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Abstract

Background

HIV vaccine trials routinely measure multiple vaccine-elicited immune responses to com-
pare regimens and study their potential associations with protection. Here we employ unsu-
pervised learning tools facilitated by a bidirectional power transformation to explore the
multivariate binding antibody and T-cell response patterns of immune responses elicited by
two pox-protein HIV vaccine regimens. Both regimens utilized a recombinant canarypox
vector (ALVAC-HIV) prime and a bivalent recombinant HIV-1 Envelope glycoprotein 120
subunit boost. We hypothesized that within each trial, there were participant subgroups
sharing similar immune responses and that their frequencies differed across trials.
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Methods and findings

We analyzed data from three trials—RV144 (NCT00223080), HVTN 097 (NCT02109354),
and HVTN 100 (NCT02404311), the latter of which was pivotal in advancing the tested pox-
protein HIV vaccine regimen to the HVTN 702 Phase 2b/3 efficacy trial. We found that bivar-
iate CD4+ T-cell and anti-V1V2 IgG/IgG3 antibody response patterns were similar by age,
sex-at-birth, and body mass index, but differed for the pox-protein clade AE/B alum-adju-
vanted regimen studied in RV144 and HVTN 097 (P ag/s/alum) compared to the pox-protein
clade C/C MF59-adjuvanted regimen studied in HVTN 100 (Pc/MF59). Specifically, more
Pag/s/alum recipients had low CD4+ T-cell and high anti-V1V2 IgG/IgG3 responses, and
more Pc/MF59 recipients had broad responses of both types. Analyses limited to “vaccine-
matched” antigens suggested that some of the differences in responses between the regi-
mens could have been due to antigens in the assays that did not match the vaccine immuno-
gens. Our approach was also useful in identifying subgroups with unusually absent or high
co-responses across assay types, flagging individuals for further characterization by func-
tional assays. We also found that co-responses of anti-V1V2 IgG/IgG3 and CD4+ T cells
had broad variability. As additional immune response assays are standardized and vali-
dated, we anticipate our framework will be increasingly valuable for multivariate analysis.

Conclusions

Our approach can be used to advance vaccine development objectives, including the char-
acterization and comparison of candidate vaccine multivariate immune responses and
improved design of studies to identify correlates of protection. For instance, results sug-
gested that HVTN 702 will have adequate power to interrogate immune correlates involving
anti-V1V2 IgG/IgG3 and CD4+ T-cell co-readouts, but will have lower power to study anti-
gp120/gp140 IgG/IgG3 due to their lower dynamic ranges. The findings also generate
hypotheses for future testing in experimental and computational analyses aimed at achiev-
ing a mechanistic understanding of vaccine-elicited immune response heterogeneity.

Introduction

The current global HIV incidence-to-prevalence ratio of 0.05 indicates that without more
effective prevention tools the total number of people living with HIV globally will continue to
increase [1]. The quest to design a safe and effective preventative HIV vaccine, which is
believed to be a critical tool for controlling the current HIV pandemic [2, 3], has been hindered
by pathogen variability and immune escape, a lack of knowledge of immune correlates of pro-
tection, and an incomplete understanding of the variation in vaccine-induced immune
responses [4]. New quantitative approaches may help to tackle these pressing problems.

Out of the six phase 3 preventative HIV vaccine efficacy trials that have been performed to
date [5-10], only the RV144 trial of a recombinant canarypox vector vaccine (ALVAC-HIV of
clade AE) and a bivalent recombinant HIV-1 Envelope (Env) glycoprotein 120 (gp120) subunit
vaccine (AIDSVAX B/E) prime-boost regimen (hereafter referred to as the P,p/p/alum regi-
men, where “P” stands for “pox-protein”), conducted in an HIV-seronegative population in
Thailand where HIV subtype CRF01_AE B/E is dominant [11, 12], demonstrated modest vac-
cine efficacy [9]. Although the estimated efficacy was 31% at Month 42, the RV144 trial
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nevertheless provided the first evidence that vaccination can prevent HIV acquisition [9].
Immune correlates analyses of RV144 vaccine recipients revealed that IgG binding antibody
responses to the HIV Env V1V2 loop were inversely correlated with risk of HIV infection [13,
14], whereas certain Env-specific IgA antibody responses were positively correlated with risk
of HIV infection [13, 15]. Subsequent analyses identified additional correlates of risk, includ-
ing polyfunctionality of Env-specific CD4+ T-cell responses [16-18]. Further analyses also
suggested that host factors such as immunogenetics, body mass index (BMI), and other demo-
graphic variables influence immune responses to HIV vaccination and/or vaccine efficacy
[19-24]. The HIV Vaccine Trials Network (HVTN) has been designing and conducting stud-
ies to build upon these results, as detailed below.

In the HVTN 097 trial, the P yp/p/alum regimen tested in the RV144 trial was administered
to participants in South Africa, where HIV subtype C, as opposed to subtype AE, predomi-
nates. Cellular and humoral responses previously found to correlate with risk of HIV infection
in the RV144 trial were then assessed, as were potential associations of race/ethnicity, sex-at-
birth, and age with vaccine-matched and cross-clade responses [25]. A major conclusion from
the HVTN 097 trial was that immune responses found to inversely correlate with risk in the
RV 144 trial were elicited at similar (or sometimes greater) rates/magnitudes in a South African
population compared to the RV144 Thai population.

For the HVTN 100 trial, which was also performed in South Africa, the P5g/p/alum regimen
was regionally-adapted to use a subtype C gp120 in the ALVAC vector and two subtype C
recombinant gp120s (ALVAC-gp120¢), the alum adjuvant was changed to MF59, and an addi-
tional boost was added in the immunization series. This vaccine regimen, hereafter referred to
as the Po/MF59 regimen, represented the first effort to modify and potentially improve upon
the original P5p/p/alum regimen [26]. Analysis of the HVTN 100 results revealed that the P/
MF59 regimen elicited humoral and cellular responses that were associated with reduced risk
of HIV acquisition in RV144, although with different response patterns, as further described
here. All four of the pre-specified criteria for advancement of the Pc/MF59 regimen into a pre-
ventative efficacy trial were met, leading to the launch of the ongoing HVTN 702 phase 2b/3
efficacy trial of Pc/MF59 versus placebo in South African men and women at risk of HIV
acquisition.

Comparisons of vaccine-elicited immune responses within and across trials are important.
Technological advancements have enabled increasingly large numbers of immune responses
to be assessed in vaccine trials, raising the question of how best to compare multiple vaccine-
induced responses across trials. One successful approach has been to synthesize several
immune responses into score-type variables and to assess their associations with HIV acquisi-
tion [10, 13, 27]. In an alternative approach, Chung and colleagues used unsupervised learning
techniques (hierarchical clustering and principal component analysis) to analyze six antibody
Fc effector functions and 58 related biophysical measurements and identify vaccine-specific
humoral signatures, finding further evidence to support IgG V1V2-targeting responses in pro-
tective immunity [18, 28]. Buoyed by these successes, we reasoned that developing additional
multivariate approaches to globally compare immune response profiles across trials could help
advance vaccine development objectives, including: A) to characterize and compare immuno-
genicity across vaccine regimens and other participant factors at a greater multivariate resolu-
tion than many previous analyses; B) to identify unusual vaccine response profiles of interest
that could be missed by lower-dimensional analyses; C) to aid the design of immune correlates
of risk and protection studies; D) to aid the interpretation of correlates of risk and protection
analysis results; and E) to guide the selection of assays for future vaccine trials.

Toward these stated goals, we describe an unsupervised learning framework for analyzing a
large number of immune responses measured from one or more trials and apply this
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framework to compare the immune response profiles of the pox protein HIV vaccine regimens
studied in the RV144, HVTN 097, and HVTN 100 trials. A key element in this framework is
the use of a bidirectional power transformation (BDPT) that transforms quantitative immune
response measurements with a distinctively bimodal distribution, which increases the segrega-
tion of participants into responder versus non-responder categories. Further, BDPT-trans-
formed immune response readouts within an assay are on a comparable quantitative scale,
enabling direct comparison of intra-assay responses. The use of assay-specific threshold values
in the BDPTs also allows for assay responses to be compared across different trials. Visual
comparisons across assays are also facilitated, because all variables share the comparable scal-
ing and the rank order of responses from high to low (i.e. monotonicity) is preserved. How-
ever, the biological interpretation of cross-assay comparisons remains a challenge just as with
non-transformed data. Another key element in our framework is the hierarchical organization
and visual display of immune response data, a strategy that has gained substantial traction for
unsupervised learning in high dimensional data analyses [29], to generate “immune response
landscapes.”

Our approach provides new insights for each of the five objectives noted above, three of
which we highlight briefly. First, comparison of immune response patterns defined by both
anti-V1V2 IgG/IgG3 responses and CD4+ T-cell responses between the two vaccine regimens
showed that a sizable subgroup of RV144 vaccine recipients had robust and broad V1V2-tar-
geting antibody responses yet very low CD4+ T-cell responses. In contrast, a subgroup of
HVTN 100 vaccine recipients had very strong CD4+ T-cell responses yet wide variability
across antigens in V1V2-targeted antibody responses. Relatedly, the analysis revealed a cluster
of about 40% of HVTN 100 vaccine recipients with broad antibody and CD4+ T-cell co-
responses. Thus, the Po/MF59 regimen could have an advantage for efficacy in HVTN 702, if
such co-responses are important for protection. Second, the vaccine landscape analysis facili-
tated identification of subgroups with rare multivariate response patterns: e.g. vaccine recipi-
ents with a complete absence of a response despite receiving all vaccinations, or on the other
extreme vaccine recipients with high response breadth across all immune response variables
covering many antigen specificities for both humoral and cellular responses. Such an output
would flag unusual participants for an independent adjudication. Third, the analysis of HVIN
100 showed a broad dynamic range of immune responses defined by anti-V1V2 IgG/IgG3
antibodies and/or Env-specific CD4+ T cells, suggesting that there will be high power for
studying correlates and co-correlates of risk based on these assays. In contrast, efficacy trials of
these regimens will not be able to study immune responses defined by anti-gp120/gp140 anti-
bodies and/or Env-specific CD8+ T cells as correlates or as co-correlates of risk due to low
overall dynamic ranges.

