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Positive-unlabeled learning to infer
protection status and identify correlates
in vaccine efficacy field trials

Shiwei Xu," Natasha S. Kelkar,” and Margaret E. Ackerman’.2:34*

SUMMARY

Correlates of protection (CoPs) are key guideposts that both support vaccine development and licensure
as well as improve our understanding of the attributes of immune responses that may directly provide
protection. Unfortunately, factors such as low rate of exposure and low efficacy can result in low power
to discover correlates in field trials—making it difficult to identify these guideposts for the pathogens
against which there is greatest need for further insights. To address this gap, we examine the ability of
positive-unlabeled (PU) learning approaches to use immunogenicity data and infection status outcomes
to accurately predict protection status. We report a combination of PU bagging and two-step reliable
negative techniques that accurately classify the protection status of unlabeled (uninfected) samples
from synthetic and real-world humoral immune response profiles in human trials and animal models and
lead to the discovery of CoPs that are “missed” using conventional infection status case-control analysis.

INTRODUCTION

Though definitions can vary, in vaccine efficacy studies, correlates of protection (CoPs) are defined as immunization-induced markers that
associate with vaccine efficacy against one or more specific clinical endpoints, such as infection, hospitalization, or death following exposure
to a given pathogen.' Often treated as semantic equivalents, correlates of infection risk (CoRs) are markers that are associated with the clinical
endpoint of infection among participants who may or may not have been exposed to the pathogen. This situation is typical of large field ef-
ficacy trials,” in which exposure status cannot be determined. Beyond providing insights into potential mechanisms of immunity, well-estab-
lished correlates can be used to support approval of a new vaccine based on immunogenicity studies and without requiring larger-scale and
longer-term efficacy trials.”

However, power to discover CoR via infection case-control analysis of immunogenicity data collected in field efficacy trials of vaccines can
be limited by the combination of a low rate of exposure and low vaccine efficacy. Such circumstances have repeatedly presented in the setting
of HIV-1 vaccines, among which only the RV144 Phase Ill multicenter, community-based efficacy trial met endpoint efficacy criteria, demon-
strating a modest efficacy level of 31.2% at three years post-immunization.* More recent HYTN705 and HVTN706 trials, as well as HVTN702,
designed to follow up on the RV144 trial, have failed to meet overall efficacy criteria.”'? Beyond the value of these outcomes in shaping the
avenues by which continued clinical research proceeds, these studies nonetheless present the potential opportunity to define correlates,'''?
which can be of exceptionally high utility in driving further vaccine research and development for such challenging pathogens.

Consistent with the difficulty of achieving vaccine-mediated protection from HIV-1, the first major passive immunization trials of the
broadly neutralizing antibody VRCO1 (antibody-mediated prevention) failed to meet their pre-defined endpoints for overall efficacy.” None-
theless, correlates of reduced risk of infection, including antibody levels and sensitivity of the infecting virus to neutralization, have been
observed.'”"® These correlates demonstrate that even in the absence of overall efficacy, some individuals were protected from infection
by some viruses. Correlates have also been observed for active vaccination studies in which overall efficacy criteria were not met.'* While
such correlates may not provide the same degree of value to regulatory authorities as those observed for interventions that meet efficacy
endpoints, their discovery nonetheless suggests the possibility that further insights could be developed from optimized analysis of immune
responses among infection cases and controls.

Such additional understanding could be supported by improved experimental and analytical techniques to identify candidate immune
correlates of protection. The development of technologies that generate high-dimensional datasets has resulted in rich means to assess ge-
netic, innate, and adaptive markers of protection. With appropriate modeling choices and effective approaches to address redundant and
uninformative measures, such as regularization methods and evaluation in the context of cross validation, machine learning approaches have
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proved their value in modeling complex data while evading the hazard of overfitting in the context of “wide” data in which features outnumber
subjects. Such machine learning models applied to the analysis of high-throughput immunogenicity response profiles have robustly
predicted different clinical endpoints and vaccination groups in multiple studies across diverse types of vaccines in both animal models
and human trials.'*"'®

Beyond supporting the discovery of relationships with infection status outcomes, a thorough evaluation of immunogenicity data offers
additional modeling opportunities. Here, we explore the ability of high-dimensional datasets to support inferences of protection status
and uncover novel correlates of protection in vaccine efficacy field studies. For a pathogen with a low exposure rate, uninfected vaccine re-
cipients include subjects that were exposed but protected from infection, and whose response profile offers insights into vaccine efficacy, as
well as individuals that were not exposed during follow-up. For a vaccine with low efficacy, the majority of the uninfected vaccine recipients are
expected to be uninfected only because they were not exposed.'” Typical case-control study designs perform analysis to identify response
attributes associated with infection status without considering the unprotected individuals among the uninfected cohort, which has the effect
of “diluting” power to identify correlates.

