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ABSTRACT
Spatially-resolved transcriptomics uncovers patterns of gene expression at supercellular,
cellular, or subcellular resolution, providing insights into spatially variable cellular functions,
diffusible morphogens, and cell-cell interactions. However, for practical reasons, multiplexed
single cell RNA-sequencing remains the most widely used technology for profiling
transcriptomes of single cells, especially in the context of large-scale anatomical atlassing.
Devising techniques to accurately predict the latent physical positions as well as the latent
cell-cell proximities of such dissociated cells, represents an exciting and new challenge.
Most of the current approaches rely on an ‘autocorrelation’ assumption, i.e., cells with similar
transcriptomic profiles are located close to each other in physical space and vice versa.
However, this is not always the case in native biological contexts due to complex
morphological and functional patterning. To address this challenge, we developed SageNet,
a graph neural network approach that spatially reconstructs dissociated single cell data
using one or more spatial references. SageNet first estimates a gene-gene interaction
network from a reference spatial dataset. This informs the structure of the graph on which
the graph neural network is trained to predict the region of dissociated cells. Finally, SageNet
produces a low-dimensional embedding of the query dataset, corresponding to the
reconstructed spatial coordinates of the dissociated tissue. Furthermore, SageNet reveals
spatially informative genes by extracting the most important features from the neural network
model. We demonstrate the utility and robust performance of SageNet using
molecule-resolved seqFISH and spot-based Spatial Transcriptomics reference datasets as
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well as dissociated single-cell data, across multiple biological contexts. SageNet is provided
as an open-source python software package at https://github.com/MarioniLab/SageNet.
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INTRODUCTION

Spatial transcriptomics is an emerging technology (Marx 2021; Moses and Pachter 2021)
that enables the study of intercellular networks, spatially associated subpopulations and
transcriptional patterns, yielding a better understanding of intercellular communication and
tissue patterning (Marx 2021), which plays a pivotal role in development (Barnes 2020; Han
et al. 2020), cancer and disease progression (Saviano, Henderson, and Baumert 2020;
Winkler et al. 2020), and homeostasis (Yang et al. 2019). Existing atlas-scale single-cell
RNA-sequencing (scRNA-seq) compendia (Regev et al. 2017) have profiled the expression
of millions of cells; however, their spatial context is lost. Thus, there is an exciting opportunity
to recover the latent spatial dimension of such datasets.

Two key conditions need to be met in order to reconstruct the latent spatial dimensions of
tissues captured from scRNA-seq data, independent of the presence of a spatial
transcriptomic reference dataset. First, tissue niches should be characterizable by specific
gene expression signatures. Second, these gene expression signatures should be reliably
captured by the experimental platform. Thus, the ability to perform spatial reconstruction
depends on the experimental data as well as the biological tissue of interest. Examples
where such principles have been used include reconstruction of expression patterns along
the major anatomical axes of the mammalian Organ of Corti from single cell qPCR
(Waldhaus, Durruthy-Durruthy, and Heller 2015), and ordering of hepatocytes along a
porto-central axis derived from scRNA-seq (Payen et al. 2021). However, for less
well-characterised or complex tissue contexts, or at a whole-organism scale, the task of
spatial reconstruction becomes more challenging, with a need for better methodological
approaches that can complement spatial transcriptomics reference data.

Existing approaches to map dissociated single cells to a spatial coordinate system have
ranged in input data requirements, underlying assumptions, as well as methodological focus.
One general approach is to assume that gene expression profiles correspond to spatial
coordinates, i.e., cells that are physically proximal are likely to exhibit a similar gene
expression profile. Consequently, mapping single cells onto a spatial coordinate system is
equivalent to performing appropriate dimensional reduction on the entire gene expression
matrix or some meaningful subset of genes (Karaiskos et al. 2017, Nowotschin et al. 2019).
Specific approaches for inferring the physical space have varied in complexity, from
applications of classical dimensionality reduction techniques such as Principal Component
Analysis (Durruthy-Durruthy et al. 2014, Mori et al. 2019, Ren et al. 2020) or latent variable
models (Verma and Engelhardt 2020) to approaches using concepts from optimal transport,
such as novoSpaRc (Moriel et al. 2021) and SpaOTsc (Cang and Nie 2020). In all cases, a
key limitation of these approaches is the underlying assumption: cells with similar gene
expression profiles are proximal in space. This assumption is not generally true, for example,
endothelial cells with similar transcriptional profiles are present in multiple distinct locations
across mouse embryos (Lohoff et al. 2021), or tumour tissues (Ali et al. 2020). Additionally,
such approaches are unable to account for situations where cells with distinct gene
expression profiles are proximal to each other in space, as happens in the layered structure
of the mouse cortex (Maynard et al. 2021) and hippocampus (Eng et al. 2019), thereby
precluding the ability to fully capture the biology of cell communication between distinct cell
types (Han et al. 2020; Almet et al. 2021).
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Given a spatially-resolved reference dataset, an additional class of approaches aim to
directly predict the latent coordinates of tissue captured with scRNA-seq. For example,
Tangram (Biancalani et al. 2020) uses deep learning to map dissociated cells directly to
physical locations given a spatial reference, while other approaches (e.g., a convolutional
neural network) have been tailored to predict the spatial origin of single neurons (Ortiz et al.
2020). These approaches may suffer from lack of robustness in generalizing to new unseen
contexts, biological interpretability, and inability to provide measures of confidence, due to
the nature of ‘black-box’ deep learning approaches (Hendrycks and Dietterich 2019; Abdar
et al. 2021; Ching et al. 2018).

Here, we introduce SageNet, a method that reconstructs latent cell positions by
probabilistically mapping cells from a dissociated scRNA-seq query dataset to
non-overlapping partitions of a spatial molecular reference. SageNet uses the
spatially-resolved transcriptomics reference to estimate a gene interaction network (GIN),
which then forms the scaffold for training a graph neural network (GNN). The GIN provides
the GNN an inductive bias to make the output more robust (Battaglia et al. 2018). SageNet
outputs a probabilistic mapping of dissociated cells to spatial partitions, an estimated cell-cell
spatial distance matrix, as well as a set of spatially informative genes (SIGs). From the
reconstructed cell-cell distances, SageNet additionally outputs a low-dimensional embedding
of cells for visualisation, and a cell-wise score representing the confidence of mapping. We
demonstrate that SageNet is accurate, efficient, and robust using various datasets across
technologies and biological contexts.

RESULTS

Spatial reconstruction by probabilistically assigning query cells to spatial
partitions

SageNet probabilistically maps scRNA-seq query cells to non-overlapping partitions of a
spatial reference using graph neural networks (GNNs). The input for training the model is
one or multiple spatial reference dataset(s), where each is decomposed into non-overlapping
partitions, either specified a priori or estimated by clustering based on the spatial coordinates
(Figure 1, Supplementary Figure 1A). SageNet facilitates the use of multiple partitionings of
the same spatial reference (e.g., at different resolutions) in order to capture
spatially-associated gene expression patterns at multiple tissue scales. To train each GNN, a
gene interaction network (GIN) is required, either input from the user or estimated from the
reference data using the graphical LASSO (Figure 1, Supplementary Figure 1A, Methods,
(Friedman, Hastie, and Tibshirani 2008)). The GIN is employed by the GNN as an inductive
bias, representing the notion that genes interact with each other to form functional modules
and that the spatial information can be encoded in this gene network. An ensemble SageNet
model is built by combining the GNN models for each spatial reference dataset and partition
(Methods). The most important features of a trained SageNet model can be extracted using
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the integrated gradients technique ((Sundararajan, Taly, and Yan 2017), Methods), allowing
biological interpretation of such SIGs.

Once the ensemble SageNet model is trained, a probability vector is estimated for each
query cell, corresponding to each spatial partitioning (Methods). A spatial cell-to-cell distance
matrix is calculated using the Jensen-Shannon divergence (Supplementary Figure 1B,
(Endres and Schindelin 2003)), and is then used to embed the query cells in a 2 or
3-dimensional space; this low-dimensional space represents the SageNet spatial
reconstruction (Supplementary Figure 1C). For each query cell, we additionally calculate a
confidence score using Shannon’s entropy on the probability vectors (Figure 1,
Supplementary Figure 1B-C), representing the degree of confidence in reconstructing the
physical space. To facilitate interpretation of the SageNet reconstruction, we use global and
local metrics including cell type co-location and mixing (Methods).

SageNet recapitulates complex tissue patterning in early mouse
organogenesis
To assess the relative performance of SageNet with other state-of-the-art approaches, we
used a seqFISH dataset collected by (Lohoff et al. 2021) for cross-validation. This Spatial
Mouse Atlas dataset contains barcoded gene expression measurements for 351 genes in
three distinct mouse embryo sagittal sections (named embryos 1, 2, and 3), collected on
embryonic day (E)8.5. Each section contains spatial gene expression for two distinct tissue
layers 12 μm apart (denoted as layers 1 and 2). We assigned the cells from embryo 1 layer 1
as the spatial reference, and retained a random subset of cells from embryos 1, 2 and 3 to
build a composite query dataset (Figure 2A, Methods). In this set-up, we were able to assess
the quality of spatial reconstruction of SageNet in comparison to the true spatial coordinates
of the query data. We found that SageNet, parametrised with five partitionings (Methods)
and a GIN obtained using graphical LASSO (GLASSO) (Supplementary Figure 2),
maintained a higher Spearman’s correlation of true and predicted cell-cell proximities (Figure
2B, Methods) across all embryos compared to other approaches including Tangram,
novoSpaRc, and a naive approach using direct 2-dimensional embedding of the gene
expression data (Methods). The improved quality of SageNet was especially clear for cells
from the biologically independent embryos 2 and 3, suggestive of robustness to over-fitting
and generalizability to new contexts. More broadly, we noted a more accurate reconstruction
of the mixing relationships between cell types in the reconstructed space (Figures 2C,D,
Supplementary Figures 3-4). Additionally, to investigate whether both the selection of genes
and the graph neural network were contributing to the improved performance of SageNet,
we used the set of SIGs selected by SageNet (Supplementary Figure 5) as input set for the
naive PCA approach. This revealed that SageNet still showed an improved performance,
albeit the improvement was smaller when using an improved set of input genes for the naive
PCA approach (Supplementary Figure 6).