Results
Study participants

All participants selected for immunogenicity assessment remained HIV-uninfected and
received all 4 planned immunizations through Month 6 (defined as per-protocol). Peripheral
blood mononuclear cells (PBMCs) and plasma (RV144) or serum (HVTN 097, HVTN 100)
samples were collected from each selected participant at 2 weeks after the Month 6 vaccination
and were used to assess immune responses for the current analysis. We used data from 24 pla-
cebo recipients and 201 vaccine recipients from the RV144 trial, 18 placebo recipients and 73
vaccine recipients from the HVTN 097 trial, and 37 placebo recipients and 185 vaccine recipi-
ents from the HVTN 100 trial for this assessment (Table 1). The vaccine groups of each study
did not significantly differ by age, BMI or sex-at-birth (all p-values >0.05) (Table 1). While all
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Table 1. Demographic information by treatment assignment (placebo vs vaccine) for RV144, HVTN 097, and HVTN 100 per-protocol participants.

n (%)

Age (y)

Sex-at-birth

Male BMI*

Female BMI

Race/Ethnicity

18-20

21-25

> 26

Female

Male
Underweight
Normal
Overweight
Obese
Underweight
Normal
Overweight
Obese

Thai Asian
Black

RV144 HVTN 097 HVTN 100
Placebo Vaccine Placebo Vaccine Placebo Vaccine
24 (100%) 201 (100%) 18 (100%) 73 (100%) 37 (100%) 185 (100%)
4(16.7) 56 (27.9) 7(38.9) 27 (37.0) 8 (21.6) 44 (23.8)
14 (58.3) 97 (48.3) 8(44.4) 29 (39.7) 18 (48.6) 78 (42.2)
6 (25.0) 48 (23.9) 3(16.7) 7(23.3) 11(29.7) 63 (34.1)
12 (50.0) 79 (39.3) 9 (50.0) 3 (45.2) 18 (48.6) 73 (39.5)
12 (50.0) 122 (60.7) 9 (50.0) 40 (54.8) 19 (51.4) 112 (60.5)
nc nc 1(11.1) 11 (27.5) 2(10.5) 5(13.4)
nc nc 8 (88.9) 3 (57.5) 15 (78.9) 79 (70.5)
nc nc 5(12.5) 2 (10.5) 6 (14.3)
nc nc 1(2.5) 2(1.8)
nc nc 3(9.1) 5(6.8)
nc nc 3(33.3) 12 (36.4) 4(22.2) 25 (34.2)
nc nc 1(11.1) 12 (36.4) 8 (44.4) 25 (34.2)
nc nc 5 (55.6) 6(18.2) 6(33.3) 18 (24.7)
24 (100) 201 (100)

18 (100) 73 (100) 37 (100) 185 (100)

1) BMI data, body mass index (kg/m?), are missing for 4 placebo recipients in HVTN 097 and 1 vaccine recipient in HVTN 100. The “underweight”, “normal”,

“overweight”, and “obese” categories correspond to BMI values of <18.5, 18.5-25, 25-30, and >30, respectively.
2) nc, not collected. BMI data were not collected in RV144.

https://doi.org/10.1371/journal.pone.0226803.t001

three trials enrolled both males and females, each vaccine arm had a higher percentage of male
than female vaccine recipients — 61%, 55%, and 61%, respectively. In South Africa, women
generally have a higher BMI than men [30]. BMI data were not collected in RV144.

Immune response landscapes

The immune response measurements that were common across the trials included 20 intracel-
lular cytokine staining (ICS) measurements of gp120-specific CD4+ or CD8+ T-cell responses
and 44 antibody responses as assessed by the binding antibody multiplex assay (BAMA) (S1
Table). Utilizing globally normalized and transformed immune responses, we performed two-
way hierarchical clustering to organize participants and immune response variables based on
their similarity. The resulting heatmaps allow for valid quantitative comparisons across partici-
pants (rows) with respect to multiple immune responses (columns). Across columns, all ICS
and BAMA responses underwent BDPT onto a comparable scale. While negative values from
-2 to 0 correspond to non-responders, most of the positive transformed values (corresponding
to responders) are less than 10. Values larger than 10 were truncated to 10 when constructing
the heatmaps to facilitate visual interpretation. Euclidean distances were calculated (on BDPT-
transformed scales) between all pairs of immune measures as well as between all participants,
enabling two-way clustering and facilitating visualization of ICS and BAMA responses on the
same heatmap. Given the monotonic nature of BDPT (i.e., the quantitative order of trans-
formed values is the same as their original values), transformed values within an assay are
directly comparable; comparisons across assays can reveal patterns of within-assay relative
highs and lows, but the direct comparison needs to be cautious.

Fig 1 shows the landscape of immune responses to Pg/p/alum and Po/MF59. The 64
immune response variables were grouped into four column clusters. The first cluster of
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Fig 1. Landscape of immune responses to the P,y/p/alum and P/MF59 regimens. The heatmap was generated by two-way hierarchical clustering of
participants and immune response variables based on their similarity after bi-directional power transformation of the immune response measurements. The 64
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immune response measurements shared across RV144, HVTN 097, and HVTN 100 participants were used. Columns designate immune responses; cluster,
response, gene, and clade information are given in the top 4 color-coded bars. Rows designate participants; cluster, study, and treatment assignment
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Immune response measurement values are designated by color according to the key shown in the upper left.
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responses included mostly CD8+ T-cell responses, together with one IgG and one IgG3
response, and was characterized by uniformly low values across vaccine recipients; we refer to
it as the “CD8+ T-cell/NR” (non-response) cluster. The adjacent cluster included only CD4

+ T-cell responses (“CD4+ T-cell” cluster). In this cluster, all CD4+ T-cell response variables
showed substantial variation across vaccine recipients and were highly correlated with each
other (as demonstrated later). The next column cluster consisted of anti-V1V2 IgG and IgG3
antibody responses (“V1V2-Ab” cluster). Wide variability was observed across V1V2
responses in this cluster. The far-right cluster consisted entirely of anti-gp120 and anti-gp140
IgG and IgG3 responses (“gp120/gp140 Ab” cluster). Notably, all response variables in this
cluster were elevated with limited variation among vaccine recipients.

The trial participants were grouped into four distinct clusters. From top to bottom, the first
participant cluster included individuals whose vaccine response was characterized by a robust
CD4+ T-cell response (“Strong CD4+ T-cell” cluster, blue). Participants in the adjacent cluster
had more variable V1V2-Ab responses (“Variable V1V2-Ab” cluster, green), while retaining
strong CD4+ T-cell and anti-gp120 responses. The next adjacent cluster, the largest of all four
participant clusters, had a relatively weak CD4+ T-cell response (“Weak CD4+ T-cell” cluster,
red). The bottom “non-response” cluster included all placebo recipients together with two vac-
cine recipients. As expected, almost none of the measured immune responses were detected in
any of the placebo recipients. The basic immune response patterns of the participant clusters
were recapitulated in a radar plot of the data (Fig 2A). All four participant clusters tended to
have limited CD8+ T-cell responses. Three of the vaccine recipient clusters showed consis-
tently elevated anti-gp120 and anti-gp140 IgG and IgG3 antibody responses. In contrast, the
CD4+ T-cell and V1V2-Ab responses were more varied across the participant clusters.

We next tested whether participant clusters were distributed differently across the studies,
after excluding those non-responses, and found highly significant differences (Chi-squared
test; P-value < 0.001) (Fig 2B). Visual inspection suggested that these differences were driven
mostly by the difference in vaccine regimens (P sg/p/alum vs Pc/MF59); the difference in clus-
ter distribution across the two P g p/alum study populations (RV144 and HVTN 097) was not
significant (P-value = 0.219).

The immune response landscape of the 538 participants across the RV144, HVTN 097, and
HVTN 100 trials, using the full set of 307 immune responses, is shown in Panel A of S2 Fig.
Missing values (white) are present, because many immune measurements were generated for
only one of the trials. Trial-specific immune response landscapes for RV144 (Panel B of S2
Fig), HVTN 097 (Panel C of S2 Fig), and HVTN 100 (Panel D of S2 Fig) were also generated.

Comparison of the P,y /g/alum regimen in Thailand and South Africa

Comparison of the immune response landscapes between RV144 and HVTN 097 enabled con-
clusions to be drawn about the responses elicited by the P o p/alum regimen in a Thai popula-
tion versus the same regimen in a black South African population. We compared these two
trials excluding some of the immune response variables included in Fig 1, namely CD8

+ response variables because of generally absent/low responses, and gp120/140-Ab response
variables due to their consistently elevated levels and low variability. Excluding these response
clusters netted 29 response variables in the CD4+ T-cell and V1V2-Ab clusters for further
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analysis. We also excluded placebo recipients, all of whom were in the non-response cluster.
The participants and responses were then re-clustered (Fig 3). As expected, the immune
responses were grouped into CD4+ T-cell and V1V2-Ab clusters, and the participants were
grouped into two row clusters: the top participant cluster included participants who tended to
have variable CD4+ T-cell responses and strong anti-V1V2 IgG and IgG3 antibody responses
(“Variable CD4+ T-cell & strong V1V2-Ab” cluster). Meanwhile, participants in the bottom
cluster tended to have weak CD4+ T-cell responses and variable anti-V1V2 IgG and IgG3 anti-
body responses (“Weak CD4+ T-cell & Variable V1V2-Ab” cluster). Both RV144 and HVTN
097 vaccine recipients appeared to cluster randomly into these two participant clusters (Chi-
squared test; P-value = 1.00).

Comparison of the Py/g/alum and Pc/MF59 regimens

Given the lack of evidence of a significant difference between the RV144 and HVTN 097
immune response landscapes, we pooled data from these two trials and compared them with
data from the HVTN 100 trial, to assess whether there were landscape differences between the
P sg/p/alum and Po/MF59 vaccine regimens. We used the same set of participants and the
same 29 immune responses that showed substantial variation among vaccine recipients in all
three trials and performed unsupervised learning and clustering (Fig 4A). Again, the CD4+
T-cell and V1V2-Ab response clusters were distinct. The 459 vaccine recipients were grouped
into four participant clusters: the top cluster (green) included participants who had relatively
weak anti-V1V2 IgG and IgG3 antibody responses (“Variable CD4+ T-cell & weak V1V2-
Ab”). The adjacent cluster (blue) included a group of participants whose CD4+ responses
tended to be fairly strong with a variable anti-V1V2 IgG and IgG3 response (“Very strong
CD4+ T-cell & variable V1V2-Ab"). The next adjacent participant cluster (red) included par-
ticipants who had relatively low CD4+ T-cell response to absent and whose anti-V1V2 IgG
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Fig 3. Landscape of immune responses in Thai and South African populations to the P,g/p/alum regimen. The heatmap shows 29 selected immune
response measurements of RV144 and HVTN 097 vaccine recipients. Columns designate immune responses; cluster, response, gene, and clade information are
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and IgG3 responses were relatively strong (“Low CD4+ T-cell & strong V1V2-Ab”). The bot-
tom participant cluster had variable CD4+ T-cell responses and broadly elevated anti-V1V2
IgG and IgG3 responses (“Variable CD4+ T-cell & broad V1V2-Ab”).

