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Abstract

The enzyme-linked immunosorbent spot (ELISpot) assay is a powerful in vitro immunoassay that enables cost-effective quantification
of antigen-specific T-cell reactivity. It is used widely in the context of cancer and infectious diseases to validate the immunogenicity of
predicted epitopes. While technological advances have kept pace with the demand for increased throughput, efforts to increase scale
are bottlenecked by current assay design and deconvolution methods, which have remained largely unchanged. Current methods for
designing pooled ELISpot experiments offer limited flexibility of assay parameters, lack support for high-throughput scenarios and
do not consider peptide identity during pool assignment. We introduce the ACE Configurator for ELISpot (ACE) to address these gaps.
ACE generates optimized peptide-pool assignments from highly customizable user inputs and handles the deconvolution of positive
peptides using assay readouts. In this study, we present a novel sequence-aware pooling strategy, powered by a fine-tuned ESM-2 model
that groups immunologically similar peptides, reducing the number of false positives and subsequent confirmatory assays compared to
existing combinatorial approaches. To validate ACE’s performance on real-world datasets, we conducted a comprehensive benchmark
study, contextualizing design choices with their impact on prediction quality. Our results demonstrate ACE’s capacity to further increase
precision of identified immunogenic peptides, directly optimizing experimental efficiency. ACE is freely available as an executable with
a graphical user interface and command-line interfaces at https://github.com/pirl-unc/ace.
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INTRODUCTION

The adaptive immune system plays a critical role in maintaining
homeostasis against pathogens and malignancies while preserv-
ing tolerance to healthy tissues [1-6]. The process of identifying
the specific molecular determinants of an adaptive immune
response is known as epitope mapping and is an important
step for designing vaccines, developing cellular therapies and
understanding the mechanisms underpinning a broad range of
immunological phenomena [7-10].

The enzyme-linked immunosorbent spot (ELISpot) assay,
widely used for epitope mapping, measures antigen-specific
cytokine secretion, most commonly interferon-gamma (IFN-y)
release by T cells [9, 11-13]. Epitope mapping performed via single-
peptide ELISpot demands increasing effort, reagents and biologi-
cal samples with each additional peptide of interest. In contrast,
pooled ELISpot combines multiple peptides in the same well,
enabling immunologists to assess the immunogenicity of many
candidate peptides at once [14, 15]. This increase in throughput

has been instrumental in identifying immunogenic epitopes
from large peptide libraries, including neoantigen predictions
derived from somatic variants and the entire proteomes of human
immunodeficiency virus (HIV), Middle East respiratory syndrome
(MERS) and severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2) [16-27].

Performing a pooled ELISpot assay requires two distinct algo-
rithmic steps: allocating peptides to pools (design) and deter-
mining individual peptide immunogenicity from pooled exper-
imental readouts (deconvolution). In common practice, pooled
ELISpot designs either randomize peptide-pool assignment or
group peptides together into equally sized pools and repeat these
groups across technical replicates. A few computational methods
exist that seek to optimize assay design for specific identifi-
cation of immunogenic peptides using the smallest number of
pools [28, 29]. These assay design approaches try to find peptide-
pool assignments where pairs of peptides co-occur in pools at
most once across replicates, so that the intersection of pool
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memberships between any two peptides is at most one. Decon-
volution of such configurations is thus simplified by reverse-
mapping positive pools to the set of peptides that appears once
per replicate. In cases where multiple potentially immunogenic
peptides can explain the pooled assay results, an additional round
of ELISpot is performed to individually interrogate the peptides
present in those pools [23, 30]. Recently, statistical methods have
demonstrated high accuracy with single round deconvolution,
directly inferring peptide-level spot counts from pool-level obser-
vations [30]. However, adoption of these deconvolution methods
remains limited.

Given the non-trivial effort and computational complexity
required to design and deconvolve larger experiments, surpris-
ingly few software tools exist. One of the first tools to address this
challenge, DeconvoluteThis [28], utilizes Monte Carlo methods
to minimize peptide-pool overlaps in the assay design. However,
the tool reports its performance under a strong prior of expected
positivity rate and is no longer available on modern operating
systems. In more recent years, Strém introduced a statistical
framework for deconvolution and estimation of peptide spot
counts from pool spot counts [30]. Strandberg has since built on
Strém’s statistical deconvolution and formalized pooled ELISpot
design [29] as a partially balanced incomplete block design
(PBIBD) [31, 32]. To the best of our knowledge, DeconvoluteThis,
Strandberg’s Shiny app and Strém’s Shiny app are the only
publicly available tools that design or deconvolve pooled ELISpot
assays, with only the first two tools performing these tasks end-
to-end. Notably, Strém’s and Strandberg’s tools, though restrictive
in choice of assay parameters, are the only publicly available and
operational methods at the time of this study.

Furthermore, previous methods fundamentally overlook
peptide identities when allocating peptides to pools. In practice,
many experiments generate libraries where peptides share
some nontrivial degree of similarity. Recent advances in protein
language models such as ProtBERT [33], ProtT5 [33] and ESM
[34] have demonstrated a powerful capacity to capture diverse
functional features from protein sequence alone. Taken together,
we hypothesized that peptide-pool assignments that consider
sequence-derived functional similarities provide a new dimension
to enhance ELISpot experimental efficiency, especially in reducing
the total number of required pools by increasing the precision of
deconvolved immunogenic peptides.

Here, we present ACE Configurator for ELISpot (ACE), a pro-
gram that facilitates sequence-aware ELISpot assay design and
deconvolution of immunogenic peptides end-to-end. We fine-
tuned ESM-2 to predict epitope similarity and demonstrate ACE'’s
robustness by rigorous benchmarking on various real-world sce-
narios.

RESULTS

Motivating a sequence-aware approach to pooled
ELISpot design

Existing pooled ELISpot assay design techniques seek to minimize
co-occurrence of peptide pairs between pools to aid empirical
deconvolution of immunogenic peptides [28, 29]. We tested the
impact of co-occurrence on deconvolution accuracy and observed
an inverse relationship between the number of peptide co-
occurrences and precision of immunogenic peptide identification
(Figure S1). Interestingly, we observed variability in the precision
levels across simulations of equivalent designs with minimal co-
occurrence. We found that this variability is driven by grouping of
immunogenic peptides (Supplementary Note 1). We hypothesized

that peptide similarity might be an additional important design
consideration in pooled ELISpot assays.

