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Gene expression cartography
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Accepted: 7 October 2019 Multiplexed RNA sequencing inindividual cells is transforming basic and clinical life
sciences'™. Often, however, tissues must first be dissociated, and crucial information
about spatial relationships and communication between cells is thus lost. Existing
approaches to reconstruct tissues assign spatial positions to each cell, independently
of other cells, by using spatial patterns of expression of marker genes**—which often
do not exist. Here we reconstruct spatial positions with little or no prior knowledge,
by searching for spatial arrangements of sequenced cells in which nearby cells have
transcriptional profiles that are often (but not always) more similar than cells that are

farther apart. We formulate this task as a generalized optimal-transport problem for
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probabilisticembedding and derive an efficient iterative algorithm to solve it. We
reconstruct the spatial expression of genes in mammalian liver and intestinal
epithelium, fly and zebrafish embryos, sections from the mammalian cerebellum and
wholekidney, and use the reconstructed tissues to identify genes that are spatially
informative. Thus, we identify an organization principle for the spatial expression of
genes in animal tissues, which can be exploited to infer meaningful probabilities of
spatial position for individual cells. Our framework (‘novoSpaRc’) canincorporate
prior spatial information and is compatible with any single-cell technology.
Additional principles that underlie the cartography of gene expression can be tested

using our approach.

Single-cell RNA sequencing (scRNA-seq) has revolutionized our under-
standing of the rich heterogeneous cellular populations that make up
tissues, the dynamics of developmental processes and the underlying
regulatory mechanisms that control cellular function'*. However, to
understand how single cells orchestrate multicellular functions, it
is crucial to have access not only to the identities of single cells but
also to their spatial context. This is a challenging task, as tissues must
commonly be dissociated into single cells before scRNA-seq can be
performed, and thus the original spatial context and relationships
between cells are lost. Two seminal papers tackled this problem com-
putationally*>*—the key idea being to use a reference atlas of informative
marker genes asaguide toassign spatial coordinates to sequenced cells.
This concept was successfully used in various tissues’ ™, including the
early Drosophila embryo®. However, such methodologies rely heavily
ontheexistence of an extensive reference database for spatial expres-
sion patterns, which may not always be available or straightforward
to construct. Moreover, in practice the number of available reference
marker genesis usually not large enough to label each spatial position
with a distinct combination of reference genes, making it impossible
to uniquely resolve cellular positions. More generally, marker genes,
evenwhen available, convey limited information, which could possibly
be enriched by the structure of single-cell data.

To this aim, we developed a new computational framework (novo-
SpaRc), which allows for de novo spatial reconstruction of single-cell
gene expression, with no inherent reliance on any prior information,
and the flexibility to introduce it when it does exist (Fig. 1). Similar to
solving a puzzle, we seek the optimal configuration of pieces (cells)

thatrecreates the originalimage (tissue). However, contrary to a typical
puzzle, here we do not have access to the image that we aim to recon-
struct. Although the number of ways to spatially arrange (or ‘map’)
sequenced cells in tissue space is enormous, our hypothesis is that
gene expressionin the vast majority of these arrangements willnot be
asorganized as in the real tissue. For example, we know that typically
there exist genes that are specifically expressed in spatially contiguous
territories and are thus consistent with only a small subset of all pos-
sible arrangements. We therefore set out to identify simple, testable
assumptions that govern how gene expression is organized in space,
and to subsequently find the arrangements of cells that best respect
those assumptions.

novoSpaRc charts gene expression in tissues

Here, we specifically explore the assumption that cells that are physi-
cally close tend to share similar transcription profiles, and vice versa
(Extended Data Fig. 1a, Supplementary Methods). Biologically, this
phenotype can result from multiple mechanisms, such as gradients of
oxygen, morphogens and nutrients, the trajectory of cell development
and communication between neighbouring cells. We stress that thisisan
assumption about overallgene expression across the entire tissue—not
aboutindividual genes and not about all cells that are physically close
(Supplementary Methods). We show that, on average, the distance
between cells in expression space increases with their physical distance,
for diverse tissuesinmature organisms or whole embryosin early devel-
opment. Thus, to predict the spatial locations of sequenced cells, we
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Fig.1|Overview of novoSpaRc. A matrix that contains single-cell transcriptome profiles, sequenced from dissociated cells, is the main input for novoSpaRc.
Theoutputisavirtualtissue of achosenshape, which canbe queried for the expression of all genes quantified in the data.

seek to find a map of sequenced cells to tissue space (‘cartography’)
suchthat overall structural correspondence is preserved—meaning that,
overall, cells have similar relative distances to other cellsin expression
and physical space. The physical spaceis anchored by locations that may
beeither known (such asthe reproducible cellular locationsin the early
stages of development of the Drosophila embryo®) or approximated
by agrid (Supplementary Methods). The distances are first computed
for each pair of cells across graphs constructed over the two spaces,
to account for the underlying structure of the data (Supplementary
Methods). Then, novoSpaRc optimally aligns the distances of pairs of
cellsbetween the expressiondataand geometric features of the physi-
cal space, in a way that is consistent with spatial expression profiles
of marker genes when these are available (Methods, Supplementary
Methods). For reasons that are both biologically and computationally
motivated, we seek a probabilistic mapping that assigns each cell a distri-
bution over locations on the physical space (Supplementary Methods).
We formulate this as a generalized optimal-transport problem™*¢, which
hasbeen proventobeincreasingly valuable for diverse fields (including
biology™®) and renders the task of reconstruction feasible for large data-
sets. Specifically, we formulate an interpolation between entropically
regularized Gromov-Wasserstein'®* and optimal-transport® objectives,
which serves to satisfy the assumption of structural correspondence
between gene expression space and physical space, and to match prior
knowledge when available (Methods). We show that this optimization
problem can be efficiently solved using projected gradient descent
reduced to iterations of linear optimal-transport sub-problems (Sup-
plementary Methods). To systematically assess the performance of
novoSpaRc, we used asimple generative model of spatial gene expres-
sion to show that it can robustly recover it (Supplementary Methods,
Extended DataFig.1b-d).