Bekker et al. [26] noted that HVTN 100 participants had lower binding antibody responses
to many V1V2 antigens compared to RV144. The landscape analysis provided additional
insights about the CD4+ T-cell and V1V2-specific Ab co-response. For example, three addi-
tional observations can be made from Fig 4A: (a) almost all vaccine recipients with both strong
CD4+ T-cell and strong V1V2-Ab responses received Poc/MF59 (blue, participant cluster
“Very Strong CD4+ T-cell & variable V1v2-Ab”); (b) almost all recipients of either vaccine
who lacked CD4+ T-cell responses had medium V1V2-Ab responses (red, participant cluster
"Low CD4+ T-cell & strong V1V2-Ab"), and, for Pp/p/alum recipients in this cluster, many
had breadth of antibody responses to almost all of the V1V2 antigens; and (c) only Pc/MF59
recipients sometimes lacked V1V2-Ab responses yet had medium-to-strong CD4+ T-cell
responses (green, participant cluster "Variable CD4+ T-cell & weak V1V2-Ab").

The above analysis revealed that the bottom two vaccine recipient clusters appeared to be
enriched for RV144 and HVTN 097 vaccine recipients, whereas the top two clusters appeared
to be enriched for HVTN 100 vaccine recipients. Consistent with this observation, vaccine
recipient cluster membership was significantly associated with trial membership in RV144 or
HVTN 097 versus HVTN 100 (Chi-squared test P-value = 2.2x10™'°). This significant associa-
tion indicated that Pc/MF59 tended to elicit higher CD4+ T-cell responses, yet lower
V1V2-Ab responses than Pg/p/alum.

To gain further insight into the bivariate distribution of CD4+ T-cell and V1V2 Ab
response we generated two-dimensional scatter plots of the participants in RV144 plus HVTN
097 (Fig 4B) and HVTN 100 (Fig 4C), colored by participant clusters. For each participant, an
average CD4+ T-cell (x-axis) response value and an average V1V2 Ab response value (y-axis)
were computed (Fig 4B and 4C). They revealed that while the distributions of the V1V2-Ab
response values were similar across response clusters in RV144+HVTN 097 versus HVTN 100,
the CD4+ T-cell responses generally showed a greater range in HVTN 100, particularly for the
“Variable CD4+ T-cell & weak V1V2-Ab” cluster, where the CD4+ T-cell responses ranged
much higher in magnitude in HVTN 100.

Vaccine recipients with unique immune response profiles

The clustered multivariate immune response landscapes enabled identification of vaccine
recipients with unique immune response patterns, such as per-protocol vaccine recipients
with complete “non-take” (no or limited immune responses across all variables, thus clustering
with placebo recipients) despite having received all 4 immunizations through Month 6. We
observed two such vaccine recipients: one who participated in HVTN 097 and the other who
participated in HVTN 100 (Fig 1). Both were male and black, with BMI values of 17.5 and
17.4, putting each at the 11% and 5% percentile of all males in the respective trials.

Of equal interest are vaccine recipients with an unusually strong and consistent immune
response pattern. For example, 97 Po/MF59 recipients (the top participant cluster in Fig 1)
were clustered together with the “Strong CD4+ T-cell” cluster, and had strong CD4+ T-cell
responses, in addition to gp120-Ab and V1V2-Ab responses. We noted that the average CD4
+ T-cell response probability density appeared to center on ~5, and 8 vaccine recipients fell in

PLOS ONE | https://doi.org/10.1371/journal.pone.0226803  January 30, 2020 10/28


https://doi.org/10.1371/journal.pone.0226803.g003
https://doi.org/10.1371/journal.pone.0226803

@ PLOS|ONE

Immune response landscapes in HIV vaccine trials

Color Key

A) RV144+HVTN097 vs HVTN100

2 0 2 4 6 8 10 12
Value

Cluster
Response
Gene
Clade

S Lbs4BEEEEE c
ey - F - o r
5LLzz88884584 53388583833
§§§§g 238838 23889 23888
i%g;;g EERE ;;g% ;;g;
35§8BE 5 SES £S £583
8r2SgsSa53an o 2282
gE%a%ééﬁ%ﬁégmggéiiﬁcafﬁg

SRs+:NagBadaEgseckEsL 2t
REEETEEE LIS Pt LR EL
3 8 ShERecoB8E2SR885
E NE\EE\i&ﬂggé;?géQgégé
$ERERP e 550980898
825350 ae®roeRuteB808
_mg-_%'é_%% 57 -53;—”1;_%—“_%—”

- 2 @

29 Immune Responses

B) RV144 and HVTN 097

Response Cluster

CD4+

CRF07_BC

459 Participants

Participant Cluster
@ Variable CD4+ T-cell & weak V1V2-Ab
@ \ery strong CD4+ T-cell & variable V1V2-Ab
@ Low CD4+ T-cell & strong V1V2-Ab

@ Variable CD4+ T-cell & broad V1V2-Ab

Study
- RV144+HVTNOG7
= HVTN100

C) HVTN 100

24 © Low CD4+ T—cell & strong V1V2-Ab e
 Variable CD4+ T-cell & broad V1V2-Ab
o Very strong CD4+ T-cell & variable V1V2-Ab
o Variable CD4+ T-cell & weak V1V2-Ab
© ® -
© - © -
e
<|( < - < -
B
>
o~ N

Absence of the participant cluster:
Very Strong CD4+ T-cell Response

=2
|

=2
1

T T T T T
0 5 10 15 0

CD4+ T-cell

T T T
5 10 15

CD4+ T-cell

Fig 4. Immune response landscapes for the P yr/p/alum and Pc/MF59 regimens. A) Heatmap of the same 29
immune response measurements combining RV144 and HVTN 097 vaccine recipients (pooled) and HVTN 100

PLOS ONE | https://doi.org/10.1371/journal.pone.0226803  January 30, 2020

11/28


https://doi.org/10.1371/journal.pone.0226803

@ PLOS|ONE

Immune response landscapes in HIV vaccine trials

vaccine recipients. Columns designate immune responses; cluster, response, gene, and clade information are given in
the top 4 color-coded bars. Rows designate participants; cluster and study information are given in the two color-
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BDPT-transformed scales.
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the right tail with the threshold value of 9 (Fig 5). Density distributions of these 8 individual
CD4+ T-cell responses showed the “Strong CD4+ T-cell” with their response levels approach-
ing 15. Interestingly, all vaccine recipients were male and all of them participated in HVTN
100. They also tended to have a normal BMI (7 normal and 1 overweight), although their dis-
tribution did not differ significantly from that of the others (p = 0.22).

Associations of demographics with cluster membership

Based on the CD4+ T-cell, gp120-Ab and V1V2-Ab response clusters, all participants were
clustered into four participant groups: Strong CD4+ T—cell, Variable V1V2—-Ab, Weak CD4
+ T—cell and non-response. Age, sex-at-birth, and BMI were tested for an association with the
immunologically-defined clusters. None of the three covariates were associated with partici-
pant cluster membership (p-value>0.05) (Table 2).

Assays and antigens with uniform lack of vaccine response

The immune response landscapes also facilitated identification of immune response variables
that were absent across all (or almost all) vaccine recipients. For example, the CD8+ T-cell col-
umn cluster (Fig 1) included 12 such immune responses, including ten gp120-specific CD8

+ T-cell variables and two gp41-specific antibody responses (IgG and IgG3) (S2 Table). Prior
to normalization and transformation, the original CD8+ T-cell responses indicated that across
participants the median percent of CD8+ T-cells expressing cytokines was 0% and the mean
and median levels of gp41-specific IgG and IgG3 were 5.5 and 3.3, respectively; after normali-
zation and transformation, the median values of all 12 responses were near —1.00.

Dynamic ranges of immune responses

Among BAMA readouts, the interquartiles of anti-V1V2 IgG/IgG3 antibody responses were
modest, ranging from 3.6 to 5.2, while their 10% and 90% quantiles were much wider, from -1
to 5.5 (Fig 6). On the other hand, BAMA readouts from anti-gp120 IgG/IgG3 antibody
responses had narrow dynamic ranges, from 4.6 to 5.2 with the 10% and 90% quantiles, respec-
tively. For ICS readouts, CD4+ T-cell responses had large dynamic ranges with the interquar-
tile (-0.97, 5.1) and 10%-90% quantiles (-1.1, 6.7). In contrast, CD8+ T-cell responses had 10%
and 90% quantiles of (1.1, -0.8).

Redundant immune responses

Applying a rank-based method, we computed pairwise correlation coefficients between all
immune responses within each immune response cluster, excluding the CD8+ T-cell response
cluster (Fig 7). Correlations were computed across participants in all three studies. The distri-
butions of the estimated Spearman correlations for responses in the CD4+ T-cell cluster and
those in the V1V2-Ab cluster each consisted of a wide single peak, centered around 0.6~0.7.
Using a threshold for high correlation of 0.75, 38% and 27% pairs of the immune responses in
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Table 2. Results from analyzing cluster membership with three demographic covariates (age, sex-at-birth and BMI), from 538 vaccine and placebo recipients in all
three trials with 64 immune responses (shown in Fig 1).

