TH
Nucleic Acids Research, 2025, 53, gkaf158
https://doi.org/10.1093/nar/gkaf158
OXFORD
ANNIVERSARY

Methods

BN
OPEN ACCESS

stAl: a deep learning-based model for missing gene
imputation and cell-type annotation of spatial
transcriptomics

Guangsheng Zou'-/, Qunlun Shen'f, Limin Li ©2, Shuqin Zhang ©1-3-*

School of Mathematical Sciences, Fudan University, Shanghai 200433, China

2School of Mathematics and Statistics, Xi‘an Jiaotong University, Xi’an 710049, China

3Center for Applied Mathematics, Research Institute of Intelligent Complex Systems, and Shanghai Key Laboratory for Contemporary Applied
Mathematics, Fudan University, Shanghai 200433, China

"To whom correspondence should be addressed. Email: zhangs@fudan.edu.cn
fThese authors contributed equally.

Abstract

Spatial transcriptomics technology has revolutionized our understanding of cellular systems by capturing RNA transcript levels in their original
spatial context. Single-cell spatial transcriptomics (scST) offers single-cell resolution expression level and precise spatial information of RNA
transcripts, while it has a limited capacity for simultaneously detecting a wide range of RNA transcripts, hindering its broader applications.
Characterizing the whole transcriptome level and comprehensively annotating cell types represent two significant challenges in scST applications.
Despite several proposed methods for one or both tasks, their performance remains inadequate. In this work, we introduce stAl, a deep learning-
based model designed to address both missing gene imputation and cell-type annotation for scST data. stAl leverages a joint embedding for the
scST and the reference scRNA-seq data with two separate encoder-decoder modules. Both the imputation and annotation are performed within
the latent space in a supervised manner, utilizing scRNA-seq data to guide the processes. Experiments for datasets generated from diverse
platforms with varying numbers of measured genes were conducted and compared with the updated methods. The results demonstrate that
stAl can predict the unmeasured genes, especially the marker genes, with much higher accuracy, and annotate the cell types, including those
of small size, with high precision.
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Introduction

The emergence of single-cell RNA sequencing (scRNA-seq)
technology [1] has revolutionized our understanding of cellu-
lar heterogeneity by measuring gene expression at the single-
cell level. However, scRNA-seq data loses the spatial infor-
mation of cells on tissues during the cell dissociation process,
preventing the association of gene expression profiles with the
spatial behavior of cells. Spatial transcriptomics (ST) tech-
niques [2] allow for investigation of the spatial distribution
of gene expression within tissues and organs by generating
the RNA transcripts’ level in their original spatial context. By
capturing the spatial information of gene expression patterns,
researchers can gain valuable insights into the organization
and function of complex biological systems [2, 3]. Single-cell
spatial transcriptomics (scST) technologies that utilize fluores-
cence in situ hybridization or in situ sequencing, such as seq-
FISH [4], osmFISH [5], MERFISH [6], and STARmap [7] can
offer sing-cell resolution expression and precise spatial infor-
mation of RNA transcripts. Nonetheless, these methods have a
relatively limited capacity for simultaneously detecting a wide
range of RNA transcripts, which restricts their widespread ap-
plications.

One urgent need for the application of scST is to predict
the spatial distribution of undetected transcripts. Imputing
the undetected transcripts provides an opportunity to create
a more comprehensive map of gene expression within tissues,
addressing the limitations of current scST technologies related
to the number of detectable genes. Another critical challenge
in the utilization of scST data is cell-type annotation. Accurate
identifying and localizing the cell types is crucial for under-
standing tissue architecture, function, and disease pathogene-
sis. Despite the availability of numerous cell-type annotation
methods for scRNA-seq data [8-11], their efficacy is limited
by the small number of measured genes in scST data.

