
enza and polio vaccines [13]. Increased gut microbiota community
richness and diversity has also been associated with a better
response to vaccination [12,14]. The relationship between the host
and the composition of gut microbiota is also paramount, consider-
ing the influence of both intrinsic and extrinsic factors on the gut
microbiota composition [15]. As such, gut microbiota has been
shown to suppress serum IgA and IgG responses in conventionally
raised mice compared to germ-free mice [10]. In addition, gram-
negative gut commensal bacteria have been shown to induce sys-
temic IgG responses under homeostatic conditions, which may
contribute to protection against Escherichia coli and Salmonella
enterica infections in both humans and mice [16]. Furthermore,
Mach et al. [17] observed that the Prevotella enterotype of 70-
day-old pigs correlated with higher production of secretory IgA,
compared to the Ruminococcaceae enterotype, and could be pre-
dicted from the abundance of Clostridium cluster XIVa and Lacto-
bacillus in 14-day-old pigs. This indicates that -early-life
microbiota is among the factors that program adult microbiota
phenotype, and is important for future pig health.

Previous studies investigating transcriptional responses to vac-
cination in swine have examined transcriptome changes of the
peripheral blood mononuclear cells (PBMCs) at different time
points following initial and booster vaccinations, and the interac-
tions of the transcriptome changes with lean growth performance
[18-20], as well as immune competence following vaccination
through antibody measurement and mitogen stimulation [21].
However, the phenotypic variation in host response prior to vacci-
nation that may be associated with variations in vaccine response
has not been addressed. In this study we investigated variation in
whole blood transcriptome prior to and following vaccination in
pigs, using Mycoplasma hyopneumoniae vaccine as an exemplifier,
and RNA-sequencing technology. In addition, we looked at how
the early-life microbiota composition before vaccination may
relate to vaccine response, a topic that is majorly unexplored in
farm animals. Since M. hyopneumoniae is the primary agent
involved in porcine enzootic pneumonia, characterized by cough-
ing and decreased performance of the affected pigs [22], the results
are of practical relevance to the pig industry.

2. Materials and methods

2.1. Ethical considerations, experimental animals, and antibiotic
administration

The experimental protocol was approved by the University of
Alberta Animal Care and Use Committee - Livestock, and was con-
ducted at the Swine Research and Technology Centre, University of

Alberta, Canada. Animal care, vaccination, injections, and sample
collection were performed according to the Canadian Council on
Animal Care guidelines. At the time of the experiment, the facility
was free of M. hyopneumoniae infection and there was no history of
vaccinating against it. A total of 120 healthy M. hyopneumoniae infec-
tion free piglets ((Large White x Landrace) x Duroc) were used in 4
groups of 30 animals to facilitate sample collection and processing.
At farrowing, 20 sows (parity > 3) were identified and six piglets
closest to the average birth weight of the litter were selected (3 male,
3 female). Of the littermates, four piglets (2 males, 2 females) in the
litter received a prophylactic dose of 0.5 mL Oxytetracycline antibi-
otics at processing (n=80), whereas the remaining two piglets (1
male, 1 female) did not (n =40). The antibiotics were introduced to
investigate whether this would have any effect on the vaccine
response. The piglets were weaned at 21 * 2 days of age and group
housed with their on-trial littermates in nursery pens. Also, body
weight was determined at different time-points (at birth, at weaning,
and at the end of the experiment (PND 63).

2.2. Vaccination against Mycoplasma hyopneumoniae, fecal and blood
sampling

On postnatal day (PND) 28, (Experimental day 0; DO), piglets
were vaccinated with RespiSure-ONE (1 mL, intramuscular injec-
tion), and a booster vaccine was given at day 24 (D24). Fecal sam-
ples for microbiota profiling were collected at 1 week of age (PND
7), prior to vaccination (PND28; DO0), and at D35. Blood samples
were collected at DO, D2, D6, and D35. The blood samples collected
at DO, D2, and D6 were used for gene expression analysis, while
the D35 blood samples were used for the quantification of
M. hyopneumoniae-specific antibodies in serum Fig. 1.

2.3. Sample processing and selection of high (HR) and low (LR)
responder pigs

Immediately after collection, fecal samples were placed on ice
and later transferred to - 80 °C freezer for storage until use for
microbial DNA extraction. Blood samples for gene expression (col-
lected in blue Tempus tubes; ThermoFisher Scientific, Mississauga,
ON, CA) were shaken vigorously immediately after collection,
placed on ice, and subsequently transferred to — 80 °C freezer, until
used for RNA extraction.

Blood samples for humoral immune assay were collected in
serum tubes pre-coated with clot activator. Immediately after col-
lection, the tubes were inverted 5-6 times to mix clot activator and
allowed to sit for 30 min at room temperature. Next, the samples
were centrifuged at 15,000g for 10 min at 4 °C, and 1 mL serum
was recovered into micro centrifuge tubes, frozen, and shipped to
Biovet, Saint-Hyacinthe, QC, Canada for quantification of M. hyop-
neumoniae-specific antibody titers in serum, using the Idexx
enzyme-linked immunosorbant assay (ELISA) kit. The anti-
Mycoplasma-1gG antibody titers varied significantly between vacci-
nated pigs, with a range of 64-fold difference between the highest
and lowest responders. Therefore, for the transcriptome and micro-
biome analyses, groups of ‘high’(HR) and ‘low’ (LR) responder pigs
(n =15 each) were identified and selected from the extremes of a
list of pigs ranked by antibody titers.

2.4. RNA preparation, library construction and Illumina sequencing

Total RNA was extracted from the blood samples collected at DO
and D6 post-vaccination for the HR and LR groups only (n=15
each), and from all the blood samples collected at D2 (n=117; 3
pigs were removed from the experiment), using Norgen's Pre-
served Blood RNA Purification Kit I (Norigen Biotek Corp). The
quantity and quality of the RNA were determined using the Agilent
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Fig. 1. Experiment groups and study design.