Participant Cluster Membership Strong CD4+ T-cell Variable V1V2-Ab Weak CD4+ T-cell Non-Response P-value'
n (%) 100 (100%) 69 (100%) 288 (100%) 81 (100%)
Age (y) 18-20 23 (23) 17 (24.6) 87 (30.2) 19 (23.5) 0.223
21-25 51 (51) 28 (40.6) 123 (42.7) 42 (51.9)
>26 26 (26) 24 (34.8) 78 (27.1) 20 (24.7)
Sex-at-birth Female 37 (37) 31 (44.9) 117 (40.6) 39 (48.1) 0.223
Male 63 (63) 38 (55.1) 171 (59.4) 42 (51.9)
BMI (kg/m?) (0,18.5] 9(10.5) 5(7.7) 18 (17.1) 5(8.8) 0.222
(18.5,25] 46 (53.5) 33 (50.8) 60 (57.1) 30 (52.6)
(25,30.5] 21 (24.4) 18 (27.7) 19 (18.1) 11 (19.3)
(30.5,100] 10 (11.6) 9(13.8) 8(7.6) 11 (19.3)

"Each p-value was computed by 100,000 permutations.

https://doi.org/10.1371/journal.pone.0226803.t002

these two clusters were highly correlated. Interestingly, the correlation distribution of
responses in the gp120/gp140-Ab cluster appeared to be bimodal, with one peak centering on
0.6 and a second peak around 0.9, with the latter peak including highly correlated gp120/
gp140-Ab responses. Using the same high correlation threshold of 0.75, 69% of the pairs of
immune response measurements in this cluster were highly correlated.

Analysis of vaccine-matched immune responses

Both ICS and BAMA responses are measured using HIV antigens that may or may not be
matched to one of the immunogens in each of the vaccine regimens. We identified six classes
of BAMA or ICS measurements that were made using at least one vaccine-matched antigen
for each of the three trials: (1) Env-specific IFN-y\IL-2\CD154+ CD4+ T-cell, (2) Env-specific
IFN-Y\IL-2\CD154+ CD8+ T-cell, (3) anti-gp120 IgG binding, (4) anti-gp120 IgG3 binding,
(5) anti-V1V2 IgG binding, and (6) anti-V1V2 IgG3 binding. Based on these vaccine-matched
immune responses, participants were hierarchically organized into six row clusters (Fig 8A).
Similar to the analyses above, we tested whether participants in the three trials were distributed
proportionately among the six participant clusters (Fig 8B). We assigned each cluster a six-
digit number in which each position takes the value of 0, 1 or 2, corresponding to a low, high
or highest response, for each of the six vaccine-matched immune responses. For instance, the
top participant cluster, 011011, consisted of participants with low CD8+ T-cell, high
IgG3-V1V2, high CD4+ T-cell, low IgG3-gp120, high IgG-V1V2, and high IgG-gp120
responses. The second cluster from the top shared the same response pattern as the top cluster,
with the exception of low CD4+ T-cell and high IgG3-gp120 responses. The next two clusters,
011111 and 012111, all had high responses except for CD8+ T-cell, with the 012111 cluster
having a much higher CD4+ T-cell response than the 011111 cluster. Cluster 111111 had high
responses for all six vaccine-matched responses. Cluster 001111 had low CD8+ T-cell and
IgG3-V1V2 responses, while all other responses were elevated. Across these six participant
clusters, cluster membership was significantly different across three trials (Chi-squared p
<0.001). Moreover, pairwise comparisons found significant differences among all trials (all p
<0.001). These differences seemed to be driven by distinct clusters of non-responders for the
IgG3 antibody and CD4+ T-cell responses. For example, one cluster of HVTN 100 vaccine
recipients had very low gp120-specific IgG3 responses and one cluster of RV144 vaccine
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recipients had very low V1V2-specific IgG3 responses. In contrast, these low responses were
not generally associated with low gp120 or V1V2-specific IgG responses, which were much
less variable across the clusters. The CD4+ T-cell polyfunctionality score also contributed to
differences between the trials. A cluster of mostly HVIN 097 participants had very low CD4
+ T-cell responses while clusters of HVTN 100 participants had the highest responses; these
observations were similar to those based on combined analyses of vaccine-matched and mis-
matched responses.

Discussion

Our multivariate unsupervised learning and visualization approach differs from univariate
approaches that have previously been applied to data from these trials in several ways. Instead
of examining how different vaccine regimens may elicit shifts in population-level parameters
of individual measures, i.e. assessing changes in response mean or median values, our
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approach considered the entire multivariate immune response profile. This approach enabled
us to evaluate if subgroups of participants sharing similar vaccine-induced immune response
profiles could associate with key meta-groups of interest (defined by vaccine regimen or demo-
graphics) and that the frequencies of these subgroups differed across meta-groups. Identifica-
tion of participant subgroups was enabled by integration of diverse immune response
measures; similarly, combining data from multiple trials revealed how immune response mea-
sures were related to one another. Using our approach, the participant clusters and the
immune response measurements defining each cluster generate hypotheses that can be tested
in future experimental and computational analyses, with the aim of better understanding the
mechanisms underlying response heterogeneity. As vaccine efficacy is a complex set of interre-
lated immune responses, our approach puts individually evaluated immune responses into an
interrelated and multivariate framework allowing one to interrogate these relationships more
comprehensively.

By comparing the immune response landscapes of the P yp/p/alum regimen in the RV144
versus HVTN 097 trials, we first recapitulated the findings of Gray et al. [25] — that the
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binding, anti-V1V2 IgG antibody binding, and anti-gp120 IgG antibody binding measurements used to organize participants into the six row clusters. B) The
distribution of participants in each trial (column) in each cluster is represented by the row height. Box size is proportional to the number of participants.

https://doi.org/10.1371/journal.pone.0226803.9g008

landscapes are comparable between the Thai and South African populations, with most vac-
cine recipients exhibiting broad V1V2-specific antibody responses. In addition, through multi-
variate analysis of antibody and T-cell responses, we found substantial variability in the joint
responses, including a small subgroup with complete non-take for both antibody and T-cell
responses despite receiving all vaccinations, a small subgroup with strong responses across all
variables, a large subgroup with a broad V1V2 antibody response combined with no CD4+ T-
cell response, and a large subgroup with a broad V1V2 antibody response combined with a
strong CD4+ T-cell response.

We also confirmed the individual assay findings of Bekker et al. that V1V2 antibody
responses tended to be stronger and broader for the P 5g/p/alum vaccine regimen compared to
Pc/MF59, whereas the latter regimen elicited stronger and broader CD4+ T-cell responses
[26]. Our joint antibody and CD4+ T-cell analysis revealed that almost all vaccine recipients
with both strong V1V2 antibody and gp120-specific CD4+ T-cell responses received Pc/MF59
almost all recipients of either vaccine with absent CD4+ T-cell responses had medium and
broad V1V2 antibody responses, and only Pc/MF59 recipients sometimes lacked V1V2
responses yet showed medium-to-strong CD4+ T-cell responses. Cumulatively, these results
demonstrate how the approach enables the characterization and comparison of immunogenic-
ity across vaccine regimens and other participant factors at a greater multivariate resolution
than previous analyses.
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The work also demonstrates the utility of multivariate unsupervised learning and visualiza-
tion for the other vaccine development objectives outlined in the Introduction. For instance,
we identified two vaccine recipients (one in HVTN 097 and one in HVTN 100) who lacked
responses for all assayed immune responses and hence appeared to have “complete non-take”
despite having received all vaccinations. In addition to being of biological interest, this finding
has value for data control, prompting extra checking of correct administration of treatment
assignment. We also identified three separate subgroups of vaccine recipients for whom vacci-
nation induced only V1V2-targeting IgG or IgG3 responses, only CD4+ T-cell responses, or
both response sets.

Our investigation of dynamic response ranges of the four response clusters identified in the
landscape containing all 64 immune responses shared across the three trials (Fig 1) showed
that both gp120-specific CD4+ T-cell responses and V1V2-specific IgG/IgG3 antibody
response clusters had broad dynamic ranges that will provide ample statistical power for
immune correlates analyses of HVTN 702. In contrast, CD8+ T-cell responses and gp120-spe-
cific IgG/1gG3 antibody responses had limited dynamic ranges (uniformly low levels and uni-
formly high levels, respectively), precluding immune correlates analyses using these responses.
Note that while BDPT transformed values were used for the computation, patterns of dynamic
ranges for untransformed values were similar (not shown).

Our analysis of vaccine-matched immune responses showed that some of the inter-trial var-
iability we observed based on all responses, could be explained by the comparison of responses
to vaccine-matched and -mismatched antigens. For example, the cluster of mostly HVTN 100
participants with relatively weak V1V2-specific IgG and IgG3 Ab responses (Fig 3, “Variable
CD4+ T-cell & weak V1V2-Ab” cluster) was not evident in the responses to vaccine-matched
V1V2- or gp120-specific IgG. Instead, we observed a clear cluster of RV144 participants who
had a very low V1V2-specific IgG3 response. Levels of V1V2-specific IgG3 (both vaccine
matched and a clade C antigen) were previously shown to be lower among HIV-1 infected par-
ticipants in a follow-up case-control study of RV144 [17]. Though the IgG3 responses reported
here do not include HIV-1 infected cases from RV144 by design, we hypothesize that the vac-
cine recipients with very low V1V2-specific IgG3 were at higher risk of infection and that the
comparatively low frequency of these participants in HVTN 097 and HVTN 100 may indicate
comparatively lower risk of infection. We also found with the vaccine-matched analysis that a
much lower proportion of RV144 and HVTN 097 participants lacked a CD4+ T cell response
than was apparent in the analysis of all the antigen-specific responses. Though it remained
apparent that clusters of HVTN 100 recipients had a greater CD4+ T-cell response compared
to RV144 and HVTN 097 participants, the cluster of RV144 and HVTN 097 recipients with no
CD4+ T cell response was limited and mostly among RV144 participants. These findings
showed that after controlling for antigenic-mismatch, differences between the responses
induced in each trial could be identified more precisely and that the differences could be more
confidently attributed to differences between the trial populations and vaccine regimens, as
opposed to the antigen variants used in the immune assays.

Though a vaccine-matched response is highly relevant for understanding vaccine immuno-
genicity in different populations or with different adjuvants, it may be equally, if not more,
important to understand vaccine-elicited responses to circulating viruses, to which partici-
pants in efficacy trials may be exposed. Standardized reagent panels of practical numbers of
antigens (9 to 12) have been selected to optimally represent antigenic variability of potential
globally circulating viruses [31, 32]; the methods studied here would apply well to data sets
emanating from these breadth panels. As multivalent vaccine regimens are developed with the
specific goal of eliciting responses to a more diverse breadth of HIV-1 viruses, it will become
increasingly important to consider how responses are evaluated and compared.
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We also identified clusters of highly correlated (and, therefore, redundant) immune
response readouts by studying adjusted correlations of pairs of immune response variables
within clusters identified by the landscape. For example, 38% of the pairwise correlation coeffi-
cients within the CD4+ T-cell response clusters exceeded 0.75 and thus were highly correlated,
and 27% of responses within the V1V2-specific IgG and IgG3 response clusters were highly
correlated. These results suggest that many immune response clusters are homogeneous
enough that they could be assessed as single variables in immune correlates of risk analyses;
this could be an effective way to reduce dimensionality of high-dimensional data and thus
minimize a multiplicity testing correction penalty. Further, the correlation pattern may pro-
vide a rational way to design future immune response assays.

