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VISTA uncovers missing gene expression
and spatial-induced information for
spatial transcriptomic data analysis
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Understanding cell activities in their spatial context is crucial for revealing spatially influenced cellular
states. While single-cell RNA-seq (scRNA-seq) provides comprehensive gene expression profiles, it
lacks spatial resolution. Subcellular spatial transcriptomics (SST) captures spatial information but
measures only limited genes. To overcome this problem, we present VISTA, a model that predicts
unmeasured gene expression in SST data by integrating scRNA-seq and SST through variational
inference and geometric deep learning with uncertainty quantification. Across four datasets, VISTA
achieves superior imputation accuracy, scalability, and efficiency. Its accurate imputation supports
diverse downstream analyses, including identifying spatially variable genes, uncovering ligand-
receptor interactions, inferring spatial RNA velocity, performing in-silico perturbations, and
disentangling spatial versus intrinsic expression variations. By bridging comprehensive molecular
coverage with spatial precision, VISTA enhances the interpretability and utility of SST data, advancing
our understanding of tissue organization and cellular microenvironments.

Single-cell RNA sequencing (scRNA-seq) has matured into a robust tech-
nology that allows for the measurement of the complete gene expression
profile of individual cellswithin various tissues1–3. Despite its advancements,
scRNA-seq does not account for the spatial positioning of cells, a critical
aspect known as spatial information. To bridge this gap, spatial tran-
scriptomic technologies have been developed, enabling the investigation of
the cellular spatial context4. These technologies fall into two primary cate-
gories: (1) Imaging-based methods, including smFISH5,6, MERFISH7,
seqFISH8 and Xenium9,10; and (2) Sequencing-based methods, including
STARmap11 and Slide-seq12. Compared to spot-based spatial
technologies4,13, these methods facilitate the capture of gene expression at a
single-molecule/subcellular resolution, which can then be aggregated to
deduce gene expression levels and cell structure in single-cell resolution.The
analysis of single-cell gene expression enriched with spatial information
holds great promise for understanding spatial-induced information.

However, the scope of genes sequenced by imaging-based and
sequencing-based spatial transcriptomic methods is notably constrained,
typically capturing approximately 30 to 10,000 genes5,7,9,14. This is con-
siderably less than the roughly 20,000 to 30,000 genes profiled by scRNA-
seq3. To address this limitation, researchers have developed methodologies
for the prediction of unmeasured gene expression within these datasets by
aggregating nearest neighbors of cells for regression15–18, joint probabilistic

modeling19–21, and transport22–24. These methods have been thoroughly
benchmarked10,25. These imputation tools utilize scRNA-seq data from the
corresponding tissue to enhance the spatial transcriptomic data, and the
results can then be employed in downstream analyses such as the identifi-
cation of spatially variable (SV) genes26 and the examination of cell-cell
interactions (CCIs)27.

Despite these progresses, there are limitations in the existing methods
for imputing spatial transcriptomic data in terms of both performance and
utility in practice. One primary issue is their subpar imputation quality for
large-scale datasets. For instance, datasets sequenced using Xenium, which
may contain more than 100,000 cells, yield a Spearman correlation coeffi-
cient below 0.5 in validation sets formouse brain data10. Thesemethods also
lack scalability when applied to large-scale datasets. Tangram, for example,
suffers from out-of-memory (OOM) errors when applied to large-scale
datasets (smaller than 10,000 cells), and SpaGE exhibits excessively long
runtime (more than40,000 seconds).While gimVI can accommodate large-
scale datasets by adjusting the batch size, it does not model spatial infor-
mation andnecessitates a compromise between scalability and running time
as the smaller the batch size is, the longer time we need for the same device.
Additionally, none of the methods sufficiently account for the discrepancy
between reference scRNA-seq data and the target spatial transcriptomic
data. Consequently, there is a clear need for more in-depth analysis of the
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existingmethods to overcome the drawbacks in their designs and to develop
a more effective approach to the imputation challenge.

At the same time, few methods can estimate the uncertainty of gene
expression levels and discuss the effect of prediction errors on downstream
applications. TransImp28 estimates the uncertainty based on a post-
imputation regression, which requires extra fitting steps. TISSUE29 states
that it canproducewell-calibrateduncertaintymeasures for gene expression
prediction, but it needs to separate samples to create the calibration set and
select genes with high certainty.

To bridge the gap between imputation outcomes and actual gene
expression data, we develop a pipeline tailored for the task of imputing
spatial transcriptomic data. This process involves a thorough analysis of the
reference scRNA-seq and target spatial data pairs, as well as the integration of
spatial information during model training. Our proposed solution, named
VISTA, leverages a joint probabilistic modeling approach. We combine a
Graph Neural Network (GNN)30,31 architecture and graph sampling
strategy32 with Variational Inference (VI)33 for Spatial Transcriptomic Ana-
lysis. VISTA is trained to predict missing gene expression levels with graph
sampling for large-scale spatial data, using scRNA-seq data as a reference. By
leveraging the contributions of highly correlated genes for training, VISTA
utilizes probabilistic modeling for each cell and gene to estimate the
uncertainty in our imputation results. Our uncertainty quantification
method does not require sacrificing samples in the training dataset to gen-
erate calibration datasets while integrating this estimation approach directly
into our pipeline. We demonstrate the performance of our proposedmethod
through a series of experiments of imputation by evaluating it from both
statistical and biological perspectives. Finally, our case studies of exploring

Spatially Variable (SV) genes, Cell-Cell Interactions (CCIs), RNA velocity,
and in-silico perturbations suggest that our imputed spatial data can yield
more biological insights for complex cellular systems. In summary, the
innovation of VISTA is not just incremental integration of GNN and VI, but
a principled fusion of these paradigms into a single generative probabilistic
graph model that (i) scales to atlas-level datasets, (ii) quantifies the reliability
of predictions, and (iii) broadens downstream interpretability. This combi-
nation has not been realized by existing spatial-omics integration tools.

Results
Overview of VISTA
The main innovation of VISTA lies in its joint probabilistic modeling fra-
mework that integrates spatial topology and expression profiles within a
unified variational inference architecture, coupled with built-in uncertainty
quantification, a capability missing or only partially implemented in pub-
lished work. Our goal is to predict the expression levels of missing genes for
all the cells from the spatial data. VISTA jointly models the likelihood of
reference scRNA-seq data and target spatial data with geometric machine
learning. (Fig. 1 (a)). Before fitting ourmodel, wefirst select reliable genes as
anchor genes for these two modalities by thresholding correlation coeffi-
cients and significant levels.We assume the gene expression of gene g in cell
n from scRNA-seq data xng is sampled from a Zero-inflated Negative
Binomial (ZINB) distribution p(xng∣zn, sn, ln) and spatial data expression x0ng
is sampled from a Negative Binomial (NB) distribution pðx0ng jzn; sn;N nÞ.
Here zn represents the joint latent space shared by data from these two
protocols, sn indicates the typeof protocol (0 for scRNA-seqand 1 for in-situ
sequencing). Moreover, for scRNA-seq data, we use ln to model the
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Fig. 1 | Overview of VISTA. a The flowchart of VISTA. VISTA learns a joint
distribution from scRNA-seq data and spatial data with graph-aware design. Here
we use a Multi-Layer Perceptron (MLP) to encode information from the expression
domain and aGNN to encode information from the spatial domain. The results after
imputation can be utilized in several downstream analyses. Here SVmeans Spatially
Variable, and CCI means Cell-Cell Interaction. b Explanation of uncertainty

quantification. The uncertainty quantification of VISTA is based on sampling from
the output distribution. For cell uncertainty quantification, we sample from cell-level
distribution and compute the median of the cosine similarity between samples and
mean gene expression. For gene uncertainty quantification, we sample from gene-
level distribution and compute the median of the cosine similarity between samples
and mean gene expression.
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sequencing depth, and for spatial data, we use N n to model the spatial
information by considering the neighbors of cell n. Our target is to
approximate the posterior distribution of the latent variables zn, known as
qðzn; lnjxn; sn;N nÞ, by using a Joint Variational Auto-encoder (JVAE)34

with Graph Neural Network (GNN). To optimize VISTA, scalable sto-
chastic optimization techniques35 are employed, ensuring efficiency even
with large datasets. Furthermore, the model provides an uncertainty mea-
sure for the imputedvalues basedon thedistributionof the generativemodel
for each cell and gene (Fig. 1b). We sample cells or genes from the dis-
tribution and compute the cosine similarity between the sampled data and
the estimated mean value for uncertainty estimation. More detailed meth-
odologies ofVISTAare described in theMethods section.Ourmethodology
improves bothmodelperformances and result interpretation, suggesting the
soundness and efficacy of its design.

