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Summary

Vaccines are very effective at preventing infectious disease but not all recipients mount a
protective immune response to vaccination. Recently, gene expression profiles of peripheral blood
mononuclear cell samples in vaccinated individuals have been used to predict the development of
protective immunity. However, the magnitude of change in gene expression that separates vaccine
responders and non-responders is likely to be small and distributed across networks of genes,
making the selection of predictive and biologically relevant genes difficult. Here we apply a new
approach to predicting vaccine response based on coordinate up-regulation of sets of biologically
informative genes in post vaccination gene expression profiles. We found that enrichment of gene
sets related to proliferation and immunoglobulin genes accurately segregated high responders to
influenza vaccination from low responders (AUC 0.94) and achieved a prediction accuracy of 88%
in an independent clinical trial. Many of the genes in these gene sets would not have been
identified using conventional, single-gene level approaches because of their subtle up-regulation
in vaccine responders. Our results demonstrate that gene set enrichment method can capture subtle
transcriptional changes and may be a generally useful approach for developing and interpreting
predictive models of the human immune response.

Keywords
Systems biology; Gene Expression; Vaccine Efficacy; Immune Response; B Cell Proliferation

Introduction

Vaccination is one of the most effective methods of preventing human disease. However
many vaccines are not universally protective and even widely used vaccines, such as those
against influenza, fail to achieve protective immunity in a significant proportion of
vaccinated subjects [1]. Identifying the biological features of the early vaccine response that
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predict the subsequent development of vaccine immunity is therefore a central goal in
human immunology.

New investigative tools such as gene expression profiling have begun to be applied to the
problem of predicting vaccine response [2]. Most of these approaches have assayed vaccine-
induced changes in gene expression in the peripheral blood mononuclear cell (PBMC)
compartment, a bellwether of changes at distant vaccine sites. Two studies have shown that
changes in the expression of small numbers of genes in PBMC gene expression profiles a
few days after vaccination predict the subsequent magnitude of the immune response
measured several weeks later [3, 4]. These studies suggest that gene expression profiles from
PBMC samples in vaccinated subjects can provide predictors of the vaccine response. Such
approaches would be especially useful both as tools to identify new biological features
associated with vaccine response, and as correlates of immunity for the development of new
vaccines.

However there are two significant challenges to developing gene expression based
predictors of clinical outcome following vaccination. First, the extent of biological change in
PBMC caused by direct interaction with the vaccine and PBMC would be expected to be
small. While live attenuated vaccines like those developed against yellow fever (YF-17D)
are known to replicate systemically and induce readily detectable interferon responses [4-6],
non-replicating subunit vaccines such as those against influenza would be expected to have a
much smaller effect on the transcriptional profile of PBMC. Thus the selection of individual
genes that are strongly associated with response to vaccination can be difficult.

The second challenge is that the biological meaning of gene expression-based predictors is
often hard to determine [3, 4]. One reason for this is that the analytic approaches to identify
predictive genes are often different from those used to discover biological mechanisms
evident in gene expression data. Predictive genes are selected on statistical rather than
biological grounds [7] which tends to divorce the identity of the predictive genes from an
understanding of their role in vaccine biology [8].

To address these limitations, we applied an approach to developing predictors of vaccine
outcome from PBMC gene expression profiles following vaccination that has been used in
other domains, e.g., stratifying cancer patients, but is novel to immunology. Rather than
building a predictive model based on single differentially expressed genes, we used sets of
coordinately regulated, biologically informative gene sets as predictive features in individual
samples [9, 10]. As a source of gene sets, we use a compendium of signatures extracted from
the published literature and from expert curation [11]. These signatures represent
phenotypes of defined cell states and biological perturbations, providing specific biological
contexts with which to interpret the predictive models. Moreover, this approach allows
changes in networks of genes to be used as predictive features even though the magnitude of
change in any individual constituent gene is small [12].