A limitation of our analysis is that only variables from the BAMA and ICS assays were used.
Our analysis was restricted to these assays since both have been standardized and validated
and are conducted at centralized labs, giving us high confidence that it is appropriate to
directly compare a measurement made on a sample from a participant in one study to the
same measurement made on a sample from a different participant in a different study. Also, a
large number of individual immune response variables were measured with these assays across
RV144, HVTN 097, and HVTN 100. The immune response landscape framework is antici-
pated to provide more insights as increasing numbers of functional assays are standardized,
validated and applied. For example, in the HVTN 505 trial of a DNA recombinant adenovirus
5 HIV vaccine regimen, multiple functional assays have been conducted on vaccine recipient
samples including an antibody neutralization assay, a cellular viral inhibition assay, antibody
dependent cellular cytotoxicity assays, an antibody dependent cellular phagocytosis assay, an
assay determining the breadth of the T-cell response, an antibody avidity assay, and an IgG
subclass assay.

While understanding the association of immune response clusters with vaccine protection
is the ultimate goal, in this study only RV144 had a sufficiently large sample size and a suffi-
ciently long follow-up duration to be able to assess the vaccine effect on incident HIV-1 infec-
tion. Numerous studies (see the Introduction) have reported on the immune responses of
RV144 vaccine recipients that were correlates of risk, which included analyses of the data that
we analyzed in this study. As we believe that additional post-hoc, re-analysis of these immune
measures with respect to HIV-1 infection is unlikely to provide further interpretable benefit to
the field, we decided to focus on identifying understanding response heterogeneity, identifying
novel biomarker clusters and evaluating their potential in the anticipated correlates of risk
analyses of ongoing efficacy studies.

In general, a main application of the framework is the comparison of immune response
landscapes among vaccine regimens, with one contemporary future application of interest
being the comparison of the two regimens currently in efficacy testing (Pc/MF59 in HVTN
702 vs. Ad26 Mosaic/gp140/Alum clade C in HVTN 705/VAC89220HPX2008), which would
help prepare for the interpretation of the trial results and for the immune correlates of risk/
protection analyses. Comparing Pc/MF59 and Ad26/gp140 vs. DNA/protein vaccine regimens
is another contemporary application of interest. In addition, the framework would apply for
comparing vaccine regimens/populations by immune response landscapes measured at other
time points besides approximate peak after last vaccination, including “durability time points”
6 months or more post last vaccination and “innate time points” with a typically intense phle-
botomy scheduling after vaccination. Moreover, the framework would apply for deeper multi-
variate comparisons that add immune response data from additional compartments beyond
blood such as mucosal tissues.
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Methods
Study populations

We assessed the immune response profiles of HIV vaccine regimens studied in the RV144,
HVTN 097, and HVTN 100 trials. Participants who deviated from the protocol, i.e. who did
not receive all of the first four scheduled vaccinations or did not have immune response mea-
surements, were excluded.

The RV144 trial was a phase 3 efficacy trial conducted in Thailand that randomized 16,402
participants (1:1 ratio) to ALVAC-HIV prime plus AIDSVAX gp120g/g boost or placebo. Par-
ticipants in the vaccine arm received ALVAC-HIV at Month 0 and Month 1, followed by
ALVAC-HIV+AIDSVAX gp120g,g at Month 3 and Month 6. From this cohort, 212 vaccine
recipients and 24 placebo recipients were randomly selected from respective vaccine and pla-
cebo arms, and their immune responses were measured at Month 6.5 (2 weeks post last vacci-
nation). Eleven vaccine recipients did not receive all 4 vaccinations and their immune
response measurements were excluded from analysis; thus immune responses from 201 vac-
cine recipients were analyzed here. All placebo recipients received four placebo treatments.

HVTN 097 was a randomized, double-blind, placebo-controlled phase 1b trial of the Pg/p/
alum vaccine regimen and was conducted in South Africa [25]. A total of 100 participants
were randomized (3:1:1 ratio) to receive tetanus+hepatitis B vaccines plus ALVAC-HIV and
AIDSVAX gp120g,g prime/boost (T1, n = 60), ALVAC-HIV and AIDSVAX gp120g, prime/
boost (T2, n = 20), or tetanus-+hepatitis B vaccines plus placebo (T3, n = 20). Participants in T1
and T2 received ALVAC-HIV at Month 0 and Month 1, followed by ALVAC-HIV+AIDSVAX
gp120p/ at Month 3 and Month 6. Participants in T1 and T3 received a tetanus vaccination at
Month -1, followed by the hepatitis B series at Months 6.5, 7.5, and 12. Serum samples and
PBMCs were collected at Month 6.5 (2 weeks post last HIV-vaccination) for immunogenicity
measurements. There were no meaningful differences in any HIV immune responses between
participants in T1 vs T2 [33]. For a small number of participants (n = 6), immune responses
could not be measured due to missed visits or their immune response measurements did not
pass pre-specified quality control criteria applied by the laboratory prior to unblinding, yield-
ing analyzable immune responses from 94 participants. One participant in the placebo arm
and two participants in the vaccine arm deviated from the protocol and were excluded, yield-
ing 18 placebo recipients and 73 vaccine recipients in the current analysis.

HVTN 100 was a phase 1/2 trial testing the safety and immunogenicity of the Pc/MF59 vac-
cine regimen [26]. The trial recruited 252 participants who were randomly assigned to P¢/
MF59 (n = 210) or placebo (n = 42). Serum samples and PBMCs were collected two weeks
after the fourth vaccination (Month 6.5) and used for immunogenicity measurements. For
n = 21 participants, immune responses could not be measured due to missed visits or their
immune response measurements did not pass pre-specified quality control criteria applied by
the laboratory prior to unblinding, yielding analyzable immune responses from 231 partici-
pants. After excluding nine participants for protocol deviations, data from 185 vaccine recipi-
ents and 37 placebo recipients remained for this analysis.

Ethics statement

For the RV144 trial, written informed consent was obtained from all volunteers, who were
required to pass a written test of understanding. The study protocol was reviewed by the ethics
committees of the Ministry of Public Health, the Royal Thai Army, Mahidol University, and
the Human Subjects Research Review Board of the U.S. Army Medical Research and Materiel
Command. The World Health Organization and the Joint United Nations Program on HIV/
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AIDS and the AIDS Vaccine Research Working Group of the National Institute of Allergy and
Infectious Diseases at the National Institutes of Health also independently reviewed and
endorsed the study protocol. For the HVTN 097 trial, all participants gave written informed
consent. The HVTN 097 study protocol was approved by the University of the Witwatersrand
Human Research Ethics Committee for Klerksdorp and Soweto sites and by the University of
Cape Town Ethics Committee for the Cape Town site. For the HVTN 100 trial, all participants
gave written informed consent in English or their local language (Setswana, Sotho, Xhosa, or
Zulu). The HVTN 100 study protocol was approved by the research ethics committees of the
University of the Witwatersrand, the University of Cape Town, the University of KwaZulu-
Natal, and the Medical Research Council.

Laboratory methods

ICS and BAMA assays were performed blinded to treatment group with validated methods.
ICS measurements included CD4+ and CD8+ T-cell responses to vaccine-matched antigens,
while BAMA measurements assessed isotype and antigen-specific antibodies to gp140, gp120,
vaccine-matched V1V2 antigens and non-matched V1V2 antigens (representing other circu-
lating viruses) [13, 14, 17, 32, 34].

HIV-1 specific CD4+ and CD8+ T-cell responses

HIV-1-specific CD4+ and CD8+ T-cell responses were assessed by ICS of cryopreserved
PBMC:s as previously described [13, 16, 26, 35]. No replicates were performed with participant
samples due to limited PBMC availability. Responses were evaluated to vaccine-matched anti-
gens (peptides representing gp120 ZM96, 1086.C and TV.1) at the putative peak time point (2
weeks post fourth vaccination). Antigen-specific T-cell subsets were analyzed by COMPASS
[16].

HIV-1 binding antibody responses measured by BAMA

HIV-1 specific IgG (1/50 dilution) and IgG3 (1/40 dilution) for specific vaccine-matched and
vaccine-mismatched antigens were measured with serum (HVTN 097) and plasma (RV144,
HVTN 100) samples collected at baseline and at the putative peak time point, as previously
described [13, 14, 17, 36]. Each sample was tested in duplicate and met preset acceptance crite-
ria before reporting.

Vaccine-matched responses

Composite variables were created to represent the responses of participants in each study to
the vaccine-matched antigen. For example, the composite vaccine-matched gp120-specific
CD4+ T-cell polyfunctionality score variable included ALVAC insert-matched responses of
RV144 and HVTN 097 participants to the 92TH023 peptides and responses of HVTN 100 par-
ticipants to the ZM96 peptides. When multiple vaccine-matched responses were measured the
maximum magnitude response was used in the composite variable (e.g. gp120 IgG using A244
and MN antigens were both matched to the P/alum regimen). In total, there were 16 vaccine-
matched immune responses: 1) Env CD4+ CD154+, 2) Env CD4+ Functionality Score, 3) Env
CD4+ IFN-Y\IL-2\CD154+, 4) Env CD4+ IFN-y+, 5) Env CD4+ IL-2/IFN-y, 6) Env CD4+ IL-
2+, 7) Env CD4+ Polyfunctionality Score, 8) Env CD8+ CD154+, 9) Env CD8+ IFN-y\IL-2
\CD154+, 10) Env CD8+ IFN-y+, 11) Env CD8+ IL-2/IEN-y, 12) Env CD8+ IL-2+, 13) IgG
gp120 50 Serum, 14) IgG V1V2 50 Serum, 15) IgG3 gp120 40 Serum, and 16) IgG3 V1V2 40
Serum. Seven CD4+ and five CD8+ T cell response variables were highly correlated, therefore
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Env CD4+ IFN-y\IL-2\CD154+ and Env CD8+ IFN-y\IL-2\CD154+ were chosen to represent
their respective groups of responses.