2100 Bioanalyzer (Agilent Technologies, Santa Clara, CA) and Nan-
odrop 2000 (Thermo Scientific, Wilmington, DE). To enhance the
sensitivity of RNAseq to detect differential expression, highly
abundant erythrocyte-derived globin transcripts were removed
prior to sequencing, as previously described [23]. Next, RNA library
was constructed using the Truseq RNA Sample Preparation Kit V2
(Illumina, Inc., San Diego, USA) as described previously [24].

2.5. Identification and quantification of mRNAs

Read processing was conducted as previously described [24].
Briefly, RNA-Seq reads flagged as low quality by the chastity filter
in CASAVA 1.8 were removed, as well as reads with an average read
quality score below 15 and reads in which over 5 of the last 10 bases
had a PHRED quality score below 2. Next, the reads were aligned to
pig reference genome sequence assembly (Sscrofa10.2) using Tophat
2.0.12 [25] with default parameters. For annotation of genes, the GTF
file for Sscrofa10.2 from Ensembl version 71 was utilized, and the
number of reads uniquely mapped to each gene was determined
using Htseq-count (v0.6.1) [26]. The Bioconductor (version 3.6)
edgeR package (version 3.20.9) was used for further processing of
the reads [27] within the R statistical programming language (ver-
sion 3.4.3). The read counts per gene were normalised to counts
per million (CPM). Genes expressed at very low levels were removed
by keeping only those genes that achieve CPM above 0.8 in at least
fifteen samples, whilst Trimmed mean of M-values (TMM) normali-
sation was applied to this dataset to account for compositional differ-
ences between the libraries. CPM values were used for the
differential expression analysis, and clustering of samples by gene
expression data (transformed to log2 CPM) was evaluated using
multi-dimensional scaling in two dimensions using the plotMDS
function in the limma (version 3.34.9) package of Bioconductor.

2.6. Differential expression analysis, ingenuity pathway analysis, and
multivariate analyses

Differential gene expression between HR and LR responder pigs
at each time-point were performed using edgeR. Genes with 1.2-
fold change and ordinary P values < 0.05 were uploaded into IPA
(IPA; (version 01-12), Ingenuity Systems, Redwood City, CA) to
identify relevant categories of molecular pathways, transcriptional

networks and biological functions and processes, as derived from
the expert annotated database that is provided by the Ingenuity
Knowledge Base. The IPA output included biological functions and
signalling pathways with statistical assessment of the significance
of their representation based on Fisher’s Exact test. The biological
functions and processes that presented a Z-activation score of 2
and above were considered activated. In addition, ‘mixOmics’ R pack-
age (v 6.3.1) [28-30] was used for the multivariate analysis of the
gene expression data, particularly, the sparse Partial Least Squares
(sPLS) regression, sparse Partial Least Squares Discriminant Analysis
(sPLS-DA), and the regularized canonical correlation analysis (rCCA)
[31], in order to identify genes that were more predictive of the
observed immune response. sPLS maximises the covariance between
two datasets by searching for linear combinations of the variables,
and also imposes sparsity within the context of partial least square
and thereby carries out dimension reduction and variable selection
simultaneously [28,29,31]. The perf{) function was used to evaluate
the model using M-fold cross-validation repeated 60 times. The
parameter Q2.total was used to tune the number of components
using the perf() function. The rule of the thumb is that a component
should be included in the model if its value is greater than or equal to
0.095. PLS-DA is a supervised approach focusing on the discrimina-
tion of the groups being compared [30], whereas sPLS-DA aims to
identify a small subset of genes that best discriminate the groups.
rCCA identifies and quantifies correlation between two datasets
and regularizes the empirical covariance matrices of X and Y by add-
ing a multiple to the identity matrix [31].

2.7. Times series gene expression analysis

Time series expression analysis between HR and LR pigs (across
time-points DO, D2, and D6) was conducted using the maSigPro
[32] package (version 1.5.0) implemented in R software.

2.8. DNA Extraction, sequencing, bioinformatics and statistical
analyses of 16S data

Total DNA was extracted from fecal samples (collected at PND7, DO
and D35 from HR and LR groups only) using a QIAamp stool extraction
kit (Qiagen Inc., Valencia, CA), following the protocol for human DNA
analysis, and with the addition of a bead-beating step as described
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previously [33]. Amplicon libraries from the V3-V4 region of the 16S
RNA gene were constructed and amplified following the Illumina
16S metagenomic sequencing library preparation protocol. The
primers targeting this region were: forward, 5'-TCGTCG
GCAGCGTCAGATGTGTATAAGAGACAGCCTACGGGNGGCWGCAG-3';
reverse, 5'-GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGGAC
TACHVGGGTATCTAATCC-3'. Paired-end sequencing of the pooled
library was performed on an Illumina MiSeq platform (Illumina
Inc., San Diego, CA) using 2 x 300 cycles. The raw sequence reads
were merged using the PANDAseq algorithm [34], and downstream
analysis was performed using QIIME 1.9.1 (Quantitative Insight
into Microbial Ecology) software [35]. Briefly, the merged
sequences were dereplicated and filtered for chimeras against
the Usearch61 algorithms [36], and the sequences retained after
the pre-processing steps were used for the open reference-based
operational taxonomic units (OTU) picking process, using the green
genes database (v. 13.8) clustered at 97% identity.

Species richness estimates (Chaol, Observed OTUs, and
abundance-based coverage estimators; ACE), and evenness indices
(Shannon and Simpson), were determined at each time-point,
using the phyloseq package (v. 1.22.3) implemented in R software
(v.3.4.3). Between-sample diversity (beta diversity) was assessed
using the unweighted and weighted UniFrac [37] distances and
Principal-coordinate analysis (PCoA) was used to visualize these
distances using EMPeror [38]. Overall differences between groups
in both weighted and unweighted Unifrac distances were com-
pared using Anosim in QIIME.