novoSpaRc reconstructs tissues de novo

Focusing onreal single-cell datasets, we first reconstructed tissues
de novo that have inherent symmetries that render them effectively
one-dimensional, such as the mammalian intestinal epithelium'® and
liver lobules’. Schematic figures of the reconstruction process are
showninFig. 2a, e. Cells were previously classified into seven distinct
zones for theintestine, or nine layers for the liver, on the basis of robust
marker gene information™. We found that the average pairwise dis-
tances between cellsinexpression space increased monotonically with
the pairwise distances in physical one-dimensional space (Fig. 2b, f),
consistent with our structural correspondence assumption.

We used novoSpaRc to embed the expression data into one dimen-
sion. The embedded coordinates of single cells correlated well on
average with their layer or zone memberships (Fig. 2¢c, g, Supple-
mentary Methods). The median Pearson correlation coefficient for
reconstructed expression patternsto original patterns for the top 100
variable genes was 0.99 for intestine and 0.94 for liver (Supplementary
Methods), and the fraction of cells that were correctly assigned up to
onelayer away fromtheir original layer was 0.98 for intestine and 0.73

for liver (Supplementary Methods, Extended Data Fig. 2a, b). novo-
SpaRc captured spatial expression patterns of the top zonated genes
and spatial division of labour within the intestinal epithelium—as well
as within the layers of the liver lobules (Methods, Fig. 2d, h, Extended
DataFig.3a,b), in which cellsin different tissue layers perform different
tasks and exhibit different expression profiles. For the intestine, varying
the grid resolution to include either fewer or more embedded zones
did not compromise the quality of the reconstructed expression pat-
terns (Extended Data Fig. 3c), which shows the potential for increased
resolution of single-cell-based relative to atlas-based embedding.

novoSpaRc reconstructs early embryos

Next, we focused on spatially reconstructing the well-studied Dros-
ophilaembryo, asamore-challenging, higher-dimensional tissue. Late
instage 5 of development, the flyembryo consists of around 6,000 cells.
It has been previously suggested® that at early stages of fly develop-
ment, the expression levels of gap genes can be optimally decoded
into positional information. The expression levels of 84 transcrip-
tion factors were quantitatively registered using fluorescence in situ
hybridization (FISH) for each of the cells by the Berkeley Drosophila
Transcription Network Project (BDTNP)®,

To assess the performance of novoSpaRc, we first simulated scRNA-
seq data by in-silico dissociating the BDTNP dataset into single cells
(Methods), and then attempted to reconstruct the original expression
patterns across the tissue both de novo and by using marker genes
(Fig.3a).Similarly to the ‘one-dimensional’ datasets, we found amono-
tonically increasing relationship between the cell-cell pairwise dis-
tancesin expression space and in physical space (Fig. 3b), confirming
that the data adheres to our structural correspondence assumption.

The reconstructed patterns of spatial gene expression highly cor-
related with the original ones (Fig. 3¢). We found that the novoSpaRc
reconstruction that incorporated both structural and marker gene
information outperformed the reconstruction based on only the lat-
ter, and that performance was saturated at two marker genes (Fig. 3c),
independently of the marker genes used. As expected, the quality of
thereconstructionincreased withthe number of genes used to provide
structural information in expression space, and with the fraction of
spatially informative genes (Supplementary Methods, Extended Data
Fig.4a,b). The majority of spatial patterns were recapitulated faithfully
even when only asingle marker gene was used (Fig. 3¢, d). Inaddition,
novoSpaRc identified the physical neighbourhoods from which cells
originated when used de novo (up to inherent symmetries; see Sup-
plementary Methods), and pinpointed their true locations (P < 0.05
compared to random assignment) when a handful of marker genes
were used (Fig. 3e, Extended Data Fig. 5a, b).

We examined the expression patterns of four transcription factors that
spanthe dorsal-ventral and anterior-posterior axes (Fig. 3d). The quality
ofthereconstructionimproved whenapplying the structural correspond-
ence assumption (Supplementary Methods, Extended DataFig. 5d). The
denovoreconstruction correctly identified both axes of the embryo, and
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Fig.2|novoSpaRc successfully reconstructs complex tissues with effective
one-dimensional structure denovo. a, e, The reconstruction scheme for the
mammalianintestinal epithelium (a) and liver lobules (e). b, f, Demonstration
of the monotonicrelationship between cellular pairwise distancesin
expression and physical space for intestinal epithelium (b) and liver lobules (f).
Distances are measured as weighted shortest paths along the graphs
constructed over physical or expressionspaces. Dataare mean +s.d.