VISTA can better impute the expression levels of the unobserved
geneswith uncertainty quantification than othermethods for the
osmFISH-brain dataset
Utilizing one dataset known as osmFISH-brain6,36, a relatively small-scale
dataset commonly used for benchmarking analysis, we demonstrate VIS-
TA’s efficacy. Figure 2a illustrates the distribution of cell types within the
spatial data, highlighting specific patterns such as the clustering tendency of
Pyramidal cells, hinting at spatial influences on their distribution.

Our benchmarking methods for this imputation task include24,
gimVI19,SpaGE17, TransImp28, ENVI20, SpatialScope21, and SpaIM37.Most of
the baselines as reported by recent benchmarking studies10,25. Our metrics
also come from a recent benchmarking studies25. SpatialScope failed in all
the datasets due toOOMerrors in the diffusionmodel training step, thuswe
did not include its results in the following sections. VISTA and other
baselines were tuned to their best hyper-parameters, ensuring a fair
comparison.

As shown in Fig. 2 (b), VISTA outperformed other methods in several
metrics, such as Spearman correlation coefficient (SCC), structural simi-
larity index measure (SSIM)38, and Jensen-Shannon divergence (JS), and
held a second place in terms of root mean square error (RMSE). These
results suggest the better imputation of VISTA. The comparison and sub-
sequent ablation test further revealed that the integration of spatial infor-
mation during model training significantly enhances imputation quality.
This is evidenced by the superior performance of VISTA over gimVI, which
is detailed in Supplementary Note 1.

VISTA quantifies uncertainty in two approaches, denoted as VIS-
TA_gene and VISTA_cell, corresponding to the evaluation of genes and
cells with certainty levels above themedian, respectively. This quantification
process is validated in Fig. 2b, which shows an increase in SCC when genes
or cells with uncertainty rankings in the top 50% are removed. The filtering
process, while potentially increasing variance due to a small testing size, still
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Fig. 2 | The comparison of imputed results for osmFISH-based data (known as
osmFISH-brain). a Cell-type distribution across spatial location for osmFISH data.
bMetrics information of different imputation methods. For SCC and SSIM, higher
scores represent better performance, and the methods are sorted in descending. For
RMSE and JS, lower scores represent better performance, and themethods are sorted
in ascending (sample size (n) = 10 for each group; center point, median; box limits,

upper and lower quartiles; whiskers, up to 1.5 × interquartile range; points, outliers).
c Examples of the expression levels of reliably imputed genes by VISTA. We com-
pared the predicted gene expression levels with observed expression levels and
highlighted the regions with relatively higher gene expression levels with circles.
d Examples of the top marker genes by VISTA for each cell type of osmFISH-brain.
The sequence of genes corresponds to the sequence of cells in (a).
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illustrates the reliability of the produced results. Moreover, we explored the
relationship between uncertainty and location or expression levels. Sup-
plementary Fig. 1a shows two genes with low uncertainty, while (b) shows
two genes with high uncertainty. We include both the spatial distribution
and histogram for these genes. We found that genes with relatively high
expression levels and clear spatial patterns tend to have low uncertainty,
whereas genes with high uncertainty tend to low expression levels. There-
fore, our method assigns higher reliability for genes with stronger signals,
which makes sense from the perspective of uncertainty quantification.

The expression patterns of reliable genes, ascertained by VISTA, are
shown inFig. 2c.The top three genes display a strong alignment between the
predicted and observed values, both in terms of distribution in the spatial
space and magnitude.

In Fig. 2d, we display the contribution of imputation for discovering
marker genes of different cell types. The raw marker genes are shown in
Supplementary Fig. 2. After imputation, we identified more marker genes
and linked these genes to the analysis of spatial transcriptomic data. For
example,Kbtbd11 showed strong spatial expression patterns, and cells from
Pyramidals also have such patterns. Such discovery can also be made by
other baselines such as SpaGE, TransImp and ENVI shown in Supple-
mentary Fig. 3. This consistency shows the role of VISTA in enhancing
biological discovery through spatial transcriptomic data refinement. Finally,
we include quantitative comparisons for uncertainty estimation in Sup-
plementary Note 1. Again, VISTA performed better than TISSUE in esti-
mating both the cell-level and gene-level uncertainty.

VISTAcanbetter imputedatasets frommultiple technologiesand
scales than other methods
In the context of large-scale spatial transcriptomics, the challenge of
imputing missing genes is magnified by the substantial increase in dataset
size. The Xenium technique is capable of producing datasets with over
160,000 cells, whereas the seqFISH technique which can produce ~60,000
spots. These techniques offer a stark contrast to the smaller-scale datasets
like osmFISH, STARmap, and Visium39,40. This vast increase in scale pre-
sents twomain challenges:maintaining accurate imputationwhile ensuring
the scalability to handle such large-scale datasets.

To evaluate imputation methods efficiently for these large Xenium-
based10,41 and seqFISH-baseddatasets42, a bootstrap approachwas employed
to sample 10%of the cells. This sampling strategy allowed for a practical and
computationally feasible benchmark without compromising the robustness
of the statistical inference. Figures 3a, b shows the spatial distribution of cell
types within the Xenium-breast and seqFISH-embryo datasets, revealing
distinct spatial patterns among certain cell types, such asMalignant cells and
Allanois cells, respectively. This visualization supports the hypothesis that
spatial pattern is a property of certain cell types. Figure 3c showcases the
benchmarking results for the Xenium-breast dataset, with better perfor-
mance of VISTA to impute unobserved gene expressions within Xenium-
based datasets. VISTA ranked at the top for SCC and consistently had high
performance across other metrics, together with the additional benefit of
uncertainty quantification. Figure 3d shows that VISTA surpasses other
methods in terms of the SCC, SSIM, and JS. Notably, when uncertainty-
filtered genes are considered, VISTA demonstrates superior performance
across all metrics. For the Xenium-breast dataset, Fig. 3e shows the genes
had high certainty and also had very high SCC, by comparing with the
ground truth information for the Xenium-breast dataset.KRT7 achieved an
SCC of 0.9, and the visualization also shows the consistency between the
imputed result and the ground truth information. For the seqFISH-embryo
dataset, Fig. 3f shows that VISTA can also impute the spatial enrichment
information of reliable genes. For example, for Sox4 and Tcf7l1, part of the
spatial enrichment information of these genes was preserved after impu-
tation. We also discussed the performance of VISTA on imputing the
unobserved gene expression levels for the Xenium-brain dataset, which is a
Xenium-based dataset, shown in Supplementary Note 2.

To demonstrate the contribution of VISTA in imputing unmeasured
genes across different data scales, we also include one ST (Visium)-scRNA-

seq pair (denoted as Visium-mouse) from mouse muscle tissue39,40. This
dataset has a smaller number of spots (982) compared with other datasets.
Supplementary Fig. 4 shows that VISTAwith the uncertaintymeasurement
can still outperform selected baselines in three out of four metrics,
demonstrating our flexibility in handling data with different scales. More-
over, to summarize our superiority, we included heatmaps marked with
statistical test significance between VISTA_gene versus all other methods,
shown in Supplementary Fig. 5. This figure shows that VISTA can produce
results with significant improvement versus most of the selected baselines
across various datasets and metrics. Therefore, VISTA, as a method
empowered by uncertainty quantification, could be a better candidate for
the imputation task.