For microbial characterization, differential abundance at OTU,
genus and phylum levels was determined using R package Meta-
genomeSeq (v 1.20. 1). In this context, low abundant OTUs were fil-
tered to only include OTUs that were present in at least 20% of the
samples at each time point, whereas the effect of gender, batch,
weaning age, and antibiotics (both HR and LR groups were well
represented in the antibiotic groups) were included in the model
as cofactors. Next, the list of differentially abundant OTUs between
the HR and LR pigs was subjected to multivariate analysis using
mixMIC frameworks of the mixOmics (v 6.3.1) R package, and a
supervised method sPLS-DA was used to estimate the most con-
tributive OTUs between HR and LR, at each sampling time-point.
The OTUs were normalized with a scaling factor method [39].
Additionally, sPLS-DA and Linear discriminant analysis effect size
(LEfSe), were used to identify taxa/genera that were more discrim-
inant between the HR and LR groups. For the sPLS-DA analysis, we
used the ‘mixMC’ option in mixOmics R package, whereas for the
LEfSe analysis genera that were relatively more abundant in a par-
ticular sample group were identified by LEfSe using the Kruskal-
Wallis test (P <0.05) and the effect size of each of these genera
was estimated using linear discriminant analysis [40]. An LDA
score (logo) of 2.0 was used as the cut-off for identifying differen-
tially abundant genera. Finally, sPLS and rCCA were used to high-
light correlations between the early-life microbiota and IgG titer
measured at D35 or the final body weight, and to integrate the
selected OTUs or taxa with the genes that correlated with the
levels of M. hyopneumoniae-specific IgG at D2 post-vaccination.

Data availability: Raw sequence reads of the 16S rRNA gene
amplicon data are available through the SRA with accession num-
ber SRP158411.

3. Results

3.1. Administration of prophylactic antibiotics did not influence
antibody titers

Based on the ELISA analysis, exposure to prophylactic antibi-
otics at processing did not influence the M. hyopneumoniae-

specific antibody titers measured at D35, and hence, the effect of
prophylactic antibiotics was either included as a covariate in the
subsequent analysis, or not considered at all.

3.2. Blood transcriptome analysis

3.2.1. Biological processes and functions vary between HR and LR
groups, D2 post-vaccination

Differential expression analysis by edgeR did not reveal DE
genes (FDR > 0.05) between HR and LR at DO, D2, or D6 post-
vaccination, and no separation between HR and LR on either day,
based on multi-dimensional scaling in two dimensions (data not
shown). Also, time series expression analysis by maSigPro did not
reveal significant differences between HR and LR across time-
points. However, at D2 post-vaccination, IPA showed that the most
significantly activated (Z-score > 2) biological functions in HR pigs
compared to LR pigs were majorly associated with an increase in
biological functions related to migration, recruitment, activation,
and adhesion of immune cells (Table 1).

Six days post-vaccination (D6), HR pigs were associated with a
decrease in a number of biological functions relating to the activi-
ties of various immune cells (Table 2). No significant differences
were observed between the HR and LR pigs prior to vaccination
(DO).

3.2.2. Discriminant genes between HR and LR pigs and identification of
candidate biomarkers

To determine if any of the genes were associated with the HR or
LR phenotypes, we performed PLS-DA analysis at DO, D2, and D6
time points. At DO and D6 time-points, no variables/genes could
be selected, suggesting that there were no genes that significantly
discriminated between HR and LR groups, and hence, no further
analysis could be conducted. At D2 time-point, HR and LR groups
were well discriminated, as confirmed by a relatively low perfor-
mance error rate and the receiver operating characteristic (ROC)
curve (Supplementary Fig. 1A-C). The selected genes on the first
two components were projected on a loading/contribution plot, a
correlation circle, and a cluster image map (Fig. 2 A-C). The genes
with the highest contribution in HR pigs include: ADAM metal-
lopeptidase domain 8 (ADAMS), proline and serine rich 3 (PROSER3),
beta-1,4-N-acetyl-galactosaminyltransferase 1 (B4GALNT1), and
MAP?7 domain containing 1 (MAP7D1). Interestingly, rCCA analysis
revealed a positive correlation between these genes and the anti-
body titers. Also, TAP2, MAP7D1 and ADAMS8 showed a positive cor-
relation with the final body weight (Fig. 2 C).

Supplementary data associated with this article can be found, in
the online version, at https://doi.org/10.1016/j.vaccine.2019.02.
016.

After the sPLS tuning, only three components passed the thresh-
old, and 30 genes that were more predictive of the observed
immune response, based on the first two components of the model
were identified (Fig. 3 A-B). Interestingly, further rCCA analysis
revealed that several genes showed a positive correlation with
the antibody titers, including: SPP1, MYL1, ENO3, HTRA4, and PLAU
(Fig. 3 C). Supplementary Fig. 2 shows a graphical visualization of
the expression of some of these genes at each time-point.

3.3. Fecal microbiota analysis

3.3.1. Early life microbiota biodiversity and structural changes as a
predictor of vaccine response

The phylogenetic diversity measures of the fecal microbiota did
not reveal significant differences between HR and LR pigs (P > 0.05)
at any time-point (data not shown). Similarly, no significant effects
were observed on bacterial community composition (beta diver-
sity) on both weighted and unweighted UniFrac distances, except
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Table 1
Table listing all the significantly predicted biological processes/functions in HR compared to LR based on the IPA analysis, at D2 post-vaccination. Only those with z-score > 2 are included.