We show that this approach enables the development of gene expression predictors from
genes directly related to biological processes that a conventional single-gene level predictor
does not identify. We apply this approach to pinpoint the biological hallmarks of response of
two different vaccines, and show that signatures consistent with proliferating B cells predict
antibody response to influenza vaccination.
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YF-17D induces signatures of interferon and inflammatory response
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We began by analyzing PBMC microarray data from individuals vaccinated with the yellow
fever virus vaccine (YF-17D). YF-17D is a highly potent vaccine that induces a robust
interferon gene response in post-vaccination PBMC samples [4-6]. In this small data set, our
goal was not to identify predictors of response, but rather to test whether a gene set-based
analytic approach could recover known biological features of the effect of YF-17D
vaccination such as the interferon response.

To identify sets of genes — rather than individual genes — that were elicited by YF-17D, we
used a variant of gene set enrichment analysis (GSEA) [13]. GSEA is an analytic approach
that tests for enrichment of an a priori set of genes in a second, rank-ordered list of genes.
Such a rank-ordered list of genes is usually created by comparing the average expression
values of genes in a group of microarray samples to those in a control group. Enrichment is
measured by the degree of over representation of the set of genes of interest at the top (or
bottom) of the rank ordered list. Because we wanted to test for enrichment of gene sets in
individual samples from vaccinated patients (rather than in a group of samples from
vaccinated subjects), we used a single sample version of GSEA (ssGSEA) [14]. In this
approach, gene sets are tested for enrichment in the list of genes in a single sample ranked
by absolute expression rather than by comparison with another sample.

We analyzed Affymetrix expression profiles of 15 individuals obtained pre-vaccination
(Day 0) and seven days following vaccination (Day 7). We used ssGSEA to test each sample
for enrichment of signatures in a compendium ~3,000 gene sets that have been collected by
curation of published microarray studies, or are present in pathway databases such as
Reactome (described in Methods) [11].

We found that ~900 gene sets were significantly (FDR < 0.25) enriched in the Day 7 post-
vaccine samples (Figure 1A), suggesting marked differences in gene expression profile
following vaccination with YF-17D. To identify whether the gene sets represented similar
biological processes we tested the gene sets for similarity to each other using two
approaches. First, we used the DAVID annotation tool [15] to categorize the genes in each
gene set and found that the majority of gene sets were strongly associated with the interferon
or inflammatory response (Figure 1A and Supplementary Table 1).

Next, we developed a new visualization and analysis method — a “constellation plot” — to
identify the similarity between gene sets whose enrichment correlated with a phenotype of
interest (Figure 1B). In this analysis, we project each significantly enriched gene set onto a
radial plot. Gene sets that are closer to the center are more enriched in samples of the
phenotype of interest (Day 7, post-vaccination). Gene sets that are similar to each other in
terms of enrichment patterns will be clustered closely together. To further discern
similarities between the gene sets, we connected gene sets with edges whose thickness is
proportional to the fraction of genes that they have in common. Groups of gene sets that
both show a similar pattern of enrichment in the phenotype of interest and also share genes
in common can be easily identified and are indicated by the arc on the perimeter of the radial
plot.

Using this method, we found that the majority of the gene sets enriched in Day 7 samples
formed a single highly connected cluster, suggesting that the top-scoring gene-sets shared a
predominant biological process. (Figure 1B and Supplementary Figure 1). Analysis of the
genes common to this cluster of gene sets again showed a striking over representation of
interferon response genes consistent with our previous work [4]. Thus the gene sets that are
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correlated with Day 7 post YF-17D status are associated with a single predominant
biological process — interferon response. These findings agree with the up-regulation of
individual interferon response genes in response to YF-17D vaccination previously observed
[4], and suggest that a gene set-based analytic approach can capture known biological
features of the effect of vaccination with a live viral vaccine on PBMC.

Vaccine response to trivalent inactivated influenza vaccine (TIV) is correlated with cell
proliferation and immunoglobulin gene signatures

Having validated the analytic approach in samples from subjects vaccinated with YF-17D,
we next applied gene set based analysis to a more challenging problem: identifying features
that predict the antibody response to the inactivated influenza vaccine.

We analyzed PBMC profiles from individuals vaccinated with the trivalent inactivated
influenza vaccine (TIV) that were collected pre-vaccination (Day 0) and 7 days post
vaccination [16]. HAI titers for each subject were available pre-vaccination and 28 days post
vaccination and were used as the outcome measure of vaccine response. We calculated the
magnitude of antibody responses to the vaccine (HAI response) as the maximum difference
between the HAI titer at day 28 and the baseline titer (day 0) for any of the three influenza
strains contained in the vaccine. We classified the vaccinated subjects as low or high HAI
responders based on whether or not a fourfold increase in titer occurred after vaccination.
This criterion was based on our prior study [16], and on the US Food and Drug
Administration Guidance for Industry document for this field [17]. Using this criterion, 17
vaccinees had a high HAI response and 7 had a low HAI response.