We also test the effect of different embedding-fusion methods,
including addition (Addition), mean (Mean), and concatenation (Concat),
and visualize the performance difference in Supplementary Fig. 6.
According to thisfigure, addition is a generally better approach.To compare
the performance of different methods across all the datasets (the osmFISH-
brain dataset, the Xenium-breast dataset, the Xenium-brain dataset, and the
seqFISH-embryo dataset) comprehensively, we averaged the rank of dif-
ferent methods in each dataset and summarized them in Supplementary
Fig. 7a. VISTA outperformed othermethods in three out of four datasets by
considering the average rank, which implied the strength for imputing
missing genes.

The analysis of uncertainty estimation emphasizes the collection
of paired sequencing data
Since the improvement of the uncertainty quantification for the seqFISH-
embryo dataset and the Xenium-brain dataset was not clear, we delved into
the conditions under which uncertainty quantification can work well as the
explainability of VISTA. We hypothesized that the reliability of the impu-
tation results is related to the similarity between the reference scRNA-seq
and the target spatial data, with results shown in Supplementary Fig. 8a–c.
We used the pre-computed correlations of each shared gene between the
reference dataset and the target dataset, plotted the relation between cor-
relations anduncertainty scores, and then computed the SCCbasedon these
two metrics. For the Xenium-breast dataset, we found that the SCC is
negative and significant, which supports the rationality of our uncertainty
quantification method. However, for the results based on the rest two
datasets, the correlation was not at a similar significant level (p-value = 0.07
for the Xenium-brain dataset and p-value=0.16 for the seqFISH-embryo
dataset). Therefore, we advocated the collection of this type of data for
analyses.

The robustness of uncertainty estimation and neighbor
searching
Sinceouruncertainty estimationmethods require the computationof vector
similarity as well as the sampling of cells, it is important to demonstrate the
robustness and the rationale of the current solutionwith sensitivity analysis.
We first considered replacing the cosine similarity (CS) with Euclidean
distance (ED) and selected genes with lower ED as genes with higher cer-
tainty, and the comparison is shown in Supplementary Fig. 9a. According to
this figure, EDdid not performwell in selecting genes with high imputation
reliability,which suggests the limitationof usingED to compute thedistance
of high-dimensional data. Furthermore, we also considered alternating the
number of sampled cells (L) and the result is shown in Supplementary
Fig. 9b. Based on this figure, the results are not sensitive to the choice of L,
and thus our uncertainty estimation approach is robust with respect to the
tuning.

Wealso considered adjusting the solutionsof neighbor searchingbased
on spatial locations in FAISS43, including L2 distance (L2), Inner Product
(IP), and Locality Sensitive Hashing (LSH), and the results are shown in
Supplementary Fig. 9c. Based on this figure, we also found that using dif-
ferent strategies for neighbor searching did not change our results appar-
ently, and thus our method is also robust to different neighbor searching
approaches.
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We finally explored the effect of approaches to compute the uncer-
tainty metric with different statistics, including variance, median, and the
combination of these statistics, shown in Supplementary Fig. 10, which
shows that the contribution of the variance-based approach is not as good as
filteringgenesbasedon themedianvalue evaluatedbasedonall fourmetrics.

VISTA facilitates the discovery of CCIs and SV genes
The process of imputingmissing genes in spatial transcriptomics is a critical
step for enhancing the resolution of biological functions at the molecular
level. One primary goal of this imputation is to enable the identification of
SVgenes and thediscovery of ligand-receptorpairs that are essential forCCI
studies, which are central to understanding the complex communications in
tissue microenvironments. Before deploying the imputation models on the
entire Xenium-based datasets, a preliminary assessment of the scalability of
thesemodelswas essential to ensure their feasibility in processing large-scale
data without computational constraints. This scalability check is needed to
identify any models that may not have been initially designed to handle
datasets of such scale, as indicated by the reference to Fig. 4a.We found that
some models including TransImp and gimVI encountered OOM errors
when dealing with the extensive Xenium-based datasets (with gimVI failing

specifically on the Xenium-brain dataset), VISTA retained its robust per-
formance. Notably, VISTA was not only capable of processing all three
datasets but also maintained a relatively stable running time, even as the
scale of the datasets increased. This suggests better scalability of VISTA,
making it a desirablemodel for large-scale spatial transcriptomic data. Such
efficiency is important, where the volume of data is rapidly growing, and the
computational demands are continually escalating.

Firstly, we considered evaluating the clustering performance of
imputation results. We computed the Normalized Mutual Information
(NMI), Adjusted Rand Index (ARI) and Average Silhouette Width (ASW)
scores44 based on the clustering after imputation and the original cell-type
labels. According to Fig. 4b for the osmFISH-brain dataset, VISTA achieved
the bestNMI score and itsARI andASWscoreswere comparable to the best
model. Based on Fig. 4c for the Xenium-breast dataset, VISTA achieved the
best scores for threemetrics, and surpassedTangramandSpaGE.According
to Fig. 4d for the seqFISH-embryo dataset, VISTA still performedwell in the
comparison based on the NMI and ARI scores. These results suggest that
VISTA is not only robust in imputing missing data but also excels in pre-
serving the biological information of the raw data. The original cell-type-
specific information appears to be well-retained after imputation, as
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reflected in thehigh scores across differentmetrics. Thisfidelity in clustering
post-imputation is crucial, as it ensures that subsequent biological inter-
pretations and analyses remain grounded in the cellular heterogeneity
before imputation.

Secondly, we considered evaluating the ability of imputation results on
SV gene identification. Here, we used bothMoran’s I score45 and SpatialDE
(as well as SpatialDE2)26,46 scores to evaluate the correlation between gene
expression and spatial location. These two methods have less sensitivity to

induced sparsity and SpatialDE has a low false-positive rate47, and other
comparable methods including SPARK-X48 had OOM errors in analyzing
large-scale imputed spatial data. We described these two scores in the
Methods section. According to Fig. 4b–d, all methods except Tangram and
SpaGE performed well. SpaGE did not find genes whose expression levels
were related to spatial location because Moran’s I score was 0. Moreover,
VISTA achieved good and stable scores across the three datasets for both
Moran’s I score and SpatialDE score. We also compared the imputed gene
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expression levels of SV genes and Highly Variable (HV) genes. Figure 4e
shows that the imputed SV genes discovered by SpatialDE had similar
expression patterns with the HV gene identified in the paired scRNA-seq
dataset.Due to the running time limit,we recorded the SVgene identifiedby
Moran’s I test rather than SpatialDE and HV gene from paired scRNA-seq
dataset for the Xenium-breast dataset, shown in Fig. 4f, with similar con-
clusions. Therefore, VISTA’s results incorporate gene variance from paired
scRNA-seq data and exhibit similar patterns spatially so we may gain more
insights to analyze the similarity among multi-omic data. Overall, these
evaluations demonstrate the effectiveness of VISTA in preserving and
revealing the spatial heterogeneity of gene expression, which is crucial for
understanding the spatial biology of tissues. The stable performance of
VISTA across different datasets and metrics demonstrates its utility in the
analysis of spatial transcriptomics.

Finally, we evaluated the performance of different methods in dis-
covering ligand-receptor pairs. Based on Fig. 4b, the performance of VISTA
was comparable to gimVI and both had promising scores. Based on Fig. 4c,
VISTA ranked 2nd in the comparison. Based on Fig. 4d, VISTA out-
performed Tangram, SpaGE, and TransImp for the seqFISH-embryo
dataset. Moreover, Tangram did not perform well across all three datasets,
suggesting its limited performance in identifying ligand-receptor pairs. To
explore the ligand-receptor pairs discovered in the imputation results by
VISTAqualitatively, we display the bubble heatmaps for the Xenium-breast
dataset in Fig. 4 (g). These identified pairs may piece together complex
cellular communication, and lead to a deeper understanding of the func-
tional organization of tissues and potentially highlight targets for ther-
apeutic intervention. For example, we discovered specific highly-expressed
pairs KDR-PECAM149,50, KDR-CDH551, and CD34-SELL52 between
immune cells andmalignant tumor cells, thus these genes play an important
role for the control of cancers. Overall, the evaluation of VISTA in the
context of ligand-receptor pair discovery underscores its potential as a tool
for elucidating cell-cell interactions within various biological systems. We
also explored the difference between treating the imputed data as scRNA-
seq data and treating the imputed data as spatial transcriptomic data, with
the results summarized in Supplementary Note 3.