¢, g, novoSpaRcinfers the original spatial context of single cells of the intestinal

the reconstructed portrait was remarkably similar to the original one
(Fig.3d).Ingeneral—because de novo reconstructionis performed with-
outany prior information that would anchor the cells—the reconstructed
configurationis similar up toglobal transformations (reflections, rotations
andtranslations), relative to the respective axes of symmetry (Supplemen-
tary Methods). Consequently, the resulting patterns of gene expression
mightbe shifted or flipped relative to the expected ones. However, there
arefeatures of afaithful reconstruction that we cantest for, such that the
reconstruction would be robust to small changes in the optimization
parameters (Supplementary Methods, Extended Data Fig. 4i) and that
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epithelium (c) and liver lobules (g) with high accuracy. Heat maps show the
inferred distribution over embedded layers (rows) for the cells ineach of the
original layers (columns).d, h, novoSpaRc captures the spatial division of
labour of averaged expression of genes that have arolein the absorption of
different classes of nutrientsin the intestine (d) and the spatial expression
patternsof agroup of pericentral, periportal and non-monotonic genesinthe
liver lobule (h). The expression level ofeach geneind and hisnormalized toits
maximum value.

theembedding of cells onto the embryo would berelatively localized—as
we would expect for a biologically meaningful embedding (Fig. 3e). This
meansthatthedistributionover locations that each cellis assigned should
belocalized, andindeed, the meanstandard deviation of that distribution
for all cells is significantly lower than that of a randomized embedding
(Supplementary Methods, Extended Data Fig. 4j). Furthermore, we dem-
onstrated that the results from novoSpaRc—as measured by correlation
to observed imaging data and optimization error—were robust to opti-
mization parameters and sources of noise, including partial sampling of
cells, additive expression noise and dropouts (Extended DataFig. 4c-h).
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Fig.3|novoSpaRc accurately reconstructs the Drosophilaembryo on the
basis of the BDTNP dataset®. a, FISH data are used to create virtual sSCRNA-
seqdata, whichnovoSpaRcinputs toreconstructavirtualembryo.

b, Demonstration of the structural correspondence hypothesis. Pairwise
cellular distancesin expression spaceincrease monotonically with distancesin
physical space. Dataare mean ts.d. ¢, novoSpaRc spatially reconstructs the
Drosophilaembryo with only one marker gene. The quality of reconstruction
(measured by Pearson correlation with FISH data) increases with the number of
marker genes and saturates at perfect reconstruction at two marker genes,
whenusingboth structuralinformation and marker gene information (blue
boxes). This outperformsreconstruction that reliesonly on marker gene
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information (yellow boxes). The results are averaged for 100 different
combinations of marker genes. For the box plots, the centre line is the median,
box limits arethe 0.25and 0.75 quantiles and whiskers extend to +2.698 s.d.

d, Visualization of the reconstruction results for four transcription factors. The
original FISH data (first row) are compared to reconstruction by novoSpaRc
thatexploits both structural and marker gene information (using two marker
genes and one marker gene) and reconstruction without any marker gene
information (de novo). e, The original locations of three cells are compared to
theirrespective reconstructed locations by novoSpaRc (using two marker
genes and one marker gene). The expression patterns of the marker genes used
fortheresultsindand eareshownin Extended DataFig. 5c.
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We next used novoSpaRc to reconstruct the stage 6 Drosophila
embryo by using ascRNA-seq dataset™ (Fig. 4a). In that study, 84 marker
genes were required to reconstruct a virtual embryo by distributing
1,297 cells over 3,039 locations. When we used novoSpaRc with the
combination of both structural information and the reference atlas, the
accuracy of reconstructionincreased with the number of marker genes,
reaching high correlation (Pearson correlation coefficient, 0.74) with
the FISH data (Fig. 4b, Extended Data Fig. Se). The de novo, atlas-free
reconstructionaccurately separated the major post-gastrulation spatial
domains (mesoderm, neurogenic ectoderm and dorsal ectoderm),
as well as finer spatial domains (Fig. 4c, d). We clustered the recon-
structed patterns of the highly variable genes and averaged to obtaina
representative pattern for each cluster, which we termthe ‘archetype’
(Methods, Supplementary Information). novoSpaRc identified numer-
ous distinct spatial archetypes (Fig. 4c, d, Extended Data Fig. 6). We
compared representative genes of each spatial archetype with FISH
images to visually assess the accuracy of the spatial reconstruction.
Gene patterns that were expressed through the anterior-posterior
or the dorsal-ventral axis were largely recapitulated: typical genes of
the mesoderm (dorsal ectoderm), such as twi and sna (zen and ush),
were colocalized ventrally (dorsally) (Fig. 4c, d, right, middle). novo-
SpaRc accurately captured localized spatial populations (Fig. 4c, d,
left, Extended Data Fig. 6, archetype 5), whereas less-extensive spa-
tial domains were reconstructed with varying degrees of accuracy
(Extended Data Fig. 6). Note that within the de novo reconstruction,
accuratelocalizationentails global transformations, as described above
(Supplementary Methods).

Before proceeding to more complex tissues, we reconstructed the
zebrafish embryo dataset® (Extended Data Fig. 7). Similar to the original
seminal study, we mapped the cells onto the surface of a hemisphere
consisting of 64 distinct locations. The resulting spatial expression pat-
terns highly correlated to the experimentally verified ones; novoSpaRc
reconstructed the zebrafish embryo by using only 15 marker genes
(in contrast to the 47 genes that were previously required®) and the
accuracy of the reconstruction increased with the number of marker
genes (Extended Data Fig. 7, Methods). Furthermore—in contrast to
previous reconstructions—no data imputation or other specialized
preprocessing was necessary®.

novoSpaRc
_—

No. of marker genes

"‘Z!""I" .u.+|il.|
...i.‘ ._ul.dl

0 025 050 075 1.00 0 025 050 0.75 1.00
Pearson correlation

G

Virtual tissue

o

Archetype 9

FISH

P

Sna

reconstructionwithincreasing number of marker genes. ¢, Three of the spatial
archetypes (1,3 and 9) that novoSpaRcidentified in the Drosophila embryo.

d, Representative genes for each of the spatial archetypes depictedin c. FISH
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novoSpaRc charts diverse complex tissues

To further demonstrate the applicability of novoSpaRc to
complextissues, diverse sequencing technologies and different organ-
isms, we used it to reconstruct slices of mammalian brain cerebellum®
(Fig. 5), the mammalian kidney?** (Extended Data Fig. 8) and a dataset
of hundreds of individual Drosophila embryos® (Extended DataFig. 9).