Overview of ACE

Building on these insights, we developed ACE, a program that sup-
ports end-to-end ELISpot experiments from peptide-pool assign-
ment to deconvolution of immunogenic peptides (Figure 1). ACE is
available as an open-source Python package and as a standalone
executable with a graphical user interface (GUI) for a streamlined
experience (Figure 2).

Experimentalists can provide their desired configuration
parameters and generate a design that respects these constraints
(Figure 2A-C). In the design step, ACE uses a fine-tuned ESM-
2 model [35] to predict epitope similarity, which we define as
the degree to which two peptides share cognate T-cell receptors
(TCRs). ACE clusters these immunologically similar peptides,
thereby optimizing for placement of potentially immunogenic
peptides.

To deconvolve immunogenic peptides, experimentalists pro-
vide ACE with measured pool spot counts along with the origi-
nal ACE design file. The GUI facilitates a data-driven approach
to deconvolution, providing dynamic visualization of pool spot
counts. This enables users to make informed decisions in setting
the cutoff between positive and negative wells (Figure 2D-G).

ACE produces a comprehensive set of deconvolution results
from both empirical and statistical approaches. We categorize
putative immunogenic peptides into two types: confident and
candidate hits. While confident hits have at least one positive
pool that uniquely identifies a putative immunogenic peptide,
candidate hits co-occur with other putative hits across all pools
and require additional assays to confirm their immunogenicity.

ACE implements several statistical deconvolution methods for
flexibility and user preference. ACE includes the expectation—
maximization (EM) deconvolution method from a prior study
[30] and we found no major differences in performance against
their implementation (Figure S2). We also introduce two novel
deconvolution heuristics. The first is a constrained expectation—
maximization (CEM) technique, modeled after the Filtered Expec-
tation-Maximization Method for ELISpot (FEMME) approach [29].
Both strategies extend the EM method to enhance the precision
in peptide spot count estimation by refining the set of putative
hits. Whereas FEMME excludes peptides that do not appear in any
positive wells, CEM retains peptides that appear in positive wells
for every replicate. The second new approach is least absolute
shrinkage and selection operator (LASSO) deconvolution, which
leverages LASSO regression for sparse solutions suitable for iden-
tifying a small number of immunogenic peptides in a large library.

To determine the optimal default settings for ACE, we simu-
lated every feasible combination of ACE design and deconvolution
methods. The precision and recall of immunogenic peptide identi-
fication as well as the total number of pools were determined for
each combination (Figure S3, Table S2). This resulted in ACE with
epitope similarity and CEM as the best combination of configura-
tion and deconvolution methods. We refer to this combination of
approaches as ACE hereafter.

ACE outperforms publicly available design and
deconvolution methods in silico

We next performed a benchmark study against DeconvoluteThis
and Strandberg’s Shiny app. The benchmark was constructed
around the experimental configurations (120 and 800 peptides
each with three technical replicates) presented in the original
DeconvoluteThis paper [28]. This was done to include the
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Figure 1. Overview of ACE. (A) ACE block design generation algorithm. Inputs include required assay parameters and optional sequence-specific
parameters. Pairwise peptide similarity is predicted by the fine-tuned ESM-2 protein language model. Similar peptides are grouped into clusters
that seed the first design replicate. Random swaps are used to reduce the number of peptide pair co-occurrence violations. The final peptide-pool
assignment is mapped onto standardized microtiter plates and output as a tabular spreadsheet for ease of use at the bench. (B) ACE immunogenic
peptide deconvolution algorithm. The deconvolution module receives ELISpot spot count data and the original ACE block design output. ACE performs
both empirical and statistical deconvolution. Statistical deconvolution infers the individual peptide-level spot count while empirical deconvolution
relies on a user-supplied pool spot count threshold to identify positive pools.

performance of DeconvoluteThis as part of the benchmark
given that it is no longer supported. We characterized the
performance of the various models in a unified simulation
framework with realistic parameter choices derived from the
literature (see Methods).

Given the typically low incidence of immunogenic peptides
across the set of possible peptides [21], we summarized the
performance of these methods using precision-recall curves
(Figure 3A). In the 800-peptide experiment, the average area under
the precision-recall curve (AUPRC) values were 0.946, 0.799, 0.799,
0.799 and 0.058 for ACE, Strandberg (background subtracted),

Strandberg (Bayesian), Strandberg (empirical) and repeated block
design, respectively (Table 1). For the 120-peptide experiment, we
encountered many failures with Strandberg’s three deconvolution
methods and were only able to evaluate the performance of all
methods on a subset of simulations. ACE and repeated design
achieved an average AUPRC of 0.829 and 0.147, respectively, across
all positivity rates.

To better understand the tradeoff between precision, recall and
the number of pools used, we investigated these quantities inde-
pendently (Figure 3B). All the methods were able to achieve nearly
perfect recall. We found that the average precision decreased as
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Figure 2. ACE GUI. The ACE ‘Generate’ Ul (left panel) consists of two parts: peptide sequences and parameters. (A) Peptide sequences can be provided
to leverage epitope similarity prediction or total peptide count can be supplied to generate sequence agnostic designs. (B) Assay parameters such as
number of peptides per pool, replicates and plate size can be passed along with advanced sequence features as inputs. (C) An optimized block design is
produced and available for save. The ACE ‘Deconvolve’ (right panel) consists of three parts: configuration, spot counts and parameters. (D) Users supply
the original ACE-generated design configuration along with the experimentally derived pool spot counts. (E, F) A bar plot is dynamically generated
based on the pool spot counts to help determine the positivity threshold for deconvolution. (G) Predicted immunogenic peptides are presented on the

deconvolution results page and are available for save in a tabular format.

the number of immunogenic peptides increased. Also, the number
of total pools increased as the number of immunogenic peptides
increased due to the need for more second round confirmatory
assays. We additionally simulated and evaluated ACE under all
other configurations reported in the original DeconvoluteThis
paper [28]. ACE consistently outperformed DeconvoluteThis in
cases of 15 or more immunogenic peptides by yielding fewer
numbers of total required pools (Figure S4).

To better characterize why ACE outperformed the other meth-
ods, we next sought to analyze the distribution of estimated

peptide spot counts for the simulated immunogenic and non-
immunogenic peptides. We found that the ACE peptide-level spot
count estimates were more robust to increasing positivity rates
compared to the other methods (Figure S5).