Positive-unlabeled (PU) learning, a subclass of semi-supervised learning, offers a means to revisit correlates analysis based on its potential
to classify uninfected vaccine recipients according to their inferred protection status. With the assumption that the “unlabeled”, or uninfected
group consists of both positive (unprotected) and negative (protected) vaccine recipients, the goal of PU learning applied to vaccine efficacy
field trials harmonizes with numerous real-world scenarios in other settings in which many samples are “unlabeled” due to the cost and feasi-
bility of labeling.””*" In the past two decades, multiple PU learning strategies have been applied to a large variety of tasks in bicinformatic
studies, such as disease gene identification, drug-drug interaction, and cancer metastasis prediction.””*/ Many PU learning strategies fall into
the category of “two-step reliable negative” approaches, where "Reliable Negative (RN)” examples are initially identified, and then used
together with the Known Positive (KP) examples to label the remaining unlabeled samples using semi-supervised learning techniques. A
more recent method developed by Mordelet and Vert termed “positive-unlabeled bagging” adapted bootstrapped aggregation to PU
learning tasks, and outperformed alternative state-of-the-art PU learning approaches in scenarios in which positive examples are a minor class
among all samples.”"**

Given alignment with the goal of correlate identification in human vaccine efficacy trials with low efficacy, we sought to investigate the
empirical behavior of PU bagging algorithms in accurately inferring protection status and supporting discovery of correlates, and to compare
these outcomes to traditional analysis of infection status labels. We modeled positive-unlabeled immunogenicity datasets with both high-
dimensional synthetic datasets and real-world humoral response profiles for which actual protection status was known but could be blinded
for analysis. We evaluate a combination of PU bagging and two-step reliable negative strategies to classify unlabeled (uninfected) samples
with multiple labeling strategies and compare their protection status prediction and correlate discovery accuracy with infection status labels
as well as with fully supervised models trained to predict infection status. This work demonstrates the potential of PU learning-based
inferences of protection status to support the discovery of correlates of protection that are missed by traditional analysis of infection status
in case-control study designs.

RESULTS
Inference of protection status from synthetic immunogenicity and infection outcome data

To evaluate the ability of PU bagging algorithms to accurately infer protection status class labels (Figure 1A) in the context of high-dimension
immunogenicity data, synthetic datasets consisting of 300 samples with 200 features and ground truth protection status labels expected to
present varying classification difficulty were generated. The unprotected class was assigned the True Positive label (P) and the protected class
the True Negative label (N). To simulate the positive (P)-unlabeled (U) data presented by infection outcome status in vaccine efficacy field
trials, the P/U label was generated from ground truth P/N label by randomly sampling a subset of subjects from True Positive (TP) group
(Unprotected) as Known Positive (Infected) and pooling the rest of the True Positive group and the True Negative (TN) group (Protected)
together as unlabeled (U), to simulate uninfected subjects. Varying baseline P/N classification difficulty was modeled by simulating protected
and unprotected class immunogenicity features with different levels of class separation and class imbalance (Figure 1B). With P/U labels as-
signed to the training set, we performed an ensemble-based PU learning method, termed “PU bagging”, on all the samples in training data
and scored their probability of assignment to the unprotected class for the subjects in unlabeled and testing sets with aggregated votes from
the bootstrapped classifiers (Figure 1C). This score can be considered to be a “pseudo label” that captures different degrees of protection
suggested by immunological responses profiles.

We evaluated the performance of PU bagging algorithms with various classifiers, including support vector machines with radial (SYM-RBF)
and linear (SVM-linear) kernels, Random Forest (RF), Multilayer Perceptron, Decision tree, Naive Bayes, and K nearest Neighbors (KNN, K = 5)

|

to correctly identify P and N samples. Classification performance on unlabeled and test samples was scored using area under the receiver
operator characteristic curve (ROC AUC). This metric provided a means to gauge performance without setting an explicit decision boundary.
In many real-world P/U classification tasks, imbalance between Known Positive and unlabeled (U) samples is common, and for vaccines with
low efficacy, the positive set is usually a minority among the unlabeled. To understand the influence of the number or proportion of KP sam-
ples on prediction performance, we varied the percentage of the randomly selected KP from 5% to 30% of all samples in the synthetic data-
sets. Under almost all conditions, classification accuracy was better than random, and when there were sufficient True Negatives among the
unlabeled set, ROC AUC never fell below 0.8 (Figure 2A). As expected, for the same number of training set samples, higher AUC values were
observed with increasing numbers of KP, as well as with increasing class separation. For P/N sample distributions with larger class separation
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Figure 1. Application of positive-unlabeled learning to infer protection status in vaccine efficacy field trials

(A) Schematic representation of the protection status classification task in vaccine efficacy field trials. The exposure status of infected subjects is definitively
known, but uninfected subjects may or may not have been exposed and protected. Positive-unlabeled (PU) learning methods may offer the ability to
accurately infer protection status.

(B) Schematic representation of training and testing split in synthetic datasets, PU scenario simulation, and output from PU bagging classifier. Simulated
immunogenicity data for protected and unprotected classes was generated. Samples from these “ground truth” classes were drawn at random to represent
infected (sampled from the positive/unprotected class) and uninfected (sampled from both the positive/unprotected and negative/protected class) sets. A
portion (2/3) was relabeled as positive or unlabeled, used to train a PU-learning based classifier and evaluated on the both the unlabeled samples in train set
and the held-out test set (1/3) for validation. This labeling process and assignment of training and test sets was repeated 30 times.

(C) lllustration depicting the process for scoring unlabeled samples with positive-unlabeled bootstrapped aggregation algorithms (PU bagging).”® By repeatedly
(100 times) bootstrapping samples from U set, classifiers built with Known Positive (KP) and bootstrapped U set samples were used to predict the rest of the out-
of-bag (OOB) samples. The predicted PU bagging score of U set samples were defined as the frequency of a sample to be predicted as “Positive” when OOB.

and balanced ground truth labels, PU bagging algorithms tended to perform well regardless of the percentage of KP. While substantial dif-
ferences in prediction performance between the selected classifiers were not observed, and the PU bagging algorithm was developed with
linear SVM, the radial kernel SVM classifier generally performed well and was used in further analysis.