To identify gene sets that correlated with a high HAI response, we compared the PBMC
gene expression profile of each individual at Day 7 with the corresponding profile from Day
0, to create a list of genes ranked by their fold changes after vaccination for that subject. We
then tested each subject's vaccine response for enrichment of gene sets from the same
database collection as used before using SSGSEA and identified the gene sets most
differentially enriched in the high responders compared with the low responders. We found
13 gene sets significantly associated with a high HAI response to vaccine (FDR < 0.25)
(Figure 2A). The number of gene sets and degree of enrichment of gene sets correlated with
TIV antibody response was lower than what we observed in the comparison of pre and post
YF-17D vaccination. This suggests that the biological “signal” associated with influenza
vaccine response is less pronounced than the effect of vaccination with YF-17D.

The gene sets that were enriched in responders were from a wide array of studies and
sources (Supplementary Table 2) and the genes in most gene sets were non-redundant
(Supplementary Figure 2), suggesting that the gene sets represented diverse biologies.
However, using a constellation plot we found two distinct but connected clusters of gene
sets (Figure 2B). We used DAVID annotation as a tool to provide secondary annotation for
the two clusters of genes and found that one cluster (indicated by the orange arc) was
strongly enriched for immunoglobulin and complement genes. The second cluster (indicated
by the purple arc) was strongly enriched for genes associated with proliferation
(Supplementary Table 3). Only a subset of proliferation-related gene sets contained in
MSigDB enriched in responders (Supplementary Figure 3) suggesting that the proliferation
signature present in vaccine responders is not shared by all tissue types. Alternatively other
proliferation-related gene sets in the compendium may also entrain other biologies not
present in vaccine responder expression profiles.

We reasoned that if these clusters of highly connected gene sets enriched in samples from
vaccine responders represented bona fide biological processes, then the genes shared by
each of these clusters should be over-represented for physically interacting genes. To test
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this, we projected the genes found in the gene set clusters into InWeb [18] a curated protein-
protein interaction network (PPI; Figures 2C and D). We found that there was a high degree
of physical connectivity between the component genes of the antibody gene cluster (P =
1073), and between the genes in the proliferation cluster (P = 10-2) (Figure 2C and D). This
suggests that the clusters of enriched gene sets found in responders represented coordinated
up-regulation of genes in functional networks.

We confirmed these findings using a second, independent source of gene sets, described by
Chaussabel et al. [19] and again found that the best-scoring module of genes was related to
B cell biology, although individual modules from that collection did not score as highly as

those contained in the MSigDB (Supplementary Figure 4).

We compared the performance of gene sets with their constituent genes in profiles from high
versus low HAI responders to influenza vaccination. We found that the top-scoring gene sets
in TIV responders were more strongly correlated with the high antibody response phenotype
than any constituent gene in either gene set (Supplementary Figure 5A). Moreover, although
both complement and antibody genes were present in gene sets enriching in responders, the
antibody genes were among those most up-regulated (Supplementary Figure 5A and 5B).
Thus a gene set-based analytic approach identifies signatures of proliferation and
immunoglobulin genes that are strongly correlated with high antibody response.

Immunoglobulin and proliferation gene sets accurately predict vaccine response to TIV

We next sought to determine if enrichment of the immunoglobulin and/or proliferation gene
sets could be used as a predictor of vaccine response, using high or low HAI titers as an
outcome. To do this, we selected the most differentially enriched gene set from each of the
two clusters, and fitted them into logistic regression models. Both models closely fit the data
and yielded an AUC of ~0.9 (Figure 3A and B), suggesting that each independent gene set
could provide a strongly predictive model of vaccine response. To integrate both biological
processes into a single model, we applied Bayes' rule, and found that the integrated model
achieved an AUC of 0.94 (Figure 3C).