Improvements in computational techniques for spatially re-
solved transcriptomics are expected to enable precise predic-
tion of the expression level of the unmeasured genes from
other measured genes by integrating the reference scRNA-seq
datasets. One class of the existing gene imputation methods
is joint embedding-based, including SpaGE [12], gimVI [13],
stPlus [14], and so on. Such methods typically first perform
joint embedding to establish a shared latent space for both
scST and scRNA-seq reference data. Subsequently, for each
cell in scST data, imputation of certain genes is obtained by
using a weighted average of the expression of corresponding
genes in certain cells (usually the k-nearest neighbors) from
scRNA-seq data (e.g., SpaGE, stPlus) or through generative
methods such as gimVI. Mapping-based methods such as Seu-
rat [15] and Tangram [16] can also be applied to gene impu-
tation. Seurat [15] as a well-known package applies canonical
correlation analysis (CCA) to project ST data and scRNA-seq
data into a shared latent space, maps the scRNA-seq data to
the ST data by the learned archors, and imputes the undetected
transcripts of scST with the expression level of corresponding
genes in scRNA-seq data. Tangram [16] learns the mapping
from scRNA-seq data to scST data using a linear combination
of cells in scRNA-seq data to reconstruct the scST data, and
imputes the unmeasured genes using the learned probabilistic
mapping. Some other methods are also dedicated to this area.
ENGEP [17] develops an ensemble learning framework to fuse
results of different scRNA-seq datasets and different impu-
tation models, while TISSUE [18] presents a general frame-

work for estimating the uncertainty in spatial gene expression
predictions.

Considering the complementary information in scRNA-seq
data and scST data, integrating both of them would yield a
richer understanding of cellular identities and their interac-
tions within intricate tissue structures. Many methods have
focused on transferring the well-annotated cell types from ref-
erence scRNA-seq data to ST data. Seurat [15] transfers the
labels by mapping the annotated cells from scRNA-seq data
to scST data in the shared latent space. Tangram [16] transfers
the annotations by the learned linear mapping. scANVI [11]
proposes a variant of its former probabilistic generative model
scVI [19] by introducing a semi-supervised module that lever-
ages the information of existing annotations. Spatial-ID [20]
first generates a series of pseudo labels for scST data and then
constructs a GNN-based model, which is trained and super-
vised with the pseudo labels.

Although several methods have been proposed for missing
gene imputation and cell-type annotation in scST data, only a
few are capable of performing both tasks, and most demon-
strate insufficient performance in either one of the tasks. In-
tegrating both tasks would be advantageous as cells from the
same type should exhibit similar gene expression patterns and
vice versa. Moreover, the spatial information provided by STs
is rich and valuable, yet most existing methods overlook this
information in constructing the model. Additionally, previ-
ous methods typically adopt an unsupervised framework for
imputation, which fails to fully utilize the relationships be-
tween different genes to capture the complex patterns of gene
expression.

Inspired by the limitations of existing methods, we propose
a deep learning-based model called stAl for spatial transcrip-
tomics cell-type Annotation and gene Imputation. This model
can both impute missing genes and assign cell-type labels for
scST data. It first performs a joint embedding for scST and
reference scRNA-seq data with two separate encoder-decoder
modules and then incorporates a maximum mean discrepancy
(MMD) loss into the shared latent space to align the distribu-
tion of the latent codes. Gene imputation is conducted in the
latent space by a weighted combination of the neighboring sin-
gle cells from scRNA-seq in a supervised manner by setting
some measured genes as calibration, while cell-type annota-
tion is also performed in the latent space by a non-linear clas-
sifier trained with labels of the scRNA-seq data. The model is
trained in an end-to-end manner. We conducted experiments
for different datasets with varying numbers of measured genes
and compared them with the updated methods. The results
demonstrate that stAl can give better gene imputation results
and cell-type annotations.