To generalize these observations, we simulated P/U classes 30 times for each training dataset and scored subjects in the U and test sets to
evaluate bias and variance. For consistency with prior correlates studies, the proportion of KP was set to 20% (n = 40) while class separation
and the proportion of unlabeled samples from the protected class were varied. Again, performance was best with larger numbers of True
Negatives and with greater distinctions between P/N distributions (Figure 2B). Despite high dimensionality of the underlying data, in which
the number of features exceeded the sample size in each bootstrapped dataset replicate, overfitting was not observed, (Figures 2A and 2B).
Furthermore, a permutation test, in which ground truth labels were randomly shuffled prior to modeling, was leveraged as a negative control,
and exhibited random performance (Figure 2C). As another form of analytical control, a biased SVM classifier was trained to differentiate be-
tween infected and uninfected classes (i.e., P versus U). As expected, both overall AUC values across replicates (Figure 2C), and across
different class compositions (Figure 2D) were higher for PU bagging scores than for SVM-based classification of infection status, demon-
strating the ability of PU learning to capture actual differences in immunogenicity profiles among the unlabeled samples.
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Figure 2. Accuracy of protection status inferences observed across synthetic datasets with varying classification difficulty
(A) Area under the receiver operator characteristic (ROC AUC) curve observed for protection status inferences. Synthetic datasets with varying proportions of
(infected) Known Positives (x axis) and (protected) True Negatives (rows) were evaluated across a set of state-of-the-art classification approaches (inset) for

unlabeled (U) training data and test data with varying class separation (columns).

(B) Heatmap visualization of mean AUC of PU bagging SVM with a fixed number of Known Positive samples (KP = 40(20%)) across varied class label ratios
(columns) and class separations (rows) for unlabeled training data (top) and test data (bottom).

(C) AUC of PU bagging SVM for each replicate compared to a weighted SVM classifier and predictions of permuted class labels with a fixed number of Known
Positive samples (KP = 40(20%)) across varied class label ratios (columns) for a class separation of 1. Boxplots illustrate medians and interquartile range observed

across 30 PU label simulation replicates.

(D) AUC values observed for unlabeled (U) set samples using PU bagging SVM and supervised SVM classifier across varying percentages of Known Positives. Error

bars represent standard deviation.

4 iScience 27, 109086, March 15, 2024



iScience ¢? CellPress
OPEN ACCESS

A Datasets #instance # Feature “Protected" “Unprotected” (%) True # Known (%) Known
(True Negative) (True Positive) Negative Positive Positive
a |Lakhashe etal. 108 195 Group L Group K+ M 333 20 18.5
b [Ackerman et al. 60 165 AE239 +IM239 IM Mosaic 66.7 10 16.7
¢ |Brickley et al. 152 2 No Shedding Shedding 27.0 30 19.7
d |Bandyopadhyay et al. 98 2 Challenge Baseline 53.1 20 20.4
B High-throughput Fc Array Profiles Two-Feature Humoral Response Datasets
Lakhashe et al. Ackerman et al. Brickley et al. Bandyopadhyay et al.
Group L (Class:0) IM mosaic (Class:1) Shedding (Class: 1) Baseline (Class: 1)
Group M + K (Class:1) IM239 + AE239 (Class:0) No Shedding (Class: 0) Challenge (Class: 0)

(%) Known Positive (KP)
Group -*- PU Bagging SYM = Biased SVM

Figure 3. Accuracy of protection status inferences in diverse real-world vaccine efficacy studies

(A) Description of underlying study data and PU simulation conditions in inferences of protection status based on actual immunological profiles observed in each
of four preclinical or clinical vaccine efficacy studies. The instance column indicates the number of samples or subjects whose profiles were available in each study,
and the feature column indicates the number of immunological measurements evaluated.

(B) AUC of PU bagging SVM using log-transformed immunogenicity data for each replicate compared to weighted SVM classifier and predictions of permuted
class labels with the indicated number of Known Positive (KP) samples (inset, n, %). Boxplots illustrate medians, and interquartile range observed across 30 PU
label simulation replicates.

(C) AUC values observed for unlabeled (U) set samples using PU bagging and supervised SVM classifiers across varying proportions of Known Positives. Error bars
represent standard deviation.

Inferences of protection status in preclinical and clinical efficacy studies

Biological research datasets are generally known to present challenges in modeling because of limited sample size, correlation between fea-
tures, non-Gaussian distributions, and experimental noise, among other factors. To understand whether the state-of-the-art PU bagging tech-
niques could overcome the practical difficulties in modeling humoral response profiles observed in preclinical and clinical trials, and to inves-
tigate the applicability of protection status inference strategies, the proposed algorithms were used to evaluate data from published vaccine
efficacy studies (Figure 3A; Table S1). These datasets, which have different sample sizes and immunogenicity feature numbers, included im-
munization and challenge studies in nonhuman primates'>?? and controlled human infection studies that employed replicating viral vaccines
as amodel of pathogen challenge®*' (Figure 3A). With the exception of Brickley et al., in which lack of detection of virus shedding was used to
indicate protection status, samples from these studies were labeled as True Positive or negative according to protection status outcomes
observed to be associated with immunization group or study time point (Table S1). For each study, 20% of the True Positives were randomly
assigned as the infected (unprotected, or known P) class. The remainder were assigned the label of the uninfected (unlabeled, or U) class, as
were samples in the protected group (True Negatives). As with synthetic data, to define reproducibility of prediction status inferences, this
P and U set labeling process was repeated 30 times.

