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A method of determining a correspondence between a first
biological property of a cell and one or more further bio-
logical properties of cells is provided. The first biological
property and the further biological properties are determined
by different analysis techniques and each are contained in a
respective one of a plurality of sets of biological properties.
The method includes the steps of: converting the plurality of
sets of biological properties into corresponding representa-
tions in a representation format which is invariant to the
technologies used to derive the biological properties; deter-
mining, in said representation format, a representation from
each of the converted sets of further biological properties
which most closely matches the first representation of the
first biological property; and re-converting the determined
representations from the representation format back to the
biological properties associated with the determined repre-
sentations and thereby determining a correspondence
between the first biological property and each of the further
biological properties.
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METHODS OF DETERMINING
CORRESPONDENCES BETWEEN
BIOLOGICAL PROPERTIES OF CELLS

[0001] The present invention relates to methods of deter-
mining correspondences between biological properties of
cells. In particular, but not exclusively, it relates to a method
of determining correspondences between biological proper-
ties of cells wherein the biological properties have been
determined using different single-cell analysis techniques.
[0002] The ability to dissect a tissue into its cellular
components to study them individually or to investigate the
interplay between the different cell-type fractions is a rela-
tively recent possibility in biological research that has
already yielded important insights into the dynamics of
various diseases including cancer (Tirosh et al., 2016;
Chevrier et al., 2017). Recent advances in single-cell tech-
nologies enable molecular profiling of samples with greater
granularity at the transcriptomic, proteomic, genomic, and
other levels (Rozenblatt-Rosen et al., 2017; Irmisch et al.,
2020). Each data modality produces different types and
levels of information, but these need to be integrated and
related to one another in order to understand the mechanisms
at play in the tissue microenvironment and to obtain a more
comprehensive molecular understanding of the studied
sample. Although technologies capable of measuring two
modalities simultaneously are emerging (Stoeckius et al.,
2017; Zhu et al., 2020), their scalability and widespread use
is still limited.

[0003] Furthermore, recent technological advances have
led to an increase in the production and availability of
single-cell data (both in terms of many modalities and large
datasets). In most cases, however, profiling technologies
consume the used cells and thus pairwise correspondences
between datasets are unavailable or lost. Access to an
integrated set of multi-technology measurements would
allow, for example, the identification of biologically or
clinically meaningful observations through the unification of
the perspectives afforded by each technology. However, due
to the sheer size of single-cell datasets, scalable approaches
that are able to universally match single-cell measurements
carried out in one cell to its corresponding sibling in another
technology are needed.

[0004] Only few approaches have been suggested with
similar capabilities. For example “MAGAN” (Amodio and
Krishnaswamy, 2018) does not require feature correspon-
dence in principle. However, their results imply that only by
including a feature correspondence can accurate matchings
be achieved.

[0005] Yang and Uhler (2019) propose the use of a latent
space from which expression profiles can be generated.
However, decoding from the latent space requires generation
of expression profiles.

[0006] It is thus an object of the present invention to
provide a method of determining correspondences between
different biological properties of cells, particularly those
derived from single-cell analysis techniques.

[0007] It is a further object of the present invention to
provide a scalable approach to determining such correspon-
dences, in particular in the absence of overlapping features
and in the presence of large numbers of observations in two
or more technologies.

[0008] It is a further object of the present invention to
provide an improved matching technique for use in deter-
mining correspondences between biological properties of
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cells. The improvement(s) may, in particular, be in terms of
accuracy, computational cost and/or time taken.

[0009] It is a further object of the present invention to
provide a platform which may be used in an improved
clinical decision support system which can make use of
combined knowledge of the biological properties of cells
derived from different single-cell analysis techniques.

[0010] At their broadest, aspects of the present invention
provide methods of determining correspondences between
biological properties of cells which are determined using
different analysis techniques by converting the biological
properties into a representation format which is invariant to
the technologies used.

[0011] A first aspect of the present invention provides a
method of determining a correspondence between a first
biological property of a cell contained in a first set of
biological properties determined by a first analysis technique
and a second biological property of a cell contained in a
second set of biological properties determined by a second,
different, analysis technique, the method including the steps
of: converting the first and second sets of biological prop-
erties into corresponding representations in a representation
format which is invariant to the technologies used to derive
the biological properties; determining, in said representation
format, a second representation from the converted second
set of biological properties which most closely matches a
first representation of the first biological property; and
re-converting the second representation from the represen-
tation format back to the biological property associated with
the second representation and thereby determining a corre-
spondence between the first biological property and the
second biological property.

[0012] A second aspect of the present invention provides
a method of determining a correspondence between a first
biological property of a cell and a plurality of further
biological properties of cells, the first biological property
and the further biological properties each being determined
by different analysis techniques and each being contained in
a respective one of a plurality of sets of biological proper-
ties, the method including the steps of: converting the
plurality of sets of biological properties into corresponding
representations in a representation format which is invariant
to the technologies used to derive the biological properties;
determining, in said representation format, a representation
from each of the converted sets of further biological prop-
erties which most closely matches the first representation of
the first biological property; and re-converting the deter-
mined representations from the representation format back
to the biological properties associated with the determined
representations and thereby determining a correspondence
between the first biological property and each of the further
biological properties.

[0013] It will be appreciated that the first and second
aspects share a number of common features and are primar-
ily distinguished by the presence of at least three different
sets of biological properties in the second aspect. The
following optional and preferred features apply equally to
both of the above first and second aspects.

[0014] As noted above, the present invention is particu-
larly, but not exclusively, directed at determining correspon-
dences between data derived from different single-cell
analysis techniques (also referred to a single-cell *omics
techniques). Accordingly, at least one of the analysis tech-
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niques is preferably a single-cell analysis technique and
more preferably all of the analysis techniques are single-cell
analysis techniques.

[0015] An individual single-cell analysis technique is able
to determine certain useful biological properties of the cells
under analysis. However, due to the differing nature of the
analysis techniques, the information that can be derived
from each technique is different and thus each analysis
technique can only provide a part of the complete biological
picture of a particular cell or type of cell in a sample.
[0016] To obtain a clearer understanding of the biological
properties of a particular cell or type of cell, it is advanta-
geous to combine the results from different analysis tech-
niques. However, the very nature of single-cell analysis
means that it is only ever possible to perform one analysis
technique on each individual cell. Therefore, if multiple
analysis techniques are being performed on cells taken from
a single sample, direct links between the respective biologi-
cal properties are not available. With the aim of addressing
this, the aspects of the present invention may allow corre-
spondences to be identified between cells that have been
analysed by one technique (and the biological properties
thus determined) and cells that have been analysed by a
different technique (and the biological properties thus deter-
mined). By pairing or matching cells analysed by one
technique with a close (preferably the closest) “sibling” cell
in the sample which has been analysed by another technique,
the biological properties determined by both techniques can
be linked and thus combined in further assessment or
analysis.

[0017] Examples of single-cell analysis techniques are
single-cell RNA sequencing (“scRNA-Seq”), Cytometry by
Time-of-Flight (CyTOF) and Imaging Mass Cytometry
(“IMC”), but the skilled person will appreciate that the
methods of the above aspects are not limited to data derived
using these techniques, and are equally applicable to other
techniques (including techniques not currently know at the
time of writing).

[0018] Similarly, whilst example biological properties
may be a transcriptome and a proteome, the skilled person
will appreciate that the methods of the above aspect are not
limited to such properties and are equally applicable to other
biological properties (including properties which are not
derivable at the time of writing).

[0019] Preferably at least one of the biological properties
is sequencing information determined by scRNA-Seq. At the
time of writing, scRNA-Seq is the most detailed and infor-
mation-rich single-cell analysis technique. However, each
single-cell analysis technique only represents a partial obser-
vation of the properties of a cell. By combining information
from more than one analysis technique using the correspon-
dences identified by the methods of the above aspect, further
information about the properties of a cell can be determined
to build up a more complete picture of the cell.