The adult mammalian brain is awell-studied, highly differentiated
and complex tissue. To benchmark the capabilities of novoSpaRc in
reconstructing complex tissues, we used mouse cerebellum slices
fromarecently developed spatial transcriptomics technology®. The
dataset of sagittal sections contained 46,376 locations, correspond-
ing to a single cell or a few cells, with a median of 52 quantified tran-
scripts per location. To provide enough information to novoSpaRc, we
first coarse-grained the databy binning neighbouring locations. This
resultedin 7,704 locations, witha median of 379 quantified transcripts
perlocation (Methods, Fig. 5a). novoSpaRc successfully reconstructed
thewhole transcriptome, with a Pearson correlation coefficient of 0.5
over all 15,878 genes when using 15 marker genes and 0.94 when using
50 marker genes (Fig. 5b, Supplementary Methods). Spatial expres-
sion patterns emerged when using only a few markers. For example,
spatial positions of Purkinje cells were revealed by reconstructing
with only five marker genes (excluding all genes exhibiting an abso-
lute Pearson correlation coefficient with Pcp4 of 0.25 or higher). The
signalimproved markedly when more markers were included (Fig. 5c).
The reconstructed cerebellum slices showed concordance with the
original spatial gene expression for alarge number of known cell-type
marker genes (Fig. 5d). To illustrate the versatility of novoSpaRc, we
further applied it to a coronal section of a brain cerebellum?, with
similar results (Fig. 5e).

Next, we used novoSpaRc to spatially reconstruct asingle-cell data-
set from whole kidney?*, which is a complex tissue with stereotypical
organization. Inthe absence of areference atlas of gene expression, the
reconstruction was performed de novo. We focused on six major cell
types of the kidney (Extended Data Fig. 8) and mapped the cells onto
atwo-dimensional target space. The de novo reconstruction recapitu-
lated the urine flow within the kidney sub-compartments, as shown by
the spatial gene expression of corresponding marker genes (Extended
DataFig. 8). We note that, as no prior information was required for this
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reconstruction, this case demonstrates the applicability of novoSpaRc
toawide variety of medically relevant tissues.

Finally, to show that novoSpaRc can reconstruct not only a prototypi-
caltissue but also individual samples, we used a dataset that captures
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patterns. We used novoSpaRc to reconstruct the expression patterns of
the gap and pair-rule genes for individual embryos. For agiven embryo,
novoSpaRc reconstruction using a reference atlas based on the gene
expression withinthe same embryo consistently outperformed recon-
structionusing areference atlas based on the averaged gene expression
across all embryos in the dataset (Extended Data Fig. 9)—yet reached
high correlation values for both (median Pearson correlation coeffi-
cients for reconstructing a fourth gene based on the three remaining
genes were 0.99 (for expression within the same embryo) (0.95 for
expression averaged across embryos) and 0.94 (0.77) for the gap and
pair-rule genes, respectively).

We examined the effect of the interpolation between structuraland
marker geneinformation, and evaluated the performance of novoSpaRc
by comparingit toavailable reconstruction methods that fully rely on
areference atlas (Seurat® and DistMap'?) (Extended Data Figs. 10, 11).
novoSpaRc has several advantages when compared to the other exist-
ing methods and overall shows substantial benefits in reconstruction
performance (Extended Data Fig. 10, Supplementary Discussion).

Identifying spatially informative genes

AnovoSpaRc-based spatial reconstruction allows us to identify known
and potentially new spatially informative genes directly from the single-
cellsequencing data. For the intestine and liver datasets, we recovered
highly zonated genes without areference atlas (Methods, Supplemen-
taryInformation), and found that the top inferred zonated genes were
supported experimentally and/or computationally (Fig. 6a, Supplemen-
tary Tables1,2). Gene ontology enrichment analysis® further revealed
that zonation-compatible biological processes enriched for different
domainsintheintestine and the liver were reconstructed by novoSpaRc
(Supplementary Information). For the Drosophila single-cell data-
set, we ranked all 8,924 genes according to their spatially informative
rank (Methods, Fig. 6b, Supplementary Information), and found that
transcription factors were (as known from classic genetics?®) among
the most highly informative genes (Fig. 6¢). In addition, novoSpaRc
identified numerous long non-coding RNAs and transcription factors
asbeing highly spatially informative, many of them already predictedin
apreviousstudy®. Finally, we ranked all 15,878 genes in the cerebellum
by their spatially informative rank (Methods, Fig. 6d, Supplementary
Information), and found that well-known marker genes with a defined
pattern of spatial expression are indeed among the highest-ranking
spatially informative genes (Fig. 6d).

Discussion

Together, we have demonstrated here that one can spatially reconstruct
diverse biological tissues on the basis of a simple hypothesis about
how gene expression is organized in space—a structural correspond-
encebetween the distances of cells in expression space and in physical
space—and that it can be used to extract spatially informative genes.
Our currentimplementation is based on pairwise comparison of cells
and locations. This requirement can be readily altered. In fact, it is
compelling to hypothesize that within certain biological contexts,
different cell types may require higher-order interactions or exhibit
different principles of spatial organization. Furthermore, we stress that
because of the availability of general mathematical results in optimal-
transport theory, our framework is versatile and can supportavariety of
alternative ways to compare distances in expression and physical space
by varying the optimization loss functions (Methods, Supplementary
Methods). Such alternative schemes are not currently supported by
novoSpaRc, but could be implemented.