Supplementary Fig. 7b shows the average rank of metrics we used in
this section.VISTA still outperformed the rest of themethods in three out of
four datasets. Therefore, the results imputed by VISTA can contribute to
various downstream applications.

VISTA facilitates RNA velocity analysis and signaling direction
inference by imputing dynamic properties of genes
Here, we explored spatial RNA velocity inference based on spatial tran-
scriptomic data53,54. By replacing the embedding space with spatial location,
we can uncover the relation between RNA velocity and spatial distribution
by imputing unobserved spliced gene expression and unspliced gene
expression. In this section, we analyzed another Xenium-brain dataset
sequenced by HybISS55.

We examined the capacity of VISTA to deduce signaling directions
within cell-cell communication, a critical aspect of understanding interac-
tions across various cell states.We employedCOMMOT56 to calculate these
signaling directions. Figure 5a contrasts the inferred signaling directions
from spatial data, both pre- and post-imputation. The left panel of thefigure
indicates that prior to imputation, the signaling directions computed by
COMMOT lacked significance. This was exemplified by the FGF signaling
direction, which did not exhibit any discernible pattern in this figure. Post-
imputation results, however, were markedly more substantial. The center
panel reveals a clear signaling direction for CXCL, as discerned from the
imputed data. Similarly, the right panel highlights the ANGPTL signaling
direction, bolstering the same inference. Thus, the ability to impute missing
gene expressions significantly enhances the detection and analysis of sig-
naling directions, yielding more pronounced and interpretable results.

Referencing Fig. 6a, we conducted a comparative analysis of post-
imputation results betweenTransImpandVISTA,using theRNAdata from
the scRNA-seq dataset as ground truth. Given that our imputation was

derived from the scRNA-seq dataset, we anticipated that the spliced and
unspliced RNA profiles in our spatial data would mirror those in the
reference dataset. VISTA adeptly conserved the splicing information,
whereas TransImp disrupted the expected proportional relationship
between spliced andunsplicedRNAamongdifferent cell types, and inverted
the accurate proportion on a global scale. This comparative error analysis is
illustrated in Fig. 6b, suggesting that the imputation of TransImp is
unsuitable for inferring RNA velocity. This is further substantiated by the
analyses presented on the left of Fig. 6c, where RNA velocity was computed
for both imputation methods using scVelo57. The red circle highlights the
outcomes from TransImp, where an incongruous convergence of RNA
velocity in mature neuronal cells is evident. In contrast, the RNA velocity
inferred fromVISTAalignsmore closelywithbiological expectations,where
mature neural cells are developed from immature ones and there is no clear
convergence of RNA velocity in mature cells. Additionally, by employing
VeloVI58, we reassessedRNAvelocity to ascertain the level of uncertainty, as
depicted in Fig. 6d. Notably, most cells demonstrated low intrinsic uncer-
tainty versus higher extrinsic uncertainty, indicating that while the mag-
nitude of RNA velocity inferred from imputation is stable, its directional
consistency is not.

VISTA facilitates knowledge transfer from single-cell scope to
spatial scope
In this section, we extend the capabilities ofVISTA to include the transfer of
perturbation effects from scRNA-seq to spatial datasets, and thus we could
simulate spatial perturbation datasets with different conditions. To simulate
the perturbation case, we decoded the gene expression values using latent
space from spatial data and decoder part for scRNA-seq data. To evaluate
simulation results, we selected real datasetswith targeted perturbation effect
and computed the correlation between simulated expression profiles and
real expression profiles. Firstly, we explored the ability of VISTA to transfer
the gene expression levels with diseased information as the special case of
perturbation from reference scRNA-seq59 to target spatial data60.We treated
the scRNA-seq dataset and the spatial dataset as paired datasets. In total, we
have four controlled datasets and four diseased datasets with different ages,
thuswe separated them into two groups.Herewe considered two controlled
datasets (one from an 8-month-old mouse, the other from a 13-month-old
mouse) and two datasets with Alzheimer’s disease (AD) (one from an 8-
month-old mouse, the other from a 13-month-old mouse). We utilized the
diseased scRNA-seq dataset as a reference dataset and trained VISTA to
transfer the spatial data with the controlled case into the diseased case.

SupplementaryFigs. 12 and13 showthe results for the8-monthdataset
and 13-month dataset, respectively. Supplementary Figs. 12a and 13a show
the cell-type distribution in the spatial space for AD datasets and control
datasets, andwe foundobvious cell-typeoverlapbetweenpaireddatasets. To
investigate the correctness of the transferred information based on VISTA,
we visualized the overlapping top 10 DEGs from paired datasets with two
cases for 8m and 13m in Supplementary Figs. 12b and 13b. For the over-
lapped DEGs, the generated AD dataset showed similar patterns compared
with the real AD dataset. To perform quantitative comparisons, we com-
puted the differences in gene expression (Δexp) between the spatial dataset
with the AD condition and the spatial dataset with the control condition
based on Microglia (Micro) cells. Supplementary Fig. 12c shows the Δexp
calculated based on the imputed 8m AD dataset and the observed 8m AD
dataset. The SCC between these two arrays of Δexp was 0.41 (p-value=1.1e
−104). The observation is similar based on Supplementary Fig. 13c for the
13m AD dataset. Therefore, VISTA can successfully simulate the spatial
dataset with the AD case. For the other group, we had similar conclusions
from Supplementary Fig. 14 and Supplementary Fig. 15.

Moreover, we also considered large-scale spatial data ( ~800,000 cells)61

sequenced from lung tissue with cancer using MERFISH, as well as large-
scale scRNA-seq data ( ~200,000 cells)62 with diseased information. Sup-
plementary Fig. 16a shows the cell-type distribution of the spatial data we
used,with clear spatial patterns forEpithelial cells andFibroblasts cells.After
the imputation by VISTA, the specific clustering patterns of these two cells
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were also preserved, shown in Supplementary Fig. 16b. Therefore, using the
gene expression information after imputation, we could identify more
spatial-induced genes for cells from lung cancer samples. The DEG iden-
tification after imputation is shown in Supplementary Fig. 16c. This dis-
covery might contribute to the research of in-silico treatment63 for lung
cancer.

Utilizing a perturbed mouse brain dataset derived from perturb-seq64

as the scRNA-seq reference, we further assessed the fidelity of transferring
perturbation signatures to the previously utilized osmFISH-brain spatial
dataset. As depicted in Supplementary Fig. 17a, the low expression levels of
the perturbed gene Ank2 demonstrate the retention of perturbation effects
through our transfer process. Additionally, Supplementary Fig. 17b indi-
cates a reduction in the disparity of cell-type distributions post-imputation,
suggesting a spatial manifestation of gene perturbation effects. To quanti-
tatively analyze the results we obtained, we selected the genes from the IN1
module, which is affectedby the perturbation of geneAnk264, and computed
the correlation between the gene-gene correlation coefficients of the
imputed spatial dataset and reference scRNA-seqdataset. InSupplementary
Fig. 17c, we visualize the correlation with their SCCs. We showed that our
imputation process may transfer the perturbed information from reference
scRNA-seq data into target spatial data. Further analysis of expression
changes in genes common to both datasets, illustrated in Supplementary

Fig. 17c, d, confirms the impact of perturbations on gene expression
patterns.