Moreover, we visually noted SageNet’s ability to appropriately co-locate cells assigned
different cell type labels in the reference in low-dimensional embeddings (Figure 2E). For
example, gut tube and splanchnic mesoderm cells are transcriptionally distinct but proximal
in the spatial reference; they are co-located in the SageNet embedding, but not in the other
approaches (Figure 2F, Supplementary Figure 3).
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Finally, since SageNet reports a mapping confidence score for each query cell, we were able
to assess differences in mapping confidence within cell types (Supplementary Figure 7).
Interestingly, we observed variation in mapping confidence among endothelial cells, with
higher confidence for endothelial cells predicted to be closer to the developing heart tube
(Figure 2G-I). The inner wall of the developing heart tube is lined with a specialised subset of
endothelial cells, termed the endocardium (Dye and Lincoln 2020). The higher confidence of
endothelial cells predicted closer to the heart, supports the hypothesis that these endothelial
cells represent the endocardium, as evidenced by their distinct expression of genes such as
Gata4, Gata5, Gata6, Hand2, compared to endothelial cells mapped to other regions of the
embryo that exhibit a less distinct transcriptional profile (Figure 2J, (Dittrich et al. 2021; Duan
et al. 2019)).

SageNet accurately reconstructs the dissociated Mouse Gastrulation
Atlas and recovers cell type colocalizations
Having demonstrated strong performance of SageNet, we next attempted to evaluate a
spatial reconstruction of scRNA-seq data from the same stage of mouse development from
which the spatial reference originated. To build the SageNet model, we first examined the
suitability of an ensemble model incorporating all spatial references. Upon
cross-comparison, we found that the ensemble SageNet model with embryos 1, 2, and 3
(Methods) was more robust across all embryos, with less over-fitting to any one spatial
reference (Figure 3A).

We then proceeded to perform spatial reconstruction of a dissociated single-cell dataset
using the better-performing ensemble SageNet model. Using a representative random
subsample of approximately 4,200 cells from the dissociated scRNA-seq mouse gastrulation
atlas, at embryonic day (E)8.5 (Pijuan-Sala et al. 2019), alongside a random subset of
approximately 5,200 cells from the seqFISH layer 2, we generated a spatial reconstruction
(Figure 3B). Interestingly, compared to a naive approach of expression-based reconstruction
(Figure 3B), query cells were more mixed across samples according to data type
(Supplementary Figure 8A-B), suggesting that SageNet is better able to account for
platform-specific variation in reconstruction. We conclude that leveraging GINs as inductive
bias to train GNNs makes SageNet robust and transferable to new unseen datasets (Embar,
Srinivasan, and Getoor 2021).

By reclustering cells assigned as Forebrain/Midbrain/Hindbrain in the original study using the
reconstructed SageNet space, we were able to determine distinct subgroups corresponding
to the developing brain (Figure 3C). We found, consistent with existing knowledge
(Martinez-Barbera et al. 2001), subregions of the developing brain were predicted to be near
each other, specifically the forebrain nearer the midbrain, which in turn is near the hindbrain
and tegmentum (Lohoff et al. 2021).

We noted a group of scRNA-seq derived blood/erythroid cells in the SageNet reconstructed
space that exhibited a low confidence score (Figure 3B, Supplementary Figure 8C). The
spatial reference data was depleted for circulating blood cells due to the tissue clearing step
in the seqFISH experimental platform (Lohoff et al. 2021), thus it is worth noting that these
blood-related cells are identified as having low mapping confidence, rather than the
alternative of mistakenly being mapped to a different spatial region.
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Taken together, these results demonstrate SageNet’s ability to build an accurate spatial
reconstruction of dissociated single-cell data, revealing tissue organisation otherwise not
represented using transcriptional information alone.

SageNet builds a common coordinate framework using multiple
spot-level spatial references and maps dissociated cells to their
corresponding region in the developing human heart

To examine the performance of SageNet using spot-based spatial references (Longo et al..
2021), we used a publicly available study of the developing human heart (Asp et al.. 2019),
where Spatial Transcriptomics (ST) data was collected for 9 heart sections, alongside
dissociated scRNA-Seq data from the developing human heart at the same developmental
stage. The ST heart dataset consists of a total of 3,115 spots (each containing approximately
30 cells) across nine tissue sections of one developing human heart at 6.5 weeks. We
performed a leave-one-out cross-validation (LOOCV) scheme in which we leave one of the
sections out as the query dataset and combine all other eight sections into one reference
dataset. In order for different samples to have roughly the same anatomical orientation, we
partitioned each section with a regular grid that is the smallest possible, covering all spots in
the section. We performed 2x2, 3x3, and 4x4 square grids (Figure 4A, Supplementary Figure
9A). To balance the number of datapoints with the number of features, we subset the dataset
to 500 highly variable genes (Methods). Recovering co-localization of regions illustrates
accurate reconstruction of space for individual sections using our leave-one-out approach
(Supplementary Figure 9A). Quantitative comparison with other methods revealed better
performance of SageNet in terms of recovering cell-cell distances and local region mixing
(Figure 4B-D). Similar to the mouse comparison, we observed that SIGs improved
performance of the naive PCA approach (Supplementary Figure 9B-D).

We used a trained SageNet model, on all 9 ST samples, to jointly embed the distinct ST
samples into a common reconstructed space (Methods). Interestingly, we recovered the
separation of functional subregions in the space such as the left and right atrial myocardium
(AM), left and right ventricular myocardium (VM) and atrioventricular mesenchyme and
valves (AVM & V) being mapped between atrial and ventricular myocardium, while also
observing a high level of mixing of individual samples (Figure 4E). This indicates that
SageNet is able to leverage multiple spatial references to build a common coordinate system
for all tissue samples.

We used dissociated scRNA-seq data from the same developmental stage (Asp et al. 2019)
to examine their latent spatial positions using SageNet. We found that the SageNet model,
trained using spot-level ST data, was directly transferable to single-cell level based
resolution with correspondence of known cell types including atrial and ventricular
cardiomyocytes and their corresponding myocardium, and epicardium-derived and smooth
muscle cells with vessels (Figure 4F-G). Remarkably, we observed a similar range of high
mapping confidence for the unseen scRNA-seq cells as the reference ST-derived regions
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(Supplementary Figure 10). The epicardium is a multipotent population of cells known to give
rise to different cardiac-related cell types during development including smooth muscle cells
and fibroblasts. Interestingly, we found that the joint spatial reconstruction of scRNA-seq
data and ST data resulted in the separation of epicardium-derived cells (EPDCs) into
different regions, revealing further heterogeneity of EPDCs not identified in the scRNA-seq
data alone (Figure 4F). One region of EPDCs most closely mapped to vessels and the
outflow tract in the ST data and expressed markers of smooth muscle cells such as OGN,
ELN and CXCL12 (Supplementary Figure 11, (Cui et al. 2019)). Coincidentally, we found that
the genes ELN and CXCL12 were among the SIGs chosen by SageNet (Supplementary
Figure 12). Conversely, another set of EPDCs most closely mapped with fibroblasts and
were not observed to be closely aligned to a specific anatomical region, likely reflecting the
presence of fibroblasts throughout the heart. Therefore, SageNet’s integration of ST and
scRNAseq datasets unravelled three distinct regions for which epicardium-derived cells,
fibroblasts, and smooth muscle cells were assigned. Taken together, these results suggest
that SageNet is highly effective in integrating spatial and non-spatial data of different
technologies and facilitates the understanding of developmental heart biology.

DISCUSSION

We introduced SageNet, a computational approach that leverages spatially-associated
gene-gene interactions to robustly reconstruct spatial relationships of dissociated single cell
data, using gene interaction networks and graph neural networks. We observed superior
performance of SageNet on both cross-validation and real-world tasks of spatial
reconstruction on a mouse embryogenesis dataset. Our cross-validation and analysis of
spot-based spatial reference data of the developing human heart demonstrates the ability of
SageNet to perform data integration across a wide range of technologies.

SageNet incorporates uncertainty quantification and model interpretability. SageNet
computes a mapping confidence score per cell based on the models’ outputs, which can be
used to identify cells mapped with low confidence. Quantifying the degree of confidence for
mapping is invaluable for downstream decision making (Abdar et al. 2021). A low confidence
score might arise due to: (i) transcriptional exchangeability of cells in space (e.g., blood cells
that are circulating); or, (ii) an incomplete spatial reference (e.g., extra-embryonic mesoderm
cells in the mouse gastrulation data). To interpret trained SageNet models, SIGs are
identified, which are the most informative genes in reconstructing the space. These SIGs
can highlight important biological processes that govern spatial patterning of tissues, leading
to further understanding, targeted panel design, and hypothesis generation.

One key choice when using SageNet is the initial spatial partitioning. This should be done
such that proximal cells with different gene expression profiles are partitioned together, so
that the graph neural network can determine the underlying gene expression signature that
corresponds to their common pattern in space. Therefore, spatial partitioning should be
performed using only the spatial coordinates, irrespective of the gene expression profiles. An
additional key element of SageNet is the use of gene interaction networks (GINs). Our use of
ensemble SageNet models facilitates the use of multiple distinct GINs for model building,
meaning that multiple spatial references with different feature sets could be used jointly to
map dissociated data, e.g., SageNet could be used to map dissociated CITE-seq data into a
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single reconstructed physical space informed by both an Imaging Mass Cytometry (IMC)
resolved and ST-resolved reference. Currently, SageNet requires that the query data include
all features in the underlying GIN, but it could be extended to require only a subset of
features.

SageNet’s modular implementation enables users to aggregate multiple trained models on
distinct spatial references, thereby improving spatial reconstructions without the need to
perform a priori registration or alignment of the spatial references. As demonstrated in our
analysis of the human heart dataset, this functionality facilitates efficient integration of
multiple dissociated and spatially-resolved atlases, representing a viable approach towards
building a common coordinate system across multiple spatially resolved datasets (Rood et
al. 2019). In practical terms, this means that users can use a single existing model to predict
new data and combine results without needing to refit the models. This is especially useful
when query datasets become large. Nevertheless, SageNet’s pipeline has some
computational limitations. For instance, in constructing the GIN using the GLASSO
algorithm, runtime increases approximately quadratically with the number of genes, thereby
necessitating an a priori selection of highly variable genes. Another limitation associated with
both runtime and memory is computing the cell-cell distances for a query dataset containing
many cells. Future development of efficient algorithms for computing Jensen-Shannon
distances and storing sparse representations of these will overcome current runtime and
memory limitations.