As described previously, PU bagging scores were generated and used to calculate AUC. For all four real-world vaccine efficacy trial immu-
nogenicity datasets, AUC values exceeded both the performance expected at random based on class composition or that observed across
replicates following ground truth label permutation (Figure 3B). As might be expected from the skewness in raw data values, AUC values were
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Figure 4. Comparison of PU bagging scores with infection status class probability predicted by supervised methods in high dimensional datasets for U
set samples

Comparative performance of fully and semi-supervised models applied to synthetic (A and B) and real-world (C and D) data. Results for synthetic data are
reported for fully supervised (SVM and RF) and PU models for varying proportions of True Negatives (rows).

(A and C) Area under the receiver operator characteristic (ROC AUC) curve observed for U set class inferences using probability score rank against ground truth
label under a fully supervised SVM classifier, random forest (RF) classifier and PU bagging SVM across replicates. Boxplots illustrate medians and interquartile
range observed across 30 PU label simulation replicates.

(B and D) Median ROC curve of the supervised learning method that obtained optimal average classification performance and PU learning method. AUCs for
each ROC curve are annotated in bottom right.

improved when log-transformed rather than raw immunogenicity data were used (data not shown). Lastly, we compared the performance of
the bagging approach to a biased SVM classifier. For both fixed (Figure 3B) and varied (Figure 3C) proportions of known positive samples,
the PU learning method exhibited superior performance, particularly under conditions in which fewer known positives were available. These
results demonstrate that PU bagging can reliably infer protection status from real-world immunogenicity and vaccine efficacy data.

Comparison between PU learning and conventional supervised learning

Other data-driven approaches to classify or score patterns of responses among uninfected may hold similar value. Whereas the emphasis in
PU learning in this setting is to identify unprotected subjects from among uninfected individuals, supervised learning can be applied to classify
subjects by infection status. In principle, both methods can be used to provide a score or rank for U set samples, and robust relationships
between infection status and protection status could be discovered using this approach despite the mixed composition of the uninfected
class. To determine whether conventional supervised learning methods provide similar value, two frequently used supervised machine
learning classifiers, SYM and RF, were trained to differentiate infected from uninfected subjects for both synthetic and real-world datasets.

Here, comparisons were performed under a challenging scenario in which the positive class was the minority group compared to the un-
labeled class, yielding relatively poor generalizability to predict infection status in the context of 3-fold cross validation (Table 52). Nonethe-
less, under many conditions, when infection status class probabilities were used as a score to predict the protection status of the unlabeled,
uninfected samples, these approaches generally performed better than expected at random, providing a basis for their potential utility. The
RF classifier generally outperformed SVM classifier in classifying the U set samples according to protection status (Figures 4A-4C). However,
PU learning generally outperformed both of these fully supervised, cross-validated approaches (Figure 4). All three methods performed less
well when there were few protected individuals represented in the unlabeled class (Figures 4A and 4B). Additionally, even though the
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Figure 5. Prediction inference accuracy across distinct threshold setting strategies

(A) Schematic diagram of candidate labeling strategies to infer protection status labels based on scores obtained from PU bagging SVM classifier.

(B) Performance metrics including F1 (top), precision (center), and recall (bottom) scores of the binary labels inferred by each candidate labeling strategy from
replicates across vaccine efficacy studies (columns). Mean and (standard deviation) of F1 scores from 30-time PU label simulation replicates are presented at top.
Dotted lines depict classification performance of infection status labels.

supervised RF approach also employed bootstrapped aggregation (bagging), the PU bagging algorithm exhibited better performance in
relabeling the U set samples (Figures 4B and 4D). These results further demonstrate the potential value of PU learning methods to inferring
the protection status of uninfected subjects, especially in high-dimensional datasets where strong relationships with infection status are more
likely to exist by chance as irrelevant covariates associated with a small KP class.

Comparison of methods to set explicit class boundaries

While PU bagging scores clearly captured differences among protected and unprotected subjects, these differences were oriented on a
continuous scale. While it is likely that protection is not best represented as a categorical outcome, protection status class labels are of utility
both to benchmarking model performance as well as to conducting analysis to identify correlates of protection. Furthermore, in simulations in
which imbalanced numbers of TP and TN were present, the binary class prediction from PU bagging score with a cutoff at 0.5 performed less
well than setting the cutoff according to the percentage of TN (Figure S1A). Hence, we decided to compare and combine the potential of
different strategies to develop a binary classifier to distinguish between uninfected protected and infected protected groups (Figure 5A).
First, we considered setting the boundary between classes at the midpoint value in PU scores (0.5). Additionally, we considered both standard
and iterative reliable negative approaches. In the first, a biased SVM classifier was trained in the context of 3-fold cross validation to discrim-
inate between Known Positives and RN, or the unlabeled samples with the lowest PU scores. Moreover, an iterative process was adapted to
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expand newly predicted negative samples to the RN set.” In this approach, we employed a weighted SVM classifier in which the group of RN
samples was expanded until either no additional RN was identified, or 20 iterations were reached. A combination of these three strategies, in
which each was given a vote was used to aggregate predictions, based on the hypothesis that voting had the potential to decrease the risk of
outlier prediction performance as compared to a single labeling strategy. The last approach considered a scenario in which the proportion of
protected subjects among the uninfected group was known, for example, on the basis of overall efficacy data, and the boundary between
classes was set based on the PU score rank percentile.