Materials and methods

Cell-type annotation and gene imputation method
for scST data

Overall framework

stAl employs an encoder-decoder-based backbone framework
to effectively capture a shared embedding space for both
scST and scRNA-seq data (Fig. 1). Within the shared latent
space, each sample from the scST data can identify its clos-
est neighbors in the scRNA-seq data using predefined metrics.
Imputation is then performed by generating a weighted lin-
ear combination of the corresponding gene expressions from
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Figure 1. Overview of the model. (A) Data processing. Shared genes from scRNA-seq data and scST data are filtered. Spatial-kNN graph for scST data is
constructed. (B) The backbone module of the stAl model. Enc1 is a GAT encoder that takes the gene expression profile of training genes as well as the
spatial-kNN graph as inputs. Dec1 is an MLP decoder that attempts to reconstruct the input gene profile. Enc2 and Dec2 are MLP-based encoders and
decoders applied to the scRNA-seq dataset. CLF is a classifier trained in a supervised manner on the scRNA-seq dataset. The /IMP module performs the
imputation for the calibration genes. The /IMP module initially learns a similarity score between two datasets. It then utilizes a weighted sum of
measured expression values from calibration genes in scRNA-seq data to impute the corresponding genes in scST data, resulting in the imputed result
X, (C) Training losses of the overall model. (i) Reconstruction loss: the MSE between the input gene expression matrices and the reconstructed
matrices; (ii) consistence loss: the cosine similarity between the input expression matrices and the expression matrix reconstructed by the other
dataset’s decoder; (iii) alignment loss: the max-mean discrepancy (MMD) between the latent embedding of two datasets; (iv) imputation loss: the PCC
between the measured expression and the imputed expression of calibration genes in stAl. Calibration genes are a subset of measured genes in scST
data. During the training process, the model attempts to predict the expression of these calibration genes as they are not measured, and the imputation
loss is defined as the PCC between the ground truth expression and predicted expression of calibration genes; (v) classification loss: the cross entropy
between the label of scRNA-seq data and the corresponding outputs of the classifier; (vi) gene consistence loss: the differences of the PCCs between

training genes and calibration genes in the two datasets.

scRNA-seq data. Additionally, a classifier is trained using the
latent embeddings of scRNA-seq data, which not only restricts
a more consistent embedding but also transfers the labels in
scRNA-seq data to scST data. To train the model in a super-
vised manner for gene imputation, we split the measured genes
into k folds and leave one fold as calibration genes and others
as training genes. The forward step only uses training genes
while calibration genes are employed in the backward pro-
cess to train a submodel, i.e. the loss function calculation and
gradient backpropagation. Our final model is the ensemble of
k submodels by averaging the predicted gene expression from

the k submodels.

Model inputs

Denote X € R&" X, € R8" the expression matrix of scST
and scRNA-seq data of shared genes, where 71, 7, denote the
number of samples (cells) in scST and scRNA-seq data, re-
spectively and g is the number of shared genes. The nearest
neighbor graph is calculated based on the spatial coordinates

of scST, denoted by G. Denote the expression of genes to im-
pute in the scST data by X € R” and the corresponding
genes in scRNA-seq data by X} € R"*™2, where b is the num-
ber of genes to impute. Denote the labels of scRNA-seq data
by y,. The inputs of the forward process include the gene ex-
pression matrix of both scST data and scRNA-seq data, i.e.
X; and X;, the graph G, and the known expression matrix of
genes to impute in scRNA-seq data X}, as well as cell labels
of scRNA-seq data y,.

Network modules
Encoder-decoder backbone

We utilize two encoder-decoder pairs to project the two
datasets into a shared latent space. For the scRNA-seq data,
we employ a multi-layer perception (MLP) for both the en-
coder and decoder. In the case of scST, which includes addi-
tional spatial information, we leverage a graph-based network
as the encoder to effectively incorporate the spatial context.



4 Zou et al.

Specifically, we employ a graph attention module (GAT) [21]
as the encoder for the STs, while using an MLP decoder in-
stead of a graph-based decoder. We consciously opt not to
employ a graph-based decoder for two main reasons: first,
an MLP-based decoder adequately reconstructs the original
expressions; secondly, using an MLP-based decoder ensures
compatibility with the decoder for scRNA-seq data, enabling
us to compute the consistence loss.

Denote &1, & the encoders for sc¢ST and scRNA-seq data,
and Dy, D, the decoders. Then the latent embeddings are:

Z1 =& (X1,G) € Rdxm’ Zr =&(X,) € Rdxnz’

where d is the dimension of the latent space. The reconstruc-
tion results of the decoders are:

Xi =Di(Z1) eRE™, Xy =Dy(Zy) € R&™,

Additionally, stAl also attempts to reconstruct the latent em-
beddings using coupling decoders, that is, using the decoder
of the other dataset:

X1 =Da(Z1) eRE™, Xy 1 =Dy(Zy) € R&™,

where X ; is the expression matrix reconstructed by scRNA-
seq’s decoder from latent embeddings of scST and ij the
opposite. This coupling decoder benefits the batch correction
between the two datasets.