SageNet is a novel approach for spatial reconstruction that outperforms other state-of-the-art
methods. Nevertheless, some challenges remain. For instance, it remains difficult to
understand the fundamental limit for which spatial reconstruction methods can work, since
such methods including SageNet assume that at least some spatial information is encoded
in the transcriptional profiles of dissociated cells. Additionally, it is unclear how dissociated
cells can be reliably mapped to spatial references with symmetric or repeated patterning,
where cells are essentially interchangeable in space given their transcriptional profiles.

SageNet is provided as a user-friendly, well-documented, and open-source python package;
we envision that SageNet will be applied to further query contexts such as pathological and
cancer tissues, and spatial references generalised to other data modalities, such as spatial
multi-omics (Liu et al. 2020), leading to discovery of novel biological patterns. We foresee
the use of SageNet reconstructed embeddings as the basis for downstream analysis tasks
including cellular dynamics (Lange et al. 2022) and inference of cell-cell interactions
(Efremova et al. 2020).
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METHODS

SageNet Workflow
SageNet probabilistically maps dissociated single cells to their latent tissue of origin by
assigning the query cells to spatial partitions of one or more spatially-resolved reference
datasets using an ensemble of graph neural networks. The workflow consists of the following
steps.

Model building

Preprocessing the spatial reference(s)

SageNet requires at least one spatial reference linked to the dissociated data. The spatial
reference data must contain user-supplied spatial partitionings. Such partitionings can be
derived from the spatial coordinates using network clustering on the coordinates, e.g. Leiden
clustering. Spatial partitionings are used by SageNet to perform probabilistic multi-class
graph neural network classification towards reconstructing spatial coordinates. Here, a
spatial partition is defined as a physically connected group of cells from the spatial
reference, i.e., a connected subgraph of the k-Nearest Neighbours graph of cells in physical
space. One or multiple spatial partitions can be provided by the user or derived from the
spatial reference data.

Additionally, the spatial reference(s) should contain gene expression data, for which a gene
interaction network is estimated. The gene expression data is assumed to be appropriately
scaled and normalised (e.g., the logarithm of normalised counts). To build graph neural
networks, SageNet requires either the user to supply an existing gene interaction network
(GIN), or to input the spatial reference gene expression data. In the latter case, SageNet
employs the graphical LASSO (GLASSO, (Friedman, Hastie, and Tibshirani 2008)),
implemented in the function GraphicalLassoCV using the python package scikit-learn
(Garreta and Moncecchi 2013), to estimate a sparse and modular gene interaction network.
Default values of alpha = 0.5 and 0.75 (defining the grid for the regularisation parameter of
the GLASSO algorithm) are used to build the GIN using internal cross-validation. The GIN is
an unweighted and undirected network where nodes correspond to genes and edges
correspond to presence of any type of interaction that may be a useful inductive bias for the
classification of spatial partitions using SageNet.

Training the SageNet model

SageNet trains an ensemble classifier to estimate the spatial cell-to-cell distances and in
turn map cells onto a scaleless 2D or 3D space. The ensemble classifier consists of several
graph neural network classifiers, one for each partitioning of each spatial reference. A single
classifier is trained by feeding in a gene expression matrix of size as well as a
gene-gene interaction network on genes and outputs a probabilistic classification,
where and are the number of cells and partitions respectively.
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Graph neural network classifiers

SageNet’s basic model leverages graph neural networks (GNNs) to perform discrete
classification on dissociated cells. In this context, the gene expression profile from query cell

is represented as a graph , with nodes equal to the number of genes

measured. Each node from set of nodes , in has attribute representing one of
genes with a single scalar feature of gene expression , and edges are unweighted and
undirected with two nodes connected if the associated genes are connected in the gene
interaction network (GIN). Thus, for all dissociated cells, the topologies of their graph
representations are identical, but the attributes of nodes differ according to the cells’ gene
expression profiles.

A graph neural network operation is defined as:

,

where is the state of the node after transformation in layer , with the input values

being for . is the set of first order neighbours of node in
the graph, is a learnable parameter that shows how much information should diffuse from
neighbour to node , is a non-linear activation function, and finally is another
learnable parameter, which allows a global reweighting of information diffusion. By
performing such operations, we simulate the information flow dynamics of gene interaction
networks in shaping the morphology. The states of the final layer are fed into a
softmax layer for multi-class classification. The SageNet package provides implementation
of multiple graph neural network classifiers via pytorch (Stevens, Antiga, and Viehmann
2020) and pytorch-geometric (Fey and Lenssen 2019).

In this study, we used `TransformerConv` with one graph convolution layer of size 8
followed by one fully-connected layer of size 8. `TransformerConv` uses graph
transformer operator, , from (Shi et al. 2021) as:

where is the state of the node after transformation in layer , with the input values

being for . The attention coefficients are computed via
multi-head dot product attention:
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where are learnable parameters, is the set of first order
neighbours of node in the graph, and is the degree of node . Each model is trained for
20 epochs on a partitioning of a spatial reference.

Interpretation of trained model: finding spatially informative genes

We use the trained SageNet model to identify spatially informative genes. These genes can
be interpreted as genes that are required for the accurate prediction of spatial partitions, and
can be associated with specific partitions either in terms of presence of gene expression or
importantly an absence of expression. To identify these genes, we first calculate the
Integrated Gradients measure, , as implemented in captum (Kokhlikyan et al. 2020), for
each gene , each cell in the training data , and each partition across all partitionings.
For each partition, the SageNet model determines a potentially nonlinear function

which takes in a gene expression vector (of length n), for which a gradient

for each gene can be calculated, where is the ith element of the gene
expression vector . Thus we calculate the Integrated Gradients as

interpreted as the overall effect of perturbation of a gene’s expression to the resulting
partition classification.

In turn, we aggregate across cells to estimate gene importance for each gene and partition,

, and subsequently extract the top genes (by default 10) with largest

magnitude across each partition, . Finally, to determine the set

of informative genes, we take the union of all such identified genes, . The
number of informative genes may vary according to the choice of , depending upon the
degree of overlap of informative genes across multiple partitions and partitionings.

Combining, storing, and reusing trained SageNet models

Once a SageNet classifier is trained, the object can be saved and reloaded in a python
environment. Since the SageNet model is an ensemble classifier, a loaded SageNet object
can be subsequently appended to another SageNet object to extend the ensemble classifier.
Other SageNet models may be trained using new spatial references, facilitating the inclusion
of multiple spatial datasets for the task of spatial reconstruction. The spatial-omics
technologies used to collect the spatial references could vary as long as the set of genes
used in the reference dataset and the query dataset are the same. It is noteworthy that not
all spatial reference datasets need to share the same set of genes, but the set of genes that
each model (corresponding to a partitioning on a spatial reference) is trained on should be
present in the query dataset.
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SageNet models can be used to map new query data, allowing memory efficiency by only
requiring the model object and query data, and not necessarily the training data, to be
loaded in the environment. In addition, large query datasets may be split into multiple groups
and inputted to SageNet, enabling the opportunity for parallelisation and to avoid memory
limits.

Mapping a query dataset

Preprocessing

The query dataset, typically a dissociated scRNA-seq dataset, consists of an appropriately
scaled and normalised gene expression log-counts matrix with the same genes measured as
in the spatial reference.

Probabilistic mapping

For each query cell input into each classifier of the ensemble SageNet model, the output is a
numeric value between 0 and 1 for each partition. While the partition with the largest
predicted value may represent the most likely partition according to the model, we aim to
output a probabilistic mapping for all partitions. To do so, we perform the softmax
transformation to estimate the relative probabilities associated with each partition,

, where is the model output for class .

Quantifying mapping confidence

In addition to probabilistic mapping of query cells, we quantify the degree of confidence
associated with the mapping of each query cell. Query cells may exhibit a low confidence
score due to noisy gene expression, or mapping to multiple spatial partitions, and can be
used to assess biological relevance. We calculate the confidence score of each query cell
using the Shannon’s entropy of the estimated probabilities for each model within the
ensemble SageNet model,

.

To estimate an overall confidence score for each query cell, we calculate the sum of
entropies divided by their maximum possible value,

,
where is the number of partitions in the model . Large values of indicate a low
confidence for the mapping of cell .

Cell-cell spatial distances
An advantage to probabilistic mapping of spatial partitions is the ability to calculate nuanced
distances between cells, which can be used for further biological interpretation. We use the
Jensen-Shannon divergence (JSD) (Endres and Schindelin 2003), a metric used to calculate
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the distance between two probability distributions, to calculate pairwise distances among
query cells for each graph neural network of SageNet classifier ,

, resulting in the distance matrix . We obtain a global cell-cell
distance matrix by calculating the element-wise sum of normalised distance matrices,

.

Low dimensional embedding

The global cell-cell distance matrix can be provided as input to non-linear
low-dimensional embedding methods, such as t-SNE and UMAP, to obtain a 2D or 3D
representation of cell-cell relationships. The low-dimensional embedding can be interpreted
as a reconstruction of physical space since these approaches preserve short-range cell-cell
distances. In this study, we used the t-SNE approach.

Benchmarking SageNet

Benchmarked methods
We compared SageNet to four other approaches, described in more detail below. The same
reference and query datasets were used for all methods.

Naive PCA approach according to only expression
Euclidean cell-cell distances are computed based on their gene expression values. Top ten
principal components (PCs) were selected after performing a PCA on the log-normalised
counts. The cell-cell distance matrix is then used by t-SNE implemented by R package
Rtsne with perplexity 50 to embed cells in a 2D space. This approach represents a naive
baseline, under the assumption that cells with similar gene expression profiles are likely to
be located in the same regions in tissue space.