The performance of each method to set the protection status class boundary was defined for a set of evaluation metrics across 30 repli-
cated positive-unlabeled simulations for both synthetic and actual immunogenicity datasets. Each boundary-setting approach yielded per-
formance better than expected at random (Figures 5B and S1). In general, studies or conditions under which a higher ROC AUC was obtained
from bagging SVM corresponded to those with better binary classification prediction metric outcomes for unlabeled samples. Between iter-
ative and single-classifier RN methods, recall scores were generally higher for single-classifier RN while precision was higher for the iterative
approach. The iterative approach tended to yield a superior F1 score, which represents the harmonic means of recall and precision metrics
when the ground truth label class ratio was biased to include more True Negative samples; in contrast, the single-classifier RN method out-
performed the iterative approach when there were fewer True Negative samples (Figures 5B and S1). Given these apparent tradeoffs, the
vote-based approach demonstrated its hypothetical advantage. Performance was also good but not generally superior when domain knowl-
edge regarding overall efficacy was modeled to set the boundary between protected and unprotected subjects based on the expected pro-
portion of True Negatives among unlabeled samples. This result suggests that such knowledge can contribute but is not required to support
accurate protection status predictions.

Identification of candidate correlates of protection

Lastly, we sought to assess the ability of the predicted labels from PU based methods to reliably identify CoP for the two studies with high-
dimensional immunological profiles. Immune features were ranked according to statistical significance associated with ground truth protec-
tion status class labels (Figure 6A), and compared to that observed for Positive/Unlabeled class labels (Figure 6B), and for predicted protec-
tion status labels (Figure 6C). This analysis was repeated for different Positive/Unlabeled class compositions, and for each dataset, results are
presented from three different simulation scenarios, in which the predicted labels achieved maximum, median, and minimum prediction per-
formance based on F1 score (Figures 6B and 6C).

Whereas a number of features were associated with protection status group, these relationships were frequently obscured in the
context of infection status (Positive/Unlabeled) labels. For example, no correlates were observed in many infection status label simulations.
In cases where some features did reach nominal significance under infection status labels, confidence was considerably lower than that
observed with protection status labels. Indeed, because these observations show how poor a proxy infection status can be for protection
status in identifying correlates, they provide strong motivation for this work. In contrast, inferences of protection status based on immu-
nogenicity data frequently supported discovery of these correlates, often with similar confidence as observed to ground truth protection
class labels. As expected, replicates with a higher degree of agreement between predicted and ground truth labels resulted in greater and
more confident recovery of correlates of protection, as well as a lower false discovery rate. However, some correlates were still missed, and
false discoveries were made even in the context of even the most accurate protection status inferences (Figure 5B). While confidence
tended to be lower for both false discoveries and for true correlates that failed to be rediscovered, caution is clearly warranted in
interpretation.

DISCUSSION

Vaccine efficacy field trials help to establish the ability of a vaccine to protect at-risk populations. Beyond providing evidence for or against the
effectiveness of a vaccine, trials present opportunities to define the attributes of protective or ineffective responses to immunization. When
observed, correlates act as key signposts in directing and prioritizing subsequent vaccine clinical trials or alternative interventions. With the
goal of supporting identification of candidate correlates from case-control study designs evaluating responses for vaccines with low efficacy,
we applied PU learning approaches to compare immunogenicity profiles among vaccine recipients and to re-classify uninfected subjects as
"was/would have been protected” and “was/would have been unprotected.”

To this end, we evaluated the potential of PU learning methods that use bagging, or bootstrap aggregation, as a means to compensate for
high variance in the context of biological datasets that are inherently noisy. For variably protective and immunogenic vaccines, synthetic
immunogenicity datasets for protected and unprotected vaccine recipient response profiles were modeled. These class labels were partially
blinded to recapitulate the infection status outcomes typical of field trials in which not all participants are exposed to the pathogen and means
to differentiate subjects based on exposure do not exist. Whereas a prior study modeling highly simplified response profiles provided proof
of concept for this approach,'” immunogenicity profiles here better reflect a complex combination of responses, in which some but not all
features associated with protection, and many features were assessed. Across diverse classification algorithms, degrees of class separation,
and extents of vaccine efficacy, protection status could be accurately inferred. Correlates that did not relate to infection status could be
discovered from the analysis of responses among subjects on the basis of inferred protection status labels.

While suggestive of the potential value of PU learning to contribute to correlate identification, simulated data may or may not reflect
typical response profiles, class compositions, and other features of real-world studies. We focused on high-dimensional synthetic data
as results with sparser feature sets have been previously reported,’” and we expect that the need for insights into how to protect
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Figure 6. Discovery of correlates of protection based on protection status inferences

(A-C) Results of Mann-Whitney U tests for each immunogenicity feature for ground truth (A), Positive/Unlabeled (B), or predicted protection status (C) labels,
ranked by confidence according to ground truth class labels. Dashed lines indicate an adjusted (Benjamini-Hochberg) p value of 0.05.

(D) Venn diagram demonstrating the overlap between statistically significant immunogenicity features identified using ground truth, P/U labels and predicted
protection status labels. Results for PU simulations with maximum, median, and minimum F1 scores (inset) are shown.

against the most challenging pathogens is likely to motivate collection of high-dimensional data. Overall, while we aimed to cover parameter
space sufficient to support generalizations, our analysis is not exhaustive, and cases poorly suited for this approach are certain to exist.

To address performance in the context of actual immunogenicity data and protection outcomes, we repeatedly repeated the partial
blinding, class inference, and correlate analysis process for a set of four distinct preclinical or clinical vaccine trials in which vaccine
recipients were challenged and protection status was definitively known. These studies included exploratory nonhuman primate HIV vac-
cines, as well as human polio vaccines, and immunogenicity profiles comprised of up to almost 200 features for 60 to 152 samples. Samples
with protective responses varied from 27 to 67% of unlabeled, uninfected groups, while the number of definitively labeled infected
(unprotected) subjects varied from 10 to 30, similar to the 25-41 infection cases in the HIV vaccine efficacy field trials that motivated
this work.