Our data analyses and the success of the reconstructions by novo-
SpaRc suggest that we have identified a general principle for how gene
expressionisorganized intissue space (Supplementary Discussion). It
will beinterestingto find tissues for which this organization principle

isweak or not valid. However, this principle may be underestimated, as
most of the single-cell data available are relatively shallow and noisy.
Our dataalso suggest that many more genes than perhaps anticipated
areinvolved inspatial features and functions (including physiology and
pathophysiology) of tissue. We have demonstrated that we can system-
aticallyidentify atleast asubset of these genes directly from single-cell
data. Inthe future, we will extend these analyses to identify genes that
are predicted to functionally interactin space. Finally, our developed
framework can be flexibly extended beyond spatial reconstruction. We
are currently using it to recover different types of biological signals,
such as temporal progression on short (for example, cell cycle) and
long (for example, developmental) timescales.
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maries, source data, extended data, supplementary information,
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Methods

Datareporting

No statistical methods were used to predetermine sample size. The
experiments were not randomized and the investigators were not
blinded to allocation during experiments and outcome assessment.

Data pre-processing

For the cases for which normalized data was not available or used by
the authors, we adopted the standard library size normalization in
log-space, for example, if d; represents the raw count for gene iin cell
Jj,wenormalized itas

d;>dj=1 s i
;i d=10g, 10 Xm+l.

Highly variable genes were identified by plotting the dispersionofa
gene as afunction of its mean and selecting the outliers above cut-off
values (usually 0.125 for the mean and 1.5 for the dispersion).

In the Slide-seq datasets?, we summed up the transcriptomes of
neighbouring cells by rounding the coordinates of the physical loca-
tionsto the nextinteger multiple of 50. This resulted in atotal of 8,331
(9,890) cells for the sagittal (coronal) section of the cerebellum. Low-
quality locations were further filtered out by requiring at least 50 genes
per cell, resulting in a total of 7,704 (8,258) for the sagittal (coronal)
section. Marker genes for the reconstruction were randomly selected
fromthe set of 747 genes. As one of the means of benchmarking the dif-
ferentreconstructions was to visually assess the expression pattern of
Pcp4,we ensured that no genes with a Pearson correlation of |[R| > 0.25
with Pcp4 were selected as marker genes.

Mathematical formulation of novoSpaRc

The procedure used by novoSpaRc includes several steps. We first
compute the graph-based distance matrices for Nsingle cellsinexpres-
sion space, D®P € RV*N and for Mlocations, DP™* € RM*M (Extended
DataFig.1a, Supplementary Methods). Then, optionally, if areference
atlas is available, we compute the matrix of disagreement,
DoPPhys e pN*M petween each of the cells to each of the locations,
onthebasis of the inverse correlation between the partial expression
profile for each location given by the reference atlas and the
respective expression profile for each cell. Equipped with these meas-
ures ofintra-and inter-dataset distances, we set out to find an optimal
(probabilistic) assignment of each of the single cells to cellular phys-
icallocations.

We formulate this problem as an optimization problem within the
generalized framework of optimal transport™* ¢, Optimal transport is
amathematical framework that was first established in the eighteenth
century by Gaspard Monge and was initially motivated by the question
of the optimal (minimal cost) way to rearrange one pile of dirtinto a dif-
ferent formation (the respective minimal costis appropriately termed
the ‘earthmover’s distance’). The framework evolved both theoretically
and computationally'** and was extended to the correspondence
between pairwise similarity measures via the Gromov-Wasserstein
distance™?. Thus, in our context, it allows us to build on these results
and tools to feasibly solve the cellular assignment problem.

We aim to find a probabilisticembedding, T € RY*M, of N'single cells
to Mlocations that would minimize the discrepancy between the pair-
wise graph-based distancesin expression space andin physical space,
and—if areference atlas is available—simultaneously minimize the
discrepancy between its values across the tissue and the expression
profiles of embedded single cells. For each cell i, the value of T is the
relative probability of embedding it to location,. These optimization
requirements over T are formulated as follows. We measure the pairwise
discrepancy of Tfor the expressionand physical spaces using the Gro-
mov-Wasserstein discrepancy®

D= Y L(DEP,
ij.kl

D?!}ys) TijTiew

where L is a loss function; specifically, we use the quadratic loss
L(a,b)= % la- b|2. This term captures our preference to embed single
cells such that their pairwise distance structure in expression space
would resemble their pairwise distance structure in physical space.
Intuitively, if expression profiles that correspond to cells i and k are
embedded into cellularlocationsjand/, respectively, then the distance
betweeniand kin expression space should correspond to the distance
betweenjand /in physical space (for example, ifiand kare close expres-
sion-wise they shouldbe embedded into close locations, and vice versa).
Thediscrepancy measure weighs these correspondences by the respec-
tive probability of the two embedding events.

To measure the match to existing prior knowledge, or an available
reference atlas, we consider

DAT) =3 D> P T,
U

This term represents the average discrepancy between cells and
locations according to the reference atlas, weighted by T. Finally, we
regularize T by favouring embeddings with higher entropy, where
entropy is defined as

H(T)=- ) T;logT;;
ij=1

Intuitively, higher entropy implies more uncertainty in the map-
ping. Entropic regularization drives the solution away from arbitrary
deterministic choices and was shown to be computationally efficient®.

Putting these together, we define the optimization problem for the
optimal probabilisticembedding T*:

T =argmin(1- a)D(T) + aDy(T) - eH(T)

subject to

Z];J:p[_ V[E{l,,N}
J
z ];J.:qj VjE{l,...,M}
i

where €is anon-negative regularization constant, anda € [0, 1] is a
constantinterpolating between the first two objectives, and can be set
toa=0whennoreferenceatlasisavailable. The constraints reflect the
fact that the transport plan T should be consistent with the marginal
distributions p € {p eRrY; Yp= 1} andge {q eRY; Y.q= 1} ,over
the original input spaces of expression profiles and cellular locations,
respectively.