SageNet Markers (SageNet_SIG)
To understand whether SageNet facilitates understanding of genes that are more likely to be
associated with spatial positioning, we identify the spatially informative genes according to
the fitted SageNet model, using the default of 5 genes per partition per network. We then
use these marker genes as input to the Expression approach as described.

novoSpaRc (novoSpaRc)
We use novoSpaRc (v0.4.3) under default settings to map query datasets to spatial
references. novoSpaRc probabilistically maps each cell in the query dataset to all cells in the
reference dataset according to optimal transport metrics. To evaluate and visualise, for each
query cell we select the spatial coordinate of the reference cell with the highest estimated
probability. Thus, for a query dataset we extract an embedding of the query cells in a 2D (or
3D) space.

Tangram (Tangram)
We use Tangram (v1.0.2) under default settings in “cells” mode to map query datasets to
spatial references. Tangram trains a convolutional neural network to predict the best
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matching reference cell for a given query cell. The output is similar to novoSpaRc, that is, a
probabilistic mapping of cells onto the reference cells/spots, from which we select the spatial
coordinate of the reference cell with the highest estimated probability. The output is a 2D
embedding of query cells.

Evaluation metrics

SageNet and the other methods used in our analysis provide a cell-cell distance matrix that
is used to evaluate method performance at local and global scales. To compare method
performance, we evaluate using the following criteria:
1) how accurate the true cell-to-cell distances are approximated (given that the ground truth
exists);
2) how well cell type heterogeneity is preserved at local scale, i.e., around each cell; and,
3) to what extent cell type co-localization is recovered at the global level (given that the
ground truth exists).
These evaluation metrics require ground truth, therefore we evaluate methods using
spatially-resolved datasets as query datasets. We evaluate criterion 1 by comparing the
predicted cell-cell distance matrix to the (true) physical cell-cell distance matrix (Euclidean
distance). In cases where the cells in both reference and query datasets are labelled by cell
types, we can evaluate criteria 2 and 3. For each evaluation criterion, we use the following
metrics:

1. Spatial correlation
We compute the Spearman’s rank correlation between lower-diagonal entries of the true
physical cell-cell distance matrix and a methods’ cell-cell distance matrix. The rationale of
using the rank-based Spearman’s rank correlation is to extract a robust measure of
preservation of cell-cell proximities predicted by the methods.

2. Local Inverse Simpson’s Index (LISI)
Given a cell annotation (e.g., cell type, batch, etc.) and embedding, LISI captures the degree
of cell mixing in a local neighbourhood around a given cell. To evaluate how well local
heterogeneity is preserved, we compute LISI as implemented in the R package Harmony
(Korsunsky et al. 2019). When the ground truth is available, we compute LISI for cells in their
true spatial locations as well. We then divide the LISI computed on the reconstructed space
for each cell and divide it to the true LISI for that cell, finally we take the log2 of these values
to compute the relative local heterogeneity scores.

3. Cell type and region contact maps and cell type affinity distance
As introduced in (Lohoff et al. 2021), we compute cell type (or region) contact maps on the
cell-cell (or spot-spot) distance matrices on the 2D reconstructed space, estimated by each
method. To do so, we take the cell neighbourhood graph based on the cell-cell distance
matrix and cell-level or spot-level annotation. We then randomly reassign the annotation by
sampling without replacement (500 times) and calculate the number of edges for all pairs of
annotated groups and compare it to the number of edges for which a particular pair of
annotated groups was observed with the original annotation. To construct the cell–type (or

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 15, 2022. ; https://doi.org/10.1101/2022.04.14.488419doi: bioRxiv preprint 

https://paperpile.com/c/z7Y4ue/gcSG
https://doi.org/10.1101/2022.04.14.488419
http://creativecommons.org/licenses/by-nc/4.0/


region) contact map, we compare the randomly reassigned number of edges to the observed
number of edges, across all permutations. Higher values correspond to the pair of
annotation groups being more segregated, and lower values correspond to them being more
integrated in reconstructed space than a random allocation. We then take a matrix distance
between the estimated cell type (or region) contact maps and the true cell type contact maps
from the reference dataset(s) and call this value cell type (or region) affinity distance. In case
of multiple reference datasets, we take the element-wise mean to aggregate the true cell
type contact maps.

Comparison and analysis of molecule-resolved mouse gastrulation
datasets

seqFISH study of mouse organogenesis
Lohoff et al. (2021) carried out a seqFISH experiment on sagittal sections from three mouse
embryos corresponding to embryonic day (E)8.5–8.75 to quantify spatial gene expression at
single cell resolution of a pre-selected set of 387 genes. For each embryo section, they
captured two 2D planes, 12um apart, yielding a total of 6 spatially-resolved sections. The
authors performed cell segmentation, quantified gene expression log-counts, and assigned
cell type identities to each cell using a large-scale single cell study of mouse gastrulation
(Pijuan-Sala et al. 2019) as a reference.

This dataset is ideal for evaluating SageNet in comparison with other methods, since we
have access to ground truth spatial coordinates for individual cells over multiple biological
replicates, and the tissue structure observed across mouse embryos are varied and
complex. We downloaded the gene expression matrix and cell type and spatial location
metadata from https://content.cruk.cam.ac.uk/jmlab/SpatialMouseAtlas2020/. Prior to
analysis, we removed cells that were annotated as “Low quality” by the authors.

scRNA-seq study of mouse gastrulation and organogenesis
The mouse gastrulation atlas (Pijuan-Sala et al. 2019) is a 10x Genomics scRNA-seq
dataset from mouse embryos spanning embryonic days E6.5-8.5. We used the Bioconductor
package MouseGastrulationData (Griffiths and Lun 2021). For our analysis, we restricted the
genes to those intersecting with the genes in the abovementioned seqFISH dataset, and
removed cells that were annotated as “Doublet” and “Stripped”.

Composite query dataset
To understand the quality of spatial reconstruction and to facilitate biological interpretation,
we built a composite query dataset of mouse organogenesis by selecting a random subset of
20% of cells (overall, 10170 cells) in each of all 6 seqFISH mouse embryos and 25% of the
scRNAseq dataset (overall, 4227 cells), resulting in a total of 14,397 cells.

Cross-comparison of  seqFISH samples
We took embryo 1 layer 1 as the spatial reference and partitioned with the leiden clustering
algorithm (using squidpy) at 5 different resolutions, and . We also
estimated the GIN using the GLASSO, implemented by SageNet, with regularization
parameters (0.5 and 0.75). Using this set of partitionings and GIN we trained an ensemble
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SageNet model consisting of 5 individual models. We then mapped the Composite query
dataset using the aforementioned trained models and obtained predicted cell-cell distances.
We also computed the Euclidean cell-cell distance matrix based on the 10 first PCs of the
log-normalised gene expression values after performing PCA and also subset to the markers
proposed by the SageNet model (only based on the reference dataset). We also obtained
the 2D output of Tangram and novoSpaRc and computed the Euclidean cell-cell distance
based on the 2D embedding. We then computed the evaluation metrics (distance
correlation, cell type affinity distance, and LISI distribution) on the predicted cell-cell distance
matrices and the 2D embeddings and the true physical distances and the real physical
space split by each mouse embryo section.

Discriminating endocardium and other endothelial cells
To further investigate the difference between endothelium cells mapped closer to
cardiomyocytes and other endothelial cells, we extracted the distance, as output from
SageNet, of each endothelial cell to the nearest cardiomyocyte cell. We then assigned the
nearest 10% of endothelial cells as putative endocardium and performed a differential gene
expression analysis, using the `findMarkers` function from R package scran (Lun, McCarthy,
and Marioni 2016).

Investigating performance of the aggregated model in comparison to the
single-reference models

We used the seqFISH samples embryo 1 layer 1 (E1_L1), embryo 2 layer 1 (E2_L1), and
embryo 3 layer 1 (E3_L1) as spatial references. We used the GLASSO approach to estimate
the gene interaction network. To extract multiple spatial partitionings for each seqFISH
sample, we obtained a spatial kNN graph using the implementation in squidpy, and
performed Leiden clustering on the graph with resolutions and .
For each seqFISH sample and partitioning, we fitted a SageNet model. We appended
SageNet models across various partionings to generate ensemble SageNet models for each
seqFISH sample, which we named according to the sample. We also appended all models
to generate an ensemble SageNet model (`Ensemble`). We then mapped the Composite
query dataset, subset to seqFISH datasets, using each of these 4 models, and then
compared them with respect to distance matrix correlations, cell type affinity distances.

Spatial reconstruction of scRNA-seq derived mouse gastrulation cells
We subset the composite query dataset to cells from the scRNAseq data and embryos 1
layer 2, 2 layer 2, and 3 layer 2 (as the spatial anchors) to be used as the query dataset for
this task. We used the `Ensemble` SageNet model described above to map this query
dataset. We then computed the reconstructed space and cell type contact map on this
reconstructed space.
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LISI scores for batch and cell type mixing
We computed the log2 LISI scores based on the batch ( seqFISH vs. scRNAseq) and cell
type labels, in order to assess the level of cell mixing in the reconstructed space by the naive
low-dimensional embedding approach and SageNet.

Spatial decomposition of brain
In the SageNet reconstructed space using the `Ensemble` model we captured 3 clusters
of brain cells. We performed hierarchical clustering according to Euclidean distances in the
reconstructed space using `hclust` with default parameters in R. We used cutree with 10
groups and then took the largest 3 clusters. We visually inspected the spatial positions of the
cells belonging to these 3 clusters, and noted their distinct anatomical organisation,
corresponding to the Forebrain, Midbrain and Hindbrain.

Comparison and analysis of spot-level developing human heart datasets

Spatial Transcriptomics (ST) study on developing human heart

Asp et al. (2019), performed a study of developing human heart collected using ST along the
dorsal-ventral axis from an embryo collected at 6.5 post-conceptional weeks. ST is a
spot-level spatial technology, where each observation typically contains aggregated
expression information from a small number of cells.

The ST heart dataset consists of a total of 3,115 spots (each containing approximately ~30
cells) across nine tissue sections of one developing human heart at the 6.5 week embryonic
stage. We downloaded the normalised gene expression data along with region labels and
spatial coordinates from the publication website
(https://www.spatialresearch.org/resources-published-datasets/doi-10-1016-j-cell-2019-11-02
5/). Prior to analysis, we restricted the genes to the top 500 highly variable genes as
obtained by the Bioconductor package scran (Lun, McCarthy, and Marioni 2016).