Statistical methods

Integration. Validated ICS and BAMA assays were used to assess cellular and humoral
responses across all three trials. However, the specific immune responses assessed differed
somewhat across the trials, resulting in a total of 64 shared responses out of the 307 immune
responses assessed in at least one trial. For the unsupervised clustering analysis, all three data
sets were integrated before normalization and transformation (see below), leaving unmeasured
responses as missing values. We made the assumption that immune measurements were miss-
ing completely at random (MCAR). This is justified since the “missingness” of responses was
the result of missed visits and assay quality issues, which are presumably not related to the
missing values themselves, nor their missingness. Therefore, the BDPT transformation, under
the complete case analysis, would yield appropriate transformed values without biases.

Normalization. ICS measurements correspond to percentages of T cells producing spe-
cific cytokines upon antigen stimulation. ICS readouts are typically expressed in values ranging
from 0 to 100. When internal control readouts are subtracted from experimental readouts,
negative percentages are occasionally recorded when the experimental readouts are relatively
small. In contrast, BAMA detects the amount of antibody bound to an immobilized antigen.
Readout values for this assay range, on a logarithmic scale, from 0 to a positive value. To
express ICS and BAMA readout values on a comparable scale, we normalized all measure-
ments on the integrated data set by setting the 95™ percentile of each assay readout to one, i.e.,
all observed values of each immune response assay were divided by its respective 95™ percen-
tile value.

Bimodal distribution. Immune responses generally have a bimodal distribution wherein
the first peak corresponds to non-responders and the second peak corresponds to responders.
To examine the distribution of responses across participants for each immune response mea-
surement, we used nonparametric kernel-based density estimation to determine the distribu-
tion density for each immune response [37]. In the context of a vaccine trial, the first peak
typically includes observed immune response values from placebo recipients and non-
responding vaccine recipients (or vaccine recipients with protocol deviation). The second
peak, if present, corresponds to immune response values from responder vaccine recipients.

Bi-directional power transformation. In addition to their bimodality nature, immune
responses among responders tend to have a wide spread, often resulting in a highly right-tail
skewed distribution from zero to a large positive value. This wide spread hinders clear identifi-
cation of the two peaks corresponding to non-responders and responders. To overcome this
interpretation hurdle, we used a bi-directional power transformation (BDPT) to transform
individual immune responses so that the mixed distributions are converted into clearly
bimodal distributions, improving analysis and visualization of non-responders and
responders.

As an extension to the power transformation and the Box-Cox transformation [38], BDPT
applies power transformations on observed values below a threshold value and on observed
values above the same threshold value via

—o[(0-Y)/m Yy <0

]l’
negative

W[(Y - 0)/mpositive}& Y > 97

where (w,p) and (®@,0), respectively, are a pair of scale and power parameters for those values
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below and above the threshold value, and (egativesMpositive) are targeted median values for the
two separate peaks. Both the scale parameters (w,®) and power parameters (p,6) are treated as
tuning parameters. The scale parameters dictate centralities of transformed values for non-
responders and responders, while the power parameters influence symmetricities of trans-
formed values for non-responders and responders. The choice of these parameters influences
the transformed immune response values and hence their associated interpretations. The two
scale parameters (w,®) are chosen so that the transformed immune response values have inter-
pretable intervals, e.g., -2 to 0 for non-responders’ values and 0 to a number around 10 for
responders’ immune response values. Note some transformed positive values can be greater
than 10, but are truncated in the heatmaps, to enable visual interpretation of the heatmaps.
Given the relatively small sample sizes in three vaccine trials considered here, the power
parameters (p,8) were set to (0.25, 0.25) and the scale parameters (w,®) were set to (1, 5), so
that their empirical distributions for “non-responders” and “responders” appeared to be sym-
metric, and median values for respective groups equal approximately 1 and 5. Note that trans-
formed values were used for all analyses, unless noted otherwise.

To provide an intuitive motivation for BDPT, we show how mixing responders’ and non-
responders’ measurements induced a skewed bimodal distribution (Panels A, B and C in S1
Fig), and how BDPT can be used to transform the measurements so that the mixture right-tail
skewed distribution is turned into a “more interpretable” bimodal distribution, potentially
improving visual display and result interpretation (Panel D in S1 Fig).

Hierarchical clustering and visualization. We compute, separately, the Euclidean dis-
tance of immune response values between participants and between immune responses, and
then apply the hierarchically clustering methods, separately clustering subjects and clustering
immune responses. The basic idea of the hierarchical clustering is to place columns (or rows)
closer if their distances are relatively small. We used the Ward method [39], i.e. the sum of the
squared distances is used as an objective function and thus a pair of columns (rows) with the
smallest objective function value would be organized closer together. Participants with similar
patterns of immune responses are clustered more closely to one another, while participants
with more divergent patterns of immune responses are placed into different row clusters. Like-
wise, immune responses similar across participants are clustered more closely to one another,
whereas immune responses with more divergent patterns across participants are placed into
different column clusters. This analytic and visualization strategy gains substantial tractions
for unsupervised learning in high dimensional data analyses [29].

The hierarchical clustering algorithm is applicable to BDPT transformed immune response
values, as well as to other transformed values. As sensitivity analysis, we clustered “dichoto-
mized immune responses” and “log-transformed immune response” by the same algorithm
and obtained comparable cluster patterns (not shown) to those presented here, although their
numerical properties and interpretabilities are different.

Dynamic ranges of immune responses. One important factor determining the statistical
power of assessing association of vaccine-induced immune response with risk of HIV infection
(or protection against HIV infection) is the biologically relevant dynamic range of the variable
[e.g., see power calculations in [40]]. We calculate two measures of dynamic range for all 64
immune response variables: 1) the interquartile range, i.e., the range between the 25™ and 75"
percentiles; and 2) the range between the 10™ and 90™ percentiles. Dynamic ranges may be
validly compared among immune response variables measured by the same assay (i.e., within
BAMA or within ICS), but not between assays. For dynamic range calculations, BDPT-trans-
formed scales were used.

Adjusted Spearman’s correlation. When many immune responses are measured, it is of
interest to identify highly correlated (i.e. redundant) responses to improve cost-effectiveness.
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To this end, we compute pairwise correlation coefficients between all immune responses
within each Fig 1 immune response cluster, excluding the CD8+ T-cell response cluster, which
lacked sufficient variability. To adjust covariate-induced heterogeneity in the evaluation of
nonparametric correlations between immune response measurements, rank-based Spearman
correlation coefficients are computed, after adjusting pertinent covariates, using the methods
developed by Shepherd and colleagues [41-43].

Statistical software tools. All analyses were performed in R (https://www.r-project.org/).
For hierarchical clustering, the function hclust was used with customized distance function
and related options. Clustered results were displayed the heatmap.3 package, the radarchart
function was used to display immune response patterns among participant clusters, and the
mosaic function was used to visually display the contingency table. Chi-square test statistics
for assessing associations between two categorical variables were calculated using the chisq.test
function. In this function, the asymptotic chi-square distribution is used to compute p-values
or the bootstrap method is used to compute p-values when some frequencies are too small for
accurate asymptotic approximation calculation. All computations were implemented in the R
language.

MetaVis. Row metadata (subject covariates) and column metadata (immune response
annotations) can be explored using the interactive tool MetaVis (http://sieve.thcrc.org/
metavis_RV144_097_100).

Supporting information

S1 Fig. [llustration of bidirectional power transformation (BDPT). A) Distribution of
immune response levels among non-responders, B) Distribution of immune response levels
among responders, C) Mixture distribution of immune response levels among both respond-
ers and non-responders, and D) Distribution of BDPT-transformed response levels, showing a
mixture of responders and non-responders.
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S2 Fig. Heatmap representations of immune responses observed in the three trials. A)
Heatmap of the 307 immune responses observed in 538 participants, in which white spaces
indicate uncollected values; B) Heatmap of 153 immune responses in 225 participants in
RV144; C) Heatmap of 164 immune responses in 91 participants in HVTN 097; and D) Heat-
map of 198 immune responses in 222 participants in HVTN 100.
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S§1 Table. List of the 64 immune responses shared by the RV144, HVTN 097, and HVTN
100 studies.
(XLSX)

$2 Table. Distributional statistics of the 12 immune responses for which vaccine recipients
consistently showed limited or no response. Left panel, original values; right panel, normal-
ized and transformed values.

(XLSX)

Acknowledgments

We gratefully acknowledge: The RV144 trial team and participants; the HVTN 097 trial team
and participants; Dr. Linda-Gail Bekker, Dr. Fatima Laher and the HVTN 100 trial team and
participants.

PLOS ONE | https://doi.org/10.1371/journal.pone.0226803  January 30, 2020 24/28


https://www.r-project.org/
http://sieve.fhcrc.org/metavis_RV144_097_100
http://sieve.fhcrc.org/metavis_RV144_097_100
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0226803.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0226803.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0226803.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0226803.s004
https://doi.org/10.1371/journal.pone.0226803

@ PLOS|ONE

Immune response landscapes in HIV vaccine trials

We also thank Vicki Ashley, Caroline Brackett, Kristy Long, Sheetal Sawant, Judith Lucas,
Michael Archibald, Marcella Sarzotti-Kelsoe and QAU, Sarah Thiebaud, and April Randhawa.

Author Contributions

Conceptualization: Lue Ping Zhao, Andrew Fiore-Gartland, Lawrence Corey, Glenda E.
Gray, M. Juliana McElrath, Nicole Frahm, Georgia D. Tomaras, Peter B. Gilbert.

Data curation: Lue Ping Zhao, Andrew Fiore-Gartland, Kristen W. Cohen, One Dintwe, Zoe
Moodie, Youyi Fong, Ying Huang, Holly E. Janes, Sorachai Nitayaphan, Punnee Pitisut-
tithum, Supachai Rerks-Ngarm, Stephen C. De Rosa, Kelly E. Seaton, Nicole L. Yates,
Nicole Frahm, Peter B. Gilbert.

Formal analysis: Lue Ping Zhao, Andrew Fiore-Gartland, Kristen W. Cohen, One Dintwe,
Michael Zhao, Zoe Moodie, Youyi Fong, Ying Huang, Holly E. Janes, Stephen C. De Rosa,
Kelly E. Seaton, Nicole L. Yates.

Funding acquisition: Nelson L. Michael, Merlin L. Robb, Lawrence Corey, Glenda E. Gray,
M. Juliana McElrath, Georgia D. Tomaras, Peter B. Gilbert.