[0020] The methods of the above aspects may proceed by
assuming that cells share a common (low-dimensional)
underlying structure and that the underlying distribution of
cells having certain biological properties is approximately
constant across the different analysis techniques. As a result
a technology-invariant representation may be created, for
example using an auto-encoder framework which may have
an adversarial objective.

[0021] The methods may allow multi-modal datasets to be
integrated by pairing cells across technologies using a
matching scheme that operates on the low-dimensional
representation.
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[0022] The methods may use neural-networks and/or end-
to-end training to produce the representation format, and/or
a fast bipartite matching algorithm for the matching step.
Either or both of these features can allow the methods to
scale well in the number of cells in the input.

[0023] As samples are commonly used-up by individual
analysis techniques (in particular single-cell analysis tech-
niques), each sample which is subject to the analysis tech-
niques in order to create the sets of biological properties for
these methods may be divided into disjoint aliquots for
analysis. Notwithstanding, given that the technology-spe-
cific datasets come from the same sample, i.e. cell mix, it can
be expected that they exhibit the same underlying distribu-
tion. Therefore, the methods may assume a shared latent
representation between technologies but, unlike other
approaches, may not necessarily require one-to-one or over-
lapping correspondences between feature sets.

[0024] Further, as indicated in the second aspect above,
the training scheme may allow for the addition of an
arbitrary number of technologies, which can all be trained in
parallel.

[0025] Preferably the representation format is used solely
to match the cells. As a result the true observed marked
abundances per cell pair, as measured with the different
analysis techniques or technologies can be used in any
downstream analysis.

[0026] The representation which is invariant to the tech-
nologies used to derive the biological properties may be a
latent space.

[0027] In certain embodiments, the latent space may be
constructed by creating neural networks for a) an encoder
for each data set; b) a decoder for each data set; and c) a
discriminator acting on the representations.

[0028] In certain embodiments a 2 layer architecture with
8 hidden units may be used as the encoder and/or decoder for
one or more of the data sets. In certain embodiments a 2
layer architecture with 64 hidden units may be used as the
encoder and/or decoder for one or more of the data sets.
[0029] A Gaussian activation may be used for one or more
of the decoders.

[0030] The networks may be optimized using the ADAM
optimizer.

[0031] The discriminator may be a binary classifier.
[0032] In certain embodiments the latent space may be
constructed by minimizing the reconstruction error between
the encoder and decoder for each data set while adversarially
fooling the discriminator.

[0033] Whilst the representation format is preferably opti-
mally integrated, the use of an optimal matching technique
for determining the matching between the representations
may compensate for even a sub-optimally integrated repre-
sentation format. This may provide additional advantage
over bare decoding.

[0034] The method may include the further step of deter-
mining a divergence score for the created representations in
the representation format. The divergence score may be a
Kullback-Leibler (KL) divergence or a variant thereof. In
certain embodiments the divergence score may be calculated
as

A 1. 1, 2)
DZ\\Z) = EDKL(ZSHZI) + EDKL(ZIHZS)
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[0035] where
[0036] Z, and Z, are the sets of codes and

Ve(pi) . 1P|

DruPIO = 5 31 +
" ‘|P|p;, Coi) | H0I—1

[0037] where v,(p,) and p,(p;) are the distances from p; to
the k™ nearest neighbour in the sets P and Q respectively and
all p;e R

[0038] In certain embodiments, the method may include
the further step of comparing the divergence score to a
predetermined threshold. In certain embodiments if the
divergence score exceeds the predetermined threshold, the
step of converting the sets of biological properties into
corresponding representations may be repeated until a diver-
gence score is obtained which is equal to or less than the
predetermined threshold.

[0039] Training of neural networks can be unstable and/or
dependent on the initial choices. By checking the divergence
of the representations in the representation format, it is
possible to determine whether an acceptable representation
format has been created.

[0040] Preferably, the step of determining uses a bipartite
matching approach between each pair of the converted sets.

[0041] The step of determining preferably includes the
sub-step of reducing the search space to reduce the number
of possible correspondences, ideally prior to carrying out
any matching. This can reduce the complexity of the match-
ing step by reducing the number of potential matches for a
particular representation. A reduced complexity can reduce
the amount of computational power and/or time taken to
complete the matching step. If the reduction is well chosen,
then this can be achieved with only a very small, or
preferably no appreciable, reduction in the accuracy of the
matching.

[0042] The reduction in number of possible correspon-
dences may be to a pre-determined maximum per matching,
for example by using a k-Nearest Neighbour approach. The
pre-determined maximum may vary depending on the size
of the datasets, and will in each case be a trade-off between
the accuracy of the matching and the reduction in the
complexity.

[0043] However, it has been found that restricting the
number of possible correspondences to no more than 50 can
still result in high levels of accuracy in the matching. Greater
numbers of possible correspondences, such as no more than
100, no more than 200, no more than 250 or no more than
500 provide further, but decreasing, increases in accuracy.
Conversely restriction to no more than 2000, preferably no
more than 1000, more preferably no more than 500 results
in a significant reduction in the memory and CPU time
required for the matching process. Accordingly, the pre-
determined maximum is preferably between about 50 and
about 2000 and more preferably between about 50 and about
500. Certain embodiments may restrict the number of
matches to 50, 100, 200, 250 or 500.

[0044] In certain embodiments the bipartite matching
approach uses the Euclidean distance in the representation
format as the “cost”, for example in generating a cost matrix,
and seeks to find the combinations which result in the
smallest overall cost.

May 25, 2023

[0045] In certain embodiments the bipartite matching uses
the Jonker-Volgenant algorithm which has been shown to
have good computational performance even in high-dimen-
sional settings.

[0046] In alternative embodiments a minimum-cost maxi-
mum-flow algorithm may be used.

[0047] Many existing matching approaches (bipartite and
otherwise) assume that there is a one-to-one correspondence
between datasets. However, in the reality of cellular analysis
and different analysis techniques this is unlikely to be the
case. For example the cellular composition of the tissue
samples examined by each analysis technique may differ.
Alternatively or additionally the analysis techniques may be
biased (for example, certain genes can be overrepresented in
scRNA-Seq data whilst certain proteins could be overrep-
resented in CyTOF data). Alternatively or additionally the
nature of the analysis techniques may mean that certain
analysis techniques produce different numbers of data points
from a given sample.

[0048] Therefore the matching processes preferably
include further characteristics which adjust for and/or allow
for this possibility.

[0049] In some arrangements, the step of determining
allows for the possibility of a correspondence not being
found by adding a null node to each converted set. The null
node may be densely connected and preferably has a high
capacity (e.g. the size of the (largest of the) opposing
dataset). To bias the approach against selecting the null node
unless no other realistic option exists, the null node is
preferably given a high assignment cost. However, this null
node will still capture correspondences with cells which are
otherwise poorly-matched.

[0050] Alternatively or additionally, the step of determin-
ing may allow for many-to-one matches to representations in
a converted set which has fewer elements. This may be done
by increasing the capacity of edges in the nodes of the
dataset with the smaller number of entries. Preferably the
method also includes provision to penalise for any
unmatched cells (whether to the null node or to a real node),
for example by constraining the sum of the capacity of the
smaller dataset(s) to the cardinality of the largest dataset.
[0051] These modifications to the matching process may
be applied before or after the reduction in the number of
possible correspondences.

[0052] The methods of the above aspects find particular
application as part of an integrated platform providing
clinical decision support, for example in the diagnosis of
tumours in and the planning of treatments for patients with
cancer. By allowing the integration of information obtained
from a plurality of different analysis techniques, all of which
have been performed on the same sample from the patient,
an improved understanding of the tumour may be obtained
and the appropriate clinical pathways indicated or chosen.
[0053] Further aspects of the present invention provide a
computer program arranged, when run on a processor, to
perform the method of the above first or second aspect,
including some, all or none of the preferred or optional
features of those aspects, and a computer program product
having non-transitory memory storing such a computer
program.