We generated consistent partitionings for each ST sample by assigning spots to positions in
a square grid. Since ST spots are generated on approximately regular, evenly-spaced
positions, we assigned spots to each partition according to their vertical and horizontal
position in a 2x2, 3x3, and 4x4 square grid, resulting in three distinct partitionings. We used
the GLASSO to estimate a global GIN on the whole ST dataset.

scRNA-seq study of developing human heart

Alongside the ST dataset, Asp et al. (2019) performed scRNA-seq on a set of 3,717
developing human heart cells from a biological replicate of the 6.5 ST sample. We
downloaded the normalised gene expression log-counts and cell type labels for this data,
and restricted it to the same set of genes for which we built the SageNet models.
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Cross-comparison of ST heart samples and the leave-one-out schema

Due to the low number of data points, we were not able to take each ST section as a
separate reference. Therefore, we performed a leave-one-out (LOO) scenario, where we left
one of the sections as the query dataset and combined all 8 other sections as the reference
dataset. The same partitionings as described above were used to train the model. We
trained one ensemble SageNet model (for 3 different partitionings) on each of the sets of 8
reference datasets and mapped the corresponding query dataset. We followed the same
procedure for the other methods, i.e., expression, SageNet SIG, Tangram, and novoSpaRc,
and computed evaluation metrics as detailed above.

Spatial reconstruction of the ST dataset, scRNAseq dataset, and integration of ST
and scRNAseq datasets

We trained the SageNet model using the entire ST dataset as the spatial reference with the
abovementioned grid partitionings and a GIN estimated on the whole gene expression matrix
across different samples (Supplementary Figure 12). We then reconstructed all ST samples
jointly in a 2D space using this model. We also mapped the dissociated scRNA-seq dataset
of developing human heart, from the same developmental stage, using this trained model as
described above. Finally, we mapped the composite dataset, including both ST and
scRNAseq cells, onto two dimensions using this model.

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 15, 2022. ; https://doi.org/10.1101/2022.04.14.488419doi: bioRxiv preprint 

https://doi.org/10.1101/2022.04.14.488419
http://creativecommons.org/licenses/by-nc/4.0/


REFERENCES

Abdar, Moloud, Farhad Pourpanah, Sadiq Hussain, Dana Rezazadegan, Li Liu, Mohammad
Ghavamzadeh, Paul Fieguth, et al. 2021. “A Review of Uncertainty Quantification in
Deep Learning: Techniques, Applications and Challenges.” An International Journal on
Information Fusion 76 (December): 243–97.

Ali, H. Raza, Hartland W. Jackson, Vito R. T. Zanotelli, Esther Danenberg, Jana R. Fischer,
Helen Bardwell, Elena Provenzano, et al. 2020. “Imaging Mass Cytometry and
Multiplatform Genomics Define the Phenogenomic Landscape of Breast Cancer.”
Nature Cancer 1 (2): 163–75.

Almet, Axel A., Zixuan Cang, Suoqin Jin, and Qing Nie. "The landscape of cell–cell
communication through single-cell transcriptomics." Current opinion in systems biology
26 (2021): 12-23.

Asp, Michaela, Stefania Giacomello, Ludvig Larsson, Chenglin Wu, Daniel Fürth, Xiaoyan
Qian, Eva Wärdell et al. "A spatiotemporal organ-wide gene expression and cell atlas of
the developing human heart." Cell 179, no. 7 (2019): 1647-1660.

Barnes, Kristopher. 2020. “Spatial and Temporal Organization of Brain Morphogenesis at
Single Cell Resolution: A Study in C. Elegans.” Weill Medical College of Cornell
University.
https://search.proquest.com/openview/96c69caeff730ff7b2a561dd84b73b54/1?pq-origsi
te=gscholar&cbl=51922&diss=y.

Battaglia, Peter W., Jessica B. Hamrick, Victor Bapst, Alvaro Sanchez-Gonzalez, Vinicius
Zambaldi, Mateusz Malinowski, Andrea Tacchetti, et al. 2018. “Relational Inductive
Biases, Deep Learning, and Graph Networks.” http://arxiv.org/abs/1806.01261.

Biancalani, Tommaso, Gabriele Scalia, Lorenzo Buffoni, Raghav Avasthi, Ziqing Lu, Aman
Sanger, Neriman Tokcan et al. "Deep learning and alignment of spatially resolved
single-cell transcriptomes with Tangram." Nature methods 18, no. 11 (2021): 1352-1362.

Cang, Zixuan, and Qing Nie. "Inferring spatial and signaling relationships between cells from
single cell transcriptomic data." Nature communications 11, no. 1 (2020): 1-13.

Ching, Travers, Daniel S. Himmelstein, Brett K. Beaulieu-Jones, Alexandr A. Kalinin, Brian T.
Do, Gregory P. Way, Enrico Ferrero, et al. 2018. “Opportunities and Obstacles for Deep
Learning in Biology and Medicine.” Journal of the Royal Society, Interface / the Royal
Society 15 (141). https://doi.org/10.1098/rsif.2017.0387.

Cui, Yueli, Yuxuan Zheng, Xixi Liu, Liying Yan, Xiaoying Fan, Jun Yong, Yuqiong Hu, et al.
2019. “Single-Cell Transcriptome Analysis Maps the Developmental Track of the Human
Heart.” Cell Reports 26 (7): 1934–50.e5.

Dittrich, Gesine M., Natali Froese, Xue Wang, Hannah Kroeger, Honghui Wang, Malgorzata
Szaroszyk, Mona Malek-Mohammadi, et al. 2021. “Fibroblast GATA-4 and GATA-6
Promote Myocardial Adaptation to Pressure Overload by Enhancing Cardiac
Angiogenesis.” Basic Research in Cardiology 116 (1): 1–19.

Duan, Jialei, Boxun Li, Minoti Bhakta, Shiqi Xie, Pei Zhou, Nikhil V. Munshi, and Gary C.
Hon. 2019. “Rational Reprogramming of Cellular States by Combinatorial Perturbation.”
Cell Reports 27 (12): 3486–99.e6.

Durruthy-Durruthy, Robert, Assaf Gottlieb, Byron H. Hartman, Jörg Waldhaus, Roman D.
Laske, Russ Altman, and Stefan Heller. "Reconstruction of the mouse otocyst and early
neuroblast lineage at single-cell resolution." Cell 157, no. 4 (2014): 964-978.

Dye, Bailey, and Joy Lincoln. 2020. “The Endocardium and Heart Valves.” Cold Spring
Harbor Perspectives in Biology. https://doi.org/10.1101/cshperspect.a036723.

Efremova, Mirjana, Miquel Vento-Tormo, Sarah A. Teichmann, and Roser Vento-Tormo.
2020. “CellPhoneDB: Inferring Cell–cell Communication from Combined Expression of
Multi-Subunit Ligand–receptor Complexes.” Nature Protocols 15 (4): 1484–1506.

Embar, Varun, Sriram Srinivasan, and Lise Getoor. 2021. “A Comparison of Statistical
Relational Learning and Graph Neural Networks for Aggregate Graph Queries.”
Machine Learning. https://doi.org/10.1007/s10994-021-06007-5.

Endres, D. M., and J. E. Schindelin. 2003. “A New Metric for Probability Distributions.” IEEE

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 15, 2022. ; https://doi.org/10.1101/2022.04.14.488419doi: bioRxiv preprint 

http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/L9SzID/l0Ys
http://paperpile.com/b/L9SzID/l0Ys
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/L9SzID/l0Ys
http://paperpile.com/b/L9SzID/l0Ys
http://paperpile.com/b/L9SzID/l0Ys
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/HLHn
http://paperpile.com/b/z7Y4ue/HLHn
http://paperpile.com/b/z7Y4ue/HLHn
https://search.proquest.com/openview/96c69caeff730ff7b2a561dd84b73b54/1?pq-origsite=gscholar&cbl=51922&diss=y
https://search.proquest.com/openview/96c69caeff730ff7b2a561dd84b73b54/1?pq-origsite=gscholar&cbl=51922&diss=y
http://paperpile.com/b/z7Y4ue/HLHn
http://paperpile.com/b/z7Y4ue/i4DU
http://paperpile.com/b/z7Y4ue/i4DU
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/i4DU
http://paperpile.com/b/z7Y4ue/i4DU
http://arxiv.org/abs/1806.01261
http://paperpile.com/b/z7Y4ue/i4DU
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/qx7x
http://paperpile.com/b/z7Y4ue/qx7x
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/qx7x
http://paperpile.com/b/z7Y4ue/qx7x
http://paperpile.com/b/z7Y4ue/qx7x
http://dx.doi.org/10.1098/rsif.2017.0387
http://paperpile.com/b/z7Y4ue/qx7x
http://paperpile.com/b/TcpEQl/ngpl
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/TcpEQl/ngpl
http://paperpile.com/b/TcpEQl/ngpl
http://paperpile.com/b/TcpEQl/ngpl
http://paperpile.com/b/z7Y4ue/GRDt
http://paperpile.com/b/z7Y4ue/GRDt
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/GRDt
http://paperpile.com/b/z7Y4ue/GRDt
http://paperpile.com/b/z7Y4ue/GRDt
http://paperpile.com/b/z7Y4ue/ljXw
http://paperpile.com/b/z7Y4ue/ljXw
http://paperpile.com/b/z7Y4ue/ljXw
http://paperpile.com/b/TcpEQl/U1V9
http://paperpile.com/b/TcpEQl/U1V9
http://dx.doi.org/10.1101/cshperspect.a036723
http://paperpile.com/b/TcpEQl/U1V9
http://paperpile.com/b/z7Y4ue/ZpQ7
http://paperpile.com/b/z7Y4ue/ZpQ7
http://paperpile.com/b/z7Y4ue/ZpQ7
http://paperpile.com/b/z7Y4ue/63WB
http://paperpile.com/b/z7Y4ue/63WB
http://paperpile.com/b/z7Y4ue/63WB
http://dx.doi.org/10.1007/s10994-021-06007-5
http://paperpile.com/b/z7Y4ue/63WB
http://paperpile.com/b/z7Y4ue/CC8p
https://doi.org/10.1101/2022.04.14.488419
http://creativecommons.org/licenses/by-nc/4.0/


Transactions on Information Theory / Professional Technical Group on Information
Theory 49 (7): 1858–60.