Ablation study

To understand the contributions of the different design and
deconvolution components on overall performance, we con-
ducted ablation studies for our methods using various inter-
mediate versions of ACE on the 120-peptide setting (Table 2).
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Table 1: End-to-end ELISpot experiment benchmark results for 120 and 800 peptides

Table 1A: End-to-end ELISpot experiment benchmark results for 120 peptides

Configuration method Deconvolution method Avg AUROC Avg AUPRC Avg Precision  Avg recall Avg number of
total pools

ACE Constrained EM 0.950 0.829 0.560 0.991 62

DeconvoluteThis DeconvoluteThis NA NA 0.382 1.000 73

Random Constrained EM 0.938 0.782 0.497 0.993 66

Repeated Empirical 0.715 0.147 0.147 1.000 101

Strandberg Background subtracted NA NA NA NA NA

Strandberg Bayesian NA NA NA NA NA

Strandberg Empirical (Strandberg) NA NA NA NA NA

NA denotes cases where method was unable to run.

Table 1B: End-to-end ELISpot experiment benchmark results for 800 peptides

Configuration method Deconvolution method Avg AUROC Avg AUPRC Avg precision  Avg recall Avg number of
total pools

ACE Constrained EM 0.996 0.946 0.757 1.000 148

DeconvoluteThis DeconvoluteThis NA NA 0.553 1.000 162

Random Constrained EM 0.994 0.921 0.699 0.999 155

Repeated Empirical 0.882 0.058 0.058 1.000 316

Strandberg Background subtracted 0.983 0.799 0.511 1.000 160

Strandberg Bayesian 0.983 0.799 0.476 1.000 164

Strandberg Empirical (Strandberg) 0.983 0.799 0.511 1.000 160

NA denotes cases where the method was unable to run.

For the design method ablation study, we fixed empirical
deconvolution as the standardized deconvolution method, given
its widespread use and interpretability. As expected, we observed
the largest boost in performance (AAUPRC = 0.280) going from
the maximally violating repeated design to the randomized
block design, which has fewer peptide co-occurrence violations.
When going from the randomized block design to ACE with
epitope similarity turned off, we observed a modest improvement
(AAUPRC = 0.034). Lastly, the inclusion of the epitope similarity
module resulted in a further increase in performance (AAUPRC =
0.022).

We then performed an ablation study on the different decon-
volution methods using ACE with epitope sequence clustering
turned on as the default design method and empirical, LASSO,
EM and CEM as the different deconvolution methods. Without a
continuous score for AUPRC calculation under empirical deconvo-
lution, we artificially set this score to be the coverage of each hit
peptide ranging from 0 to the number of replicates. We found that
the largest contribution in deconvolution performance was going
from empirical deconvolution [36] to statistical LASSO decon-
volution (AAUPRC = 0.294). However, within the deconvolution
space, both going from LASSO to EM (AAUPRC = 0.045) and
EM to CEM (AAUPRC = 0.006) had less pronounced impacts on
performance. Among the three statistical deconvolution meth-
ods, we selected CEM as the best-performing approach given its
completely automated selection of positive peptide spot count
thresholds following statistical deconvolution.

Designing around epitope similarity optimizes
ELISpot assays in real-world scenarios
ACEincorporates a neural engine thatleverages a fine-tuned ESM-
2 model to facilitate epitope similarity prediction and clustering.
The model was trained on MHC-I restricted epitopes, using a
contrastive loss objective designed to bring the epitopes that share

a common TCR closer in the latent embedding space compared
to peptides without shared TCRs. The ESM-2 8M checkpoint was
used, both for its faster inference times along with its compet-
itive validation loss compared to higher capacity checkpoints
(Supplementary Note 2). Compared to the off-the-shelf ESM-2
model, the fine-tuned model assigns high pairwise similarities to
peptides that bind to the same TCR even when they have high-
sequence edit distances (Figure S6). Comparing the two distri-
butions of pairwise distances using the two-sample Kolmogorov
Smirnov (KS) test, the D-statistic values were 0.418, 0.427 and
0.476 for the Levenshtein similarity (P = 5.149 ¢ 107%), baseline
ESM-2 (P = 2.095  10~°) and fine-tuned ESM-2 (P = 1.088  107*%)
respectively. While all the comparisons were statistically signifi-
cant, we achieved the greatest separation with ESM-2 fine-tuning
(Figure 4A and B).

To evaluate the effectiveness of the peptide clustering strategy,
we tested the feature using four different real-world datasets:
held-out IEDB peptides [37], neoantigens from pancreatic can-
cer [16], immunogenic SARS-CoV-2 peptides [38, 39] and cross-
reactive MAGE A3 antigens for adoptive T-cell therapy [40]. Given
the frequent failure rate of Strandberg’s Shiny app and the lack of
parameter selection we noted previously, we decided to compare
ACE against randomized and repeated block designs for these
datasets. For the comparisons of the ACE ELISpot configuration
generation with and without peptide similarity prediction across
a variety of real-world immunological settings, we refer to ACE
without epitope similarity prediction as ACE-O and use ACE to
refer to the version with the prediction included.

Mutational scans substitute each residue of a peptide sequence
and test for loss of a property of interest, such as immunogenicity.
The alanine scan is a type of mutational scan where each amino
acid along a protein is swapped specifically for alanine to assess
critical residue positions (Figure 4C) [41]. In studies of T- and B-
cell reactivity, alanine scans and other mutational scans have
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Figure 3. Benchmark of existing pooled ELISpot design and deconvolution methods. End-to-end design and deconvolution simulations were performed
using configurations from the DeconvoluteThis paper. (A) Precision and recall curves for each individual design and deconvolution method are shown
from simulations on a subset of representative configurations. ACE was executed with sequence similarity and constrained EM deconvolution. Repeated
designs were deconvolved using empirical deconvolution (baseline). Results from Strandberg’s Shiny app all use the same matrix design and FEMME as
deconvolution method and are distinguished by their positivity selection method: SB-Emp (empirical positivity selection), SB-Bay (Bayesian-predictive
ELISpot criterion; BPEC), and SB-Bgs (background subtracted). (B) Bar plots of precision, recall and total number pools (design pools + second round
pools) are shown with error bars representing +1 SD. In (B), positions annotated with asterisk (x) indicate dropouts where fewer than 20 simulations
successfully ran: 1, 20, 25, 30 and 40 positive peptides for SB-Emp, SB-Bay and SB-Bgs as well as 1 positive peptide for SB-Emp, SB-Bay and SB-Bgs.