[0054] Clinical decision support systems are used at the
point-of-care, in particular by clinicians, to analyse and
visualize information acquired by different (diagnostic)
analysis techniques and to facilitate combination of the



US 2023/0162818 Al

acquired data with the clinician’s knowledge and expertise.
More and more such clinical decision support systems are
developed which seek to leverage data from high-throughput
next-generation analysis techniques such as whole genome
sequencing (WGS) and total RNA sequencing (RNA-Seq).
[0055] State of the art single cell analysis techniques, e.g.
scRNA-Seq and CyTOF, retain a correlation between indi-
vidually measured data points and the cell from which the
analysis material derived throughout the analysis. For
example, this may be achieved by barcoding the molecules
deriving from one cell in a heterogeneous sample and
reading the barcode information together with the respective
data point of the biological property e.g. a (barcoded)
mRNA molecule.

[0056] However, if multiple analysis technologies are
used to analyse the same patient sample (e.g. tumour
sample) no correspondence between individual cells is
retained between the different techniques. The present
invention provides a method of determining such correspon-
dences between different biological properties (e.g., tran-
scriptome and proteome) on a single-cell level.

[0057] Methods of the present invention can, for example,
be used to aggregate data from different single-cell analysis
techniques in a clinical decision support system. The clinical
decision support system may present a visualization of the
aggregated data to support the clinician’s decision how to
treat a patient based on the molecular mark-up of the
patient’s tumour sample.

[0058] Alternatively or additionally, the clinical decision
support system may propose treatment options to the clini-
cian based on the aggregated data alone or in combination
with clinical and medical history data.

[0059] A further aspect of the present invention provides
a clinical decision support computer system having a pro-
cessor which is arranged to perform the method of the above
first or second aspect, including some, all or none of the
preferred or optional features of those aspects. The computer
system may have a display to allow the results of the
determined correspondence(s) to be displayed to a user.
[0060] Further aspects of the present invention provide a
clinical decision support computer program arranged, when
run on a processor, to perform the method of the above first
or second aspect, including some, all or none of the preferred
or optional features of those aspects, and a clinical decision
support computer program product having non-transitory
memory storing such a computer program.

[0061] Embodiments of the present invention will now be
described by way of non-limitative examples with reference
to the accompanying drawings, in which:

[0062] FIG. 1 shows, schematically, a method according
to an embodiment of the present invention which performs
a pairwise matching of cell across multiple single cell
analysis technologies;

[0063] FIG. 2 shows a schematic matching graph structure
forming part of a method according to an embodiment of the
present invention;

[0064] FIG. 3 shows the tree used to simulate a PROSSTT
dataset used to test a method according to an embodiment of
the present invention;

[0065] FIG. 4 shows the tree used to simulate a further
PROSSTT dataset used to test a method according to an
embodiment of the present invention and a density plot of
the pseudotime label between a pair of cells matched
between source and target technologies;

May 25, 2023

[0066] FIG. 5 is a tSNE (perplexity=32) plot of the inte-
grated latent space for the simulated data derived from the
tree structure shown in FIG. 3;

[0067] FIG. 6 is a density plot of the pseudotime label in
the simulated data between a pair of cells matched between
source and target technologies;

[0068] FIG. 7 is tSNE (perplexity=32) plot of the inte-
grated latent space for the simulated data derived from the
tree structure shown in FIG. 4;

[0069] FIG. 8 is a density plot of the pseudotime label
between a pair of cells matched between source and target
technologies using latent codes obtained from MATCHER,
a prior art system;

[0070] FIG. 9 is a tSNE embedding (perplexity=128) of
the integrated latent space created by the application of a
method according to an embodiment of the present invention
to datasets derived from human tumour cells, with cell
matches indicated by the grey lines;

[0071] FIG. 10 is a series of density plots of HLA-DRA
marker abundance measured with scRNA-Seq (gene, x-axis)
and CyTOF (protein, y-axis);

[0072] FIG. 11 shows a comparison of matching accuracy,
with respect to cell-type label, between sparse and dense
connections when a method according to an embodiment of
the present invention is applied to datasets derived from
human tumour cells;

[0073] FIG. 12 is atSNE embedding similar to that of FIG.
6 but with cell matches obtained via matching on the data
space indicated by the grey lines; and

[0074] FIG. 13 is a series of charts showing the training
progress of a method according to an embodiment of the
present invention on the datasets derived from human
tumour cells.

[0075] An embodiment of the present invention which
provides a method of matching cells from a source technol-
ogy to cells in a target technology will be described below.
The method has been tested on both simulated and real data
networks as explained further below.

[0076] FIG. 1 illustrates the formation and operation of the
method of this embodiment. The method assumes that the
input of each technology comes from a similar distribution
of cells, for example from a common sample, processed in
parallel. The method proceeds by mapping cells into a
technology-invariant latent space using an auto-encoder
framework as described further below and an adversarial
objective, such that the original cell signal can be faithfully
reconstructed from the latent space, while the technology of
each latent representation is indistinguishable. The obtained
shared latent codes are then used to find the best cell
analogues across technologies by using a fast bipartite
matching framework.

Constructing a Technology-Invariant Latent Space & Model
Architecture

[0077] An integrated latent space has ideally two proper-
ties. It must be possible to decode the latent representations
into faithful reconstructions of their inputs, while the source
technology of each latent representation should be indistin-
guishable. To this end, the method of the present embodi-
ment has three types of networks: a pair of encoder (¢,) and
decoder () networks for each technology k, which map
into and reconstruct out of the latent space, and a single
discriminator network (y) acting on the latent representa-
tions.
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[0078] The discriminator is a binary classifier trained to
identify the latent representations of a source technology
from latent representations of all other technologies. The
discriminator uses binary cross entropy.

[0079] The method of the present embodiment creates an
integrated latent space by minimizing the reconstruction
error while adversarially fooling the discriminator. Given
the measurements of a batch of cells from the target tech-
nology, x, and the (fixed) latent representations of a batch of
cells from the source technology, z=y, (x,) the method
minimizes the following objective function:

L (230, W)0=L u@pLad s WOHB £ L pf2,2,00) 6))

where &,=0,(z,) is the reconstruction of X, and £ (X, %,) is
the negative log-likelihood of the inputs under the recon-
struction. For a Gaussian likelihood the latter has the form
L, (x,.&)=lx~%|,>. £ .. is the discriminator’s classifica-
tion error when trying to classify z/z, as the target/source
technology. P is a hyperparameter weighing the influence of
the adversarial loss.

[0080] All networks use the ReLLU activation. The latent
dimension of all models is set to 8, and discriminator
networks with 2 layers and 8 hidden units each are used. The
SNGAN (Miyato et al., 2018) framework is used to train the
discriminator.

[0081] For the simulated data networks discussed further
below, a 2 layer architecture with 64 hidden units for was
used. For the real data networks, a 2 layer architecture with
8 hidden units was used for the CyTOF networks, and a 2
layer architecture with 64 hidden units used for the scRNA-
Seq networks. A Gaussian activation was used for all decod-
ers. Architecture search was done on VAE codes and reflects
a trade-off between number of features and number of
parameters.

[0082] Optimization was carried out by iteratively fixing
one technology as the source and one technology as the
target. In the case of more than two technologies, the
technology corresponding to the discriminator’s positive
class must either be the source or target technology. The
codes of the source technology are fixed and equation (1) is
minimized with gradient updates to the encoder and decoder,
0, and y,, of the target technology using gradients computed
on the batch x,. After each update, the discriminator is
trained on 7z, and z,. The method is initialized by first training
a VAE (Kingma and Welling, 2013) on a single technology,
and using the latent representations as the first set of z_. All
networks are optimized using the ADAM (Kingma and Ba,
2014) optimizer.