Eng, Chee-Huat Linus, Michael Lawson, Qian Zhu, Ruben Dries, Noushin Koulena, Yodai
Takei, Jina Yun, et al. 2019. “Transcriptome-Scale Super-Resolved Imaging in Tissues
by RNA seqFISH.” Nature 568 (7751): 235–39.

Fey, Matthias, and Jan Eric Lenssen. 2019. “Fast Graph Representation Learning with
PyTorch Geometric.” http://arxiv.org/abs/1903.02428.

Friedman, Jerome, Trevor Hastie, and Robert Tibshirani. 2008. “Sparse Inverse Covariance
Estimation with the graphical LASSO (GLASSO).” Biostatistics 9 (3): 432–41.

Garreta, Raul, and Guillermo Moncecchi. 2013. Learning Scikit-Learn: Machine Learning in
Python. Packt Publishing Ltd.

Griffiths J, Lun A (2021). MouseGastrulationData: Single-Cell -omics Data across Mouse
Gastrulation and Early Organogenesis. R package version 1.8.0,
https://github.com/MarioniLab/MouseGastrulationData.

Han, Lu, Praneet Chaturvedi, Keishi Kishimoto, Hiroyuki Koike, Talia Nasr, Kentaro Iwasawa,
Kirsten Giesbrecht, et al. 2020. “Single Cell Transcriptomics Identifies a Signaling
Network Coordinating Endoderm and Mesoderm Diversification during Foregut
Organogenesis.” Nature Communications 11 (1): 1–16.

Hendrycks, Dan, and Thomas Dietterich. 2019. “Benchmarking Neural Network Robustness
to Common Corruptions and Perturbations.” http://arxiv.org/abs/1903.12261.

Karaiskos, Nikos, Philipp Wahle, Jonathan Alles, Anastasiya Boltengagen, Salah Ayoub,
Claudia Kipar, Christine Kocks, Nikolaus Rajewsky, and Robert P. Zinzen. "The
Drosophila embryo at single-cell transcriptome resolution." Science 358, no. 6360
(2017): 194-199.

Kokhlikyan, Narine, Vivek Miglani, Miguel Martin, Edward Wang, Bilal Alsallakh, Jonathan
Reynolds, Alexander Melnikov, et al. 2020. “Captum: A Unified and Generic Model
Interpretability Library for PyTorch.” http://arxiv.org/abs/2009.07896.

Korsunsky, Ilya, Nghia Millard, Jean Fan, Kamil Slowikowski, Fan Zhang, Kevin Wei, Yuriy
Baglaenko, Michael Brenner, Po-Ru Loh, and Soumya Raychaudhuri. 2019. “Fast,
Sensitive and Accurate Integration of Single-Cell Data with Harmony.” Nature Methods
16 (12): 1289–96.

Lange, Marius, Volker Bergen, Michal Klein, Manu Setty, Bernhard Reuter, Mostafa Bakhti,
Heiko Lickert, et al. 2022. “CellRank for Directed Single-Cell Fate Mapping.” Nature
Methods 19 (2): 159–70.

Liu, Yang, Mingyu Yang, Yanxiang Deng, Graham Su, Archibald Enninful, Cindy C. Guo,
Toma Tebaldi, et al. 2020. “High-Spatial-Resolution Multi-Omics Sequencing via
Deterministic Barcoding in Tissue.” Cell 183 (6): 1665–81.e18.

Lohoff, T., S. Ghazanfar, A. Missarova, N. Koulena, N. Pierson, J. A. Griffiths, E. S. Bardot et
al. "Integration of spatial and single-cell transcriptomic data elucidates mouse
organogenesis." Nature biotechnology 40, no. 1 (2022): 74-85.

Longo, Sophia K., Margaret G. Guo, Andrew L. Ji, and Paul A. Khavari. 2021. “Integrating
Single-Cell and Spatial Transcriptomics to Elucidate Intercellular Tissue Dynamics.”
Nature Reviews. Genetics 22 (10): 627–44.

Lun, Aaron T. L., Davis J. McCarthy, and John C. Marioni. 2016. “A Step-by-Step Workflow
for Low-Level Analysis of Single-Cell RNA-Seq Data with Bioconductor.”
F1000Research 5 (August): 2122.

Martinez-Barbera, J. P., M. Signore, P. P. Boyl, E. Puelles, D. Acampora, R. Gogoi, F.
Schubert, A. Lumsden, and A. Simeone. 2001. “Regionalisation of Anterior
Neuroectoderm and Its Competence in Responding to Forebrain and Midbrain Inducing
Activities Depend on Mutual Antagonism between OTX2 and GBX2.” Development 128
(23). https://doi.org/10.1242/dev.128.23.4789.

Marx, Vivien. 2021. “Method of the Year: Spatially Resolved Transcriptomics.” Nature
Methods 18 (1): 9–14.

Maynard, Kristen R., Leonardo Collado-Torres, Lukas M. Weber, Cedric Uytingco, Brianna K.
Barry, Stephen R. Williams, Joseph L. Catallini 2nd, et al. 2021. “Transcriptome-Scale

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 15, 2022. ; https://doi.org/10.1101/2022.04.14.488419doi: bioRxiv preprint 

http://paperpile.com/b/z7Y4ue/CC8p
http://paperpile.com/b/z7Y4ue/CC8p
http://paperpile.com/b/L9SzID/VQMG
http://paperpile.com/b/L9SzID/VQMG
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/L9SzID/VQMG
http://paperpile.com/b/L9SzID/VQMG
http://paperpile.com/b/z7Y4ue/3e27
http://paperpile.com/b/z7Y4ue/3e27
http://arxiv.org/abs/1903.02428
http://paperpile.com/b/z7Y4ue/3e27
http://paperpile.com/b/z7Y4ue/m53a
http://paperpile.com/b/z7Y4ue/m53a
http://paperpile.com/b/z7Y4ue/61Fr
http://paperpile.com/b/z7Y4ue/61Fr
http://paperpile.com/b/z7Y4ue/mcEi
http://paperpile.com/b/z7Y4ue/mcEi
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/mcEi
http://paperpile.com/b/z7Y4ue/mcEi
http://paperpile.com/b/z7Y4ue/mcEi
http://paperpile.com/b/z7Y4ue/vFo8
http://paperpile.com/b/z7Y4ue/vFo8
http://arxiv.org/abs/1903.12261
http://paperpile.com/b/z7Y4ue/vFo8
http://paperpile.com/b/z7Y4ue/7fnN
http://paperpile.com/b/z7Y4ue/7fnN
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/7fnN
http://paperpile.com/b/z7Y4ue/7fnN
http://arxiv.org/abs/2009.07896
http://paperpile.com/b/z7Y4ue/7fnN
http://paperpile.com/b/z7Y4ue/gcSG
http://paperpile.com/b/z7Y4ue/gcSG
http://paperpile.com/b/z7Y4ue/gcSG
http://paperpile.com/b/z7Y4ue/gcSG
http://paperpile.com/b/z7Y4ue/u7qG
http://paperpile.com/b/z7Y4ue/u7qG
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/u7qG
http://paperpile.com/b/z7Y4ue/u7qG
http://paperpile.com/b/z7Y4ue/A7DG
http://paperpile.com/b/z7Y4ue/A7DG
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/A7DG
http://paperpile.com/b/z7Y4ue/A7DG
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/mTU4
http://paperpile.com/b/z7Y4ue/mTU4
http://paperpile.com/b/z7Y4ue/mTU4
http://paperpile.com/b/z7Y4ue/mTRw
http://paperpile.com/b/z7Y4ue/mTRw
http://paperpile.com/b/z7Y4ue/mTRw
http://paperpile.com/b/z7Y4ue/ZOWO
http://paperpile.com/b/z7Y4ue/ZOWO
http://paperpile.com/b/z7Y4ue/ZOWO
http://paperpile.com/b/z7Y4ue/ZOWO
http://paperpile.com/b/z7Y4ue/ZOWO
http://dx.doi.org/10.1242/dev.128.23.4789
http://paperpile.com/b/z7Y4ue/ZOWO
http://paperpile.com/b/z7Y4ue/cXWI
http://paperpile.com/b/z7Y4ue/cXWI
http://paperpile.com/b/L9SzID/rDAr
http://paperpile.com/b/L9SzID/rDAr
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/L9SzID/rDAr
https://doi.org/10.1101/2022.04.14.488419
http://creativecommons.org/licenses/by-nc/4.0/


Spatial Gene Expression in the Human Dorsolateral Prefrontal Cortex.” Nature
Neuroscience 24 (3): 425–36.

Mori, Tomoya, Toshiro Takase, Kuan-Chun Lan, Junko Yamane, Cantas Alev, Kenji Osafune,
Jun Yamashisa, and Wataru Fujibuchi. "eSPRESSO: a spatial self-organizing-map
clustering method for single-cell transcriptomes of various tissue structures using
graph-based networks." bioRxiv(2021): 2020-12.

Moriel, Noa, Enes Senel, Nir Friedman, Nikolaus Rajewsky, Nikos Karaiskos, and Mor
Nitzan. "NovoSpaRc: flexible spatial reconstruction of single-cell gene expression with
optimal transport." Nature Protocols 16, no. 9 (2021): 4177-4200.

Moses, Lambda, and Lior Pachter. 2021. “Museum of Spatial Transcriptomics.” bioRxiv.
https://doi.org/10.1101/2021.05.11.443152.

Nowotschin, Sonja, Manu Setty, Ying-Yi Kuo, Vincent Liu, Vidur Garg, Roshan Sharma,
Claire S. Simon et al. "The emergent landscape of the mouse gut endoderm at
single-cell resolution." Nature 569, no. 7756 (2019): 361-367.

Ortiz, Cantin, Jose Fernandez Navarro, Aleksandra Jurek, Antje Märtin, Joakim Lundeberg,
and Konstantinos Meletis. "Molecular atlas of the adult mouse brain." Science
advances6, no. 26 (2020): eabb3446.

Payen, Valéry L., Arnaud Lavergne, Niki Alevra Sarika, Megan Colonval, Latifa Karim,
Manon Deckers, Mustapha Najimi, et al. 2021. “Single-Cell RNA Sequencing of Human
Liver Reveals Hepatic Stellate Cell Heterogeneity.” JHEP Reports : Innovation in
Hepatology 3 (3): 100278.