Functions annotation p-Value Predicted Activation Molecules
activation state  z-score
Edema 0.0019 Decreased -2.18 C3,C5AR2,CAV1,F3,F7,KMT2A,MYCN,NCOR1,PLAU,SPHK1
Inflammation of lung 0.0046 Decreased —2.789 BCL6,C3,CAV1,CBL,CSF2RB,IL2RG,LGALS3,LY96,PLAU,SPHK1
Leukocyte migration <0.0001 Increased 3.079 ADAM15,ADAMS8,ADGRG3,BST1,C3,C5AR2,CAV1,CBL,CHI3L1,CSF2RB,CTGF,F3,F7,GLRX, IL18BP,IL1A,LGALS3,LITAF,LY96,MYB,NPY,PLAU,QPCT,SPHK1,
SPP1,THBD
Neovascularization <0.0001 Increased 2.155 ADAM15,C3,CBL,CTGF,F3,LGALS3,NPY,PLAU,SPHK1,SPP1
Vascularization <0.0001 Increased 2.355 ADAM15,B4GALNT1,C3,CBL,CTGF,F3,LGALS3,NPY,PLAU,SPHK1,SPP1
Proliferation of lymphatic <0.0001 Increased 291 BCL6,C3,CAV1,CBL,CHI3L1,CSF2RB,CTGF,FTL,GAPT,IL1A,IL2RG,KMT2A,LGALS3,LY96, MYB,MYCN,NPY,PLAU,RELT,SOX13,SPP1,VSIG4
system cells
Adhesion of vascular <0.0001 Increased 2.575 ADAM15,F3,IL1A,LGALS3,LGALS8,NPY,SPP1
endothelial cells
Development of <0.0001 Increased 2.208 ADAM15,ADAMS8,BMP1,(3,CAV1,CBL,CHI3L1,CSF2RB,CTGF,F3,F7, GLRX,IL18BP,IL1A,KMT2A,LGALS3,LGALS8, MYB,MYCN,NPY,PLAU,SMAD9,SPHK1,
vasculature SPP1,THBD, ZMYND10
Proliferation of <0.0001 Increased 2.492 BCL6,C3,CAV1,CBL,CSF2RB,CTGF,FTL,GAPT,IL1A,IL2RG,LGALS3,LY96,MYB,MYCN, NPY,PLAU,RELT,SOX13,SPP1,VSIG4
lymphocytes
Cell movement of <0.0001 Increased 2.065 ADAM15,ADAMS8,BST1,C3,C5AR2,CTGF,F3,IL1A,LGALS3,PLAU,SPHK1,SPP1, THBD
granulocytes
Engulfment of granulocytes <0.0001 Increased 2 C3,CSF2RB,GLRX,IL1A,PLAU
Quantity of connective 0.0001 Increased 3.223 B4GALNT1,C3,CAV1,CBL,CTGF,GPAT3,IL1A,MYB,NBEAL2,NCOR1,NPY, PICALM, PILRA,PLAU,PSTPIP2,SPHK1,SPP1
tissue
Adhesion of immune cells  0.0001 Increased 2.496 C3,C5AR2,CSF2RB,F3,GLRX,IL1A,LGALS3,NPY,PILRA,PLAU,SPP1,THBD
Cell movement of myeloid  0.0001 Increased 2.261 ADAM15,ADAMS,BST1,C3,C5AR2,CAV1,CTGF,F3,IL1A,LGALS3, LITAF,PLAU, QPCT, SPHK1,SPP1,THBD
cells
Cell movement of 0.0001 Increased 2.57 ADAM15,ADAMS,BST1,C3,C5AR2,CAV1,CTGF,F3,F7,IL18BP,IL1A, LGALS3, LITAF,MYB,NPY,PLAU,QPCT,SPHK1,SPP1,THBD
leukocytes
Cell movement of 0.0001 Increased 2.249 ADAM15,ADAMS,BST1,C3,C5AR2,CAV1,CTGF,IL1A,LGALS3,LITAF,NPY,PLAU,QPCT, SPHK1,SPP1,THBD
phagocytes
Proliferation of blood cells  0.0001 Increased 2.848 BCL6,C3,CAV1,CBL,CSF2RB,CTGF,FTL,GAPT,IL1A,IL2RG,KMT2A,LGALS3, LY96,MYB,MYCN,NPY,PLAU,RELT,SOX13,SPP1,VSIG4
Recruitment of 0.0001 Increased 2.804 C3,CAV1,CHI3L1,CSF2RB,GLRX,IL1A,LGALS3,LY96,SPP1
granulocytes
Angiogenesis 0.0001 Increased 2.208 ADAM15,ADAMS,C3,CAV1,CBL,CHI3L1,CSF2RB,CTGF,F3,GLRX,IL18BP,IL1A,KMT2A,LGALS3,LGALS8, MYB, NPY,PLAU,SPHK1,SPP1,THBD,ZMYND10
Binding of blood cells 0.0002 Increased 2.687 C3,C5AR2,CSF2RB,F3,GLRX,IL1A, LGALS3,NPY,PILRA,PLAU,SIGLEC5,SPP1, THBD
Binding of fibroblast cell 0.0002 Increased 2.144 CBL,CTGF,IL2RG,LGALSS8,SIGLEC5,SPP1
lines
Recruitment of myeloid 0.0002  Increased 2.959 C3,CAV1,CHI3L1,CSF2RB,F3,GLRX,IL1A,LGALS3,LY96,SPP1
cells
Cell proliferation of T 0.0002  Increased 2.054 C3,CAV1,CBL,CSF2RB,CTGF,FTL,IL1A,IL2RG,LGALS3,MYB,NPY,PLAU, RELT,SOX13, SPP1,VSIG4
lymphocytes
Activation of cells 0.0002 Increased 3.216 ADAMS,C3,CBL,CHI3L1,CSF2RB,CTGF,F3,F7,ICA1,IL1AIL2RG,KLRF1, LGALS3,LY96, MYCN,NBEAL2,NPY,PLAU,SIRPG,SPP1,TAS1R3,THBD
Activation of blood cells 0.0002  Increased 2.718 C3,CBL,CHI3L1,CSF2RB,F3,F7,ICA1,IL1A,IL2RG,KLRF1,LGALS3,LY96,MYCN,NBEAL2,NPY,SIRPG,SPP1,THBD
Cell movement of antigen 0.0004  Increased 2.051 C3,CAV1,CTGF,IL1A,LGALS3,LITAF,NPY,PLAU,SPHK1,SPP1,THBD
presenting cells
Cell movement 0.0006 Increased 3.586 ADAM15,ADAMS8,ADGRG3,BST1,C3,C5AR2,CAV1,CBL,CDH4,CHI3L1,CSF2RB,CTGF,DNAH1,F3,F7,FNDC3B,GLRX,IL18BP,IL1A,KMT2A,LGALS3,LGALSS,
LITAF,LY96,MAP3K12,MBOAT7,MYB,NPY,P4AHA2,PLAU,QPCT, SH3BP1, SPHK1,SPP1,TAS1R3,THBD,TP53INP2,ZMYND10
Inflammatory response 0.0007  Increased 2416 ADAMS,BCL6,BST1,C3,C5AR2,CAV1,CHI3L1,F7,IL1A,LGALS3,LITAF,LY96, mir-147 NPY,PLAU,SPHK1,SPP1,THBD
Recruitment of leukocytes 0.0007 Increased 2.964 C3,CAV1,CHI3L1,CSF2RB,F3,GLRX,IL1A,LGALS3,LY96,SPP1
Migration of phagocytes 0.0007  Increased 2.94 ADAM15,BST1,C3,CTGF,LGALS3,NPY,PLAU,QPCT,SPP1
Phagocytosis of cells 0.0009 Increased 2.174 C3,CAV1,CBL,CSF2RB,GLRX,LGALS3,NPY,PEAR1,PLAU
Internalization of cells 0.0009 Increased 2.371 C3,CBL,CSF2RB,GLRX,LGALS3,LY96,PEAR1,PLAU
Recruitment of neutrophils 0.0009 Increased 2.433 CAV1,CHI3L1,GLRX,IL1A,LGALS3,LY96,SPP1
Migration of cells 0.0010  Increased 3314 ADAM15,ADAMS8,ADGRG3,BST1,C3,C5AR2,CAV1,CBL,CHI3L1,CSF2RB,CTGF,F3,F7,FNDC3B,GLRX,IL18BP,IL1A,KMT2A,LGALS3,LITAF,LY96,MAP3K12,
MBOAT7,MYB,NPY,P4HA2,PLAU,QPCT,SH3BP1,SPHK1,SPP1,THBD,TP53INP2,ZMYND10
Adhesion of phagocytes 0.0012 Increased 2.168 C3,F3,GLRX,IL1A,NPY,PLAU
Migration of granulocytes 0.0012 Increased 2.401 ADAM15,BST1,C3,F3,PLAU,SPP1
Vasculogenesis 0.0014  Increased 2.139 ADAM15,C3,CAV1,CBL,CSF2RB,CTGF,F3,GLRX,IL18BP,IL1A,KMT2A, LGALS3,NPY,PLAU, SPHK1,SPP1,THBD