been used to investigate which epitope positions are significant
for cognate receptor recognition [42, 43]. We benchmarked ACE'’s
sequence similarity prediction in the context of testing immuno-
genicity for alanine scanned 9-mers from the IEDB database
[37]. We randomly selected 10 and 80 starting nonamers, which
resulted in 90 and 720 alanine-scanned peptides. In the case of 90
alanine-scanned peptides (9 peptides per pool with 3x coverage),
the average precision values across the positive peptide percent-
ages were 0.686, 0.611, 0.586 and 0.168 for ACE, ACE-0, random-
ized and repeated block designs, respectively. In the case of 720

alanine-scanned peptides (9 peptides per pool with 3x coverage),
the average precision values were 0.700, 0.622, 0.620 and 0.168
for the aforementioned methods. Consistent with the benchmark
experiment studies so far, precision inversely correlated with the
number of total pools (Figure 4D).

We next evaluated the effect of applying sequence-based clus-
tering on ELISpot experimental efficiency on real-world datasets
where immunogenicity was validated in vitro. The first was a set of
curated SARS-CoV-2 epitopes assessed for cross-reactivity to high
precursor TCRs [38]. This dataset consisted of 177 known MHC-I
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Table 2A: Configuration ablation study

Configuration Deconvolution Avg AUROC Avg AUPRC Avg precision Avg recall Avg number of
method method total pools

ACE Empirical 0.855 0.484 0.484 1.000 69

ACE-0 Empirical 0.843 0.461 0.461 1.000 72

Random Empirical 0.840 0.428 0.428 1.000 72

Repeated Empirical 0.715 0.147 0.147 1.000 101

Table 2B: Deconvolution ablation study

Configuration Deconvolution Avg AUROC Avg AUPRC Avg precision Avg recall Avg number of
method method total pools

ACE Constrained EM 0.950 0.829 0.560 0.991 62

ACE EM 0.951 0.823 0.484 1.000 69

ACE LASSO 0.896 0.777 0.669 0.835 44

ACE Empirical 0.855 0.484 0.484 1.000 69

and MHC-II epitopes, shown to solicit CD8+ and CD4+ T-cells
responses in vitro. Given ACE neural engine’s training on CD8+
epitopes, we performed a simulated experiment assuming that
the set of 177 peptides was pulsed into an assay containing only
CD8+ T cells. To fit this assumption, we considered only the 22
MHC-I restricted epitopes to be immunogenic and the 155 MHC-II
epitopes to be non-immunogenic in this setting (10 peptides per
pool and three technical replicates). For this dataset, the average
precision values were 0.466, 0.368, 0.375 and 0.170 for ACE, ACE-O,
randomized and repeated block designs, respectively (Figure 4E).

We next explored if epitope similarity-based pooling would be
helpful in large protein-level epitope scans. We identified 1265
nonamers over the entire SARS-CoV-2 spike protein sequence by
sliding window (k =9) and found 105 (8%) matching immuno-
genic nonamers from the ImmuneCODE database with known
TCR binding [39]. We found that ACE and ACE-0 performed sim-
ilarly in this sequence set at an average of 0.496 and 0.500 pre-
cision levels, respectively, and an average recall of 1.000 for both
approaches (Figure S7). We also simulated pooled ELISpot assays
for 232 candidate neoantigens from a pancreatic cancer study
[16] where their immunogenicity was tested via ELISpot in vitro
(30 immunogenic). Analogous to the SARS-CoV-2 sliding window
experiment, we found that ACE and ACE-0 performed similarly.
The average precision levels were 0.372 and 0.381 for ACE (average
recall=0.988) and ACE-O (average recall = 0.989), respectively (Fig-
ure S7). Although there was no significant benefit to clustering,
we note that even in adversarial settings, ACE performs on par
with ACE-0.

Finally, we examined ACE'’s performance in the in vitro TCR
cross-reactivity setting using a set of 37 epitopes tested for off-
target T-cell response in a MAGE A3-directed adoptive T-cell ther-
apy [40]. We used this dataset to evaluate the ability of our peptide
similarity prediction module to group peptides that bind to the
A3 TCR. While not perfectly grouped, we found that the partial
grouping of the MAGE A3 reactive epitopes resulted in first round
deconvolution precision values of 0.969, 0.950, 0.821 and 0.203 for
ACE, ACE-0, randomized and repeated block designs, respectively
(Figure 4F and G).

ELISpot design space exploration

To better inform experimentalists, we explored ACE in the context
of the broader pooled ELISpot design problem by analyzing the

parameter space and its impact on performance. The optimal
configuration for a fixed peptide library depends on experimental
constraints such as readout time, reagent usage and experimenter
effort. ELISpot assay time, impacted by the number of second-
round assays, is approximated by measuring first round precision.
Interestingly, we found a basin of minimal experimental effort.
At an assumed 10% positivity rate, the number of total pools
is the smallest regardless of the number of total peptides in
the experiment when eight peptides are pooled together with
three technical replicates (Figure 5). Deviations from this set of
parameters tradeoff the number of pools in the first round and
the confirmatory second round.

ACE runtime and peak memory usage scale
linearly with assay parameters

To better inform users about the stability of ACE across various
experiment sizes, we evaluated ACE’s scalability by analyzing run-
time and peak memory usage. Given that deconvolution demon-
strated faster compute times and increased consistency com-
pared to design generation based on internal testing, we focused
on ACE’s scalability across three design space axes: total peptide
count, peptides per pool and coverage. Through simulations, we
measured runtime and peak memory usage for ACE’s ‘generate’
function while varying these parameters. Fixing peptides per pool
at 10 and coverage at three, runtime and memory showed a linear
correlation with the total peptide count (Figure 6A). With a fixed
peptide count of 1000 and varied peptides per pool (10-30), run-
time exhibited modest fluctuations (Figure 6B). Altering technical
replicates (3-10) for 1000 peptides in 10-pool settings showed
linear runtime trends, but peak memory usage did not follow this
pattern (Figure 6C). The peak memory usage increased linearly as
a function of coverage up to 9x and increased dramatically at 10x.