These marginals can capture, for example, varying densities of single
cellsin the vicinity of different cellular grid locations, or the quality
of different single-cell expression profiles (hence forcing low-quality
single cellsto have asmaller contribution to the reconstructed tissue-
wide expression patterns). When such prior knowledge is lacking, p
and g could be set to be uniform distributions.

We derive an efficient algorithm for this optimization problem,
inspired by the combined results for entropically regularized opti-
maltransport? and mapping based on Gromov-Wasserstein distance
between metric-measure spaces® (Supplementary Methods).

Then, given the original single-cell expression profiles, represented
by amatrix Y € RV*€ (for N'single cells and g genes), and the inferred
probabilisticembedding T € RY*™ (for Nsingle cells and Mlocations),
we can derive a virtual in situ hybridization (vISH), S=Y" T R&*M



(for ggenes and Mlocations), which contains the gene expression val-
ues for every cellular location of the target space.

Note again that because our mapping is probabilistic, each of the
cellular locations of the VISH does not correspond to a single cell in
the original data. Rather, the vISH represents the expression patterns
over anaveraged, stereotypical tissue from which the single cells could
have originated.

novoSpaRc algorithm
To spatially reconstruct gene expression, novoSpaRc performs the
following steps:
1. Read the gene expression matrix.
1a. Optional: select arandom set of cells for the reconstruction;
1b. Optional: select a small set of genes (for example, highly
variable).
2. Construct the target space.
3.Set up the optimal-transport reconstruction.
3a. Optional: use existing information of marker genes, if available.
4. Perform the spatial reconstruction including:
4a. Assigning cells a probability distribution over the target space;
4b. Deriving a vISH for all genes over the target space.
The novoSpaRc package, system requirements, installation guide
and demo instructions are provided at https://github.com/rajewsky-
lab/novosparc.

Generatinginsilico single-cell data for the BDTNP dataset

To test the performance of novoSpaRc with single-cell resolution
ground truth, we generated aninsilico single-cell dataset for the BDTNP
data®. In that case we have access to expression profiles for different
locations across the embryo. We effectively dissociate the embryo by
taking these expression profiles to be the expression profiles of single
cellsin ourinsilico set, masking their true original locations, and use
novoSpaRctoreconstruct the original embryo (which may be done at
lower spatial resolution).

Identification of spatial archetypes

The identification of spatial archetypes is performed by cluster-
ing the spatial expression of a given set of genes. The gene expres-
sion is first clustered by hierarchical clustering at the vISH level,
although in principle different clustering methods can be used. The
number of archetypes is chosen by visually inspecting the resulting
dendrogram. The expression values of each gene of the cluster are then
averaged per location to produce the spatial archetype for that cluster.
Representative genes for each cluster are identified by computing the
Pearson correlation of each gene within the cluster against the spatial
archetype. The derivation of the spatial archetypes strongly depends
on the set of genes used. We observed that the set of highly variable
genes generally resulted in sensible spatial archetypes. A list of genes
that correspond to each archetype is provided in the Supplementary
Information.

Identification of zonated genes

For tissues with one-dimensional symmetry, we produce a ranking of
highly zonated genes, both according to the original spatial expression
patterns (Extended Data Fig. 2c, d) and the reconstructed patterns
(Fig. 6a).

The input is a spatial expression matrix (either original or recon-
structed), specifying the expression level of each gene in each of the
spatialzones. Then, to find aranked list of genes that are highly zonated
towards thefirst or last spatial zones (for example, cryptintheliver), we
firstselect allgenes (i) whose highest expression occursin that respec-
tive zone; (ii) whose maximum expression value is in the top 1% of all
genes; and (iii) that are statistically significantly zonated. To compute
thezonationsignificance ofindividual genes, we used anon-parametric
test based on the Kendall’s tau coefficient. The Kendall’s tau coefficient

isameasure for the correspondence between two ranked lists—in our
case, the expression values of a given gene over consecutive spatial
zones and the numbering of the zones. Finally, the remaining genes
areranked according to their centre of mass.

The lists of predicted zonated genes based on novoSpaRc’s recon-
struction for the mammalian intestine and liver are available in the Sup-
plementary Information.

Gene ontology enrichment

We used GOrilla for gene ontology (GO) enrichment analysis®,
in which GO enrichment was computed on the basis of target and
background lists of genes (Supplementary Methods). For both the
target and background lists of genes, we selected genes that had amaxi-
mum expression value in the top 10% of all genes. The target lists for
genes thatwere zonated towards the boundaries of the one-dimensional
spatial axes (cryptand Vé6inintestine; layers1and 9inliver) were further
filtered to contain only genes that are statistically significantly zonated,
asdescribedin‘Identification of zonated genes’. The background lists
contained the corresponding complements of the target lists.

Identification of spatially informative genes

We use a spatial autocorrelation measure to rank genes as spatially
informative. Specifically, we use Moran’s /as ameasure for global spatial
autocorrelation. For each individual gene i, the Moran’s / score for its
spatial expression, y, over n cellular locations is:

LRIV

So Yz
where z;=y. - y, y.isthemeanexpressionofgenei, So=3,; ; w; jand w;;
is a spatial weights matrix, which we base on a k-nearest neighbours
graphforeach cellularlocation (k=8). To calculate the Moran’s/score
andtherespective Pvalues for different genes, we used theimplemen-
tation of PySAL, a Python spatial analysis library®.

The Moran’s /scores with their respective Pvalues, based on novo-
SpaRc’s reconstructions for all genes of the Drosophila embryo,
zebrafishembryo and cerebellum, are available in the Supplementary
Information.

Reporting summary
Further information on research design is available in the Nature
Research Reporting Summary linked to this paper.