Pijuan-Sala, B., J. A. Griffiths, C. Guibentif, T. W. Hiscock, W. Jawaid, F. J. Calero-Nieto, C.
Mulas, et al. 2019. “A Single-Cell Molecular Map of Mouse Gastrulation and Early
Organogenesis.” Nature 566 (7745). https://doi.org/10.1038/s41586-019-0933-9.

Quijada, Pearl, Michael A. Trembley, and Eric M. Small. 2020. “The Role of the Epicardium
During Heart Development and Repair.” Circulation Research 126 (3): 377–94.

Regev, Aviv, Sarah A. Teichmann, Eric S. Lander, Ido Amit, Christophe Benoist, Ewan
Birney, Bernd Bodenmiller, et al. 2017. “Science Forum: The Human Cell Atlas,”
December. https://doi.org/10.7554/eLife.27041.

Ren, Xianwen, Guojie Zhong, Qiming Zhang, Lei Zhang, Yujie Sun, and Zemin Zhang.
"Reconstruction of cell spatial organization from single-cell RNA sequencing data based
on ligand-receptor mediated self-assembly." Cell research 30, no. 9 (2020): 763-778.

Rood, Jennifer E., Tim Stuart, Shila Ghazanfar, Tommaso Biancalani, Eyal Fisher, Andrew
Butler, Anna Hupalowska et al. "Toward a common coordinate framework for the human
body." Cell 179, no. 7 (2019): 1455-1467.

Saviano, Antonio, Neil C. Henderson, and Thomas F. Baumert. 2020. “Single-Cell Genomics
and Spatial Transcriptomics: Discovery of Novel Cell States and Cellular Interactions in
Liver Physiology and Disease Biology.” Journal of Hepatology 73 (5): 1219–30.

Shi, Yunsheng, Zhengjie Huang, Shikun Feng, Hui Zhong, Wenjing Wang, and Yu Sun.
2021. “Masked Label Prediction: Unified Message Passing Model for Semi-Supervised
Classification.” Proceedings of the Thirtieth International Joint Conference on Artificial
Intelligence. https://doi.org/10.24963/ijcai.2021/214.

Stevens, Eli, Luca Antiga, and Thomas Viehmann. 2020. Deep Learning with PyTorch.
Manning Publications.

Sundararajan, Mukund, Ankur Taly, and Qiqi Yan. 2017. “Axiomatic Attribution for Deep
Networks.” In Proceedings of the 34th International Conference on Machine Learning,
edited by Doina Precup and Yee Whye Teh, 70:3319–28. Proceedings of Machine
Learning Research. PMLR.

Waldhaus, Jörg, Robert Durruthy-Durruthy, and Stefan Heller. 2015. “Quantitative
High-Resolution Cellular Map of the Organ of Corti.” Cell Reports 11 (9): 1385–99.

Verma, Archit, and Barbara E. Engelhardt. "A robust nonlinear low-dimensional manifold for
single cell RNA-seq data." BMC bioinformatics 21, no. 1 (2020): 1-15.

Winkler, Juliane, Abisola Abisoye-Ogunniyan, Kevin J. Metcalf, and Zena Werb. 2020.
“Concepts of Extracellular Matrix Remodelling in Tumour Progression and Metastasis.”

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 15, 2022. ; https://doi.org/10.1101/2022.04.14.488419doi: bioRxiv preprint 

http://paperpile.com/b/L9SzID/rDAr
http://paperpile.com/b/L9SzID/rDAr
http://paperpile.com/b/z7Y4ue/izrP
http://paperpile.com/b/z7Y4ue/izrP
http://dx.doi.org/10.1101/2021.05.11.443152
http://paperpile.com/b/z7Y4ue/izrP
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/CZ0T
http://paperpile.com/b/z7Y4ue/CZ0T
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/CZ0T
http://paperpile.com/b/z7Y4ue/CZ0T
http://paperpile.com/b/z7Y4ue/CZ0T
http://paperpile.com/b/z7Y4ue/iZqc
http://paperpile.com/b/z7Y4ue/iZqc
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/iZqc
http://paperpile.com/b/z7Y4ue/iZqc
http://dx.doi.org/10.1038/s41586-019-0933-9
http://paperpile.com/b/z7Y4ue/iZqc
http://paperpile.com/b/z7Y4ue/il0f
http://paperpile.com/b/z7Y4ue/il0f
http://paperpile.com/b/z7Y4ue/ZCWc
http://paperpile.com/b/z7Y4ue/ZCWc
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/ZCWc
http://paperpile.com/b/z7Y4ue/ZCWc
http://dx.doi.org/10.7554/eLife.27041
http://paperpile.com/b/z7Y4ue/ZCWc
http://paperpile.com/b/z7Y4ue/9kbd
http://paperpile.com/b/z7Y4ue/rIbA
http://paperpile.com/b/z7Y4ue/rIbA
http://paperpile.com/b/z7Y4ue/rIbA
http://paperpile.com/b/z7Y4ue/kdHd
http://paperpile.com/b/z7Y4ue/kdHd
http://paperpile.com/b/z7Y4ue/kdHd
http://paperpile.com/b/z7Y4ue/kdHd
http://dx.doi.org/10.24963/ijcai.2021/214
http://paperpile.com/b/z7Y4ue/kdHd
http://paperpile.com/b/z7Y4ue/vFpz
http://paperpile.com/b/z7Y4ue/vFpz
http://paperpile.com/b/z7Y4ue/gDZ4
http://paperpile.com/b/z7Y4ue/gDZ4
http://paperpile.com/b/z7Y4ue/gDZ4
http://paperpile.com/b/z7Y4ue/gDZ4
http://paperpile.com/b/z7Y4ue/UjBV
http://paperpile.com/b/z7Y4ue/UjBV
http://paperpile.com/b/z7Y4ue/xrma
http://paperpile.com/b/z7Y4ue/xrma
https://doi.org/10.1101/2022.04.14.488419
http://creativecommons.org/licenses/by-nc/4.0/


Nature Communications 11 (1): 1–19.
Yang, Li, Lin-Chen Li, Lamaoqiezhong, Xin Wang, Wei-Hua Wang, Yan-Chun Wang, and

Cheng-Ran Xu. 2019. “The Contributions of Mesoderm-Derived Cells in Liver
Development.” Seminars in Cell & Developmental Biology 92 (August): 63–76.

DATA AVAILABILITY

All data files, including raw datasets, intermediate objects produced by SageNet (cell and
gene metadata), benchmarking experiments’ outputs, pre-trained models, and final ggplot
figure objects can be found at https://zenodo.org/record/6400952 (DOI:
10.5281/zenodo.6400951).

CODE AVAILABILITY

We perform evaluation in R using the output files from python scripts implementing SageNet
and the other benchmarked methods. SageNet is provided as an open-source python
package. The package documentation including use cases and tutorials can be found at
https://SageNet.readthedocs.io and the source package is available on github at
https://github.com/MarioniLab/SageNet (DOI: 10.5281/zenodo.6394407). The scripts and
notebooks for benchmarking experiments can be found at
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Figure 1. Mapping dissociated single cells onto their latent tissue of origin by
classifying them to physical partitions of one or more spatially-resolved reference
datasets.

A. A spatial reference dataset, either cell-resolved or spot-resolved, is used to train the
SageNet model. The spatial coordinates are first separated into non-overlapping
partitions, and a gene interaction network is inferred from the gene expression data.
These are used to train a graph neural network, which can be used to extract SIGs.

B. Dissociated single-cell gene expression data are used as input into a trained
SageNet model, for which a predicted cell-cell (spatial) distance matrix and a
cell-wise mapping confidence vector is returned.

C. SageNet models trained on multiple spatial references can be combined as an
ensemble to generate aggregated cell-cell spatial distance matrix and cell-wise
mapping confidence for a given query dataset.
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Figure 2. SageNet outperforms alternative reconstruction methods in cross-validation
with the Spatial Mouse Gastrulation atlas

A. Query cells selected from seqFISH-resolved embryo sections plotted in their true
physical coordinates, coloured by cell types as in (Lohoff et al. 2021).

B. Spearman's rank correlation between each method’s predicted cell-cell distance
matrix and the true spatial distance matrix, by embryo section. Higher values indicate
a more accurate reconstruction.

C. Matrix distances between each method’s predicted cell type contact map and the
contact map computed using the true physical coordinates, by embryo section. Lower
values indicate a more accurate reconstruction.

D. Boxplot of log-scaled LISI ratios for cell type mixing; The LISI ratio for each cell is
calculated by dividing the LISI score computed for the cell in each method’s
reconstructed space by the LISI score computed using the true physical space.
Values closer to 0 indicate a more accurate reconstruction.

E. The reconstructed 2D space according to various methods; a subset of 10,170 query
cells from the union of all 6 seqFISH-resolved embryos (20% of all cells from each
embryo) is shown. Cells are coloured by cell type. Transparency of cells for SageNet
are set according to their calculated mapping confidence level.

F. SageNet recovers colocalization of gut tube and splanchnic mesoderm in mouse
gastrulation. The reconstructed space according to SageNet is as in panel E and
using gene expression only as in panel E, and the true physical space of embryos
E1_L1, E2_L1, and E3_L1, ordered from left to right.

G. SageNet reconstructed space as in panel E, subset to cardiomyocytes and
endothelium cells. Transparency represents confidence of the mapping.

H. SageNet reconstructed space as in panel E, subset to endothelium cells only. Cells
are coloured by their sub-type annotation as Endocardium or Other Endothelium
(Methods).

I. Boxplots of SageNet’s confidence scores for the mapped endothelium cells, split by
sub-type.

J. Volcano plot showing the results of differential gene expression analysis on the
sub-types of endothelium cells. The top five differentially expressed genes are
highlighted.