(continued on next page)
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Table 1 (continued)

Molecules

Activation
z-score

Predicted

p-Value

Functions annotation

activation state

Increased

0.0015

Activation of endothelial

C3,F3,IL1A,PLAU

cells
Cell movement of

ADAM15,ADGRG3,CAV1,CTGF,F3,KMT2A,LGALS3,PLAU,SPP1,THBD

2.324

Increased

0.0016

endothelial cells
Recruitment of phagocytes

Concentration of

CAV1,CHI3L1,F3,GLRX,IL1A,LGALS3,LY96,SPP1

CAV1,F7,IL1A,LGALS8, MBOAT7,SPP1

2.621

Increased

0.0016
0.0017

2.195

Increased

phosphatidic acid
Engulfment of cells

C3,CAV1,CBL,CSF2RB,GLRX,IL1A,LGALS3,NPY,PEAR1,PICALM, PLAU

CAV1,CBL,CPT1C,MEDAG,NPY,PLAU,SPP1

2.324
2.02
2.02

ncreased
ncreased
ncreased
ncreased
ncreased

C3,CAV1,CBL,CPT1C,MEDAG,NPY,PLAU,SPP1

ADAM15,BST1,CAV1,F3,NPY,SPP1

2.425

2.562

Uptake of D-glucose

0.0024

Uptake of monosaccharide
Transmigration of cells

Proliferation of

CBL,CSF2RB,IL1A,IL2RG,KMT2A,LGALS3,MYB,SPP1

hematopoietic cells
Migration of endothelial

ADAM15,ADGRG3,CAV1,CTGF,F3,KMT2A,PLAU,SPP1,THBD

2.524

Increased

0.0030

cells
Cell spreading

BST1,C3,CBL,LGALS3,LGALS8,PLAU,SPHK1,SPP1

C3,CSF2RB,GLRX,IL1A,LGALS3,PLAU

CAV1,F3,LY96,SPHK1

2.053

Increased
Increased

0.0033
0.0039
0.0041
0.0042

2.148

Engulfment of leukocytes

P.M. Munyaka et al./Vaccine 37 (2019) 1743-1755

Increased

Endotoxin shock response

Cell movement of

2.384

Increased

CAV1,CBL,CTGF,F7,FNDC3B,PLAU,SPP1

connective tissue cells
Migration of connective

CAV1,CBL,CTGF,FNDC3B,PLAU,SPP1

2.18

Increased

0.0047

tissue cells
Activation of leukocytes

C3,CBL,CHI3L1,CSF2RB,F7,ICA1,IL1A,IL2RG,KLRF1,LGALS3,LY96, NPY,SIRPG,SPP1

2.672

Increased

0.0058

at DO time-point where the weighted Unifrac distance differed
between HR and LR (P=0.0429), suggesting an effect of more
abundant bacteria (data not shown). At PND7 time-point, only 24
OTUs were found to be differentially abundant between the HR
and LR pigs, and sPLS-DA analysis of these OTUs showed that OTUs
annotated to Lachnospiraceae, Parabacteroides distansosis, Bac-
teroides ovatus, Bacteroides and Sphaerochaeta best discriminated
the HR compared to LR group (Fig. 4 A). Also, sPLS-DA analysis
revealed that genera Actinomyces, Clostridium, Peptostreptococcus,
Butyricimonas, Roseburia, Coprococcus, Prevotella unclassified Lachi-
nospiraceae, among others discriminated the HR group from the LR
group (Fig. 4 B). Based on the LEfSe analysis, genera Arcanobac-
terium unclassified Actinomycetaceae, and unclassified Actinobac-
teria were enriched in the HR compared to LR group (Fig. 4C).
Correlation analysis at genus level revealed that Butyricimonas,
Roseburia and CF231 genera positively correlated with the antibody
titers, and a similar pattern of correlation with the final body
weight was observed (Fig. 4 D). At DO time-point, a total of 67 OTUs
were differentially abundant between HR and LR pigs. In this con-
text, most of the OTUs annotated to Prevotella, CF21, Bacteroidales
and S24-7 were more abundant in HR pigs compared to the LR pigs
(Fig. 5 A), and correlation analysis revealed their positive associa-
tion with the antibody titer, and with MYL1, SPP1, and ENO3 genes
(Fig. 5 B, C). At the genus level, Fibrobacter, Sharpea, Paraprevotella,
Anaerovibrio, [Prevotella], YRC22, pyramidobacter, and Helicobacter
positively correlated with the antibody titer, and some of these
genera also had a positive correlation with SPP1, MYL1, ENO3,
SLN, and PDPN genes (Fig. 5 D, E). At D35, a total of 39 OTUs were
differentially abundant between HR and LR pigs, with several OTUs
annotated to Succinivibrio, and S24-7 being more abundant in HR
compared to LR (data not shown). Correlation analysis did not
reveal any positive association between the OTUs and the antibody
titers.

4. Discussion

The evidence of genetic variation and several breeding
approaches to improve the genetic potential for immunocompe-
tence has been pointed out and discussed in the past [41]. Our
aim was to profile whole blood transcriptome in HR and LR pigs
in order to identify genes whose expression correlate with specific
antibody titer levels to predict vaccine response prior to vaccina-
tion, using M. hyopneumoniae vaccination. Initial microarray char-
acterization of transcriptional in vivo response of porcine PBMCs to
immune stimulation using tetanus toxoid as a model antigen [19]
revealed considerable changes on the mRNA levels very early after
vaccination, and a decrease in the number of DE genes at a later
date post-vaccination. The study also reported an earlier broad
transcriptional response of naive PBMCs following vaccination,
whereas Regnstrom and colleagues [42] observed an immediate
transcriptional response of murine spleen cells, 4 h after in vitro
stimulation by tetanus toxoid. Also, studies looking at transcrip-
tome changes following experimental Salmonella infection in pigs