VISTA imputes spatial transcriptomic data for spatial RNA velo-
city inference
For scRNA-seq datasets with spliced and unspliced RNA information, we
could simulate the spatial transcriptomic data with perturbation by using
dynamo65. We imputed the corresponding spatial data with both spliced
gene expression and unspliced gene expression. We then computed the in-
silico perturbation using the RNA velocity from spatial data. We illustrate
the dynamic relation of different neural cell types in Supplementary Fig. 18a,
and the dynamic relation corresponded to the differential stages of
cells55,66–68 showed strong signals. Therefore, we had biological support for
the in-silico perturbation inference. We show the perturbation results by
suppressing Gata1 in Supplementary Fig. 18b and Spi1 in Supplementary
Fig. 18c. From thesefigures, we found that the trajectorywas changed in this
process and detected fewer trajectory patterns. The activation of these two
genes plays an important role in the development of the nervous system69,70,
suggesting the potential utility of our computation results. Since there are no
available datasets for spatial transcriptomic sequencing with perturbation71

as far aswe know, our experiments posed two approaches to simulate spatial
data under different perturbations for possible downstream analysis72.

a

b

Raw VISTA-CXCL VISTA-ANGPTL

Raw VISTA

c

Neuron

Neural
crest

TransImp

Fig. 5 | Analysis of signal direction and spatial variation. a Results of signal
direction based on raw spatial data and imputed spatial data. The left figure repre-
sents the signal direction of the FGF pathway based on raw spatial data. The middle
figure represents the signal direction of the CXCL pathway based on imputed spatial
data. The right figure represents the signal direction of the ANGPTL pathway based
on imputed spatial data (sample size (n) = 4000). bVisualization of spatial variation

based on UMAP. The left figure represents the spatial variation of raw spatial data
and the right figure represents the spatial variation of imputed spatial data (sample
size (n) = 160,000). c Expression levels of DEGs for cells with spatial-induced cell
types. The upper figures represent the DEGs of neuron cells and the bottom figures
represent the DEGs of neural crest cells (sample size (n) = 160,000).
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Discussion
Spatially resolved transcriptomics at the single-cell level afford the
exploration of cell types and gene patterns across various spatial scales. Yet,
the breadth of such analysis was previously constrained by the number of
analyzable genes and the cell capture capacity. With the advent of Xenium,
we can concurrently sequence numerous cells, circumventing the cell
limitation issue.

Existingmodels provide useful baselines but face major scalability and
efficiency limitations on large spatial datasets. SpatialScope encounters
memory issues, while gimVI cannot integrate spatial context and suffers
from OOM errors on Xenium data due to inefficient architecture73. Tan-
gram’s full-batch mode causes OOM, and its mini-batch variant optimizes
locally and relies on temporary file storage74. SpaGE’s linear regression in

PCA space fails to capture complex spatial patterns and depends on CPU
computation, reducing speed. TransImp improves imputation accuracy but
cannot scale or quantify uncertainty. In the Xenium era, the key challenges
are accurate imputation and high computational efficiency.

VISTA is a robust solution capable of overcoming the challenges that
its predecessors face. Its unique design allows us to handle both small-scale
and large-scale spatial data, offering superior performance in various sce-
narios, including those that require uncertainty quantification. The scal-
ability ofVISTA is enhanced by its compatibilitywithGPUacceleration and
its efficient mini-batch training approach, making it a viable option for a
wide range of academic research settings due to its reasonable run times on
contemporary hardware. The generative model at the core of VISTA sup-
ports uncertainty quantification through sampling techniques.
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Fig. 6 | Analysis of spatial RNA velocity inference. a Comparisons of spliced/
unspliced gene expression proportions. The left panel represents the proportions of
the reference scRNA-seq datasets. In the right part, the upper panel represents the
proportions of the imputation results based on VISTA, and the bottom panel
represents the proportions of the imputation results based onTransImp (sample size
(n) = 20). b Comparisons of the errors between VISTA and TransImp. The errors
here aremean absolute errors (MAEs). The left panel represents the errors for spliced
RNA and the right panel represents the errors for unspliced RNA. The p-value based

on Wilcoxon Rank-sum test of this comparison is also shown in the panel (sample
size (n) = 20). c The visualization of RNA velocity based on spatial location using
scVelo. The left panel represents the results based on TransImp, and the right panel
represents the results based on VISTA (sample size (n) = 4000). d The visualization
of RNA velocity based on spatial location using VeloVI. The left panel represents the
inference output, the middle panel represents the distribution of intrinsic uncer-
tainty, and the right panel represents the distribution of extrinsic uncertainty.
(sample size (n) = 4000).
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Our investigation extended to various downstream applications uti-
lizing imputed results. Firstly, we identified marker genes and DEGs after
imputation for spatial data with cell-type annotation. Secondly, we dis-
coveredgeneswith spatially expressedpatterns byfinding SVgenes.We also
discovered ligand-receptor pairs after imputation. Thirdly, we demon-
strated the power of VISTA for imputing spliced genes and unspliced genes
for spatial data andused the imputation results to infer spatial RNAvelocity.
Moreover, we also analyzed the signal direction of some pathways to figure
out significant patterns related to cell-cell communication. We also dis-
cussed the influence of imputation on variation decomposition for spatial
data and discovered genes with more significant associations with spatial
variation. Finally,we exploredpossible knowledge transfer fromthe scRNA-
seq domain to the spatial domain. Therefore, the imputation through
VISTA offers biological discoveries in different dimensions.

Our flexible input feature design enables the imputation of additional
modalities, such as Antibody-derived Tags (ADTs)75 and chromatin
accessibility data from single-cell ATAC sequencing (scATAC-seq)76. The
versatility of VISTA is further illustrated by its applicability to different
datasets of similar tissues, a process facilitated by transfer learning77.
Although we have demonstrated the superiority of VISTA with various
experiments, there is room for further improvement. For example, the
training of VISTA based on atlas-level data is not stable and requires
methods such as gradient clipping to reduce large gradients, andwe also did
not fully discuss the criteria to select a good reference scRNA-seq dataset for
spatial transcriptomics data with different resolutions. In the future, we will
consider developing a more unified tool to perform imputation.

Methods
Problem definition
Consideringwehave gene expressionprofilesXN,G andX0N 0;G0 to represent
thedata fromscRNA-seqprotocols and thedata fromspatial transcriptomic
protocols, where these two profiles came from the same tissue and G0 is a
subset of G. Our target is to learn a model M, which can impute the
unobserved genes in spatial transcriptomic data as X0N 0;G0 ¼ MðX0Þ. We
are also interested in estimating the corresponding uncertainty levels for
each cell and each gene. The related downstream applications after impu-
tation are explained later in the Methods section.

Anchor genes pre-processing
Since we observed that not all the shared genes from scRNA-seq data and
SST data are strongly correlated, and some may even have a negative PCC
based on Supplementary Figs. 19 (a)-(c), a filtering process is needed for
both performance and reliability improvement. Here we consider two
vectors representing shared cell-type labels as cM,1 fromthese twodatasets.M
represents the number of shared cell-type labels. We average cells from the
same cell types by measurement protocols to generate the pseudo-bulk
samples XM,G and X0M;G0

. By assumingG0 � G, we take the common genes
and compute the PCC for each gene g 2 G0, to extract the correlation and
significance for each gene:

8g 0 2 G0; r; p ¼ Pearson Correlation ðXM;g ;X0M;gÞ: ð1Þ

The output variable r represents correlation and p represents p value.
We then filter genes with r ≤ 0.5 or p ≥ 0.05 by our default design. The
remaining genes are treated as anchor genes and used for constructing the
updated G0. We also tested the performances of Spearman correlation but
we did not recommend it because the Spearman correlation coefficients of
genes are almost all non-significant (p-value > 0.05), which substantially
decreased the size of training dataset and introduced false-negative bias. If
users do not intend to include cell types for both reference scRNA-seq data
and SST data, they can skip this step.