DISCUSSION

The advent of the pooled ELISpot has enabled high-throughput
detection of antigen-specific T-cell responses, a fundamental
step in unraveling complex immune phenomena such as cross-
reactivity and immunodominance. However, current design
generation and deconvolution methods lack flexibility and ignore
peptide sequence information. Addressing these limitations,
we developed the ACE. ACE uses advances in deep learning
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Figure 4. Evaluation of ACE sequence similarity prediction for efficient ELISpot assay in real-world datasets. (A) Distribution of pairwise sequence
Levenshtein similarity scores stratified by peptides that share TCR specificity (ingroup peptides) and those with no shared TCRs (outgroup peptides). (B)
Distribution of pairwise Euclidean distances computed on sequence embeddings from ingroup and outgroup epitopes shown for both off-the-shelf ESM-
2 model and its fine-tuned counterpart. (C) The left panel shows a schematic for alanine scan. The right panels show average precision of simulated
alanine-scanned peptide configurations by ACE with (ACE) and without sequence similarity (ACE-0), randomized block and repeated block designs
across various positivity levels. (D) Line plots of total pools (first-round pools + candidate hit validation pools). (E) Evaluation of ACE sequence similarity
module on SARS-CoV-2 data held-out from training (n = 177, Nimmunogenic = 37)- (F) Evaluation of ACE in TCR cross-reactivity setting, clustering peptides
predicted to bind to MAGE A3 TCR. (G) Clusters from MAGE A3 experiment with immunogenic peptides bolded and highlighted with arrows. All error

bars in this figure show +1 SD.

for a sequence-aware arbitration strategy that enhances assay
efficiency and precision.

To assess ACE’s capabilities, we benchmarked against other
publicly available methods, simulating realistic scenarios for
ELISpot design generation and immunogenic peptide decon-
volution. We validated ACE’s performance superiority over
existing methods and found that its effectiveness became more
pronounced as the number of positive peptides increased. As the
number of positive peptides is unknown a priori, we expect ACE to
add significant value to experimentalists in the real-world setting

by enabling higher precision across a range of positivity rates.
Building upon previous statistical deconvolution approaches, ACE
also consistently achieved higher AUPRC values compared to
the standard empirical deconvolution method. The comparison
between our CEM deconvolution approach and the existing
deconvolution methods further revealed that CEM peptide spot
count estimation is more sensitive to higher numbers of positive
peptides. Our findings further demonstrated ACE’s usefulness
across diverse experimental conditions and highlighted the added
benefits of sequence similarity in various settings.
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Figure 5. Exploration of ELISpot design optimization space. Parameter sweeps across the coverage and pool size for a fixed number of peptides were
performed while measuring precision, recall and total number of pools. (A-D) 200, 400, 600 and 800 peptides were simulated for 100 runs under a 10%

positivity rate, and average values are shown within the boxes.

ACE’s epitope similarity prediction was particularly valuable
for real-world experiments, dealing with experiments involving
peptide epitopes sampled from immunologically related contexts.
This was demonstrated with in vitro validated cross-reactive
MAGE A3 antigens in the context of adoptive T-cell therapy.
ACE effectively clustered these cross-reactive immunogenic
peptides. In studies involving MHC-I and MHC-II epitopes derived
from SARS-CoV-2, ACE selectively clustered the CD8+ epitopes,
boosting the precision of the assay, thereby reducing the number
of total pools required.

We note that the ACE sequence-aware approach is not
without limitations. We acknowledge three shortcomings related
to our method. First, in some cases, ACE’s sequence-aware
design heuristic did not lead to performance gains over the
sequence-agnostic version of ACE. We suspect this may be due

to the distribution shift of HLA alleles between training and test
data, as seen in the pancreatic cancer dataset [16]. Additionally,
the ACE neural engine was trained using MHC-I restricted
epitopes and would not be appropriate for use with other kinds of
T-cell epitopes. Third, our use of peptide similarity is an auxiliary
proxy of immunogenicity. Taken together, we expect our model’s
performance to increase over time as more data become available,
especially with regard to the issue of HLA diversity.

In conclusion, ACE’s sequence-aware approach offers a
promising avenue for improving ELISpot experimental design.
By bridging the gap between sequence-level properties and assay
configuration, ACE equips researchers with a powerful tool to
help realize the full potential of pooled ELISpot in unraveling
the complexities of adaptive immune responses. As the field of
precision immunology continues to expand, exploration of the
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Figure 6. Scaling ACE. ACE ‘generate’ function peak memory usage and runtime measured across various parameter ranges with epitope similarity
inference. (A) Runtime and peak memory usage with varying numbers of peptides while fixing 10 peptides per pool and three technical replicates. (B)
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Runtime and peak memory usage across different numbers of technical replicates for block designs with 1000 peptides and 10 peptides per pool.

ELISpot problem space and optimization efforts become more
relevant. We hope that our evaluation against other methods,
coupled with the accessible implementation of empirical and
statistical deconvolution in the user-friendly ACE GUI, will encour-
age a broader adoption. We release ACE and its accompanying
analyses and recommendations to better inform pooled ELISpot
experimental design, in anticipation of its increased usage.

METHODS

Block design generation

ACE streamlines customized pooled ELISpot assay designs for effi-
cient immunogenic peptide deconvolution. By inputting parame-
ters such as total peptides, peptides per pool and replicates, ACE’s
‘generate’ function outputs a valid peptide-pool mapping. When
peptide sequences are provided, ACE uses its fine-tuned ESM-2
model [35] to compute pairwise similarities, respecting these pairs
in the first replicate. If sequences are not supplied, ACE starts
from a random peptide-pool mapping. Using a greedy random-
swap heuristic, subsequent coverage peptide-pool assignments
are optimized by minimizing the number of co-occurrence vio-
lations, pushing them down to further replicates. While faster
methods for generating non-overlapping designs (NODs) exist
that leverage orthogonality in matrix designs [29], our random-
swap strategy better accommodates the epitope similarity mod-
ule. The output is a user-friendly spreadsheet with peptide IDs,
sequences, pool IDs and well IDs for practical bench-side use.