[0083] Due to the min-max nature of adversarial training,
model comparison is challenging since it is not possible to
directly compare the minimized objective functions of con-
verged models (Lucic et al., 2017). The computer vision
community has introduced a number of metrics specific to
the image domain to help compare models (Heusel et al.,
2017; Salimans et al., 2016), however, and these can be used
to validate the quality of a set of lower dimensional latent
representations. As was done in Wang et al. (2019), a
k-Nearest Neighbor (kNN)-based divergence estimator
(Wang et al., 2009) is used to quantitatively evaluate the
quality of the integrated latent space. The divergence score
between two sets of codes Z, and Z, is calculated as:
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[0084] where v, (p;) and p, (p;) are the distances from p; to
the k™ nearest neighbour in the sets P and Q respectively and
allp, e R“.

[0085] This estimator approximates a symmetric variant
of a Kullback-Leibler (KL) divergence, a measure of how
much two distributions differ, using only empirical data. The
divergence estimate is computed between the latent repre-
sentations of the source technology and the target technol-

ogy.
Matching

[0086] The obtained shared latent representation can then
be used for finding analogous cells across technologies, i.e.
those cells in the samples analysed by each technology
which are most closely related to each other. Each cell is
characterized in the latent space by a low-dimensional
vector of latent codes, which are in one-to-one correspon-
dence across technologies. To find the optimal pairwise
matching in a computationally efficient way, the task can be
viewed as a combinatorial bipartite matching problem.
[0087] However, given the high-dimensional nature of
single-cell data, as a first step it is helpful to reduce the
search space to the most-likely potential matches. In order to
achieve this, a k-Nearest Neighbours (kNN) graph is built
using source data and then queried by the target technology
cells. The nodes correspond to cells and edge weights
correspond to the distance between the cells. Since the latent
codes are dense and directly comparable between the tech-
nologies, the Euclidean distance is used to measure the
dissimilarity between each pair of cells. The sparsity of
connections, regulated by the choice of hyperparameter k,
corresponds to the trade-off between the computational
performance (memory usage, run time) and the matching
accuracy.

[0088] Given a cost matrix (e.g., Euclidean distance in
latent or data space) with distances between all pairs of cells
across technologies, the aim is to find row-cell pairs that
result in the smallest overall cost. In the present embodi-
ment, Euclidean distance in the latent space is used to
generate the cost matrix. The aim then corresponds to
solving a Linear Assignment Problem (LAP), i.e. bipartite
matching, and can be formulated as:

w3, 5,

[0089] with cost matrix C, Boolean assignment matrix X
and cell indices i€ {1, . . ., n}, je{l, ..., m}, where n, m
denote the number of cells in source and target dataset,
respectively. In the classical bipartite matching n=m and
when formulated as a graph with cellular nodes, the capacity
of each edge is exactly one, as bijective matching is
enforced. To efficiently solve a LAP with sparse connections
we use the Jonker-Volgenant Algorithm (Jonker and Vol-
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genant, 1987), which has been shown to have good com-
putational performance even in high-dimensional settings
(Dell’Amico and Toth, 2000), despite the worst-case com-
plexity of O(n®).

[0090] To relax the restriction on only one match, the
generalized framework of Minimum-Cost Maximum-Flow
Problems (Ahuja et al., 1993; Klein, 1967) can be applied.
[0091] Given a directed graph G=(V, E), with V denoting
vertices and E edges, the Minimum-Cost Maximum-Flow of
G would be the maximum flow that can be pushed from
source to sink at a minimum cost. If u denotes the non-
negative edge capacities and c the corresponding costs, then
the flow of f(v, w) units on edge (v, w) would contribute c(v,
iv) (v, w) to the objective

f&i,‘}Zv,w) e, W) f (v, w) @
subject to

05 (v, w) = ulv, Womes ®)
Dy S W=D Fv) = b0y ©

[0092] Finding a minimum cost of the flow through the
network corresponds to finding the shortest path. Many
algorithms have been designed to efficiently solve the Mini-
mum-Cost Maximum-Flow Problem in polynomial time
(see, for example, Ahuja et al., 1993; Kovacs, 2015).
[0093] The approach described so far makes a strong
assumption of observing the same cellular composition
across datasets, i.e., each cell has a direct corresponding
sibling in the other technology. In order to allow for mis-
matches due to expected variation in cellular composition,
the kNN graph is expanded with sparse connections by
adding a densely-connected null node with high capacity
and high assignment cost, capturing the otherwise poorly
matched cells.

[0094] This graph structure is depicted in FIG. 2 in which
the latent space is depicted as a set of nodes corresponding
to cells in the source (S) and target (T) datasets and edges to
the sparse connections between them, resulting from a kNN
search. Edge labels (a, b) indicate matching cost and edge
capacity, respectively. The null node, colored in grey, bot-
tom-right, captures matches with source cells that lack a
close enough analogue in the target technology. Its capacity
equals the cardinality of the source data and the cost C.q is
relatively high. The thicker lines linking the nodes represent
the actual matches selected by the algorithm.

[0095] Furthermore, to account for differences in the num-
ber of cells between modalities, many-to-one matches are
allowed by increasing the capacity of the outgoing source
edges, assuming the source corresponds to the smaller
dataset. In order to penalize for leaving cells unmatched, the
sum of outgoing source capacities, excluding the null node,
is constrained to equal the cardinality of the target set

Lu=ITlie{l, . .., m} @

[0096] The quality of matching is evaluated on different
levels. First, the accuracy corresponding to the fraction of
true positives w.r.t. cell-type label is reported. Cell-types can
be determined in a technology-specific manner. If more
fine-grained cellular information is available, such as
pseudotime, a direct comparison of this quantity is carried
out.
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Simulated Dataset

[0097] The method of the present embodiment was first
evaluated using two synthetic datasets generated by
PROSSTT (Papadopoulos et al., 2019). PROSSTT simulates
a temporal branching process that parameterizes a negative
binomial model.

[0098] Two single cell analysis technologies were simu-
lated by running PROSSTT under different seeds and dif-
ferent numbers of genes but retaining the underlying branch-
ing structure (see Table 1). Thus these two datasets have a
common latent structure yet their features do not have any
correspondences. A three branch tree as illustrated in FIG. 3
was used with different branch lengths. The first branch A
runs from pseudotime 0 to 30, branch B from 30 to 50 and
branch C from 30 to 60. The PROSSTT simulated data
allows an underlying latent structure to be defined.

TABLE 1

Characteristics of PROSSTT simulated dataset using different
seeds but the same underlying latent structure.

Dataset # Markers # Cells
Source 256 32,000
Target 128 32,000

[0099] The method of the present embodiment was run
using the larger dataset (i.e. the one with more markers) as
the source technology and the smaller dataset as the target
technology. The latent space was initialized by training a
VAE on the source technology for 250 epochs. These latent
representations are fixed, and then the target technology was
trained for 250 epochs. To help orient the latent space,
branch labels were given to the discriminator (Makhzani et
al., 2015). For each target cell a set of its most similar cells
in the source dataset was identified by k-Nearest Neighbors
algorithm with k=500, using the Euclidean distance on the
latent codes. The optimal matching was then found by
solving the Minimum-Cost Maximum-Flow problem,
allowing for many-to-one matches.

[0100] In a second approach, three single cell analysis
technologies were simulated by running PROSSTT under
different seeds but retaining the underlying branching struc-
ture. Thus these three datasets also have a common latent
structure yet their features do not have any correspondences.
A five branch tree, shown on the left hand side of FIG. 4, was
used with different branch lengths. Each dataset contained
64,000 cells with 256 markers.

[0101] The method of the present embodiment was run on
the three simulated datasets. The latent space was initialized
by training a VAE on the source technology for 256 epochs.
These latent representations were fixed, and then the two
target technologies are trained for 256 epochs. For each
target cell a set of its most similar cells in the source dataset
were identified by k-Nearest Neighbors algorithm with
k=500, using the Euclidean distance on the latent codes. The
optimal matching was then found by solving the bipartite
matching problem.