To compare our integrated gene set-based model with the single-gene level model
previously described for this dataset [16], we tested our model in a validation dataset
comprised of PBMC samples from an independent trial of TIV vaccination. We found that
our predictive model yielded an accuracy of 88% in the test set, comparable to the
performance of the single-gene level predictor [16]. This indicates that gene set-based
analysis of expression profiles provide accurate predictors of response to vaccination.

Gene set-based predictors capture subtle alterations in gene expression profile

An advantage of a gene set enrichment analysis is that it can capture subtle changes in gene
expression distributed across transcriptional networks. We therefore compared the degree of
differential expression of genes in the predictive gene sets (proliferation and
immunoglobulin gene sets) with that of the genes selected in the single-gene level predictor
originally applied to this dataset (Figure 4). Predictive genes selected in the study by Nakaya
et al. [16] were all highly differentially expressed in Day 7 PBMC expression profiles from
responders compared to non-responders, as expected (mean fold change 3.36). In contrast,
the gene sets identified in our analysis included many genes that were much less
differentially expressed (mean fold change of proliferation cluster 2.13; mean fold change of
immunoglobulin cluster 2.53) (Figure 4).

Although the genes in the B cell and proliferation gene sets were enriched in respsonders,
the majority of their constituent genes were not individually identified as significantly up-
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regulated in TIV responders in the previously published predictor (Figure 4). Indeed analysis
of the functional annotations of genes in the previously published single-gene level predictor
of influenza vaccine response [16] did not include terms related to B cell biology or
proliferation (Supplementary Table 4). Thus a gene-set based approach can identify
networks of predictive genes and biologies not otherwise detected by conventional, single-
gene level approaches.

The frequency of antibody producing cells correlates with the proliferation and antibody

clusters

The simplest explanation for the predictive power of gene sets containing proliferation and
antibody genes in individuals with high HAI response to vaccination is that it represents the
increased frequency of proliferating B cells in post-vaccination samples. To test this
hypothesis, we compared the frequency of antibody-producing B cells in the peripheral
blood of vaccinated subjects at Day 7 post vaccination with the enrichment score for the top
scoring proliferation and immunoglobulin clusters.

We found that the enrichment score of both gene sets was correlated significantly with the
frequency of IgG antibody spot-forming cells (ASC; Figure 5) but not IgM or IgA (data not
shown). This is most consistent with the interpretation that enrichment of these gene sets
was caused by increased representation of proliferating plasmablasts in PBMC samples from
vaccinated subjects with high antibody responses.

Discussion

In this study, we applied a gene set enrichment-based approach to developing predictors of
vaccine outcome and showed that enrichment of signatures corresponding to proliferating B
cells accurately segregate vaccine responders to TIV with an AUC of 0.94 in a training set
and an accuracy of 88% in an independent clinical trial. Our approach uses the differential
enrichment of sets of biologically related genes rather than single genes as predictive
features. This allows subtle biological changes manifest over networks of genes to be
captured in a way that conventional gene expression predictors do not because they focus on
small numbers of highly differentially expressed genes.

Rapid expansion of plasmablasts following influenza vaccination has been previously
observed [20], and it is intuitive that the magnitude of the plasmablast response would
correlate with the humoral response to vaccination. However even at their peak,
proliferating plasmablasts represent only a tiny fraction of the cells present in the PBMC
samples analyzed by microarray in this study. As result, although detailed analysis of gene
expression data from influenza vaccinated subjects had revealed that genes related to B cell
biology were related to the HAI response, the magnitude of change in these B cell genes was
not sufficiently large for them to be incorporated into the previously published gene
expression predictor [16]. In contrast, our approach allows subtle changes in sets of
coordinately expressed genes related to B cell biology and proliferation to function as a
predictive model of vaccine outcome.

Gene set enrichment analysis is ideally suited to identifying small but coordinated changes
in gene expression in sets of biologically related genes [13, 21]. It has been used to identify
biological processes such as metabolic changes [21] and signaling flux [22] that are evident
across networks of genes but subtle at the level of individual gene expression. The ability to
build predictive models from small but coordinated changes in transcriptional programs is
particularly important for clinical applications such as the detection of a vaccine response in
which the transcriptional signal in responders compared to non-responders is small. We
therefore anticipate that this approach to gene expression predictor development will be
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generally useful in clinical situations in which the difference in gene expression between
outcome classes is limited. Future studies will be able to use this approach to test whether
analogous enrichment of B cell and proliferation signatures are characteristic of vaccine
response in different vaccines. Alternatively, analysis of different vaccines and in larger
cohorts may be able to identify different gene sets representing other biological processes
that underlie vaccine response.