Peptide similarity clustering
To boost assay precision and sensitivity, we leveraged advances
in deep sequence models to pool together similar peptides

predicted to bind to the same TCRs. The training data consisted
of MHC-I restricted epitopes, constraining the applicability of ACE
neural engine to CD8+ epitope mapping. We prioritized model
accuracy as well as accessibility, selecting only those that could
fit on laptop memory. ACE is packaged with the smallest ESM-
2 model containing roughly 8 million parameters. This model
was chosen for its inference speed (Figure S8, Table S1) and
robust performance as determined in a benchmark against higher
capacity ESM-2 checkpoints (35M, 150M and 650M parameters)
(Supplementary Note 2). The models underwent fine-tuning with
triplet loss to bring embeddings closer for peptides sharing a
TCR while separating those from unrelated epitopes. In assay
design generation, pairwise Euclidean distances for all peptide
pairs are computed and transformed into similarity scores. Pairs
above the sequence similarity threshold are filtered, retaining
the two most similar peptides for each anchor to identify high-
confidence similarities. Post-processing involves clustering based
on the transitive property, where if peptide A is similar to B
and B is similar to C, the three are clustered together. This
approach proved more suitable than clustering methods such as
k-nearest neighbor and agglomerative clustering, which require
an unknown number of clusters during assay design.

Simulation subroutine

We conducted benchmark studies through a unified four-step
simulation framework. First, we sampled peptide sequences from
reference datasets (held-out IEDB [37] and study-specific datasets
[16, 38, 40]) with immunogenicity labels, repeated 100 times for
each reported number of positive peptides. We sampled pep-
tide sequences from the IEDB data held-out during ACE neural
engine training using the Levenshtein distance to mimic scenarios
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where similar sequences are tested for immunogenicity such
as neoantigens arising from somatic single-nucleotide variants
(SNIVs) [44]. Peptide spot counts were sampled from a generalized
negative-binomial distribution, as previously described [29, 30].
We included dispersion factor as a hyperparameter, setat¢ = 1 for
default. This value corresponds to a Poisson distribution, where
the parameters were Aimmunogenic = 300 and Anon—immunogenic = 30.
The spot count of each peptide was sampled multiple times for
future pooling strategies. Simulation of false negatives were not
considered due to a mechanistic gap in the field’s understanding
of immunodominance [45, 46].

Second, we created pooled ELISpot designs that respected a
set of specific assay parameters such as the number of peptides
per pool and coverage whenever possible. We used ACE, ACE-
0, Strandberg’s design method, randomized and repeated design
block approaches to generate the designs. For ACE designs, we
used the Euclidean distance and a similarity threshold of 0.7 with
a maximum of 2000 random-swap iterations.

Third, we simulated the pool spot counts by adding peptide
spots to each assigned pool. We scaled non-immunogenic peptide
spot counts by dividing each count by the number of peptides
in a given pool to simulate their relative background spot count
contribution. We sampled three negative control wells with the
same parameters for non-immunogenic peptides and assumed
the same number of peptides per pool for each configuration. For
Strandberg’s methods, we also sampled positive pool spot counts
and generated these with the same parameters for immunogenic
peptides and saturated the pool spot counts at 600. Next, we
performed deconvolution of the pool spot counts using the decon-
volution approaches in ACE (CEM, EM, LASSO, empirical) as well
as those of Strandberg and Strém. For empirical deconvolution
in ACE, we applied 3-fold the average negative control well spot
counts as the minimum positive pool count [47].

We used AUPRC as a threshold independent method to eval-
uate each method’s ability to identify the positive and negative
peptides, independent of the positivity selection criterion applied
(i.e. empirical versus statistical). We considered empirical peptide
positivity when peptides occurred in at least k-positive pools. For
all simulations, k was set to the number of technical replicates. We
also captured practical evaluation metrics such as average preci-
sion, recall and the number of total pools. For DeconvoluteThis, we
calculated the precision by taking the ratio of the number of true
positives to the number of predicted positives, equivalent to the
number of second round pools based on the original manuscript.

Alanine scanning experiment

We conducted in silico alanine scan mutagenesis as a baseline
to assess sequence-informed design generation. Sequences were
sampled from the held-out IEDB [37] validation set of unseen
epitopes. We generated a library of wild-type and mutant peptide
sequences that differed from the wild type by one residue. We
assumed no change in immunogenicity status post-alanine scan-
ning, except for mutations at anchor positions 2 and 9 [48], where
non-immunogenic status was assigned if the original peptide
lacked alanine at these positions. This assumption simplifies TCR
binding complexity [45, 48], effectively demonstrating the benefits
of clustering based on epitope similarity.

Positive peptide identification (deconvolution)
Empirical deconvolution

Empirical deconvolution uses negative control wells to identify
pools with an enriched spot count relative to the control wells.
ACE assumes the presence of negative control wells in an ELISpot
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experiment and supports a number of enrichment detection
methods, known as positivity selection criteria [36]. The empirical
deconvolution heuristic identifies the peptides that appear in
positive pools with a minimum number of occurrences (i.e.
coverage). We differentiate between a ‘candidate hit’ and a
‘confident hit’ to refer to two classes of peptides that are both
deemed positive. A confident hit maps uniquely to a set of
pools wherein the hit is the only predicted positive in a pool
for at least one replicate. A candidate hit, while also mapping to
unique pools, co-occurs with other putative hit peptides across all
coverages and requires an additional round of validation. We use
this distinction in our calculation of an assay’s total number of
pools, defined as the sum of the first round pools plus the number
of candidate peptides.

Statistical deconvolution

In addition to the empirical deconvolution, ACE performs sta-
tistical deconvolution and estimates peptide spots to provide
comprehensive results from both methods to the user (Figure 1B).
The statistical deconvolution method estimates peptide-level spot
counts from pool spot counts by approximating solutions to the
linear system:

y=peX
y = observed pool level spot counts € R!
B = mean peptide spot levels € R/

Moo ... Moj

Mmio . mw

e 1, peptide j was in pool i
Y] 0, otherwise

B* = mean peptide spot counts of constrained peptide list

X* = constrained design matrix
n
Aj=y; — > BrX* =background
i=1

Previously, Strém et al. proposed a method of using the EM
algorithm for finding the maximum likelihood estimate of a set of
peptide spots given incomplete data [30]. A subsequent work mod-
ified the EM approach by removing peptides that did not appearin
any positive well, thereby simplifying the linear system by using
the submatrices g* and X* [29]. Similarly, our best-performing
method first identifies putative hits by empirical deconvolution
and subsets the peptide-pool assignment, selecting the peptides
that appear in at least k-positive wells for subsequent EM decon-
volution. We refer to this approach as constrained EM (CEM).
CEM computes the differences A; between the observed pool spot
count and the sum of confident peptide-level spot counts for
peptides in pool j. Based on our internal testing, we observed that
the distribution of A closely approximates the non-immunogenic
peptide spot count A under our simulation parameters. CEM
models A as the background peptide spot count and calculates the
average delta across all pools to automatically establish a peptide-
level positive threshold. Furthermore, we implemented a LASSO
regression model that uses the L1 loss to push coefficients to zero,
a particularly useful feature for estimating sparse peptide activity
when expected positivity rate is low.
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Key Points

e We introduce peptide sequence as a novel parame-
ter consideration for optimization of high-throughput
pooled ELISpot design for use in large T-cell epitope
mapping assays. To operationalize this insight, we fine-
tuned ESM-2 and demonstrate its usefulness in lever-
aging functional similarity of MHC-I restricted epitopes
from sequence alone.