Results

[0102] The method of the present embodiment was evalu-
ated on the above pair of datasets generated by PROSSTT,
such that there are no feature correspondences between the
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two datasets, while the shared underlying characteristics are
preserved. Branches in PROSSTT define over-arching struc-
ture that mimics cell-types, while the temporal component,
i.e., pseudotime, provides a continuous interpolation from
one branch to another, as defined by the tree.

[0103] Inlatent space, the branch structure within the data
produces large clusters, while the pseudotime structure
provides orientation within each cluster as well as global
smoothing of the manifold. For the three branch tree, the
method of the present embodiment was able to correctly
capture this structure as well as orient it across datasets, as
shown in tSNE embeddings computed on the combined
latent representations from both sources as shown in FIG. 5.

[0104] Each point in FIG. 5 corresponds to a cell’s latent
representation. In the first axis, points are coloured by the
branch label and shaded by the source technology. FIG. 5
shows that the tree’s branching structure is represented in
the embedding and that the technology codes are grouped
globally by branch label. In the second and third axes the
source/technology codes are coloured by pseudotime label.
As illustrated, the method was able to correctly capture the
intra-cluster orientation.

[0105] The optimal matching algorithm was applied to a
sparse kNN graph with k=1500. FIG. 6 provides a quanti-
tative evaluation of the matches with respect to pseudotime.
Coloured contours correspond to cells paired within the
same branch. The grey contour corresponds to cells paired to
a different branch. It can be seen that this mismatching
mostly happens around the branching point, where cells
from different branches are most similar.

[0106] The highest density of the cells is observed within
a close proximity of the diagonal, thus showing that the
derived matches do not only follow the overall branches but
also reflect subtle changes. The mismatched cells (grey
colour), w.r.t. branch label, constitute 15% of the total cell
population.

[0107] Table 2 below is the corresponding confusion table.

TABLE 2

Confusion table showing branch labels of the optimal matches of cells
in the simulated PROSSTT data. Entries on the diagonal correspond
to correct matches whereas off-diagonal elements are mismatches.
The overall accuracy, with respect to branch label, is 85%.

Target
Source A B C
A 10007 1290 612
B 1419 6277 332
C 858 156 11049

[0108] The majority of the mismatches is located around
the branching point, where the differences between cells
become indistinguishable. As expected, the overall accuracy
of the matches increases if the area of the branching point
(pseudotime €[30-E, 30+4E]) is not taken into account
(accuracy: 98%, Table 3 below). The Spearman’s and Pear-
son’s correlation coefficients between all the matches
amount 0.89 and 0.87, respectively. These results demon-
strate that the method of the present embodiment is capable
of accurately identifying the best matching cells across
technologies, based on the shared latent representations,
even in the absence of paired features.
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TABLE 3

Confusion table showing branch labels of the optimal matches
of cells in the simulated PROSSTT data, but excluding the
branching point (pseudotime = 30) +/- epsilon
of 10% of total pseudotime (E = 0.1 * 60 = 6). Entries
on the diagonal correspond to correct matches whereas off-
diagonal elements correspond to mismatches. The overall accuracy,

with respect to branch label and with branching points excluded, is 98%.

Target
Source A B C
A 7345 112 1
B 212 4301 6
C 120 1 8410

[0109] For the five branch dataset, the method of the
present embodiment was also able to correct capture the
underlying data structure as well as orient it across the
datasets as shown in tSNE embeddings computed on the
combined latent representations from all datasets as shown
in FIG. 7.

[0110] The optimal matching Minimum-Cost Maximum-
Flow algorithm described above was applied to a sparse
kNN graph with k=50. The plot on the right hand side of
FIG. 4 provides a quantitative evaluation of the matches
with respect to pseudotime.

[0111] The highest density of the cells is observed within
a close proximity of the diagonal, thus showing that the
derived matches do not only follow the overall branches but
also reflect subtle changes. The mismatched cells (grey
color), with respect to branch label, constitute 15% of the
total cell population. The corresponding confusion table is
shown as Table 4 below.

[0112] The majority of the mismatches are located around
the branching points, where the differences between cells
become indistinguishable. The Spearman’s and Pearson’s
correlation coefficients between all the matches amount 0.83
and 0.86, respectively. These results demonstrate that the
method of the present embodiment is capable of accurately
identifying the best matching cells across technologies,
based on the shared latent representations, even in the
absence of paired features.

TABLE 4

Confusion table showing branch labels of the optimal matches
of cells in the simulated PROSSTT data (5 branches). Entries
on the diagonal correspond to correct matches whereas off-
diagonal elements correspond to mismatches. The overall
accuracy, with respect to branch label, is 86%.

Target

Source A B C D E

A 8528 583 679 99 23
B 724 6285 758 466 928
C 770 777 18917 48 99
D 42 371 22 7804 266
E 28 1086 41 303 7363

[0113] The method of the present embodiment was also

compared to the MATCHER approach disclosed in Welch et
al., 2017. MATCHER assumes a one-dimensional latent
structure, which is violated by the branching structure in the
simulated data. Additionally, MATCHER is a probabilistic
model based on Gaussian processes and is thus limited in
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terms of scalability. To this end a budget of 48 hours
compute time with maximum of 40 Gb memory was set.
After this, the matching step of the present embodiment was
applied to find matches using a kNN graph with k=50 and
null node cost of 95. FIG. 8 shows a density plot of the
pseudotime lable between a pair of cells matched between
source and target technologies using latent codes obtained
from MATCHER. Colored contours correspond to cells
paired within the same branch, while the grey contour
corresponds to cells paired to a different branch. The accu-
racy with respect to the branch label was 4%, while 40% of
the cells were matched to the null node, since a better match
could not be identified.

Single-Cell Profiles of a Melanoma Patient

[0114] The real dataset used to further exemplify the
operation of the method of this embodiment is generated by
the Tumor Profiler (TuPro) Consortium (Irmisch et al., 2020)
as part of a multi-center, multi-cancer study comprising
metastatic tumors from a cohort of deeply phenotyped
individuals. Each patient’s data is analyzed with multiple
technologies, including scRNA-sequencing (Tang et al.,
2009), Cytometry by Time Of Flight (Bandura et al., 2009,
CyTOF) and Imaging Mass Cytometry (Giesen et al., 2014,
IMC). All of these are capable of dissecting the tumor
microenvironment and providing single-cell level, comple-
mentary information about the sample of interest. Although
cell identity is lost throughout the process, the cells inves-
tigated by both technologies stem from the same population
(i.e., were obtained from an aliquot of a common cell
suspension).

[0115] For the CyTOF dataset, the patient’s sample was
profiled with CyTOF using a 40-markers panel designed for
an in-depth characterization of the immune compartment of
a sample. Data pre-processing was performed following the
workflow described in Chevrier et al., 2017, 2018. Cell-type
assignment was performed using a Random Forest classifier
trained on multiple manually-gated samples. To investigate
the utility of the method of the present embodiment, a subset
of B Cells and T Cells only was considered, comprising
m=135,334 cells. This dataset is referred to below as the
target dataset.

[0116] A second aliquot of the same patient sample was
analyzed by droplet-based scRNA-sequencing using the 10x
Genomics platform. Standard QC-measures and pre-pro-
cessing steps, such as removal of low quality cells, as well
as filtering out mitochondrial, ribosomal and non-coding
genes, were applied. Expression data was library-size nor-
malized and corrected for the cell-cycle effect. Cell-type
identification was performed using a set of cell-type-specific
marker genes (Tirosh et al., 2016). Genes were then filtered
to a set of 256, retaining those that could code for proteins
measured in CyTOF channels, the top 32 T Cell/B Cell
marker genes, and the remaining most variable genes. The
total number of B Cells and T Cells in this dataset amounts
to n=4,683. The scRNA-Seq dataset is used as the source
dataset in the examples below.