An advantage of gene set-based predictors is that their biological meaning is more
transparent. While predictive features based on individual genes may contain important,
novel information about the vaccine response, their mechanistic basis is not always obvious
without additional experimental inquiry [4, 16]. Instead, we developed our predictive model
from a library of well-annotated signatures derived from previously published microarray
experiments and expert curation. Together with a novel analysis and visualization method —
the constellation plot (Figures 1 and 2) — this allowed the predominant biological themes
that correlated with vaccination response to be readily identified. We also anticipate that in
addition to vaccine response, this approach may also be useful for identifying subtle features
that vary across a group of responders, allowing the heterogeneity that is part of all human
studies to be better interrogated. Moreover, the use of gene set-based classifiers may also
prove useful in features predictive of adverse effects to vaccines.

A theoretical concern with our method is that the biological processes involved in the
vaccine response may not be represented in the compendium of signatures currently used in
the analysis. However, our results suggest that at least some of the biological signatures that
predict vaccine response — such as proliferation — are already present in the database of
signatures used for this study. Moreover, because the method we used can draw on any
collection of annotated gene sets, it can easily be extended to additional collections of gene
sets. For instance, we and others are developing libraries of modules or gene-sets
specifically devoted to cellular states and perturbations in the immune system [19, 23, 24]
which should increase the biological resolution of gene set predictors even further.

Finally, knowledge-driven gene expression-based predictors can be translated assays that are
simpler and more robust than measurement of transcript abundance for many genes. Gene
expression predictors have historically been limited by a lack of reproducibility between
experiments [10, 25]. This is thought to be related to the high variance of individual gene
measurements commonly seen in datasets of relatively few replicates. This variance results
in discordance between lists of predictive genes even in high quality experiments. Using a
larger set of genes rather than a small number of genes may provide some degree of
robustness lacking in single gene-level predictors. Indeed several platforms have now been
developed [26, 27] that allow focused sets of genes to be profiled at high throughput and low
cost. Moreover, because gene set-based predictors can identify not just predictive genes but
predictive biologies this approach could overcome the limits of predicting clinical responses
by measuring gene expression. For instance, our analysis shows that signatures associated
with cellular proliferation are predictive of a protective antibody response. It would be
relatively easy to translate this to a flow-cytometry based assay of cellular proliferation in
PBMC using Ki67 staining, for example, that could rapidly be applied to many samples. In
contrast, developing and validating a multi-gene predictive signature of unknown biological
significance may prove to be more significantly more complex. Future studies will be
required to determine how successfully biologies discovered by gene set-based approaches
can be deployed as simpler, more robust diagnostic tools. Gene set-based predictors
predicated on biological knowledge may therefore provide a sensitive, relevant and robust
analysis of the human immune response.
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Methods

Data Preprocessing

We analyzed two existing datasets of gene expression profiles of PBMC from vaccinated
subjects: raw Affymetrix array data for subjects vaccinated with YF-17D from Gene
Expression Omnibus (GEO) with the accession number GSE13486 [4], and raw Affymetrix
array data from subjects vaccinated with influenza TIV with accession number GSE29619
[16]. The Genepattern module “CollapseDataset” was used to extract the expression values
of genes from the raw data file and to map Affymetrix probes to gene symbols [28]. Then
we applied quantile normalization and a log2 transformation. The final transformed data
were used for the single sample GSEA projection (see below). For analysis of data from the
influenza vaccinated subjects, gene expression fold change was calculated as the ratio of
expression levels from PBMC profiles Day 7 (post-vaccine) / Day 0 (pre-vaccine).