have reported substantial whole blood transcriptome changes
2 days post-infection compared to day 0 in both low and persistent
shedders, but not before infection [24,43]. Although our study took
a different approach, these studies agree with the fact that we were
also unable to detect DE genes between HR and LR pigs prior to
vaccination, and even after vaccination. This could be due to the
relatively small sample size and variability among samples within
each group that reduce the power to detect changes in expression,
coupled with the strict multiple testing corrections, or due to fac-
tors relating to the vaccine itself that may make it difficult to
detect differentially expressed genes. Hence, a broader or more
sensitive approach may be required in order to identify those



Table 2
Table listing all the significantly predicted biological processes/functions in HR compared to LR based on the IPA analysis, at D6 post-vaccination. Only those with z-score > 1.5 are included.

Functions annotation p- Predicted Activation z-  Molecules
Value  activation state score
Cell movement 0.0001 Decreased —2.748 AGER,APBB2,C3AR1,CADPS2,CD34,CEBPB,CSF2RA,IFT88, KCNN3, LAMB1,LTF,MMP8, MSR1,NCAM1,NLRP3,NRG1,PGLYRP1,PRKAA1, SCLT1,
SNCG,SPARCL1,SPP1,STK3,THBD,TNFAIP6,TNFRSF10A
Migration of cells 0.0001 Decreased —2.684 AGER,APBB2,C3AR1,CADPS2,CD34,CEBPB,CSF2RA, KCNN3,LAMB1, LTF, MMP8 MSR1,NCAM1,NLRP3,NRG1,PGLYRP1,PRKAA1,SNCG, SPARCL1,
SPP1,STK3,THBD,TNFAIP6,TNFRSF10A
Quantity of cells 0.0005 Decreased —2.557 AGER,C3AR1,CADPS2,CD34,CEBPB,CYP27B1,IFT88, MMP8,MPL, MSR1,NCAM1,NLRP3,NRG1,PGLYRP1,PRKAA1,SNCG,SPP1,STK3, THBD,TNFAIP6,
TNFRSF10A
Differentiation of connective 0.0021 Decreased -2.377 AGER,C3AR1,CEBPB,IFT88,LTF,MEDAG,NLRP3,NRG1,SPP1,STK3
tissue cells
Proliferation of muscle cells 0.0026 Decreased -2.377 AGER,C3AR1,MMP8,NRG1,SPP1,THBD,TNFRSF10A
Activation of antigen 0.0040 Decreased -2.236 AGER,CEBPB,LTF,MSR1,NRG1,TNFRSF10A
presenting cells
Quantity of blood cells 0.0032 Decreased -2.214 AGER,C3AR1,CD34,CEBPB,CYP27B1,MMP8,MPL,NLRP3,PGLYRP1, PRKAA1,SPP1,THBD,TNFRSF10A
Inflammatory response 0.0001 Decreased -2.201 AGER,C3AR1,CEBPB,CSF2RA,HPGDS,LTF, MMP8, MSR1,NLRP3,NRG1,PGLYRP1,SPP1,THBD,TNFAIP6
Proliferation of smooth 0.0021 Decreased -2.178 AGER,C3AR1,MMP8,SPP1,THBD,TNFRSF10A
muscle cells
Proliferation of immune cells ~ 0.0071 Decreased —2.145 AGER,CEBPB,CSF2RA,DNTT,HPGDS,LTF,MPL,NRG1,SPP1,TNFRSF10A
Delayed hypersensitive 0.0002 Decreased -2 AGER,CEBPB,NLRP3,SPP1,THBD
reaction
Quantity of myeloid cells 0.0029 -1.981 AGER,C3AR1,CD34,MMP8,MPL,PGLYRP1,SPP1,THBD
Metabolism of eicosanoid 0.0001 -1.967 AGER,CEBPB,CYP2C18,HPGDS,LTF,NCAM1,NRG1
Immune response of T 0.0023 —1.949 AGER,C3AR1,HPGDS,MSR1
lymphocytes
Activation of phagocytes 0.0021 -1.912 AGER,CEBPB,LTF,MSR1,NRG1,SPP1,TNFRSF10A
Uptake of D-glucose 0.0005 -1.775 CEBPB,IFT88, MEDAG,NRG1,PRKAA1,SPP1
Vasculogenesis 0.0073 -1.768 AGER,C3AR1,CD34,FBLN1,IFT88,NRG1,PRKAA1,SPP1,STK3,THBD
Phagocytosis 0.0040 -1.747 AGER,C3AR1,CEBPB,EPG5,MSR1,PGLYRP1
Proliferation of blood cells 0.0055 -1.72 AGER,CD34,CEBPB,CSF2RA,DNTT,HPGDS,LTF,MPL,NRG1,SPP1, TNFRSF10A
Activation of myeloid cells 0.0059 —1.664 AGER,CEBPB,LTF,MSR1,NRG1,SPP1
Immune response of 0.0001 -1.571 AGER,C3AR1,CEBPB,HPGDS,MSR1,PGLYRP1,PRKAA1,THBD
leukocytes
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Fig. 2. A-C: Supervised analysis and feature selection with sPLS-DA at D2 time-point. A; Loading plot of each feature selected on the first component, with color indicating the
group with a maximal mean expression value for each gene, B; Correlation circle plot representing each type of selected features, C; Clustered Image Map (Euclidean Distance,
Complete linkage) showing the correlation between the antibody titer and final body weight with sPLS-DA-selected genes. Antibody titer and final body weight are
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Fig. 3. A-C: Unsupervised analysis and feature selection with sparse PLS at D2. A; Correlation Circle plots for the first two sPLS dimensions (30 genes selected in total). The
circle displays the antibody titer (IgGTiter) and the selected genes. The nature of the correlation between two variables can be visualised through the angles between two
vectors: a sharp angle indicates positive correlation, an obtuse angle indicates negative correlation, and a right angle indicates no correlation, B; Relevance network
highlighting the association between the IgGTiter and selected genes. Red and green edges indicate positive and negative correlation, respectively, C; Clustered Image Map
showing the correlation between the antibody titer and final body weight with sPLS-DA-selected genes. Antibody titer and final body weight are represented in rows, selected
features on the first component in columns with deep brown showing a positive correlation and deep blue a negative correlation.