TABLE 5

Characteristics of TuPro patient datasets.

Dataset # Markers # Cells T Cells B Cells
scRNA-Seq 1,024 135,334 70% 30%
CyTOF 41 4,683 73% 27%
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[0117] A 2-layer encoder and decoder was used for the
scRNA-Seq/CyTOF technology, with 64/8 units in each
hidden layer respectively. The discriminator was a 2 layer
network with 8 units and the latent dimension was set to 8.
All networks used the ReL.U activation. The discriminator
was conditioned with the cell type label. These were trained
for 256 epochs. Identification of cell analogues between
scRNA-Seq and CyTOF data, downsampled to the size of
scRNA-Seq data (m=n=4,683 cells) is based on a sparse
kNN graph, with k=500, computed using Fuclidean dis-
tance.

Results

[0118] The method of the present embodiment was applied
to integrate scRNA-Seq and CyTOF datasets generated from
a single sample by the TuPro project as discussed above.
Integrating these technologies (and other single-cell analysis
techniques) can allow for a multi-view perspective on cell
dynamics and thus can lead to a more thorough understand-
ing of the undergoing biological processes.

[0119] The optimal matching on the latent codes has a
97% accuracy to recover the cell-type label. In comparison,
matching on the data space for the same cells would result
in only 72% accuracy with respect to the cell-type label.
[0120] A more fine-grained visual evaluation is performed
by inspecting the matches on a tSNE embedding of the
integrated latent space shown in FIG. 9, marked by grey
lines. The colours (blue, orange) represent cell-types (B
Cell, T Cell) and colour shades correspond to the profiling
technology (light: scRNA-Seq, dark: CyTOF). The data has
been downsampled at random to the size of the scRNA-Seq
data (n=4.683 cells).

[0121] Given different cell-type proportions in the data, a
certain percentage of mismatches, in this case 3%, is
expected, which corresponds to the lines joining points
across the two cell types. Note that, for this visualization and
to investigate and demonstrate the accuracy of the method,
no null node was included in the graph, which would have
captured most of the mismatches.

[0122] The equivalent plot using matching directly on the
data space is shown in FIG. 12. With cell matches obtained
via matching on the data space indicated by the grey lines.
Colours (blue, orange) represent cell types (B Cell, T Cell)
and colour shades correspond to the profiling technology
(light: scRNA-Seq, dark: CyTOF). The data has been down-
sampled at random to the size of scRNA-Seq data (n=4.683
cells). The accuracy of such matching is inferior to that using
the latent representations and thus, many more links across
the cell types can be observed.

[0123] Further, a more fine-grained information of marker
expression correlation was used to quantitatively assess the
matching quality in both cases. This used the correlation
coeflicients between the expression of a cancer-relevant
HLA-DRA gene and the corresponding HLLA-DR protein
abundance, with the bivariate density plots shown in FIG. 10
with the HLA-DRA marker abundance measured with
scRNA-Seq (gene, x-axis) and CyTOF (protein, y-axis).
Coloured contours (bottom left, top right) correspond to
cells paired within the same cell-type. The grey contour (top
left, bottom right) corresponds to cells paired to a different
cell-type. The colour intensity is weighted by the cell-type
proportions. The plots correspond to, from left to right,
matching in latent space, matching in data space and match-
ing at random. Spearman’s and Pearson’s correlation coef-
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ficients are indicated for each plot and clearly show the
benefits of performing optimal matching (matching at ran-
dom has the lowest correlation coefficients) and at using
shared latent representations for this task (highest correla-
tion coeflicients).

[0124] These show that matching using shared latent rep-
resentations is significantly superior to using common fea-
tures in data space (Pearson’s coefficients: 0.64 and 0.22,
respectively). Moreover, in both cases the optimal matching
led to an improved expression correlation in comparison to
matching the cells between the two technologies at random
(Pearson’s coefficient 0of 0.01). Thus, even in the presence of
a subset of paired features across the technologies, using the
shared latent representations proves beneficial for finding
cell analogues.

[0125] A universal divergence estimator (Wang et al.,
2009) was used, as described above, to evaluate the quality
of the integrated latent space. FIG. 11 shows the training
progress of a method according to the embodiment of the
present invention on the cancer patient sample. A VAE was
trained on scRNA-Seq data and a method according to the
embodiment described above used to integrate CyTOF rep-
resentations into the latent space defined by the scRNA-Seq
codes.

[0126] FIG. 13 shows several metrics as the model trains.
The top panel shows the negative log-likelihood of the
CyTOF reconstruction. The middle panel shows the perfor-
mance of the discriminator to correctly classify scRNA-Seq
codes (critic-prior), CyTOF codes (critic-code) and the
ability of the encoder to fool the discriminator, i.e. the
mis-classification accuracy (generator). The bottom left
panel shows the divergence of the latent representations. To
measure the degree of integration of the latent space, the
estimated divergence is computed on the latent representa-
tions of the two technologies, and the optimization is
deemed to be a success if the divergence and reconstruction
error are below empirically-set thresholds (divergence<0.3,
£ ,,,;<47). It was found that performance depended on tuning
[ and the learning rates of the encoder and critic networks
as shown in Table 6 below. The most stable hyperparameter
setting employs a large weight on the adversarial gradients,
p=512, with a critic learning rate of 1x10~>, and an encoder/
decoder learning rate of 5x107%.

TABLE 6

Ablation study for training a method of the present embodiment
on a real tumor sample. f is the regularization strength
of the adversarial loss. Learning rates are the initial settings
of the ADAM optimizer. If the latent space divergence (Wang et
al., 2009) is below 0.3 and the negative log likelihood of the
input under the reconstruction is below 47, the training is deemed
a success. These values were chosen empirically. f and optimizer

learning rates were heavily influential on model success.

Learning Rate

B Discriminator Encoder/Decoder  Success  Replicates
512 0.0010 0.0005 30% 10
128 0.0005 0.0005 12% 8

64 0.0010 0.0010 12% 8

64 0.0005 0.0010 11% 9
256 0.0010 0.0005 10% 10
256 0.0005 0.0005 7% 14
512 0.0005 0.0010 0% 9
512 0.0005 0.0005 0% 4
512 0.0010 0.0010 0% 3
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TABLE 6-continued

Ablation study for training a method of the present embodiment
on a real tumor sample. f is the regularization strength
of the adversarial loss. Learning rates are the initial settings
of the ADAM optimizer. If the latent space divergence (Wang et
al., 2009) is below 0.3 and the negative log likelihood of the
input under the reconstruction is below 47, the training is deemed
a success. These values were chosen empirically. f and optimizer

learning rates were heavily influential on model success.

Learning Rate

B Discriminator Encoder/Decoder  Success  Replicates
256 0.0010 0.0010 0% 8
256 0.0005 0.0010 0% 6
128 0.0010 0.0005 0% 5
128 0.0010 0.0010 0% 6
128 0.0005 0.0010 0% 1

64 0.0010 0.0005 0% 6

64 0.0005 0.0005 0% 3

32 0.0005 0.0005 0% 5

32 0.0005 0.0010 0% 2

32 0.0010 0.0010 0% 4

32 0.0010 0.0005 0% 7

[0127] Bipartite matching was chosen since it ensures a

global optimal matching between two technologies across
all cells. Due to the large number of cells profiled with each
individual technology per sample as well as the nature of the
cell matching problem, as described above, a kNN search
was combined with a bipartite matching. A comparison of
the accuracy is shown in FIG. 11 in which the number of
considered Nearest Neighbors k is indicated on the x-axis,
which is displayed on a log 10-scale. The fraction of True
Positive matches, with respect to cell-type label, is depicted
on the y-axis. The accuracy level of dense connection is
achieved already for k=500 and is within 1% absolute
difference for k=100.