Single Sample Gene Set Enrichment Analysis (SSGSEA)

GSEA yields a quantitative measure of the over representation of a set of genes S (e.g.,
genes encoding products in a same metabolic pathway) at the top or bottom of a ranked list
of genes L. Candidate genes are ranked by their differential expression between two
phenotypes. The statistic is a weighted Kolmogorov-Smirnov-like statistic and significance
is calculated using an empirical permutation test [13]. Here we applied an extended version
of conventional GSEA in order to produce an enrichment score in a single sample as we
have previously [14]. Such a score is necessary if one is to make a predictive call on single
samples without reference to a larger group of samples. In this approach, the genes are
ordered based on either absolute expression (as in the yellow fever vaccine study) or the
relative changes with respect to the baseline level (as in the influenza TIV vaccine study).

In this study, we used C2 collection from Molecular Signature Database (MsigDB). The
MsigDB is a public available database of annotated gene sets hosted at Broad Institute
(http://www.broadinstitute.org/gsea/msigdb/index.jsp) [11]. Currently there are 6 major
collections from C1 to C6 while C2 is a special collection of gene sets carefully curated
from online pathway databases, publications in PubMed, and knowledge of domain experts.
Each of the ~3000 gene sets in C2 collection is well described in the MsigDB website
including the source, annotation as well as other useful information, thus facilitate the
interpretation of the biological meaning associated with it.

Gene Set Feature Selection

To detect gene sets whose enrichment scores are highly correlated with phenotypes, we used
an Normalized Mutual Information (NMI) score (Eqg. [3]) to evaluate the association
between phenotypes (Day 7 vs. Day 0 in the yellow fever vaccine study; or high vs. low
HAI antibody response in the influenza TIV vaccine study) and gene set enrichment scores.

Entropy: H(z)=[P(z)log,P(z)dx [1]
Mutual Information: MI(z, y)= ffP(x, y)loggp

MI(z,
Normalized Mutual Information: NMI(z, y):#
z,Y
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Signed Normalized Mutual Information: SNMI (z, y)=sign(p(z, y)) NMI(z,y) [4]

Using mutual information to detect association is advantageous because it does not require
assumptions about the distribution of samples (whereas e.g., t-statistic assumes a normal
distribution of samples) and it allows the detection of non-linear associations (whereas
Pearson correlation can only detect linear associations). Although the NMI scores do not
inherently indicate positive or negative correlation, we used the sign of the Pearson
correlation to decide the direction of the association and focus on positive associations in
this study (Eg. [4]).

Constellation Plot

The constellation plot is designed to visualize and thus to elucidate groups of gene sets
enriched in a phenotype of interest (e.g., vaccine response) that correspond to distinct
biological processes. We reasoned that gene sets that i) demonstrate high mutual information
with respect to the phenotype; ii) demonstrate high mutual information with respect to each
other; and iii) share overlapping member genes would be likely to reflect similar biological
processes. We estimated similarities between N gene sets using a NMI score and further
transformed it into a dissimilarity score, d = 1 — NMI. Previous studies [29] have proved that
this dissimilarity metric has all the properties of a true mathematical distance (metric),
allowing us to represent the association of gene sets with a proper distance matrix D.

We visualized this distance matrix D as a radial plot in which the angle between two gene
sets represents the distance d between them, and their proximity to the center reflects the
their differential enrichment with respect to the phenotype (1 - NMI). The radial plot angular
distribution is computed using a circular multidimensional scaling projection, specifically
the angular distance matrix A is obtained by minimize the objective function (Eq. [5]), where
dij is the angular distance between gene sets i and j in the radial plot, while dj; is the original
distance stored in D.

Objective Function a(X):Z((Sij — dij)2 -
i<j

The radial plot angular distribution is computed using the R package “SMACOF”, version
1.2-1 [30]. Using this plot it is easy to detect clusters of gene sets based on enrichment
pattern similarities. To further facilitate the interpretation of clusters, we connected the gene
sets by edges whose thickness indicates the Jaccard index between them. The Jaccard index
is equal to the number of genes shared by two sets divided by the number of genes in their
union and here we used 0.1 as the lower boundary to include an edge [31]. Connected
clusters of gene sets can then be extracted and interpreted based on their constituent genes.
All the details about the number of genes in each gene set and heat map of Jaccard index of
each pair of gene sets are shown in the Supplementary Table 1 and 2 and Supplementary
Figure 1 and 2.