Imputation module

After obtaining the latent embeddings of the scST and scRNA-
seq data, we proceed to compute the pairwise similarities be-
tween each sample in the scST data and that in the scRNA-seq
data. For each gene that requires imputation in scST, we use a
weighted combination of the gene expression levels from the
corresponding gene in the scRNA-seq dataset to generate the
imputed value. The weights are determined by normalizing the
calculated similarity scores.

Under previous notations, the imputation process is listed
as follows:

S = NormSim(Z1, Z,) e R, X =X; x §' e RP™,

where NormSim can be any user-specified normalized simi-
larity score, and we use the Euclidean distance as default. X
represents the calibration genes, which guide the training of
S and is essential for the training of Zy, Z,. Specifically, S is
defined as follows:

S exp(—W,;)
Y Y exp(=Wig)

Alternatively, we can also use a learnable similarity score.
Inspired from the attention mechanism [22], we parameterize
two matrices and use the scaled dot product to represent the
similarity matrix: denote O € R¥*? and K € R¥*? as two pa-
rameterized matrices, which will be updated through the train-
ing process, and keep constant during the inference process.
Then the weight matrix W is defined as W = (QZ;)T(KZ,),
and S can be computed similarly. In such a case, the imputa-
tion process could be considered as a cross-attention module
with the value matrix being identity.

W, = |Z1[: i = Zal:, ]

20

Annotation module

Another task is to transfer the labels in scRNA-seq data
to scST data. stAl incorporates an additional classifier into
the latent space, which is trained using supervision from the
scRNA-seq labels. Subsequently, we can employ this classifier

on the latent embeddings of scST data to infer their cell types.
Denote the estimated classifier by C, and the annotation results
of STs are calculated as:

y2 =C(Z2), §1=C(Z1),

where Z; and Z, are the latent code of scST data and scRNA-
seq data. y1 and y; denote the estimated labels of scST data
and the given labels of scRNA-seq data, respectively.

Loss functions

We design six loss functions to cover all the possible relations
in the model. Details of the function definition are put in the
supplementary materials.

Reconstruction loss

The reconstruction loss is commonly used in auto-encoders
and is calculated as:

['recon = MSE(Xl, Xl) + MSE(XL )22)7

where X;, X, are the original data and X;, X, are recon-
structed data.

Alignment loss

After projecting the two datasets into a latent space separately,
we have to align their distributions in the latent space to con-
duct the subsequent tasks. In the context of domain adapta-
tion and generative modeling, the MMD [23] is a popular loss
function used to measure the distance between two probabil-
ity distributions. We apply the MMD loss between the latent
embeddings of two datasets, which is calculated by a mixture
of K RBF kernels. We fix K = 35 to calculate the MMD loss:

Lyvvp = MMD(Z4, Z,).

Counsistence loss

To keep the cells of the same type from the two datasets consis-
tent in the latent space, inspired by the single-cell integration
method Portal [24], we apply another consistence loss, which
measures the cosine distance between the original data and
the data reconstructed from the coupling decoder:

il > (1= cos(Xali il Kl 1))

i=1

ﬁconsist =
-1—7212 ; (1 — cos(Xa[: 1], Xaa[:, i])) ,

i=1

where X, X, are the original expression matrix of two
datasets, X;5, X521 are the matrix reconstructed by the de-
coder of the other dataset. cos is the cosine similarity.

Imputation loss

Given the imputation results on calibration genes, we can eval-
uate the imputation performance by calculating the imputa-
tion score. It could be chosen the same as the evaluation met-
ric or not. The default imputation score is set as the gene-wise
Pearson correlation coefficient (PCC), which is defined as

1

Limpe = 1T /_Z (1= corr(Xalj. i1 Xj1j. D).

eCalib

where Xi[j, : | is the measured ground truth expression of
calibration gene j, X{[}, :] is the imputed expression for the



corresponding gene j, ‘Calib’ is the set of calibration genes,
and corr is PCC.

Classification loss

The classification loss is the cross entropy calculated on the
annotated scRNA-seq data:

n, C
‘Cclassify = - Z Z Yic log(pic)7

i=1 c=1

where ;. is a binary indicator of whether class c is the correct
classification for observation 7 and p;. is the predicted proba-
bility that observation i is of class c.