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 15, 2022. ; https://doi.org/10.1101/2022.04.14.488419doi: bioRxiv preprint 

https://doi.org/10.1101/2022.04.14.488419
http://creativecommons.org/licenses/by-nc/4.0/


.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 15, 2022. ; https://doi.org/10.1101/2022.04.14.488419doi: bioRxiv preprint 

https://doi.org/10.1101/2022.04.14.488419
http://creativecommons.org/licenses/by-nc/4.0/


Figure 3. Superior performance of the aggregated SageNet model over individual
models and spatial reconstruction of the dissociated Mouse Gastrulation Atlas

A. Comparison of models trained on embryo 1 layer 1 (E1_L1), embryo 2 layer 1
(E2_L1), embryo 3 layer 1 (E3_L1) versus the aggregated SageNet models from
pairs of embryo sections and all three embryo sections together (Ensemble). Each
row represents a mapped query dataset, each column indicates a reference dataset
combination, and colours represent performance, normalised by row. Top:
Spearman's rank correlation between the distance matrices computed by the
SageNet models and the true spatial distance matrices. Bottom: the matrix distance
between the cell type contact maps computed on the reconstructed spaces and the
contact map computed on the true physical space.

B. The reconstructed 2D space according to expression or aggregated SageNet model
(Ensemble); a subset of 20% of cells is shown from the union of 3 seqFISH
embryos, E1_L2, E2_L2, and E3_L2, and the scRNAseq mouse gastrulation atlas.
Transparency of cells for SageNet reflects their calculated mapping confidence
score. Top: coloured by cell type. Bottom: cells coloured by the corresponding query
dataset.

C. Brain cells are coloured based on hierarchical clustering on the reconstructed space
by SageNet as shown in panel B. From left: SageNet’s reconstructed space;
reconstructed space according to expression only; cells from the  seqFISH query
datasets shown in the true physical space.
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Figure 4. Sagenet robustly reconstructs the space and aggregates nonaligned
spot-level Spatial Transcriptomics samples of developing human heart

A. Spot-based Spatial Transcriptomics (ST) samples; each sample is shown with spots
coloured by functional region given by (Asp et al. 2019) and the 3x3 grid partitions.

B. Spearman's rank correlation between each method’s predicted cell-cell distance
matrix and the true spatial distance matrix, by sample. Higher values indicate a more
accurate reconstruction.

C. Matrix distances between each method’s predicted cell type contact map and the
contact map computed using the true physical coordinates, by sample. Lower values
indicate a more accurate reconstruction.

D. Boxplot of log-scaled LISI ratios for cell type mixing; The LISI ratio for each cell is
calculated by dividing the LISI score computed for the cell in each method’s
reconstructed space by the LISI score computed using the true physical space.
Values closer to 0 indicate a more accurate reconstruction.

E. The joint 2D reconstructed space of the ST samples using SageNet; the model is
trained on the whole spot-based ST dataset, with all samples being combined and
the partitionings are as shown in panel A. Spots are coloured by left: region, middle:
spot partitions from the 3*3 grids as shown in panel A, right: sample. Transparency of
points is according to mapping confidence scores.

F. Spatial integration of the ST and scRNAseq datasets of developing human heart; all
cells and spots are embedded in the joint reconstructed space by SageNet (top row)
and according to expression (bottom row). Right: median-based centroids of cell
types and regions from the left column. Colours of solid circles correspond to regions
as given in panel A, and colours of solid triangles correspond to cell types.

G. Cell type/region contact map calculated on SageNet’s reconstructed space as shown
in panel F. Cell types and regions are clustered based on the contact values by
hierarchical clustering.
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Supplementary Figure 1. Mapping dissociated single cells onto their latent tissue of
origin by classifying them to physical partitions of one or more spatially-resolved
reference datasets.

A. Training the models for the spatially-resolved reference dataset ; is partitioned
into physically disjoint regions based on the cells’ (or spots’) coordinates. The

partitioning, , is performed times at different resolutions. The gene interaction
network, , is constructed based on the gene expression matrix, . The graph

neural network, , is trained to classify cells to partitions , using as the
input features and as the input graph structure. After training, the most important

features are extracted from the trained model for each partition .

B. A query dataset is given to the trained classifier, . The classifier outputs a

probability vector of size for each cell in the query dataset, where is the
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number of partitions in . Pairwise distances between cells are computed using

the Jensen-Shannon distance, giving . By computing the entropy of the

probability vectors, the level of mapping confidence for each cell is computed as .

and are normalised to and to ensure consistency among partitions
of the other reference datasets.

C. The normalised distance matrices computed on the outputs of all classifiers are
added up to compute a global distance matrix . The normalised confidence scores
are added up to compute a global mapping confidence, for the query cells. Using
the computed distance matrix, one can compute a 2- or 3-dimensional embedding of
the query cells.
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Supplementary Figure 2. The gene interaction network on seqFISH reference
dataset (Figure 2A), embryo 1 layer 1 (E1_L1).

The gene interaction network (GIN) built on the reference dataset corresponding to Figure 2
(i.e., E1_L1); Each node represents a gene and each edge represents the statistical
relevance (positive partial correlation estimated by GLASSO) of the two genes. Left: Isolated
genes are removed and other genes are coloured based on their gene modules according to
Leiden clustering. Right: SIGs inferred by SageNet are highlighted in the graph.
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Supplementary Figure 3. Cell type contact maps on the reconstructed spaces
(shown in Figure 2E) using different methods for mouse embryo data.

Cell type contact maps computed on the true physical space, and on reconstructed spaces
using various methods. Cell types are clustered based on the contact values by hierarchical
clustering.
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Supplementary Figure 4. Scaled LISI scores for cell type mixing for mouse embryo
data.

A. Boxplot of log-scaled LISI ratios for cell type mixing; The LISI ratio for each cell is
calculated by dividing the LISI score computed for the cell in each method’s
reconstructed space by the LISI score computed using the true physical space.
Values closer to 0 indicate a more accurate reconstruction. Boxplots are split by
query dataset.

B. As described in panel A, with boxplots split by cell type.
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Supplementary Figure 5. Spatially informative genes for mouse embryo data.

Each panel displays gene expression of an SIG found by SageNet; left panels: embryo 1
layer 1 (E1_L1), right panels: the SageNet reconstructed space as shown in Figure 2E.
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Supplementary Figure 6. SageNet and SageNet-SIG outperform alternative
reconstruction methods in cross-validation with the Spatial Mouse Gastrulation atlas

A. Spearman's rank correlation between each method’s predicted cell-cell distance
matrix and the true spatial distance matrix, by embryo section. Higher values indicate
a more accurate reconstruction.

B. Matrix distances between each method’s predicted cell type contact map and the
contact map computed using the true physical coordinates, by embryo section. Lower
values indicate a more accurate reconstruction.

C. Boxplot of log-scaled LISI ratios for cell type mixing; The LISI ratio for each cell is
calculated by dividing the LISI score computed for the cell in each method’s
reconstructed space by the LISI score computed using the true physical space.
Values closer to 0 indicate a more accurate reconstruction.
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D. The reconstructed 2D space according to various methods, including SageNet-SIG; a
subset of 10,170 query cells from the union of all 6 seqFISH-resolved embryos (20%
of all cells from each embryo) is shown. Cells are coloured by cell type. Transparency
of cells for SageNet are set according to their calculated mapping confidence level.
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Supplementary Figure 7. Mapping confidence scores of the SageNet model trained
on embryo 1 layer 1 (E1_L1).

A. Distribution of SageNet’s mapping confidence scores and cell type abundances in
the reference (i.e., E1_L1) and seqFISH query datasets corresponding to Figure 2;
the left dot plot shows the number of cells within cell types present in the reference
and query datasets; the right dot plot shows the medians of SageNet’s confidence
scores by cell type, with the width of bars corresponding to standard deviations.

B. Four seqFISH query datasets in the true physical coordinates; cells are coloured by
cell type with transparency according to SageNet’s mapping confidence score.
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Supplementary Figure 8. Cell type and dataset mixing, SageNet’s cell type contact
map, and confidence scores on mouse  seqFISH and scRNAseq embryo data.

A. Boxplots of log2–LISI scores computed on the reconstructed spaces according to
expression or SageNet (Ensemble). Left: query datasets as labels (scRNAseq vs.
seqFISH), right: cell types as labels.

B. Cell type contact maps computed on the reconstructed space shown in Figure 3B,
using SageNet (Ensemble). Cell types are clustered based on the contact values by
hierarchical clustering.

C. Distribution of SageNet’s mapping confidence scores corresponding to Figure 3B; dot
plot shows the medians of SageNet’s confidence scores by cell type, with the width
of bars corresponding to standard deviations.
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Supplementary Figure 9. Cross-validation of developing human heart.

A. Spot-based Spatial Transcriptomics (ST) samples, the partitionings, and the
corresponding reconstructed spaces; each sample is shown with its spots coloured
by functional region, 2x2, 3x3, and 4x4 grids and the reconstructed space using the
leave-one-out mapping scheme (left to right).

B. Spearman's rank correlation between each method’s predicted cell-cell distance
matrix and the true spatial distance matrix, by sample. Higher values indicate a more
accurate reconstruction.

C. Matrix distances between each method’s predicted region contact map and the
contact map computed using the true physical coordinates, by sample. Lower values
indicate a more accurate reconstruction.

D. Boxplot of log-scaled LISI ratios for cell type mixing; The LISI ratio for each cell is
calculated by dividing the LISI score computed for the cell in each method’s
reconstructed space by the LISI score computed using the true physical space.
Values closer to 0 indicate a more accurate reconstruction.

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 15, 2022. ; https://doi.org/10.1101/2022.04.14.488419doi: bioRxiv preprint 

https://doi.org/10.1101/2022.04.14.488419
http://creativecommons.org/licenses/by-nc/4.0/


Supplementary Figure 10. Mapping confidence of the joint embedding of ST and
scRNAseq developing human heart datasets.

Dot plot shows the medians of SageNet’s confidence scores by cell type, with the width of
bars corresponding to standard deviations.
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Supplementary Figure 11. Expression of three smooth muscle cells’ markers

Each panel displays gene expression of a marker in the SageNet reconstructed space as
shown in Figure 4F.
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Supplementary Figure 12. The gene interaction network on the whole developing
human heart ST reference dataset (from Figure 4).

The gene interaction network (GIN) built on the ST reference dataset corresponding to
Figure 4; Each node represents a gene and each edge represents the statistical relevance
(positive partial correlation estimated by GLASSO) of the two genes. Left: Isolated genes are
removed and other genes are coloured based on their gene modules according to Leiden
clustering. Right: SIGs inferred by SageNet are highlighted in the graph.
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