e We developed ACE, a software program that designs
sequence-aware pooled ELISpot configurations and
deconvolves pool spot counts for identification of
immunogenic peptides end-to-end. We deploy ACE as
both a bench-side friendly standalone application as
well as a command line interface for use on cluster
nodes.

e ACE builds on statistical deconvolution methods of
deriving sparse matrix solutions using expectation-
maximization and we show its state-of-the-art perfor-
mance.

e We performed the first systematic ablation study of both
design and deconvolution of pooled ELISpot, character-
izing the impact of each design and deconvolution com-
ponent on performance. Additionally, we performed the
first comprehensive cross-tool benchmark for pooled
ELISpot design and deconvolution methods.

SUPPLEMENTARY DATA

Supplementary data are available online at http://bib.oxfordjourn
als.org/.
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mark study scripts are available at https://github.com/pirl-unc/
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REFERENCES

1. Chen DS, Mellman I. Oncology meets immunology: the cancer-
immunity cycle. Immunity 2013;39:1-10.

2. Doherty PC, Hou S, Tripp RA. CD8+ T-cell memory to viruses.
Curr Opin Immunol 1994;6:545-52.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

. Kumar BV, Connors TJ, Farber DL. Human T cell development,

localization, and function throughout life. Immunity 2018;48:
202-13.

. Pennock ND, White JT, Cross EW, et al. T cell responses: naive

to memory and everything in between. Adv Physiol Educ 2013;37:
273-83.

. Walter U, Santamaria P. CD8+ T cells in autoimmunity. Curr Opin

Immunol 2005;17:624-31.

. Noval Rivas M, Chatila TA. Regulatory T cells in allergic diseases.

J Allergy Clin Immunol 2016;138:639-52.

. Sette A, Peters B. Immune epitope mapping in the post-genomic

era: lessons for vaccine development. Curr Opin Immunol 2007;19:
106-10.

. Liu C, Sathe SK. Food allergen epitope mapping. ] Agric Food Chem

2018;66:7238-48.

. Anthony DD, Lehmann PV. T-cell epitope mapping using the

ELISPOT approach. Methods 2003;29:260-9.

Tyler EM, Jungbluth AA, O'Reilly RJ, Koehne G. WT1-specific T-
cell responses in high-risk multiple myeloma patients under-
going allogeneic T cell-depleted hematopoietic stem cell trans-
plantation and donor lymphocyte infusions. Blood 2013;121:
308-17.

Kalyuzhny AE (ed). Handbook of ELISPOT: Methods and Protocols.
Totowa, NJ: Humana; 2012.

Czerkinsky C, Andersson G, Ekre HP, et al. Ouchterlony O: reverse
ELISPOT assay for clonal analysis of cytokine production. I. Enu-
meration of gamma-interferon-secreting cells. ] Immunol Methods
1988;110:29-36.

Miyahira Y, Murata K, Rodriguez D, et al. Quantification of
antigen specific CD8+ T cells using an ELISPOT assay. ] Immunol
Methods 1995;181:45-54.

Fiore-Gartland A, Manso BA, Friedrich DP, et al. Pooled-peptide
epitope mapping strategies are efficient and highly sensitive:
an evaluation of methods for identifying human T cell epitope
specificities in large-scale HIV vaccine efficacy trials. PloS One
2016;11:e0147812.

Michelo CM, Dalel JA, Hayes P, et al. Comprehensive epitope
mapping using polyclonally expanded human CD8 T cells and
a two-step ELISpot assay for testing large peptide libraries.
J Immunol Methods 2021;491:112970.

Rojas LA, Sethna Z, Soares KC, et al. Personalized RNA neoanti-
gen vaccines stimulate T cells in pancreatic cancer. Nature 2023,
618:144-50.

Massarelli E, William W, Johnson F, et al. Combining
immune checkpoint blockade and tumor-specific vaccine
for patients with incurable human papillomavirus 16-
related cancer: a phase 2 clinical trial. JAMA Oncol 2019;5:
67-73.

Addo MM, Yu XG, Rathod A, et al. Comprehensive epitope anal-
ysis of human immunodeficiency virus type 1 (HIV-1)-specific
T-cell responses directed against the entire expressed HIV-1
genome demonstrate broadly directed responses, but no corre-
lation to viral load. J Virol 2003;77:2081-92.

Koch T, Dahlke C, Fathi A, et al. Safety and immunogenicity of
a modified vaccinia virus Ankara vector vaccine candidate for
Middle East respiratory syndrome: an open-label, phase 1 trial.
Lancet Infect Dis 2020;20:827-38.

Weskamm LM, Fathi A, Raadsen MP, et al. Persistence of
MERS-CoV-spike-specific B cells and antibodies after late third
immunization with the MVA-MERS-S vaccine. Cell Rep Med
2022;3:100685.

Ott PA, Hu Z, Keskin DB, et al. An immunogenic personal neoanti-
gen vaccine for patients with melanoma. Nature 2017;547:
217-21.