Generative model of VISTA
The design of this section is inspired by Lopez et al.19 as a Variational Auto-
encoder (VAE)78. We assume the following generative process to model the

common components of gene expression of scRNA-seq as xmg and the gene
expression of spatial transcriptomic data x0ng 0 :

zn � N 0; Id
� �

;

ρn ¼ f ηðzn; snÞ;
‘n � logNormal μn; σ

2
n

� �
:

ð2Þ

Herewe use zn to represent the shared biology component between the
two protocols, and Id represents an identity matrix with size (d, d). For each
celln, wehave abinary variable as sn to specifywhether the cell is capturedby
scRNA-seq or spatial experimental protocols. Let G donate the set of genes
captured by scRNA-seq, and G0 donate the set of genes captured by spatial
transcriptomic data. We assume G0 � G. We denote a neural network fη

with parameters η tomodel the probability simplex by generating a variable
ρn. Such variables can be interpreted as the normalized frequencies of each
gene g of one cell. ℓn is used to model the log-library size of scRNA-seq data
withmeanμ andvariance σ2n. Correspondingly,wehave ‘

0
n tomodel the log-

library size of spatial transcriptomic data. Since the technical variation of
spatial data is not large, ‘0n is not a random variable but the number of
original gene transcripts in a given cell.

Tomodel the gene expression from scRNA-seqmeasurement, we treat
the observed gene expression for each cell is conditioned on variable set
{ℓn, zn, sn} and the gene expression can be sampled based on overdispersed
count data distributions:

xng �
ZINB ‘nρng ; θg ; f

ν
g zn; sn
� �� �

;

or

NB ‘nρng ; θg

� �
;

8>><>>: ð3Þ

where ZINB represents zero-inflated negative binomial distribution, and
NB representsnegative binomial distribution. θg represents a vector of gene-
specific inverse dispersion parameters. Such options are provided by gimVI
and we model the gene expression data by ZINB in this manuscript.

Tomodel the gene expression from spatial experimental protocols, we
first re-normalize the expressed gene frequencies based on:

8g 0 2 G0; ρ0ng0 ¼
ρng 0P
g2Gρng

; ð4Þ

because we subset the genes from G0. Therefore, we can model the gene
expression x0ng 0 also based on f‘0n; zn; sng as

x0ng 0 � NB ‘0nρ
0
ng 0 ; θ

0
g 0

� �
; ð5Þ

where θg represents a vector of gene-specific inverse dispersion parameters.
Such design follows the modeling process of gimVI.

Posterior inference and graph neural network construction
of VISTA
Thedesign of this section is inspired by19, andweutilize a Bayesian inference
approach conditioned on spot neighbors to optimize the parameters in the
givenmodel. During the training process, to handle the large-scale datasets,
we implement an approach based on node sampling to generate neigh-
borhoodgraphs for each cell in the givenbatch. For a batchwith batch sizen,
we samplen cells fromthe total spatial data and compute theneighbor graph
based on these cells. That is,

cn ¼ NodeSampleðfcNgÞ;
en ¼ ExtractGraphðcn;N nÞ;

ð6Þ

whereN n represents the neighbor sets of all the cells in cn. We implement
the edge generation process based on FAISS43 for acceleration.
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For the data from two different protocols, we can decompose the
objective function as

L ¼
XN
n ¼ 1

sn ¼ 0

log pΘ xnjsn
� �þ XN

n ¼ 1

sn ¼ 1

log pΘ x0njen; sn; ‘0n
� �

;
ð7Þ

where N represents the total number of samples, and pΘ represents the
distribution under different conditions. The parameters we intend to
optimize in the generative model are represented asΘ ¼ fη; ν; θ; θ0g. Since
it is hard to perform exact posterior inference here, we utilize variational
inference to access the posterior distribution.

Considering we have two distributions qϕ1 based on scRNA-seq data
and qϕ2 based on spatial data.We can first encode the cell-level embeddings
z based on a non-linear MLP FθC

ðxÞ, and thus we have

z ¼ FθC
ðxÞ: ð8Þ

Furthermore, we intend to learn the joint latent space for these two
modalities and for data from spatial transcriptomics, so we also connect a
GraphAttentionNetwork (GAT)79 to capture the neighbor information for
spatial transcriptomic data. Considering i and j are two indices of neighbor
spots in the training batch, the computation can be represented as

bhi ¼ WFθS
ðx0Þ;

eij ¼ LeakyReLU aT ½bhi k bhj�� �
;

αij ¼
expðeijÞP

k2N ðiÞ∪ fig expðeikÞ
;

z0i ¼ ReLU
X

j2N ðiÞ∪ figαij
bhj� �

;

ð9Þ

where FθS
is a non-linearMLP to learn the initial embeddings,W and a are

learnable parameters, LeakyReLU,ReLUare the default activation functions
forGAT, exp is the function of exponential computing, andN ðiÞ represents
the set of ith spot’s neighbors. The final updated z0 represents the spot-level
embeddings with spatial context.

Therefore, to formalize the joint distribution, we have

qϕ1 ðz; ‘jx; sÞ ¼ qϕ1 ðzjx; sÞqϕ1 ð‘jx; sÞ;
qϕ2 ðzs; ‘

0jx0; sÞ ¼ qϕ2 ðzsjx
0; sÞ; zs ¼ z þ z0;

ð10Þ

where these distributions are Gaussian with diagonal covariance matrices,
and we can utilize a neural network to generate the parameters of these two
distributions,whichhas beendiscussed above.Here e represents the edgesof
the neighbor graphs of samples in z. This setting can also be treated as a
version of the mixture-of-expert (MoE) design with one expert focusing on
scRNA-seq and the other expert focusing on spatial transcriptomic data80.
The evidence lowerbound (ELBO) of these two modalities are

log pΘðxjsÞ≥Eqϕ1 ðz;‘jx;sÞ
log pΘðxjz; s; ‘Þ

�DKL qϕ1 ð‘jx; sÞ k pð‘Þ
� �

�DKL qϕ1 ðzjx; sÞ k pðzÞ
� �

;

log pΘ x0je; ‘0; sð Þ≥Eqϕ2 zsjx0;sð Þ log pΘ x0jzs; s; ‘0
� �

�DKL qϕ2 ðzsjx
0; sÞ k pðzsÞ

� �
:

ð11Þ

Here e still represents edges. We then optimize the neural networks to
obtain the bestmodel, and the aggregation between the latent space as input
and the output of GAT is inspired by residual learning81. From the domain
adaption theory given by Blitzer et al.82, we also refer to the implementation

of gimVI and add an adversarial classifier for reducing the distribution shift
between spatial data and scRNA-seq data. Reliably imputed genes should be
either well fitted by VISTA or well fused in the joint latent space.

We show the contribution of MLP and GNN in Supplementary
Figs. 20a, b. Supplementary Fig. 20a demonstrates that the embeddings
generated by MLP can capture more cell-type-specific information, while
cell embeddings generated byGNNaggregate spatial information and show
strong clustering signals for certain cell types. Moreover, Supplementary
Fig. 20b demonstrates that introducing information disentanglement for
expression signals and spatial signals do not help on learning a better
representation, which is possibly caused by cellular heterogeneity.

For themissing gene imputation step, we consider a gene gi 2 G� G0,
which ismissing in the spatialmeasurement.We sample the variable zbased
on the posterior distribution pΘðzjx0; s ¼ 1Þ and we use our neural net-
works to compute the missing gene expression x0iðzÞ for all the cells in the
spatial domain. The mixture model of VISTA is shown in Supplemen-
tary Fig. 21.

Uncertainty estimation
We offer the uncertainty estimation at both the cell level and the gene level.
Both estimation processes are based on the distribution of the generative
model: x0ng 0 � NBð‘0nρ0ng 0 ; θ0g 0 Þ and we denote ‘0nρ

0
ng 0 ¼ �vng , where �vng

represents the mean of our NB distribution. The estimation process is
inspired by VeloVI58.

For the gene-level uncertainty estimation, we sample L examples for all
the cells and gene g. Therefore, the uncertainty for this gene, known as δg,
can be defined as follows:

δg ¼ 1�median
vjg � �vg
vjg

��� ��� �vg

��� ���
8<:

9=;
L

j¼1

0B@
1CA: ð12Þ

Here vjg represents the jth sample we generate from our output dis-
tribution, andwe compute themedian value of the cosine similarity between
the sampled value and mean value. We set L ¼ minðN 0

10 ; 100Þ if we haveN 0

cells from spatial data. We use gene-level uncertainty to determine which
geneswe can trust after imputation, andwe select geneswhoseuncertainty is
lower than the median value for comparison in our experiments.