genes. Therefore, we employed alternative approaches including
IPA and empirical multivariate analysis in order to find potential
putative predictors of vaccine response.

Comparison of DO transcriptome profiles performed among the
HR and LR groups using IPA did not reveal significant differences in
terms of affected canonical pathways or biological functions. This
indicates that the animals were in a naive state before the vaccina-
tion, or that the experiment did not have sufficient power to detect
differences at baseline due to similar reasons cited above. Never-
theless, at two days post-vaccination, the HR group had a general
increase in predicted biological functions related to increased

activation of immune cell activities, compared to LR transcripts.
However, six days post-vaccination, HR pigs were associated with
a significant decrease in the biological processes associated with
activation of immune cell activities. On the one hand, this may sug-
gest that HR pigs had more immunologically competent cells prior
to vaccination, and were more able to mount an immune response
following vaccination, and that possibly tissue reorganization and
cell population modifications occurred by 6days post-
vaccination, consequently reducing the immune activities. On the
other hand, the results suggest presence of less competent immune
cells in LR pigs, as while the HR responded quickly and were able to
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Fig. 4A-B. Analysis of the differentially abundant or discriminant genus or OTUs in HR and LR pigs, at PND 7. A; Loading plot of each OTU selected on the first component,
with color indicating the group with a maximal mean expression value for each OTU. Differential abundance between the HR and LR was analyzed using MetagenomeSeq and
the differentially abundant OTUs (27) were subjected to sPLS-DA analysis, B; Loading plot of each genera selected on the first component, with color indicating the group with

a maximal mean expression value for each genera as analyzed using sPLS-DA.
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Fig. 4C-D. Discriminant genera or OTUs in HR and LR pigs, and correlation analysis between the discriminant taxa/OTUs and the antibody titer or the final body weight, at
PND 7. C; Discriminant taxa as analyzed using Linear Discriminant Analysis with Effect size (LeFSe), D; Clustered Image Map (Euclidean Distance) showing the correlation

between the antibody titer and final body weight with taxa at genus level.

return back to normal by 6 days, the LR had a delayed response. other biological functions within the first 24 h following vaccina-
These findings are in agreement with previous studies that tion and more decreased transcripts several days (14) after the ini-
reported increased transcripts related to immune responses and tial vaccination [18,20]. Secreted phosphoprotein 1, (SPP1),
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Fig. 5A-C. Analysis of the differentially abundant or discriminant OTUs in HR and LR pigs, and correlation analysis between the discriminant OTUs and the antibody titer or
the final body weight, or with the selected genes, at DO time-point. A; Loading plot of each OTU selected on the first component, with color indicating the group with a
maximal mean expression value for each OTU. Differential abundance between the HR and LR was analyzed using MetagenomeSeq and the differentially abundant OTUs (67)
were subjected to sPLS-DA analysis, B; Clustered Image Map (Euclidean Distance) showing the correlation between the antibody titer and final body weight with the
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response, cell growth/proliferation and migration, cell-cell sig-
nalling, negative regulation of apoptosis, as well as regulation of
the expression of interferon-gamma and interleukin-12 [44,45].
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PLAU has also been implicated for the suppressor function of both
human and murine regulatory T cells [46], whereas SPP1 has been
shown to increase at the injection site, 24 h following intramuscu-
lar injection with immunostimulating complex (ISCOM) vaccine
combined with matrix adjuvant in pigs [47]. This may therefore
explain their association with the observed immune cell activities;
however, a direct link between these genes and vaccine response in
pigs has not previously been reported.