These real-world datasets presented greater challenges to modeling because of limited sample size, the correlation between features,
non-Gaussian distribution of variables, and unavoidable experimental noise. Additionally, a number of these studies were powered to detect
protection at the group level as compared to a placebo or other control, rather than to evaluate protection status among individuals within
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immunization groups or time points. As a result, immunogenicity profiles were confounded by differences in regimen such as route of immu-
nization or immunogen sequence. For these studies, we defined the protection status of individual samples based on the degree of protec-
tion observed at their group (Lakhashe et al., Ackerman et al.) or immunization time point (Bandyopadhyay et al.) level rather than based on
challenge outcome results at the level of individual subjects. Nonetheless, while each individual subject in a protected group may not have
exhibited a high degree of protection, we only evaluated studies in which each group modeled as comprised of protected subjects exhibited
a statistically significant degree of protection. In one study (Brickley et al.), such confounding factors were not present, and we were able to
assign protection status at the individual level—best reflecting typical efficacy trials in which only a single type of intervention is tested to a
control. Further exploration of protection status outcome prediction in the context of immunogenicity differences that are not associated with
different interventions would further support our observations. Nonetheless, evaluation of classification strategies on these diverse real-world
datasets demonstrated that PU bagging classification possessed high potential to recover the ground truth protection status labels. Consis-
tent with previous findings, PU bagging classifiers in high dimensional spaces outperformed a fully supervised machine learning classifier
trained to predict infection status. Poor performance of supervised methods was more frequently observed when the proportion of Known
Positive samples was low and for high dimensional datasets. These results suggest that when there are few infected subjects but many fea-
tures, supervised results modeling infection status may be less reliable than PU learning. While fully and semi-supervised approaches were not
extensively compared, these results suggest that considerable biological noise is introduced in the modeling process by treating all unin-
fected subjects as a single rather than mixed class. Conceptually, this outcome makes sense as features that relate to protection status
are expected to classify infection status imperfectly, whereas features that relate to infection status only are best fit to the explicit modeling
objective but less well fit to the biological objective.

A prior report demonstrated the potential of the reliable negative approach, a PU learning method to solve the “labeling problem”
inherent in the analysis of case-control study designs in which identification of CoP is desired.'” Comparison of bagging and reliable negative
methods to infer protection status labels demonstrated comparable performance overall. Hence, we decided to build a pipeline that com-
bines PU bagging and Reliable Negative approaches. Additionally, the consistency of this finding across repeated simulations from all the
datasets reinforced confidence in applying the PU bagging classifier as the initial classifier used to define sample score and rank, as KP sam-
ples were frequently the minority group in real-world datasets. While definitive means to set a boundary between classes for binary class pre-
dictions are an unsolved challenge in PU learning, we employed a second step in which prior knowledge of overall efficacy rates, a mid-scale
cutoff, RN, or iterative RN approaches were used or aggregated. Among these class labeling strategies, we identified a pattern between the
P/N ground truth label ratio and the preferable choice: iteratively including negative samples with an SVM classifier outperformed a fine-
tuned SVM classifier with more TN samples among the unlabeled. While overall efficacy rates are available for some vaccines, confidence
intervals on these values can be wide, motivating exploration of strategies that don't rely on such prior information. To this end, aggregation
across multiple predictions resulted in inferred protection status class labels that approximated ground truth despite the presence of outliers
among individual prediction methods.

Notwithstanding the potential of this or other PU learning-based statistical pipelines to classify unlabeled samples with high dimensional
biological datasets, we pinpointed several limitations of this approach. Firstly, with a fixed percentage of KP among all samples in the PU
simulation, we observed a lower AUC when fewer samples were TN; meanwhile, a rapid decrease in prediction performance was observed
when fewer KP were available, especially when baseline classification difficulty increased. While both results could be explained by the
decreased percentage of KP among True Positive samples, extreme imbalance of class labels may be ubiquitous in many real-world classi-
fication tasks and particularly tricky when most samples are unlabeled. Several previous studies specifically discuss PU learning under imbal-
anced labels. Among them, Jiang et al. developed PU learning-based methods against “extreme imbalance” between KP and U sets, which
was designed for the datasets with less than 5% of KP among overall samples.”

Secondly, we did not assess the labeling capability of this pipeline when selection bias was present among positive samples. In this work,
the positive unlabeled scenarios were simulated under the “select completely at random” (SCAR) assumption, where the distribution of the
KP examples was hypothesized to be equivalent to that of the underlying positive samples in the unlabeled set.** However, Bekker et al. have
suggested that the positive examples might be subject to selection bias due to other covariates in some real-world applications such as in
clinical diagnosis.®> While we did not consider this additional confounding factor, a recent study that reweighted the PU samples with a pro-
pensity score under the framework of a bagging classifier suggests the potential to address the effects of selection bias in model building.*
Prior studies have investigated the value of modeling exposure risk or other factors that are independent of immunological response profiles
in more traditional analysis frameworks,” and could further inform application of PU learning techniques.