Similarly, for the cell-level uncertainty estimation, we sample L cells for
cell c and all genes. Therefore, the uncertainty of this cell, knownas δc, can be
defined as follows:

δc ¼ 1�median
vjc � �vc
vjc
��� ��� �vc

�� ��
8<:

9=;
L

j¼1

0B@
1CA: ð13Þ

We also set L ¼ minðN 0
10 ; 100Þ if we have N 0 cells in spatial data.

Experiment design
In the benchmarking analysis of imputation accuracy for the four datasets,
we split the overlap genes between scRNA-seq datasets and spatial datasets
into training datasets (approximately 70% of the genes; among these genes,
10% genes are used for validating) and testing datasets (approximately 30%
of the genes)83. Different methods have their specific design for splitting
training datasets into training datasets and validation datasets. Our graph is
constructed based on the spatial locations. The encoder for gene expression
profiles is MLP, while the encoder for spatial information is GAT. The
default optimizer is Adam. To reduce thememory usage, we implement the
adaptive neighbor size selection for graph construction and adaptive mini-
batch selection for model training. These two hyper parameters are related
to memory limit and performance optimization.

To study the stability, we changed the random seeds from 0 to 9 for
everymethodduring the experiments.Thenweadjust thehyper-parameters
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of different methods to achieve their best performance in each dataset. The
hyper-parameter adjustment information can be found in Supplementary
Note 1. In the benchmarking analysis of biological functions, we impute all
the missing genes of spatial data based on different methods and perform
evaluation.

Baseline models explanation
In our benchmarking process, we consider seven baseline methods in total
for comparison, including gimVI, Tangram, SpaGE, TransImp, ENVI,
SpatialScope, and SpaIM. These methods are randomly ordered. We also
included TISSUE for benchmarking the performance of uncertainty
estimation.

gimVI19 also models the gene expression from these two modalities
into a joint latent space and uses variational inference to generate the output
distribution and impute the expression levels of missing genes. However,
gimVI does not consider the neighborhood relation in the spatial data and
its implementation is not efficient, as shown in our results.Moreover, gimVI
meets OOM errors in our benchmarking process.

Tangram24 is a model based on optimal matching. Tangram learns the
best match relation between scRNA-seq data and spatial data by learning a
mapping function and then performs the imputation based on minimizing
the loss of such mapping function. However, Tangram is not scalable and
the batch version of Tangramdoes not consider the difference between local
optimal solutions and global optimal solutions.

SpaGE17 is a model based on dimension reduction and regression. It
firstly reduces the high dimensions of the input data, and in the joint low-
dimensional space, it trains a regression model to impute the value of
missing genes. However, SpaGE is not efficient for Xenium-based data with
moderate performance.

TransImp28 is a model based on regression and spatial information
regularization. It also relies on dimension reduction for the first step, and in
the regression step, it considers bothminimizing the loss between predicted
data and ground truth data and minimizing the difference of spatial
information. However, TransImpmeets OOM errors in our benchmarking
process and its imputation results lead to poor performance for some
downstream applications, for example, RNA velocity inference.

ENVI20 is a model based on conditional auto-encoder. It learns the
embeddings of scRNA-seq data andmultiplexed spatial transcriptomic data
simultaneously and decodes the embeddings to expression space for
imputation. However, ENVI meets OOM issues in our benchmarking
process.

SpatialScope21 is a model based on diffusion model for different tasks
related to spatial data. The authors pre-train a generative model based on
scRNA-seq data to have a checkpoint. Then they load the model from the
checkpoint to fine-tune it based on both scRNA-seq data and spatial data to
fill themissing gene expression levels of spatial data basedonmodelling joint
distribution. SpatialScope meets OOM issues in all the datasets we used.

TISSUE29 is a framework for evaluating the reliability of imputation
results. TISSUE treats the training dataset as a calibration dataset and
computes theuncertaintymeasurement scorebasedon the spatial neighbors
of the calibration dataset. Thefinal lower and upper prediction errors can be
estimated based on the distribution of calibration scores. In our experi-
ments,weonly considered thedefault and recommendedversionofTISSUE
based on SpaGE.

SpaIM37 performs imputation by learning the styles of spatial data and
scRNA-seq data, and then transfers the style from scRNA-seq data to the
spatial domain and performs imputation.

The contribution of imputation for advancing spatial tran-
scriptomics analysis
By imputing the unmeasured genes’ expression levels based on VISTA, we
are capable of gaining more information to better analyze a spatial tran-
scriptomic dataset and make biological discoveries, respectively. In this
manuscript, we consider several biological applications which can only be
performed after imputation. The first application is the discrimination of

cell-type-specific information. Since imputation can help us detect more
expressible marker genes for a given cell type, we expect that we are able to
better distinguish the characteristics of different cell types through cluster-
ing. Secondly, we can discover more cell-cell interactions by performing
statistical tests basedonmore expressed genes, andmost of the existingCCIs
before imputation can be preserved. Thirdly, observing more expressed
genes can also help us better characterize variation contributed by biological
signals and spatial signals and decompose them. Finally, imputation allows
us to model the dynamic change of gene expression across both time and
space. If we utilize a scRNA-seq dataset with spliced and unspliced gene
expression information, we can impute a spatial transcriptomic dataset with
VISTA and perform RNA velocity analysis based on the given spatial
dataset.Moreover, if the scRNA-seq data contain perturbation information,
we can also perform in-silico perturbation for a spatial transcriptomic
dataset with imputation. This application is a demonstration of VISTA’s
transfer learning capacity.Thedetails of the applicationsdiscussed above are
presented in the following sections.

Metrics explanations
Our evaluation analysis involves both statistical metrics and biological
application metrics. The statistical metrics are based on evaluation for
correlation or distribution comparison. The biological application metrics
are based on evaluation for the discovery of spatially variable genes and cell-
cell interactions.

Inspired by Li et al.25, we consider four metrics as statistical metrics,
including Spearman correlation coefficients (SCC), structural similarity
index measure (SSIM), root mean square error (RMSE), and Jensen-
Shannon divergence (JS).

1. SCC. The SCC is defined as

SCC ¼ covðRðxg Þ;Rðexg ÞÞ
σRðxg ÞσRðexg Þ ; ð14Þ

where for gene g, we measure the covariance for the rank of ground truth
gene expression xg and predicted gene expression exg across all the samples.
σ* donates the standard deviation for the given ranks. Higher SCC repre-
sents better imputation performance, and SCC ∈ ( − 1, 1).

2. SSIM38: Firstly, we scale the gene expressionmatrix to (0,1) based on:

x0ij ¼
xij

max j xi1; . . . ; xiN
� �j� � ; ð15Þ

where xij donates the gene expression of gene i in cell j, andN represents the
total number of cells. SSIM is computed as

SSIM ¼ 2euiui þ C2
1

� �
2cov x0i;ex0i� �þ C2

2

� �
eu2i þ u2i þ C2

1

� � eσ2i þ σ2i þ C2
2

� � ; ð16Þ

whereui andeui donate the average expression of gene i across all the cells. σi
andeσ i donate the standard deviation of the expression of gene i across all the
cells. C1 and C3 are set a 0.01 and 0.03 based on. Higher SSIM represents
better imputation performance and SSIM ∈ (0, 1).

3. RMSE. Before computing RMSE, we calculate the normalized score
(z-score) for each gene i across all the cells, that is:

zij ¼
xij � ui

σ i
: ð17Þ

Therefore, for N cells, the RMSE is defined as:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN
j¼1

ezij � zij
� �2vuut ; ð18Þ
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whereezij and zij denote the predicted z-score and ground truth z-score for
gene i in cell j. Lower RMSE represents better imputation performance,
and RMSE ∈ (0, ∞).