Investigation: Lue Ping Zhao, Andrew Fiore-Gartland, Kristen W. Cohen, Nadine Rouphael,
Llewellyn Fleurs, One Dintwe, Michael Zhao, Zoe Moodie, Youyi Fong, Nigel Garrett, Ying
Huang, Craig Innes, Holly E. Janes, Erica Lazarus, Nelson L. Michael, Sorachai Nitayaphan,
Punnee Pitisuttithum, Supachai Rerks-Ngarm, Merlin L. Robb, Stephen C. De Rosa, Law-
rence Corey, Glenda E. Gray, Kelly E. Seaton, Nicole L. Yates, M. Juliana McElrath, Nicole
Frahm, Georgia D. Tomaras, Peter B. Gilbert.

Methodology: Lue Ping Zhao, Andrew Fiore-Gartland, Kristen W. Cohen, One Dintwe, Zoe
Moodie, Youyi Fong, Ying Huang, Holly E. Janes, Stephen C. De Rosa, Kelly E. Seaton,
Nicole L. Yates, Nicole Frahm, Peter B. Gilbert.

Project administration: Nelson L. Michael, Punnee Pitisuttithum, Merlin L. Robb, Glenda E.
Gray, M. Juliana McElrath, Nicole Frahm, Georgia D. Tomaras, Peter B. Gilbert.

Resources: Peter B. Gilbert.
Software: Lue Ping Zhao, Andrew Fiore-Gartland, Michael Zhao.

Supervision: Lue Ping Zhao, Andrew Fiore-Gartland, Michael Zhao, Nelson L. Michael, Pun-
nee Pitisuttithum, Merlin L. Robb, M. Juliana McElrath, Nicole Frahm, Georgia D.
Tomaras, Peter B. Gilbert.

Validation: Lue Ping Zhao, Andrew Fiore-Gartland, Michael Zhao, Nicole Frahm.

Visualization: Lue Ping Zhao, Andrew Fiore-Gartland, Lindsay N. Carpp, Michael Zhao, Zoe
Moodie, Peter B. Gilbert.

Writing - original draft: Lue Ping Zhao, Andrew Fiore-Gartland, Lindsay N. Carpp, Peter B.
Gilbert.

Writing - review & editing: Lue Ping Zhao, Andrew Fiore-Gartland, Lindsay N. Carpp, Kris-
ten W. Cohen, Nadine Rouphael, Llewellyn Fleurs, One Dintwe, Michael Zhao, Zoe Moo-
die, Youyi Fong, Nigel Garrett, Ying Huang, Craig Innes, Holly E. Janes, Erica Lazarus,
Nelson L. Michael, Merlin L. Robb, Stephen C. De Rosa, Lawrence Corey, Glenda E. Gray,
Kelly E. Seaton, Nicole L. Yates, M. Juliana McElrath, Nicole Frahm, Georgia D. Tomaras,
Peter B. Gilbert.

PLOS ONE | https://doi.org/10.1371/journal.pone.0226803  January 30, 2020 25/28


https://doi.org/10.1371/journal.pone.0226803

@ PLOS|ONE

Immune response landscapes in HIV vaccine trials

References

1.

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

UNAIDS. UNAIDS data 2018. Available from: http://www.unaids.org/en/resources/documents/2018/
unaids-data-2018.

Corey L, Gray GE. Preventing acquisition of HIV is the only path to an AIDS-free generation. Proc Natl
Acad SciU S A. 2017; 114(15):3798-800. https://doi.org/10.1073/pnas.1703236114 PMID: 28360202

Medlock J, Pandey A, Parpia AS, Tang A, Skrip LA, Galvani AP. Effectiveness of UNAIDS targets and
HIV vaccination across 127 countries. Proc Natl Acad Sci U S A. 2017; 114(15):4017-22. https://doi.
org/10.1073/pnas.1620788114 PMID: 28320938

Plotkin SA. Increasing Complexity of Vaccine Development. J Infect Dis. 2015; 212 Suppl 1:512-6.

Flynn NM, Forthal DN, Harro CD, Judson FN, Mayer KH, Para MF, et al. Placebo-controlled phase 3
trial of a recombinant glycoprotein 120 vaccine to prevent HIV-1 infection. J Infect Dis. 2005; 191
(5):654—65. https://doi.org/10.1086/428404 PMID: 15688278

Pitisuttithum P, Gilbert P, Gurwith M, Heyward W, Martin M, van Griensven F, et al. Randomized, dou-
ble-blind, placebo-controlled efficacy trial of a bivalent recombinant glycoprotein 120 HIV-1 vaccine
among injection drug users in Bangkok, Thailand. J Infect Dis. 2006; 194(12):1661—71. https://doi.org/
10.1086/508748 PMID: 17109337

Buchbinder SP, Mehrotra DV, Duerr A, Fitzgerald DW, Mogg R, Li D, et al. Efficacy assessment of a
cell-mediated immunity HIV-1 vaccine (the Step Study): a double-blind, randomised, placebo-con-
trolled, test-of-concept trial. Lancet. 2008; 372(9653):1881-93. https://doi.org/10.1016/S0140-6736(08)
61591-3 PMID: 19012954

Gray GE, Allen M, Moodie Z, Churchyard G, Bekker LG, Nchabeleng M, et al. Safety and efficacy of the
HVTN 503/Phambili study of a clade-B-based HIV-1 vaccine in South Africa: a double-blind, rando-
mised, placebo-controlled test-of-concept phase 2b study. Lancet Infect Dis. 2011; 11(7):507-15.
https://doi.org/10.1016/S1473-3099(11)70098-6 PMID: 21570355

Rerks-Ngarm S, Pitisuttithum P, Nitayaphan S, Kaewkungwal J, Chiu J, Paris R, et al. Vaccination with
ALVAC and AIDSVAX to prevent HIV-1 infection in Thailand. N Engl J Med. 2009; 361(23):2209-20.
https://doi.org/10.1056/NEJM0a0908492 PMID: 19843557

Hammer SM, Sobieszczyk ME, Janes H, Karuna ST, Mulligan MJ, Grove D, et al. Efficacy trial of a
DNA/rAd5 HIV-1 preventive vaccine. N Engl J Med. 2013; 369(22):2083-92. https://doi.org/10.1056/
NEJMoa1310566 PMID: 24099601

Kijak GH, Tovanabutra S, Rerks-Ngarm S, Nitayaphan S, Eamsila C, Kunasol P, et al. Molecular evolu-
tion of the HIV-1 Thai epidemic between the time of RV144 immunogen selection to the execution of the
vaccine efficacy trial. J Virol. 2013; 87(13):7265-81. https://doi.org/10.1128/JVI1.03070-12 PMID:
23576510

Watanaveeradej V, Benenson MW, Souza MD, Sirisopana N, Nitayaphan S, Tontichaivanich C, et al.
Molecular epidemiology of HIV Type 1 in preparation for a Phase Ill prime-boost vaccine trial in Thailand
and a new approach to HIV Type 1 genotyping. AIDS Res Hum Retroviruses. 2006; 22(8):801-7.
https://doi.org/10.1089/aid.2006.22.801 PMID: 16910837

Haynes BF, Gilbert PB, McElrath MJ, Zolla-Pazner S, Tomaras GD, Alam SM, et al. Immune-correlates
analysis of an HIV-1 vaccine efficacy trial. N Engl J Med. 2012; 366(14):1275-86. https://doi.org/10.
1056/NEJMoa1113425 PMID: 22475592

Zolla-Pazner S, deCamp A, Gilbert PB, Williams C, Yates NL, Williams WT, et al. Vaccine-induced IgG
antibodies to V1V2 regions of multiple HIV-1 subtypes correlate with decreased risk of HIV-1 infection.
PLoS One. 2014; 9(2):e87572. https://doi.org/10.1371/journal.pone.0087572 PMID: 24504509

Tomaras GD, Ferrari G, Shen X, Alam SM, Liao HX, Pollara J, et al. Vaccine-induced plasma IgA spe-
cific for the C1 region of the HIV-1 envelope blocks binding and effector function of IgG. Proc Natl Acad
Sci U S A. 2013; 110(22):9019-24. https://doi.org/10.1073/pnas.1301456110 PMID: 23661056

Lin L, Finak G, Ushey K, Seshadri C, Hawn TR, Frahm N, et al. COMPASS identifies T-cell subsets cor-
related with clinical outcomes. Nat Biotechnol. 2015; 33(6):610-6. https://doi.org/10.1038/nbt.3187
PMID: 26006008

Yates NL, Liao HX, Fong Y, deCamp A, Vandergrift NA, Williams WT, et al. Vaccine-induced Env V1-
V2 IgG3 correlates with lower HIV-1 infection risk and declines soon after vaccination. Sci Transl Med.
2014; 6(228):228ra39.

Chung AW, Kumar MP, Arnold KB, Yu WH, Schoen MK, Dunphy LJ, et al. Dissecting Polyclonal Vac-
cine-Induced Humoral Immunity against HIV Using Systems Serology. Cell. 2015; 163(4):988-98.
https://doi.org/10.1016/j.cell.2015.10.027 PMID: 26544943

Gartland AJ, Li S, McNevin J, Tomaras GD, Gottardo R, Janes H, et al. Analysis of HLA A*02 associa-
tion with vaccine efficacy in the RV144 HIV-1 vaccine trial. J Virol. 2014; 88(15):8242-55. https://doi.
org/10.1128/JVI.01164-14 PMID: 24829343