The use of transcriptomics in identifying candidate gene
biomarkers has been employed in cancer studies where the analy-
sis of gene expression signatures of primary tumors [48,49] led to
the identification of predictive outcome profiles [50,51]. Other
strategies employed include the identification of predictive genes
by empirical association with clinical symptoms, and then evalua-
tion of those genes as potential biomarkers [52], or association of
gene expression with selected immune traits coupled with addi-
tional validation studies [53]. We employed the empirical associa-
tion of gene expression with antibody response, using a
multivariate analysis, and discrimination approach in order to
evaluate potential biomarkers. In this context, SPP1, MYL1, HTRA4,
ENO3, ADAMS8, PROSER3, B4GALNT1, and MAP7D1, were the most
promising potential biomarkers as they also showed a correlation
with the antibody titer, although there are no studies linking these
genes to vaccine response in pigs. Also, MYL1 was only expressed in
few animals, a condition that excludes it from further considera-
tions, and linear regression also revealed a poor association
between the expression of the identified genes and the levels of
antibody titers. Therefore, further validation studies will be
required in order to ascertain the prediction potential of these can-
didate genes on the antibody response to M. hyopneumoniae vacci-
nation in pigs. In humans, HTRA4 is associated with altered gene
expression and inflammation [54,55], and programmed cell death
[56], whereas ADAM8 has immunomodulation properties and is
associated with the function of neutrophils during inflammatory
responses [57].

Our second objective in the current study was to bring new
insights in the potential contribution of early gut microbiota in
the modulation of health and diseases in the context of vaccine
response. More specifically we aimed to draw inferences about
relationships between early dynamics of fecal microbiota as a
potential predictor of vaccine response in pig husbandry. There is
clear evidence that gut microbiota plays an important role in driv-
ing host metabolism and health [58,59]. Also, human and mouse
studies have demonstrated the importance of commensal bacteria
in immune responsiveness to infections in various ways, and to
vaccines such as influenza, polio, and cholera toxins [5,11,13,60].
The studies also suggest that colonization by specific bacteria
and minimized dysbiosis in early infancy may improve vaccine
responses later in life, whereas other bacteria may lower vaccine
response [61,62].

In this study, differences in vaccination response did not trans-
late to changes in the composition and diversity of the microbial
community, and bacterial diversity was also not predictive of vac-
cine response. However, OTUs belonging to Lachnospiraceae,
Parabacteroides distansosis, Bacteroides. spp and Sphaerochaeta were
more abundant in HR as early as PND7; although, only Lach-
nospiraceae and genera Butyricimonas, Roseburia and CF231, posi-
tively correlated with the antibody titer, and no further
discernable correlations were evident at this time-point. At DO,
OTUs belonging to Prevotella. Spp, CF21, Bacteroidales and S24-7
were more abundant in HR individuals, and correlation analysis
revealed positive association between some of these OTUs (majorly
Prevotella) with the antibody titer. Also, genera Fibrobacter, Shar-
pea, Paraprevotella, Anaerovibrio, [Prevotella], YRC22, pyramidobac-
ter, and Helicobacter positively correlated with the antibody titer.
We are unaware of studies evaluating the effects of these bacteria

on M. hyopneumoniae vaccine response before or after vaccination
in pigs. However, Prevotella is one of the most prevalent genera in
the swine gastrointestinal tract, particularly after weaning, and
besides their ability to degrade hemicelluloses in plant-based feed
[63,64], a drastic decrease in their abundance in pigs has been
associated with increased Salmonella shedding post-infection
[65], suggesting extended health benefits. In pigs, it has also been
reported that Prevotella-centered enterotypes are associated with a
higher weight gain and production of luminal IgA [17,66], in line
with positive influence of Prevotella on pig production and health.
Also, in mice vaccinated with hepatitis B virus vaccine, LPS forms
obtained from Bacteroides and Prevotella species were found to
function in vivo as immunological adjuvants [67], and a Prevotella
species, among others, was also found to positively correlate with
influenza antibody titer levels at day 0 or post-vaccination time
points, in a human study [60]. While the Prevotella species found
in these studies may differ from the ones in our study, the results
do support the potential of the members of this genus in promot-
ing vaccine response. Fibrobacter spp. has been identified as an
important cellulose-degrading bacteria with health benefits to
the host [68], whereas Roseburia spp. are common gut bacteria
that contribute to complex carbohydrate breakdown producing
short chain fatty acids (SCFAs), particularity butyrate, which can
affect colonic health [69], a similar role associated with Butyrici-
monas [70]. It is therefore not surprising that they were also posi-
tively associated with the final body weight.

Here, we also chose to integrate both the microbiota at DO time-
point with the D2-selected genes, and we found positive correla-
tions between expression of several genes (MYL1, SPP1, ENO3,
SLN, and PDPN) and some OTUs (mainly OTUs belonging to Prevo-
tella). However, this could be subjective since both the OTUs and
the genes had already been selected and found to positively corre-
late with the antibody titers; therefore, caution should be exer-
cised in interpreting these associations. Nevertheless, it may
suggest a possible interaction between these OTUs and genes in
promoting vaccine response, a condition that warrants future
research. A major limitation of our study is the small sample size,
which could have compromised the power to detect changes in
expression between HR and LR pigs prior to or post-vaccination,
and could also account for the minimal microbiota differences
observed. Also, we are not certain whether the abundance of serum
antibodies following vaccination translates to host protection. Fur-
ther experiments are therefore required in order to further explore
this topic, with more animals and in a disease challenge model.

In conclusion, although the current study failed to identify sig-
nificant differences in expression of genes between HR and LR prior
to M. hyopneumoniae vaccination that could potentially explain or
predict vaccine response, empirical multivariate analysis and Inge-
nuity pathway analysis revealed differentially-modulated biologi-
cal functions and broad processes of cellular movement and
reorganization with respect to the phenotypic differences in anti-
body response to M. hyopneumoniae. Also, a few genes that corre-
lated with the M. hyopneumoniae-specific antibodies 2 days post-
vaccination, suggested a potential to predict vaccine response at
early time-points post-vaccination, whereas differences in micro-
biota composition at the OTU level shows the potential of early-
life microbiota in predicting vaccine response to M. hyopneumo-
niae, and informs a direction for future research.
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