Protein-Protein Interaction (PPI) Construction and Module Detection

We constructed the PPI network based on the InWeb database [18]. We identified the
modules of the PPI network using the “FastCommunityMH” software package, a simulated
annealing algorithm that optimizes the modularity of the network [32]. Here modularity
measures the ratio between number of edges within modules and the number of edges
between modules. The optimized modularity indicates the best partition of the network that
there are many edges within modules and only few between them.
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General Linear Model and Bayes' Rule

We first built two logistic regression models using the best scoring gene sets from each of
the two identified clusters of differentially enriched gene sets in TIV responders. The
outcome of the logistic regression model is the probability that a sample belongs to the high
response group given the enrichment score. We further combined the probabilities from
these two models using Bayes' rule as follows: for sample x with enrichment scores Ey; and
E,, for the gene sets used in the logistic regression model above and with corresponding
probability of belonging to the high response group H, P(H | Ex1) and P(H | Exp), we
calculate the likelihood ratio that x belonging to the high response group as shown in Eq.
[6]. To validate the combined model, we used a dataset of PBMC gene expression profiles
from a second, independent trial to evaluate the predictive accuracy. The second trial
(2007-2008 trial) was also used as a validation data set in the study by Nakaya et al.[16]
which consisted of 9 subjects vaccinated with TIV in the previous year.

P(H|Ey1, Eyo) _ P(H|Ey;)P(H|Eyg)
P(L|Ey1, Eye)  P(L|Ey;)P(L|Ege)

Likelihood Ratio:

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. YF-17 vaccination induces upregulation of gene setsrelated to interferon response
(A) Heatmap of the top 20 gene sets enriched in Day 7 samples compared to Day 0 samples,
with color indicating sSGSEA enrichment scores for each gene set in each sample. Gene sets
are ranked by the normalized mutual information score. DAVID annotations of gene sets

indicated in the bar on the left; orange indicates a signature enriched for the GO term

“Response to Virus”; purple “Response to Stimulus”. (B) Constellation Map of the top
scoring 20 gene sets. Purple arc indicates gene-sets with overlapping features. Numbers

correspond to gene-sets in (A).
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Figure 2. Antibody responseto TIV correlates with enrichment of proliferation and
immunoglobulin gene sets

(A) Heatmap of the top 13 gene sets (FDR < 0.25) enriched in high responders (yellow)
compared to low responders (green). Gene sets are ranked by the mutual information score.
Membership of the clusters detected in the Constellation Map (B) is shown on the left of the
heatmap. (B) Constellation Map of the top 13 gene sets. Two connected clusters of gene sets
are detected in the constellation map, indicated by orange and lilac arcs. (C and D) Protein-
Protein interaction network of two connected clusters in (B). Significant physical
connectivity is shown for genes within the antibody cluster (C, orange) and proliferation
cluster (D, lilac).
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Figure 3. Model fit of responseto TIV using proliferation and immunoglobulin gene sets

(A and B) Logistical Regression Model of probability of vaccine response for proliferation
(A, CHIANG_LIVER_CANCER_SUBCLASS_PROLIFERATION_UP) and
immunoglobulin (B, REACTOME_INITIAL_TRIGGERING_OF_COMPLEMENT) gene
set enrichment scores. (C) Combined model using Bayes rule.
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Nakaya et al predictive genes
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Figure 4. Predictive gene sets captur e genes with subtle changesin expression
Rank of genes identified in a single-gene predictor of TIV response (i), compared to the rank
of genes contained in the proliferation (ii) and immunoglobulin (iii) gene-sets. Each gene

indicated by a vertical line and its relative rank on the list of differentially expressed genes
comparing TI1V responders compared to non-responders indicated by the line graph below.
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Figure5. Enrichment of proliferation and immunoglobulin gene sets correlate with the

frequency of antibody spot forming cells

(A and B) Enrichment scores of the proliferation gene set (A,
CHIANG_LIVER_CANCER_SUBCLASS_PROLIFERATION_UP) and immunoglobulin
gene set (B, REACTOME_INITIAL_TRIGGERING_OF COMPLEMENT and frequency
of 1gG secreting cells (ASC). Significance is calculated by comparison to the null
distribution, calculated by correlations derived from random gene sets.

Eur J Immunol. Author manuscript; available in PMC 2015 January 01.