Thirdly, even in the context of accurate protection status class inferences, true CoP were not always uncovered, and false discoveries were
made. While the strongest CoP were those most likely to be “rediscovered” and the weakest were the most likely to be lost, these results
indicate that correlates discovered using this inference approach are certainly best considered to be candidate or inferred CoP rather
than definitive observations. We envision those adaptations to this approach, such as subsampling of immunogenicity features or samples
into distinct prediction and correlate sets could increase the robustness of this approach and lead to fewer false discoveries. However, we
do not expect that candidate correlates discovered in this way are likely to provide the same value to regulators in the vaccine evaluation
and approval process as correlates derived from infection status. Nonetheless, given the challenges to achieving vaccine-mediated protec-
tion against a number of infectious diseases, and the limited insights into protective mechanisms in humans to date for some pathogens,
when candidate CoP are identified, the ability to follow up on such leads may offer alternatives to strictly empirical vaccine development ap-
proaches, as well as avenues for new interventions.
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Lastly and most critically, while we have modeled the application of PU learning to discover candidate correlates in the context of ground
truth knowledge of protection status, deployment of this approach in field trials of vaccines will not present this means to explicitly validate
prediction accuracy. While combining permutation approaches and the spy positive method may offer a means to vet results by setting base-
line expectations for outcomes expected at random,”®*? poor prediction accuracy results using the pipeline described here will not be
obvious. Beyond improving the ability of state-of-art methods to accurately predicting the ground truth label, future studies should also
consider the validation of the predicted outcome with innovative methodologies and study designs. For example, in contexts where markers
of exposure exist, they could offer means to validate protection status predictions. If reliable CoRs were discovered from the analysis of infec-
tion status, these observations would be expected to be strengthened when unprotected subjects are removed from the uninfected group.
Indirect evidence suggestive of model reliability could come from differences in time to infection among True Positive that relates to classi-
fication confidence, or in outcomes available in further follow-up of study participants, or in the context of other vaccine or study groups.
In other cases, inferred candidate CoP may be best validated in experiments designed to directly address their potential mechanistic
contributions.

While we do not envision that the use of PU learning and protection status inferences will become a primary means of correlate dis-
covery in field trials of vaccines and case-control study analysis, this work establishes its potential in this context. There is certainly broader
utility to applying artificial intelligence methods in clinical research in which positive and unlabeled sample points are available. The ob-
jectives of PU learning also conform to tasks in biomarker identification for cancer prognosis and prediction in survival and estimating dis-
ease risks for child health surveillance.”>“° Principally, the major barrier to direct application of the PU classification methods explored
herein to real-world data are the lack of validation for the predicted outcome in the absence of ground truth labels. By virtue of this
fact, traditional feature selection, parameter fine-tuning approaches, and evaluation metrics used in the setting of fully supervised learning
tasks were difficult to leverage. Further P/U simulation experiments to compare multiple candidate methods on datasets that approximate
real-world datasets in data type and characteristics could aid the researchers in optimization of choices of PU learning strategies. In the
meantime, this work provides a strong rationale for the potential value of this semi-supervised approach to complement traditional case-
control analysis designs in contributing to identification of key footholds in the development of vaccines against the most challenging
pathogens.

Limitations of the study

Limitations of this study include reliance on protection outcomes at the immunization group level for some of the real-world datasets. Addi-
tionally, we did not assess the labeling capability of this pipeline when selection bias was present among positive samples, which may be
expected in some real-world applications. Lastly, while we sought to analyze a diversity of datasets, how well the results reported here will
extend to new data will certainly be context-dependent and determined by its specific characteristics.
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RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources should be directed to the corresponding author, Prof. Margaret E. Ackerman (margaret.e.
ackerman@dartmouth.edu).

Materials availability

This study did not generate new unique reagents.

Data and code availability
e Raw data used in this study has been previously published or is available by request from the corresponding authors of publications in
which it was originally reported.' >4/
e This paper does not report original code. The code adapted for this study is available upon request.

e Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

This study conducted analysis of previously reported pre-clinical and clinical vaccine studies.*%%"*/

METHOD DETAILS

Datasets

Multiple high dimensional synthetic datasets (P>=N) with binary ground truth protection status labels were generated by “make_classifica-
tion” class from “scikit-learn” library.*' For each dataset, 300 samples with binary protection status class labels were generated with varying
classification task difficulty by tuning the parameter "“class_sep”to manipulate the spread of hypercube and the parameter “weights” to deter-
mine the proportion of samples assigned into each class. A set of 200 immunogenicity features were modeled. This dataset was composed of
30% “informative” (parameter “n_informative”) features and 70% “redundant” (parameter “n_redundant”) features, which were generated
from random linear combination of the informative features to introduce covariance between features. Synthetic data were split into training
(including Positive (P) set and Unlabeled (U) Set) and test sets at a ratio of 2:1 (Figure 1B). Immune response profiles from published preclinical
and clinical vaccine efficacy trials were obtained (Figure 3A; Table §1).19303147 Fop immunogenicity data, groups (Lakhashe, Ackerman, and
Brickley et al.) or timepoints (Bandyopadhyay et al.) for which protection was demonstrated were assigned as the protected group for simu-
lation purposes.

P/U Label assignment

The Selected Completely at Random (SCAR) strategy was adopted for both synthetic data and real-world immunological profiles with ground
truth P/N Label to assign positive and unlabeled Labels.”® Known Positive (KP) subjects were randomly sampled from Class:1 (TP) and
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remaining TP and TN subjects were assigned as the unlabeled (U) class. To evaluate the reproducibility of modeling results, for each data set,
P/U labels were assigned in this way 30 times.