Data availability

The scRNA-seq datasets were acquired from the Gene Expression Omni-
bus (GEO) database with the following accession numbers: GSE99457
for the intestinal epithelium'®, GSE84490 for the liver’, GSE95025 for
the Drosophila embryo®, GSE66688 for the zebrafish embryo® and
GSE107585 for the kidney?. The cerebellum Slide-seq datasets® were
acquired from the Broad Institute Single Cell Portal (https://portals.
broadinstitute.org/single_cell/study/slide-seq-study). The individual
Drosophila embryos dataset® is available as a supplementary informa-
tion file of the original manuscript®>. The BDTNP dataset was down-
loaded directly from the BDTNP webpage®.

Code availability

A Python package for novoSpaRc, and the scripts for reconstructing
selected tissues presented in the manuscript, are provided at https://
github.com/rajewsky-lab/novosparc.

27. Rey, S.J. &Anselin, L. in Handbook of Applied Spatial Analysis (eds Fischer, M. & Getis, A.)
175-193 (Springer, 2010).

28. Tomancak, P. et al. Global analysis of patterns of gene expression during Drosophila
embryogenesis. Genome Biol. 8, R145 (2007).
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Extended DataFig.1|Overview of probabilistic optimal matching using
novoSpaRcand corresponding generative model. a, Based on the raw data of
single cellsin expression space and locations alongagrid resembling the target
tissue, graphstructures are computed and distance matrices are derived from
these graphs (Supplementary Methods). The two branches, and potentially
areferenceatlas, are aligned using novoSpaRc, under our structural
correspondence assumption (distance in expression space on average
monotonically increases with distance in physical space) and by using
probabilisticembedding (Supplementary Methods). b, ¢, Left, visualization of
noisy expression patterns for three random genes in models for 1-dimensional
(1D) (b) and two-dimensional (2D) (c) tissues. Right, the original expression
patternforarepresentative gene, its coarse-grained representation

(decreased spatial resolution) andits reconstruction usingnovoSpaRc.d, The
Pearson correlation of the reconstructed expression pattern datato the
original synthetic expression dataincreases withincreasing signal-to-noise
ratio, with the number of marker genes and with the fraction of informative
genes, and exhibits non-monotonic behaviour with the a parameter. We note
thataisaninterpolation parameter (definedinthe Methods section
‘Mathematical formulation of novoSpaRc’) between using only areference
atlas (@=1) and using only structural information (driven by the structural
correspondence assumption) (a=1). Results are averaged over 100
instantiations of the generative model; dataare mean +s.d. The generative
model andits default parameters are described in the Supplementary
Methods.
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Extended DataFig.4|novoSpaRcreconstruction of the Drosophilaembryo
onthebasis ofthe BDTNP dataset is robust and self-consistent.a, b, The
Pearson correlation of the reconstructed expression patterns to the original
FISH expression data'?increases with the number of genes used to construct
thestructural cellular graphin expression space (a), and with the fraction of
those genes that are spatially informative (b). Spatially non-informative genes
inthis case were simulated as random Gaussian variables withmeanands.d.
comparable to that of the original set of genes. c-f, The Pearson correlation of
thereconstructed expression patterns to the original FISH expression data™
increases with the percentage of sampled single cells (without replacement) (c)
and with the percentage of sampled single cells (with replacement) (d), and
steadily decreases with noise level (e) and with the percentage of dropoutsin
the data (f). g, The meanvalue and variance of the optimization objective

std of Drosophila embedding

function (which we aim to minimize) increase with noise level. Theresultsin
a-gareaveraged over 100 random choices of two marker genes; dataare
mean+s.d. h, The Pearson correlation of the de novo reconstructed expression
patternstotheoriginal FISH data varies gradually with the entropic
regularization parameter €., The Pearson correlation of embedded de novo
expression patterns of the BDTNP dataset' for different values of the entropic
regularization parameter e with the expression pattern for e =5x107° (vertical
dottedline).j, The spatial s.d. of embedded cells over the Drosophila embryo of
the BDTNP dataset derived from de novo reconstruction by novoSpaRcis
significantly lower thanthes.d. derived fromrandomized embedding
(P<107%°, two-sided Kolmogorov-Smirnov test). Histograms show results for
all3,039 cells.
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Extended DataFig. 5|See next page for caption.



Extended DataFig. 5| novoSpaRc accurately reconstructs the Drosophila
embryo on the basis of the BDTNP dataset and single-cell data. a, Examples
of mapping probabilities of single cells produced by novoSpaRc for the
Drosophila embryo, using the BDTNP dataset®. The predicted spatial positions
of cellsaredistributed over relatively many locations when reconstruction is
done denovo, and are more localized when marker genes are used.

b, Histogram of Euclidean distances between the original cellular location of
single cellsand the most likely location predicted by novoSpaRc using one and
two marker genes, compared to a histogram for random spatial predictions.

¢, The expression patterns of the two marker genes and one marker gene that
were used for theresults presentedina,bandinFig.3d, e.d, Visualization of

reconstruction results for four transcription factors. The original FISH dataare
compared to reconstruction by novoSpaRc that exploits both structural and
marker geneinformation (using two marker genes and one marker gene),

and reconstruction without any marker gene information (de novo).
Reconstruction thatuses both structural and marker gene information (ora
reference atlas) outperformsreconstruction thatis based solely onareference
atlas. e, Visualization of novoSpaRc-based reconstruction results for the four
transcription factors, based on single-cell data that exploit both structural
and marker geneinformation (using10-80 marker genes). Theresultsina-d
arebased on the BDTNP dataset’, and the resultsineare based onasingle-cell
dataset™.
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Extended DataFig. 6 | novoSpaRcidentifies spatially informative shown for each spatial archetype. novoSpaRc accurately groups genes
archetypesby using scRNA-seq datafor the Drosophilaembryo. The expressedinaparticular domain—for example, the subdomain of the
archetypes shown complement those of Fig. 4c, d. Preferred spatial mesoderm, whichis characterized by the transcription factor gcm (Archetype
positioningis denoted by colouring ranging from blue (low) to yellow (high). 5)—whereasit doesnot capture the details of the fine expression patterns of
FISH images were taken from the BDGP database®. For genes for which an pair-rule genes (Archetype 8). CG42666is also known as prage.