[0128] Thus, comparing the bipartite matching alone to
the combined approach shows that equivalent accuracies can
be achieved using a neighbourhood of only k=500 for the
total of 4,683 cells. This is in line with expectations, since
a match to an extremely distant neighbor could only be
justified in case of many multiple ties, i.e., a set of indis-
tinguishable cells. Thus, matching in the search space
reduced to the closest neighborhood is correspondent to
finding cell analogues based on the dense distance matrix.

[0129] Further, solving the task using the combined
approach is computationally efficient, as with 0.5Gb of
memory usage and less than 1 min of compute the pairwise
matches for all the 4,683 cells were found, using k=500. As
expected, with increasing k more computational resources
are required to solve the optimal matching problem (Table 7
below). Nevertheless, the hyperparameter k can be set to be
much smaller than the data dimensionality, whilst in most
cases providing a substantial gain in computational perfor-
mance over the matching on a fully connected graph.
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TABLE 7

Memory usage and computation time of the optimal matching
as the k hyperparameter in the kNN search increases. The
table indicates the values obtained on the downsampled
TuPro dataset, consisting of 4.683 cells per technology.

k Max Memory [Mb] CPU time [s]
10 349.14 3.86
20 349.14 443
50 349.20 5.43

100 347.48 6.43

150 347.47 7.86

320 414.90 4.57

500 538.60 4.50

1000 826.68 7.57
1500 1119.6 9.71
2000 1412.5 12.43
2500 1705.3 15.43
3000 1998.1 17.57
3500 2289.2 20.29
4000 2583.2 23.00
4683 2983.9 26.29

[0130] Similar results were observed for the effect of
varying the hyperparameter k in the application of the
Minimum-Cost Maximum-Flow matching algorithm as
illustrated in Table 8 below. Whilst the overall speed of this
algorithm is slower, the method has other advantages in
terms of scalability and providing trade-offs between true
and false positive rates.

TABLE 8

Memory usage and computation time of the MCMF matching algorithm
as the k hyperparameter in the kNN search increases. The
table indicates the values obtained on the downsampled TuPro
dataset, consisting of 4.683 cells per technology.

k Max Memory [Mb] CPU time [s]

5 1674.9 1492.7

10 2456.3 2803.3

25 4690.1 7723.7

50 8740.3 7441.3
75 12344 12656
100 17002 17331
125 20606 22857
150 24213 29077

Conclusions

[0131] The method of the present embodiment provides a
technology-invariant approach that pairs single-cell mea-
surements across multi-modal datasets, without requiring
feature correspondences, making real multi-modal single-
cell analysis possible, and opening up new opportunities to
gain a multi-view understanding of the dynamics of indi-
vidual cells in various disease or developmental states. The
underlying auto-encoder framework combined with a cus-
tomized bipartite matching approach ensures scalability.
[0132] By introducing a divergence measure, common
problems in adversarial training like training instability and
convergence problems were addressed.

[0133] Scalability was provided by using a modified bipar-
tite matching solution to efficiently match corresponding
cells across technologies. The modifications and extensions
to the bipartite matching can provide a wider applicability of
our method, since shifts in cell-type composition across
disjoint aliquots, even coming from the same sample, can be

10
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expected. Furthermore, the introduction of the null node
ensures a higher quality of matches, by avoiding forced
mismatches and thus, improving confidence in the cell-to-
cell assignments.

[0134] With increasing data dimensionality, the number of
nearest neighbours (k) should also rise, since more ties are
likely to occur. Nevertheless, the difference in the number of
True Positives across various values of k for the same
dataset stays within 5% in the experiments carried out and
hence it is considered that the performance is quite robust
against the choice of this hyperparameter.

[0135] While the specific embodiment described above
uses two datasets, it will be appreciated that the approaches
described can be extended to situations in which there are
three (or more) datasets. The latent space may be con-
structed using all of the datasets simultaneously, with the
objective function adapted accordingly. Further, for larger
numbers of datasets, it is believed to remain most compu-
tationally efficient to perform the matching using a bipartite
matching approach between each potential pair of datasets.

[0136] The systems and methods of the above embodi-
ments may be implemented in a computer system (in par-
ticular in computer hardware or in computer software) in
addition to the structural components and user interactions
described.

[0137] The term “computer system” includes the hard-
ware, software and data storage devices for embodying a
system or carrying out a method according to the above
described embodiments. For example, a computer system
may comprise a central processing unit (CPU), input means,
output means and data storage. Preferably the computer
system has a monitor to provide a visual output display. The
data storage may comprise RAM, disk drives or other
computer readable media. The computer system may
include a plurality of computing devices connected by a
network and able to communicate with each other over that
network.

[0138] The methods of the above embodiments may be
provided as computer programs or as computer program
products or computer readable media carrying a computer
program which is arranged, when run on a computer, to
perform the method(s) described above.

[0139] The term “computer readable media” includes,
without limitation, any non-transitory medium or media
which can be read and accessed directly by a computer or
computer system. The media can include, but are not limited
to, magnetic storage media such as floppy discs, hard disc
storage media and magnetic tape; optical storage media such
as optical discs or CD-ROMs; electrical storage media such
as memory, including RAM, ROM and flash memory; and
hybrids and combinations of the above such as magnetic/
optical storage media.

[0140] Those skilled in the art will appreciate that while
the foregoing has described embodiments of the present
invention, the present invention should not be limited to the
specific configurations and methods disclosed in this
description of the preferred embodiments. Those skilled in
the art will recognise that present invention has a broad
range of applications, and that the embodiments may take a
wide range of modifications without departing from any
inventive concept as defined in the appended claims.



US 2023/0162818 Al

[0141] The following references are hereby incorporated

by reference in their entirety:

[0142] Abadi, M. et al. (2015). TensorFlow: Large-scale
machine learning on heterogeneous systems. Software
available from tensorflow.org.

[0143] Ahuja, R. K. et al. (1993). Network Flows: Theory,
Algorithms, and Applications. Prentice-Hall, Inc., USA.

[0144] Amodio, M. and Krishnaswamy, S. (2018).
MAGAN: Aligning biological manifolds. In J. Dy and A.
Krause, editors, Proceedings of the 35th International
Conference on Machine Learning, volume 80 of Proceed-
ings of Machine Learning Research, pages 215-223,
Stockholmsmaéssan, Stockholm Sweden. PMLR.

[0145] Bandura, D. R. et al. (2009). Mass cytometry:
Technique for real time single cell multitarget immuno-
assay based on inductively coupled plasma time-of-flight
mass spectrometry. Analytical Chemistry, 81(16), 6813-
6822.

[0146] Chevrier, S. et al. (2017). An immune atlas of clear
cell renal cell carcinoma. Cell, 169(4), 736-749.e18.

[0147] Chevrier, S. et al. (2018). Compensation of signal
spillover in suspension and imaging mass cytometry. Cel/
Systems, 6(5), 612-620.e5.

[0148] Dell’Amico, M. and Toth, P. (2000). Algorithms
and codes for dense assignment problems: the state of the
art. Discrete Applied Mathematics, 100(1), 17-48.

[0149] Giesen, C. et al. (2014). Highly multiplexed imag-
ing of tumor tissues with subcellular resolution by mass
cytometry. Nature Methods, 11(4), 417-422.

[0150] Heusel, M. et al. (2017). GANSs trained by a two
Time-Scale update rule converge to a local nash equilib-
rium.

[0151] Irmisch, A. et al. (2020). The tumor profiler study:
Integrated, multi-omic, functional tumor profiling for
clinical decision support. medRxiv.

[0152] Jonker, R. and Volgenant, A. (1987). A shortest
augmenting path algorithm for dense and sparse linear
assignment problems. Computing, 38(4), 325-340.

[0153] Kingma, D. P. and Ba, J. (2014). Adam: A method
for stochastic optimization.

[0154] Kingma, D. P. and Welling, M. (2013). Auto-
Encoding variational bayes. Klein, M. (1967).