PLOS ONE | https://doi.org/10.1371/journal.pone.0226803  January 30, 2020 26/28


http://www.unaids.org/en/resources/documents/2018/unaids-data-2018
http://www.unaids.org/en/resources/documents/2018/unaids-data-2018
https://doi.org/10.1073/pnas.1703236114
http://www.ncbi.nlm.nih.gov/pubmed/28360202
https://doi.org/10.1073/pnas.1620788114
https://doi.org/10.1073/pnas.1620788114
http://www.ncbi.nlm.nih.gov/pubmed/28320938
https://doi.org/10.1086/428404
http://www.ncbi.nlm.nih.gov/pubmed/15688278
https://doi.org/10.1086/508748
https://doi.org/10.1086/508748
http://www.ncbi.nlm.nih.gov/pubmed/17109337
https://doi.org/10.1016/S0140-6736(08)61591-3
https://doi.org/10.1016/S0140-6736(08)61591-3
http://www.ncbi.nlm.nih.gov/pubmed/19012954
https://doi.org/10.1016/S1473-3099(11)70098-6
http://www.ncbi.nlm.nih.gov/pubmed/21570355
https://doi.org/10.1056/NEJMoa0908492
http://www.ncbi.nlm.nih.gov/pubmed/19843557
https://doi.org/10.1056/NEJMoa1310566
https://doi.org/10.1056/NEJMoa1310566
http://www.ncbi.nlm.nih.gov/pubmed/24099601
https://doi.org/10.1128/JVI.03070-12
http://www.ncbi.nlm.nih.gov/pubmed/23576510
https://doi.org/10.1089/aid.2006.22.801
http://www.ncbi.nlm.nih.gov/pubmed/16910837
https://doi.org/10.1056/NEJMoa1113425
https://doi.org/10.1056/NEJMoa1113425
http://www.ncbi.nlm.nih.gov/pubmed/22475592
https://doi.org/10.1371/journal.pone.0087572
http://www.ncbi.nlm.nih.gov/pubmed/24504509
https://doi.org/10.1073/pnas.1301456110
http://www.ncbi.nlm.nih.gov/pubmed/23661056
https://doi.org/10.1038/nbt.3187
http://www.ncbi.nlm.nih.gov/pubmed/26006008
https://doi.org/10.1016/j.cell.2015.10.027
http://www.ncbi.nlm.nih.gov/pubmed/26544943
https://doi.org/10.1128/JVI.01164-14
https://doi.org/10.1128/JVI.01164-14
http://www.ncbi.nlm.nih.gov/pubmed/24829343
https://doi.org/10.1371/journal.pone.0226803

@ PLOS|ONE

Immune response landscapes in HIV vaccine trials

20.

21,

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Prentice HA, Tomaras GD, Geraghty DE, Apps R, Fong Y, Ehrenberg PK, et al. HLA class Il genes
modulate vaccine-induced antibody responses to affect HIV-1 acquisition. Sci Transl Med. 2015; 7
(296):296ra112.

Li SS, Gilbert PB, Tomaras GD, Kijak G, Ferrari G, Thomas R, et al. FCGR2C polymorphisms associate
with HIV-1 vaccine protection in RV144 trial. J Clin Invest. 2014; 124(9):3879-90. https://doi.org/10.
1172/JCI75539 PMID: 25105367

Hopkins KL, Laher F, Otwombe K, Churchyard G, Bekker LG, DeRosa S, et al. Predictors of HVTN 503
MRK-ADS5 HIV-1 gag/pol/nef vaccine induced immune responses. PLoS One. 2014; 9(8):e103446.
https://doi.org/10.1371/journal.pone.0103446 PMID: 25090110

Montefiori DC, Metch B, McElrath MJ, Self S, Weinhold KJ, Corey L, et al. Demographic factors that
influence the neutralizing antibody response in recipients of recombinant HIV-1 gp120 vaccines. J Infect
Dis. 2004; 190(11):1962-9. https://doi.org/10.1086/425518 PMID: 15529261

Jin X, Morgan C, Yu X, DeRosa S, Tomaras GD, Montefiori DC, et al. Multiple factors affectimmunoge-
nicity of DNA plasmid HIV vaccines in human clinical trials. Vaccine. 2015; 33(20):2347-53. https://doi.
org/10.1016/j.vaccine.2015.03.036 PMID: 25820067

Gray GE, Andersen-Nissen E, Grunenberg N, Huang Y, Roux S, Laher F, et al. HVTN 097: Evaluation
of the RV144 vaccine regimen in HIV uninfected South African adults. AIDS Res Hum Retroviruses.
2014; 30(S1):A33-A4.

Bekker LG, Moodie Z, Grunenberg N, Laher F, Tomaras GD, Cohen KW, et al. Subtype C ALVAC-HIV
and bivalent subtype C gp120/MF59 HIV-1 vaccine in low-risk, HIV-uninfected, South African adults: a
phase 1/2 trial. Lancet HIV. 2018; 5(7):e366—e78. https://doi.org/10.1016/S2352-3018(18)30071-7
PMID: 29898870

McElrath MJ, De Rosa SC, Moodie Z, Dubey S, Kierstead L, Janes H, et al. HIV-1 vaccine-induced
immunity in the test-of-concept Step Study: a case-cohort analysis. Lancet. 2008; 372(9653):1894—
905. https://doi.org/10.1016/S0140-6736(08)61592-5 PMID: 19012957

Ackerman ME, Barouch DH, Alter G. Systems serology for evaluation of HIV vaccine trials. Immunol
Rev. 2017; 275(1):262—-70. https://doi.org/10.1111/imr.12503 PMID: 28133810

Greene CS, Tan J, Ung M, Moore JH, Cheng C. Big Data Bioinformatics. Journal of cellular physiology.
2014.

World Health Organization. Global Health Observatory (GHO) data: HIV/AIDS 2018 [Feb 6, 2018].
Available from: www.who.int/gho/hiv/en/.

deCamp A, Hraber P, Bailer RT, Seaman MS, Ochsenbauer C, Kappes J, et al. Global panel of HIV-1
Env reference strains for standardized assessments of vaccine-elicited neutralizing antibodies. J Virol.
2014; 88(5):2489-507. https://doi.org/10.1128/JVI1.02853-13 PMID: 24352443

Yates NL, deCamp AC, Korber BT, Liao HX, Irene C, Pinter A, et al. HIV-1 Envelope Glycoproteins
from Diverse Clades Differentiate Antibody Responses and Durability among Vaccinees. J Virol. 2018;
92(8).

Huang Y, Tomaras G, Andersen-Nissen E, Dintwe O, Morris L, Grunenberg N, et al. The Relationship
between Immune Responses to Tetanus Vaccine, Hepatitis B Vaccine and a Pox-protein HIV Vaccine
Regimen. AIDS Res Hum Retroviruses. 2016; 32(S1):0A14.04.

Tomaras GD, Yates NL, Liu P, Qin L, Fouda GG, Chavez LL, et al. Initial B-cell responses to transmitted
human immunodeficiency virus type 1: virion-binding immunoglobulin M (IgM) and IgG antibodies fol-
lowed by plasma anti-gp41 antibodies with ineffective control of initial viremia. J Virol. 2008; 82
(24):12449-63. https://doi.org/10.1128/JVI.01708-08 PMID: 18842730

Moncunill G, Dobano C, McElrath MJ, De Rosa SC. OMIP-025: evaluation of human T- and NK-cell
responses including memory and follicular helper phenotype by intracellular cytokine staining. Cytome-
try A. 2015; 87(4):289-92. https://doi.org/10.1002/cyto.a.22590 PMID: 25407958

Shen X, Laher F, Moodie Z, McMillan AS, Spreng RL, Gilbert PB, et al. HIV-1 Vaccine Sequences
Impact V1V2 Antibody Responses: A Comparison of Two Poxvirus Prime gp120 Boost Vaccine Regi-
mens. Scientific Reports. 2020; In Press

Silverman BW. Density estimation for statistics and data analysis. London; New York Chapman and
Hall; 1986. 175 pp.

Box GEP, Cox DR. An Analysis of Transformations Revisited, Rebutted. J Am Stat Assoc. 1982; 77
(377):209-10.

Everitt BS, Armitage P, Colton T. Cluster analysis of subjects, hiearchical methods. Encyclopedia of
Biostatistics: Wiley; 1998. p. 713-24.

Gilbert PB, Janes HE, Huang Y. Power/sample size calculations for assessing correlates of risk in clini-
cal efficacy trials. Stat Med. 2016; 35(21):3745-59. https://doi.org/10.1002/sim.6952 PMID: 27037797

PLOS ONE | https://doi.org/10.1371/journal.pone.0226803  January 30, 2020 27/28


https://doi.org/10.1172/JCI75539
https://doi.org/10.1172/JCI75539
http://www.ncbi.nlm.nih.gov/pubmed/25105367
https://doi.org/10.1371/journal.pone.0103446
http://www.ncbi.nlm.nih.gov/pubmed/25090110
https://doi.org/10.1086/425518
http://www.ncbi.nlm.nih.gov/pubmed/15529261
https://doi.org/10.1016/j.vaccine.2015.03.036
https://doi.org/10.1016/j.vaccine.2015.03.036
http://www.ncbi.nlm.nih.gov/pubmed/25820067
https://doi.org/10.1016/S2352-3018(18)30071-7
http://www.ncbi.nlm.nih.gov/pubmed/29898870
https://doi.org/10.1016/S0140-6736(08)61592-5
http://www.ncbi.nlm.nih.gov/pubmed/19012957
https://doi.org/10.1111/imr.12503
http://www.ncbi.nlm.nih.gov/pubmed/28133810
http://www.who.int/gho/hiv/en/
https://doi.org/10.1128/JVI.02853-13
http://www.ncbi.nlm.nih.gov/pubmed/24352443
https://doi.org/10.1128/JVI.01708-08
http://www.ncbi.nlm.nih.gov/pubmed/18842730
https://doi.org/10.1002/cyto.a.22590
http://www.ncbi.nlm.nih.gov/pubmed/25407958
https://doi.org/10.1002/sim.6952
http://www.ncbi.nlm.nih.gov/pubmed/27037797
https://doi.org/10.1371/journal.pone.0226803

@ PLOS | O N E Immune response landscapes in HIV vaccine trials

41. LiuQ, LiC, Wanga V, Shepherd BE. Covariate-adjusted Spearman’s rank correlation with probability-
scale residuals. Biometrics. 2018; 74(2):595-605. https://doi.org/10.1111/biom.12812 PMID:
29131931

42. Shepherd BE, Li C, Liu Q. Probability-scale residuals for continuous, discrete, and censored data. Can
J Stat. 2016; 44(4):463-79. https://doi.org/10.1002/cjs.11302 PMID: 28348453

43. LiC, Shepherd BE. A new residual for ordinal outcomes. Biometrika. 2012; 99(2):473-80. https://doi.
org/10.1093/biomet/asr073 PMID: 23843667

PLOS ONE | https://doi.org/10.1371/journal.pone.0226803  January 30, 2020 28/28


https://doi.org/10.1111/biom.12812
http://www.ncbi.nlm.nih.gov/pubmed/29131931
https://doi.org/10.1002/cjs.11302
http://www.ncbi.nlm.nih.gov/pubmed/28348453
https://doi.org/10.1093/biomet/asr073
https://doi.org/10.1093/biomet/asr073
http://www.ncbi.nlm.nih.gov/pubmed/23843667
https://doi.org/10.1371/journal.pone.0226803