4. JS. To compute JS, we first define the Kullback–Leibler (KL) diver-
gence for two probability distributions ai and bi as:

KL ai k bi
� � ¼XN

j¼0

aij × log
aij
bij

 !
; ð19Þ

where aij and bij represent the probabilities of gene i in cell j. For gene i, if we
have Pi and ePi to represent the probability vector of the spatial distribution
using ground truth gene expression and predicted gene expression across all
the cells, we then can define JS as:

JS ¼ 1
2
KL ePij

ePi þ Pi

2

 !
þ 1

2
KL Pij

ePi þ Pi

2

 !
: ð20Þ

For the evaluation of biological applications, we consider three cases: 1.
Evaluating clustering ability; 2. Identifying SV genes; and 3. Identifying cell-
cell interaction pairs.

To evaluate the clustering ability, we use three metrics: NMI, ARI, and
ASW for evaluation.We choose Louvain84 as the clustering approach based
on the imputation results and treat the original annotation of cell types as
ground truth.

1. Normalized Mutual Information (NMI): We calculate NMI score
based on computing the mutual information between the optimal Louvain
clusters and the known cell-type labels and then take the normalization.
Therefore, NMI ∈ (0, 1) and higher NMI means better performance.

2. Adjusted Rand Index (ARI): We calculate ARI score by measuring
the agreement between optimal Louvain clusters and cell-type labels.
Therefore, ARI ∈ (0, 1) and higher ARI means better performance.

3. Average Silhouette Width (ASW): Here we only consider ASW for
cell types. For one cell point, ASW calculates the ratio between the inner
cluster distance and the intra cluster distance for this cell. Therefore, higher
ASWcell means better biological information preservation. For ASWcell, we
take the normalization, that is:

ASWcell ¼
ASWraw

cell þ 1
2

:

ASW ∈ (0, 1), higher ASW means better performance.
Here we consider two approaches to identify SV genes, known as

Moran’s I score45 and SpatialDE26 score.
1. Moran’s I score. Moran’s I statistics can test the auto-correlation for

spatial data. For one gene, if the correspondingMoran’s I statistics is Ig, then
we can compute the zg score by normalization:

zg ¼
Ig � E½Ig �ffiffiffiffiffiffiffiffiffiffi

V½Ig �
q ;

E½Ig � ¼
�1
n� 1

;

V ½Ig � ¼ E½I2� � ðE½I�Þ2:

ð21Þ

Under the null hypothesis, zg ~ N(0, 1). We then compute the ratio
between the number of genes that are identified as SV genes by setting a
threshold based on the p-value and the number of total genes. Ahigher ratio
represents better performance. The scale of the ratio is [0,1].

2. SpatialDE score. For a gene gwith expressionprofile y= (y1g, . . . , yNg)
acrossN cells in the spatial domain, we define the given spatial coordinates

as O = (o1, . . . , oN). The model of SpatialDE is:

P yg jμg ; σ2g ; δ;Σ
� �

¼ N yg jμg � 1; σ2g �
X

þδ � j
� �� �

; ð22Þ

where μg and σg represent the mean value and standard deviation value for
the given gene, and we can determine δ based on optimization. The null
hypothesis is Nðμg ; σ2g Þ, so we can perform the test and get the corre-
sponding ratio after we have all the p-values. The ratio is defined same as
Moran’s I score’s explanation. We also consider SpatialDE2 as a faster
version accelerated byGPU cores for its estimation of the Gaussian process.
A higher ratio represents better performance. The scale of the ratio is [0,1].

Here we consider three scores to identify cell-cell interaction pairs,
which are known as CellPhoneDB27, CellChat85 and COMMOT56.

1. CellPhoneDB score. We use CellPhoneDB to infer the cell-cell
interactions for all the cells across cell types, suggested by86. CellPhoneDB is
basedon apermutation test.Wefirst shuffle the cell types for all the cells and
take the average of known ligands and receptors in the random cell-type
clusters under this case as the null distribution. Correspondingly, we have
the observed distribution for the ligand-receptor pairs based on the original
cell-type labels. Here also set a p-value threshold for all the discovered
ligand-receptor pairs, and compute the ratio between the number of sig-
nificant pairs and the number of total pairs. A higher ratio represents better
performance. The scale of the ratio is [0,1].

The p-value threshold is set as 0.05 for all of themetrics we used in this
section.

2. CellChat and COMMOT scores. We also use CellChat and COM-
MOTto investigate the influence of treating imputed data as different omics
to the discovery of CCIs. CellChat and COMMOT both use the CellChat
database. CellChat is based on a permutation test for the scRNA-seqdataset,
while COMMOT uses the gene expression levels in the whole spots (cells)
and distance threshold as criteria for spatial transcriptomic data. Here we
use the same ratiowe defined in theCellPhoneDB score section. The scale of
the ratio is [0,1].

Application explanation
Besides the biological applications we have mentioned in the metrics
explanation section, we also consider three applications of spatial data after
imputation, including 1. RNA velocity/signaling direction inference, 2.
Spatial effect (SE) identification, and 3. In-silico perturbation of spatial data.
We do not have ground truth information for these three applications.

For RNAvelocity inference, we select scRNA-seq datawith spliced and
unspliced gene expression as reference data to imputeour target spatial data.
We impute both spliced gene expression and unspliced gene expression for
the spatial data and then run scVelo57 and VeloVI58 after imputation. The
velocity is computed based on the spatial location.

For the signaling direction inference based on cell-cell communication,
we impute the spatial datasets we have and generate the cell-cell signaling
direction after imputation based on COMMOT.

For SE identification, we utilize SIMVI87 to analyze the spatial data
before imputation and after imputation. By analyzing the embeddings for
spatial effect generated by SIMVI with cell types, we can discover cell types
with spatial effect and further genes with spatial effect.

For in-silico perturbation, we consider three conditions. If we intend to
simulate spatial data with the diseased condition, we utilize the reference
scRNA-seq dataset with the diseased condition as input and generate the
corresponding imputed spatial data. If we know the spliced and unspliced
information of the reference scRNA-seq data, we use Dynamo to infer the
RNA velocity of imputed spatial data and then compute the perturbation
under certain genes. If the reference scRNA-seq data has been perturbed
without spliced or unspliced information for RNA velocity inference, we
treat the raw spatial data as input and utilize the output of the decoder
belonging to scRNA-seq data to impute the spatial data with perturbation.
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Data processing
To run VISTA, we keep the raw count data as input since we model the
distribution of gene expressions based on the count data matrix.

For the analysis related to biological applications, we have different
processing steps. For clustering analysis, we normalized and performed
log1p transformation for the rawcountdatamatrix and then selected the top
2000 highly variable genes (HVGs) for the evaluation of the clustering
function. For SVGdiscovery and cell-cell communication discovery, we still
use the raw count data. For the analysis of RNA velocity inference, we
normalized and performed log1p transformation for the raw count data
matrix and then selected the top 2000 HVGs. For the spatial effect identi-
fication, we still use the raw count data.

Statistics and reproducibility
All statistical analyses were performed with the Scanpy package in Python.
Two independent groups’ comparisonswereperformedusing theWilcoxon
rank sum test on metrics, with p-value < 0.05 considered statistically sig-
nificant. For finding significant expressed genes across multiple groups or
segments,weperformedWilcoxon rank sumtest oneachgroup to theunion
of the rest of the group.We used four paired datasets for benchmarking and
cell-cell communication inference, one dataset for RNA velocity inference,
and two datasets for spatial effect estimation.

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

Data availability
Wedid not generate sequencing datasets in this project. The download links
and data statistics are summarized in the Supplementary Data 1. These
datasets are cited as follows: osmFISH-brain (source:6,36), xenium-breast
(source:10,41), xenium-brain (source:10,41), seqfish-embryo (source:42),
starmap-mouse-brain (source:60,88), hybiss-embryo (source:55), and breast-
cancer (source:61). All used datasets are correctly cited in the main text.
Sourcedata are provided in thismanuscript (SupplementaryData 2).All the
datasets are publicly available and have no ethical issues.

Code availability
To run VISTA, we relied on Yale High-performance Computing Center
(YCRC) and utilized one NVIDIA A5000 GPU with up to 150 GB RAM.
The upper bound of running time for analysis is 24 hours. The codes of
VISTAcanbe found inhttps://github.com/HelloWorldLTY/VISTA(also in
Zendo89). The license is MIT license.
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