image was not available, DVEX'>was used instead. Two representative genes are
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Extended DataFig.7|novoSpaRcreconstructs the zebrafishembryo.

a, Histograms assessing the increasein theaccuracy of novoSpaRc
reconstruction (measured by the Pearson correlation with FISH data®) with
increasing number of marker genes. b, novoSpaRc reconstructs patterns of
gene expressionin the zebrafishembryo on the basis of only 15 marker genes,
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and theresultsimprove as the number of marker genes increases. Top row, FISH
data (reproduced fromref.®); second row: Seurat predictions using 47 marker
genes’; bottom three rows: novoSpaRc predictions using 15,30 and 47 marker
genes. The genes shown were not used inany of thereconstructions.
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Extended DataFig. 8| novoSpaRcreconstructs awhole-kidney dataset
denovo. a, Sketch of the major cell types that are reconstructed with
novoSpaRc. b, Representative marker genes for each of the cell types shownin
a.Toprows depictarough positioning for each celltypeinyellow-green;

fo?‘

b

-‘o?.

bottomrows show the gene expression predicted by novoSpaRcin the
reconstructed tissue. Nphsi, podocytes; Nrpl, endothelial cells; Slc27a2,
proximal tubule cells; Umod, loop of Henle; Pvalb, distal convoluted tubules;
Agp2, collecting duct cells. Expression ranges from low (blue) to high (yellow).
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Extended DataFig. 9 |NovoSpaRcreconstructssingle Drosophilaembryos.
a, e, Theaveraged original expression of four gap genes (a) and four pair-rule
genes (e) isshown for101and 177 individual Drosophila embryos,
respectively?. Solid line, mean; dark shadow, s.d.; light shadow, minimum and
maximum values over allembryos. b, f, Demonstration of the monotonic
relationship between cellular pairwise distances in expressionand physical
space, consistent with the structural correspondence assumption. Data are
mean +s.d.c, g, ThePearsoncorrelationincreases with the number of marker
genes used by novoSpaRc for the reconstruction of the remaining genes
(a=0.5) forboth gap genes (c) and pair-rule genes (g). Using areference atlas
that corresponds to theindividual embryo being reconstructed (‘individual
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atlas’) resultsin a consistently higher reconstruction quality than using an
averagedreferenceatlasoverallembryos (‘averaged atlas’). Dataare

mean #s.d.d, h,Examples of the reconstruction of the expression patterns
across asinglerandomembryo, in which the reconstruction of each of the four
genesisperformed usingthe three complementgenes asareference, forboth
gap genes (d) and pair-rule genes (h). Note that the reconstructed expression
patterns presented ind, hwere computed while the corresponding gene in
each casewas notused for thereconstruction. The expression level of each
geneina,d, e, hisnormalized to the maximum value over the mean expression
ofallembryos.
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Extended DataFig.10 | Comparison of spatial reconstruction with
novoSpaRc versus available methods that fully rely on areference atlas.

a, ThePearsoncorrelation of the predicted versus the original spatial gene
expressionisshownasafunction of the top 100 highly variable genes for the
intestinal epithelium and liver datasets, or the number of marker genes used
for the reconstruction for the BDTNP dataset, the Drosophila and zebrafish
embryos and the brain cerebellum (84, 84,45 and 745 genes, respectively). For
the 1D datasets, the reconstructions are done de novo (with no reference atlas)
and the existing baseline methods are inapplicable. For theliver, the lastlobule
layer was removed from the analysis, as only five cells were associated withiit.
Forthe 2D datasets, correlations are computed only for genes that were not
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used for thereconstructions. Note that for the Drosophila embryo novoSpaRc
outperforms DistMap'?, and for the zebrafish embryo novoSpaRc performs
comparably to or better than Seurat’—although those methods were
developed and tailored for the Drosophila and zebrafishembryos, respectively,
and the best-performing threshold was chosen for DistMap. For the box plots,
thecentrelineis the median, box limits are the 0.25and 0.75 quantiles and
whiskers extend to +2.698s.d. For the BDTNP dataset, the Drosophila and
zebrafish embryos and the brain cerebellum, the results are shown for 100
random choices of marker genes. b, Theintrinsic characteristics of novoSpaRc
compared against Seurat®and DistMap2.
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Extended DataFig.11|Reconstruction quality varies with the a parameter. reconstructing based only onreference marker genes, without taking the
Reconstructions of the BDTNP dataset, the Drosophila and zebrafishembryos structural correspondence assumptioninto account. We note thatais an
and the brain cerebellum, with varying numbers of marker genes used for the interpolation parameter (defined in the Methods section ‘Mathematical
reconstructionand different values of the a parameter. The reconstruction formulation of novoSpaRc’) betweenusing only areference atlas (a=1) and
quality is quantified by calculating Pearson correlations between the predicted  usingonly structural information (driven by the structural correspondence
and the original patterns of gene expression for all genes that were not used as assumption) (a«=1). For the box plots, the centreline is the median, box limits
markers for thereconstruction. The quality of the reconstructiondecreasesfor  arethe0.25and 0.75 quantiles and whiskers extend to +2.698s.d. Results are
a=1intheBDTNPand brain cerebellum cases, which corresponds to shown for100 random choices of marker genes.
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