20z Aenuer 9o uo ysanb Aq 28601 5/2/561Peda/|L/GZ/a101B/q1q/WOod"dNo"dlWwapede//:sdjy Wwoly papeojumoq


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbad495#supplementary-data
http://bib.oxfordjournals.org/
https://github.com/pirl-unc/ace
https://github.com/pirl-unc/ace
https://github.com/pirl-unc/ace
https://github.com/pirl-unc/ace
https://github.com/pirl-unc/ace
https://github.com/pirl-unc/ace
https://github.com/pirl-unc/ace-analysis
https://github.com/pirl-unc/ace-analysis
https://github.com/pirl-unc/ace-analysis
https://github.com/pirl-unc/ace-analysis
https://github.com/pirl-unc/ace-analysis
https://github.com/pirl-unc/ace-analysis
https://github.com/pirl-unc/ace-analysis

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Folegatti PM, Ewer KJ, Aley PK, et al. Safety and immunogenicity
of the ChAdOx1 nCoV-19 vaccine against SARS-CoV-2: a prelim-
inary report of a phase 1/2, single-blind, randomised controlled
trial. Lancet 2020:396:467-783.

Le Bert N, Tan AT, Kunasegaran K, et al. SARS-CoV-2-specific T
cell immunity in cases of COVID-19 and SARS, and uninfected
controls. Nature 2020;584:457-62.

Mateus J, Grifoni A, Tarke A, et al. Selective and cross-reactive
SARS-CoV-2 T cell epitopes in unexposed humans. Science
2020;370:89-94.

Sekine T, Perez-Potti A, Rivera-Ballesteros O, Stralin K, Gorin JB,
Olsson A, Llewellyn-Lacey S, Kamal H, Bogdanovic G, Muschiol
S, et al: Robust T cell immunity in convalescent individuals
with asymptomatic or mild COVID-19. Cell 2020, 183:e114, 158,
168.e14.

Klasse PJ, Nixon DF, Moore JP. Immunogenicity of clinically rele-
vant SARS-CoV-2 vaccines in nonhuman primates and humans.
Sci Adv 2021;7:7.

Nelde A, Bilich T, Heitmann JS, et al. SARS-CoV-2-derived pep-
tides define heterologous and COVID-19-induced T cell recogni-
tion. Nat Immunol 2021;22:74-85.

Roederer M, Koup RA. Optimized determination of T cell epitope
responses. ] Immunol Methods 2003;274:221-8.

Strandberg R. My Adventures with ELISPOT Assays: Design and
Analysis of Experiments in Vaccine Development. Stockholm: Stock-
holm University, 2017.

Strom P, Stoer N, Borthwick N, et al. A statistical approach
to determining responses to individual peptides from pooled-
peptide ELISpot data. ] Immunol Methods 2016;435:43-9.

Yates F. The Design and Analysis of Factorial Experiments. Harpen-
den: Imperial Bureau of Soil Science, 1937.

Bose RC, Nair KR. Partially balanced incomplete block designs.
Sankhya: The Indian Journal of Statistics (1933-1960) 1939;4:337-72.
Elnaggar A, Heinzinger M, Dallago C, et al. ProtTrans: toward
understanding the language of life through self-supervised
learning. IEEE Trans Pattern Anal Mach Intell 2022;44:7112-27.
Rives A, Meier ], Sercu T, et al. Biological structure and function
emerge from scaling unsupervised learning to 250 million pro-
tein sequences. Proc Natl Acad Sci U S A 2021;118.

Lin Z, Akin H, Rao R, et al. Evolutionary-scale prediction of
atomic-level protein structure with a language model. Science
2023;379:1123-30.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

ACE Configurator for ELISpot | 13

Moodie Z, Price L, Gouttefangeas C, et al. Response definition
criteria for ELISPOT assays revisited. Cancer Immunol Immunother
2010;59:1489-501.

Vita R, Mahajan S, Overton JA, et al. The immune epitope
database (IEDB): 2018 update. Nucleic Acids Res 2019;47:D339-43.
Tan CCS, Owen CJ, Tham CYL, et al. Pre-existing T cell-mediated
cross-reactivity to SARS-CoV-2 cannot solely be explained by
prior exposure to endemic human coronaviruses. Infect Genet
Evol 2021;95:105075.

Nolan S, Vignali M, Klinger M, et al. A large-scale database of T-
cell receptor beta (TCRbeta) sequences and binding associations
from natural and synthetic exposure to SARS-CoV-2. Res Sq 2020.
Cameron BJ, Gerry AB, Dukes ], et al. Identification of a
Titin-derived HLA-A1l-presented peptide as a cross-reactive tar-
get for engineered MAGE A3-directed T cells. Sci Transl Med
2013;5:197ra103.

Cunningham BC, Wells JA. High-resolution epitope mapping
of hGH-receptor interactions by alanine-scanning mutagenesis.
Science 1989;244:1081-5.

Arellano B, Hussain R, Miller-Little WA, et al. A single amino
acid substitution prevents recognition of a dominant human
Aquaporin-4 determinant in the context of HLA-DRB1x03:01 by
a murine TCR. PloS One 2016;11:e0152720.

Davidson E, Doranz BJ. A high-throughput shotgun mutagene-
sis approach to mapping B-cell antibody epitopes. Immunology
2014;143:13-20.

Vensko SP, Olsen K, Bortone D, et al. LENS: landscape of effective
Neoantigens software. Bioinformatics 2023;39.

Yewdell JW, Bennink JR. Immunodominance in major histocom-
patibility complex class I-restricted T lymphocyte responses.
Annu Rev Immunol 1999;17:51-88.

Tarke A, Sidney J, Kidd CK, et al. Comprehensive analysis of T
cell immunodominance and immunoprevalence of SARS-CoV-2
epitopes in COVID-19 cases. Cell Rep Med 2021;2:100204.
Goonetilleke N, Liu MK, Salazar-Gonzalez JF, et al. The first T
cell response to transmitted/founder virus contributes to the
control of acute viremia in HIV-1 infection. ] Exp Med 2009;206:
1253-72.

Braud V,Jones EY, McMichael A. The human major histocompat-
ibility complex class Ib molecule HLA-E binds signal sequence-
derived peptides with primary anchor residues at positions 2
and 9. Eur J Immunol 1997;27:1164-9.

20z Aenuer 9o uo ysanb Aq 28601 5/2/561Peda/|L/GZ/a101B/q1q/WOod"dNo"dlWwapede//:sdjy Wwoly papeojumoq



	 ACE configurator for ELISpot: optimizing combinatorial design of pooled ELISpot assays with an epitope similarity model
	INTRODUCTION
	RESULTS
	DISCUSSION
	METHODS
	Key Points
	SUPPLEMENTARY DATA
	 ACKNOWLEDGMENTS
	FUNDING
	CODE AVAILABILITY