[0155] A primal method for minimal cost flows with
applications to the assignment and transportation prob-
lems. Management Science, 14(3), 205-220.

[0156] Kovacs, P. (2015). Minimum-cost flow algorithms:
an experimental evaluation. Optimization Methods and
Software, 30(1), 94-127.

[0157] Liu, J. et al. (2019). Jointly embedding multiple
single-cell omics measurements. BioRxiv, page 644310.

[0158] Lucic, M. et al. (2017). Are GANSs created equal?
a Large-Scale study.

[0159] Makhzani, A. et al. (2015). Adversarial autoencod-
ers.
[0160] Miyato, T. et al. (2018). Spectral normalization for

generative adversarial networks.

[0161] Oetjen, K. A. et al. (2018). Human bone marrow
assessment by single-cell rna sequencing, mass cytom-
etry, and flow cytometry. JCI Insight, 3(23).

[0162] Papadopoulos, N. et al. (2019). PROSSTT: proba-
bilistic simulation of single-cell RNA-seq data for com-
plex differentiation processes. Bioinformatics, 35(18),
3517-3519.

May 25, 2023

[0163] Rozenblatt-Rosen, O. et al. (2017). The human cell
atlas: from vision to reality. Nature News, 550(7677), 451.

[0164] Salimans, T. et al. (2016). Improved techniques for
training GANs. In D. D. Lee, M.

[0165] Sugiyama, U. V. Luxburg, I. Guyon, and R. Gar-
nett, editors, Advances in Neural Information Processing
Systems 29, pages 2234-2242. Curran Associates, Inc.

[0166] Stoeckius, M. et al. (2017). Simultaneous epitope
and transcriptome measurement in single cells. Nature
Methods, 14, 865.

[0167] Tang, F. et al. (2009). mrna-seq whole-transcrip-
tome analysis of a single cell. Nature Methods, 6(5),
377-382.

[0168] Tirosh, I. et al. (2016). Dissecting the multicellular
ecosystem of metastatic melanoma by single-cell rna-seq.
Science, 352(6282), 189-196.

[0169] Wang, Q. et al. (2009). Divergence estimation for
multidimensional densities via k-nearest-neighbor dis-
tances. IEEE Transactions on Information Theory, 55(5),
2392-2405.

[0170] Wang, T. et al. (2019). Bermuda: a novel deep
transfer learning method for single-cell ma sequencing
batch correction reveals hidden high-resolution cellular
subtypes. Genome Biology, 20(1), 165.

[0171] Welch, J. D. et al. (2017). Matcher: manifold
alignment reveals correspondence between single cell
transcriptome and epigenome dynamics. Gerome Biol-
ogy, 18(1), 138.

[0172] Yang, K. D. and Uhler, C. (2019). Multi-domain
translation by learning uncoupled autoencoders. CoRR,
abs/1902.03515.

[0173] Zhu, C. et al. (2020). Single-cell multimodal
omics: the power of many. Nature Methods, 17(1), 11-14.

1. A computer-implemented method of determining a
correspondence between a first biological property of a cell
contained in a first set of biological properties determined by
a first analysis technique and a second biological property of
a cell contained in a second set of biological properties
determined by a second, different, analysis technique, the
method including the steps of:

converting the first and second sets of biological proper-

ties into corresponding representations in a represen-
tation format which is invariant to the technologies
used to derive the biological properties;
determining, in said representation format, a second rep-
resentation from the converted second set of biological
properties which most closely matches a first represen-
tation of the first biological property; and

re-converting the second representation from the repre-
sentation format back to the biological property asso-
ciated with the second representation and thereby deter-
mining a correspondence between the first biological
property and the second biological property.

2. A computer-implemented method of determining a
correspondence between a first biological property of a cell
and a plurality of further biological properties of cells, the
first biological property and the further biological properties
each being determined by different analysis techniques and
each being contained in a respective one of a plurality of sets
of biological properties, the method including the steps of:

converting the plurality of sets of biological properties

into corresponding representations in a representation
format which is invariant to the technologies used to
derive the biological properties;
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determining, in said representation format, a representa-
tion from each of the converted sets of further biologi-
cal properties which most closely matches the first
representation of the first biological property; and

re-converting the determined representations from the
representation format back to the biological properties
associated with the determined representations and
thereby determining a correspondence between the first
biological property and each of the further biological
properties.

3. The method of claim 1, wherein at least one of the
analysis techniques is a single-cell analysis technique.

4. The method of claim 1, wherein the representation
which is invariant to the technologies used to derive the
biological properties is a latent space.

5. The method of claim 4, wherein the latent space is
constructed by creating neural networks for a) an encoder
for each data set; b) a decoder for each data set; and c) a
discriminator acting on the representations.

6. The method of claim 5 wherein the discriminator is a
binary classifier.

7. The method of claim 5, wherein the latent space is
constructed by minimizing the reconstruction error between
the encoder and decoder for each data set while adversarially
fooling the discriminator.

8. The method of claim 1, wherein the step of determining
uses a bipartite matching approach between each pair of the
converted sets.

9. The method of claim 8, wherein the step of determining
includes the sub-step of reducing the search space using a
k-Nearest Neighbour approach to reduce the number of
possible correspondences to a pre-determined maximum.

10. The method of claim 8, wherein the bipartite matching
approach uses a minimum-cost maximum-flow algorithm.

11. The method of claim 1, wherein the step of determin-
ing allows for the possibility of a correspondence not being
found by adding a null node to each converted set.

12. The method of claim 1, wherein the step of determin-
ing allows for many-to-one matches to representations in a
converted set which has fewer elements.

13-15. (canceled)

16. One or more computer-readable non-transitory stor-
age media including instructions that, when executed by one
or more processors, are configured to cause the one or more
processors of a system to perform operations comprising:

determining a correspondence between a first biological

property of a cell contained in a first set of biological
properties determined by a first analysis technique and
a second biological property of a cell contained in a
second set of biological properties determined by a
second, different, analysis technique, the method
including the steps of:
converting the first and second sets of biological prop-
erties into corresponding representations in a repre-
sentation format which is invariant to the technolo-
gies used to derive the biological properties;
determining, in said representation format, a second
representation from the converted second set of
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biological properties which most closely matches a
first representation of the first biological property;
and

re-converting the second representation from the rep-
resentation format back to the biological property
associated with the second representation and
thereby determining a correspondence between the
first biological property and the second biological
property.

17. The method of claim 16, wherein at least one of the
analysis techniques is a single-cell analysis technique.

18. The method of claim 16, wherein the representation
which is invariant to the technologies used to derive the
biological properties is a latent space.

19. The method of claim 18, wherein the latent space is
constructed by creating neural networks for a) an encoder
for each data set; b) a decoder for each data set; and c) a
discriminator acting on the representations.

20. The method of claim 19 wherein the discriminator is
a binary classifier.

21. The method of claim 19, wherein the latent space is
constructed by minimizing the reconstruction error between
the encoder and decoder for each data set while adversarially
fooling the discriminator.

22. The method of claim 16, wherein the step of deter-
mining uses a bipartite matching approach between each
pair of the converted sets.

23. A system comprising: one or more processors and one
or more computer-readable non-transitory storage media
coupled to one or more of the processors and comprising
instructions operable when executed by one or more of the
processors to cause the system to perform operations com-
prising:

determining a correspondence between a first biological

property of a cell contained in a first set of biological

properties determined by a first analysis technique and

a second biological property of a cell contained in a

second set of biological properties determined by a

second, different, analysis technique, the method

including the steps of:

converting the first and second sets of biological prop-
erties into corresponding representations in a repre-
sentation format which is invariant to the technolo-
gies used to derive the biological properties;

determining, in said representation format, a second
representation from the converted second set of
biological properties which most closely matches a
first representation of the first biological property;
and

re-converting the second representation from the rep-
resentation format back to the biological property
associated with the second representation and
thereby determining a correspondence between the
first biological property and the second biological
property.