Scoring and ranking unlabeled samples with PU learning

The Transudative Positive-Unlabeled Bootstrapped Aggregation (PU Bagging) Algorithm by Moderlet et al. was adapted to score unlabeled
(U) subjects.”® According to the number of KP in each dataset, a matched number of U subjects were randomly sampled with replacement
(bootstrapped) from the U set and temporarily labeled as “negative”. A classifier was built with all KP and bootstrapped “negative” (Bagged)
samples. As underlying immunogenicity data was typically skewed, feature values were log transformed prior to modeling. To reduce the
influence of features with high ranges on classification, the initial parameters for standardization were calculated from the "Bagged” samples;
then the parameters were used to transform the “Bagged”, “Out-of-Bag”, and test set samples for the simulations with synthetic datasets. The
classifier was then used to predict the out-of-bag samples (OOB) samples in U set as positive or negative. This process was repeated 100 times
and the PU bagging score for each unlabeled sample was calculated by aggregating the prediction of it as an OOB from an ensemble of the
100 classifiers:

Sum up prediction as “O0B”
Number of “OOB”

PU Bagging Score (U set) =

In the synthetic datasets, the classifiers of bagged samples were predicted on a held-out test set as an external validation to understand
the generalizability of the PU Bagging classifier built with KP and targeted unlabeled (U) samples.”® The PU Bagging Score for holdout/test set
samples was calculated as following:

Sum up prediction from all bootstrapped classifier

PU Bagging Score (test set) = Number of Bootstrap

To compare the prediction performance under varied percentages of KP among all samples, a single biased RBF-SVM classifier was es-
tablished with P/U labels and reweighting the samples by setting the parameter “class weight” as “balanced”. The “predict_proba” method
was applied to score each unlabeled subject according to its class 1 probability. All machine learning classifiers were built with “Scikit-Learn”
package (version 1.1.3)."'

Permutation comparison

To investigate whether model classification performance exceeded that expected at random, ground truth label permutation was employed
to define baseline performance.” In each permutation scenario, the ground truth label was first randomly shuffled, followed by P/U label
assignment and U set sample scoring exactly as employed to classify U set samples under “actual” ground truth labels.

Supervised learning comparison

To investigate whether conventional supervised learning pipeline outperforms PU learning methods in classifying U set samples, an SVM clas-
sifier and a Random Forest classifier was trained for each simulated scenario by treating the U set as “negative”. The best combination of
hyperparameters was searched under 3-fold cross validation using GridSearchCV scoring by ROC-AUC. The ability of these models to classify
protection status in held out U set samples in the context of three-fold cross-validation was reported. All machine learning classifiers were built
with “Scikit-Learn” package (version 1.1.3).4

Binary classification of U set

Multiple strategies based on the score rank from PU bagging algorithm to determine decision boundary for binary classification among un-
labeled samples were proposed and applied (Figure 4A).

e label: Percentiles — With the knowledge of the proportion (p) of underlying TN among all samples, a threshold was employed to split
(p * Ny) unlabeled samples as “predicted negative” according to the rank of PU Bagging Score.

e Label: Cutoff (0.5) - In the absence the knowledge in P/N proportion, an unlabeled sample was “negative” with a PU Bagging Score
smaller than 0.5; otherwise, it was predicted as "positive”

e [Label: RN - Reliable Negative (RN) group was initially defined by the samples of the lowest PU Bagging Score rank (Ngy = Ngp). The
hyperparameter of the SVM model was trained with KP and RN using 3-fold stratified cross-validation. The model was used to predict
the rest of the U into positive and negative.

e Label: iterative — An SVM classifier with default hyperparameters was initially trained with KP and RN. The RN was expanded by iter-
atively including newly predicted N from the rest of the unlabeled samples. The iteration was halted when no unlabeled sample
was predicted as “negative”, or the number of iterations reached 20.

e [abel: Vote — The averaged prediction from Label: Cutoff (0.5), Label: RN and Label: iterative.
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Evaluation metrics

Area under the receiver operating characteristic curve (ROC AUC) was computed between the continuous PU bagging score-based class la-
bels and ground truth labels of the U set samples and holdout test set samples for simulations in the synthetic datasets. ROC-AUC was also
used between the class:1 probability of U set samples from the supervised SVM classifier and ground truth labels for the evaluation of class
assignments made for real-world immunogenicity data. The binary predictions were compared to the Ground Truth Label of all samples using
F1 score, Recall, and Precision.

True Positive

Precision = — —
True Positive + False Positive
True Positive
Recall = — -
True Positive + False Negative
recision + recall
F1 =2+ P

precision * recall

Analysis and visualization

The R package “ggpubr” was employed for statistic output and visualization.” Mann Whitney U test was implemented to annotate significant
features under different sets of labels. The Benjamini-Hochberg procedure was used to control the false discovery rate at a level of 0.05
for p value adjustment. Python packages “Scipy”, “matplotlib-venn”, “matplotlib”, “seaborn” were utilized for statistical analysis and

visualization.**

16 iScience 27, 109086, March 15, 2024



	Positive-unlabeled learning to infer protection status and identify correlates in vaccine efficacy field trials
	Introduction
	Results
	Inference of protection status from synthetic immunogenicity and infection outcome data
	Inferences of protection status in preclinical and clinical efficacy studies
	Comparison between PU learning and conventional supervised learning
	Comparison of methods to set explicit class boundaries
	Identification of candidate correlates of protection

	Discussion
	Limitations of the study

	Supplemental information
	Acknowledgments
	Author contributions
	Declaration of interests
	References
	STAR★Methods
	Key resources table
	Resource availability
	Lead contact
	Materials availability
	Data and code availability

	Experimental model and study participant details
	Method details
	Datasets
	P/U Label assignment
	Scoring and ranking unlabeled samples with PU learning
	Permutation comparison
	Supervised learning comparison
	Binary classification of U set
	Evaluation metrics
	Analysis and visualization