Gene consistence loss

The expression of different genes is not always independent.
We assume that the relationship between genes in scST is sim-
ilar to that in scRNA-seq data, and then we can align the rela-
tionship between the imputed genes and the measured genes in
scST with the relationship between the corresponding genes in
scRNA-seq data. We first calculate the PCC between genes to
impute and the remaining genes both in the scRNA-seq data
A, € R&” and in scST data A; € R&*:

Asli, 7] = corr(Xa i, o], Xalj, :]),
Aili. 1 = corr(Xali. <], X{Lj.:]).
Then the gene consistence loss is calculated by:
Lgene = 1AL — Az||F.

The total loss function is a weighted sum of the above
losses:

L= )Lrecon['recon + )‘-MMD‘cMMD + )‘-consist‘cconsist

+Aim uteﬁim ute T )‘classif ‘Cclassif + A ene[' ene s
p p y y 8 8

and the weights for each loss term are tuned by leaving a val-
idation consisting of a subset of randomly chosen genes and
cells.

Training processes

One of the novelties of our model is that we formulate a frame-
work with supervised imputation loss while previous methods
are all trained unsupervisedly to the best of our knowledge.
We split the measured genes in scST data into k folds, and
train k independent submodels. For each submodel, we leave
one fold as calibration genes and construct a model to im-
pute this fold using the remaining measured genes, which we
call training genes. Hence, during the training process, we can
teach the model to impute the calibration genes more accu-
rately and hence stAl can update its parameters in a supervised
manner. The final predicted gene expression is the average of
those predicted from each of the k submodels.

In the loss function calculation, i.e. the backward process,
in addition to the inputs of the forward process, we need two
more data to calculate the loss functions: the cell labels in
scRNA-seq data, denoted by y,, and the ground truth expres-
sion of calibration genes in scST. The ground truth expression
of calibration genes is only available during the training pro-
cess with the setting of k folds split.

Datasets

We applied the proposed method to three spatial single-cell
transcriptomics datasets with annotation paired with one
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scRNA-seq for each. The first dataset is a cell atlas of the
mouse somatosensory cortex generated using osmFISH [5]
paired with Zeisel [25]. Only 33 marker genes were selected
in the scST dataset. The second dataset is for mouse hypotha-
lamic preoptic region generated using MERFISH [6] paired
with Moffit [6]. 153 genes were included in the scST dataset.
The third consists of one dataset consisting of brain tissues of
a mouse model of Alzheimer’s disease at 8 and 13 months, and
one of healthy status generated by STARmap PLUS including
2611 genes [26]. The corresponding scRNA-seq dataset was
downloaded from GEO. The first two datasets are examples
used in SpaGE [12], and the third dataset represents a newer
addition to the datasets utilized in this research area.

Data preprocessing

We first filtered the shared genes between the paired datasets.
Then for all the scRNA-seq datasets, we normalized each cell
by dividing the counts by the total number of transcripts
within that cell, scaling by 10* and log (1 + x) transformed.
Then the expression with each cell was scaled to zero mean
and unit variance. The preprocessing steps were implemented
by the Python package ‘scanpy’. For scST, we scaled the data
into zero mean and unit variance. It has to be noted that for
models that do not need normalization, i.e. gimVI for impu-
tation, scANVI for annotation, and Tangram for both tasks,
we used the expression before normalized as input, which ex-
hibits a better performance than after normalized. Besides, for
the annotation task, we retained the shared cell types between
two datasets to benchmark the macro F1 score fairly.

Evaluation

For the imputation task, we performed a cross-validation for
each dataset. As the osmFISH and MERFISH datasets have a
small number of genes, we used leave-one-out cross-validation
to evaluate the performance of the model: for each gene, we
dropped its expression in scST and trained the model using the
remaining genes to predict it. For the STARmap dataset, which
has a total of 2611 shared genes, we performed a 10-fold val-
idation: we attempted to impute the expression level of one of
these folds using the model trained from the remaining genes.
After deriving the imputation results for each single gene, we
compared the imputed result with the ground truth expres-
sion of scST. We used PCC, rooted mean squared error (af-
ter normalization) (RMSE), and ]JS-divergence (JSD) as three
evaluation metrics to depict the model’s performance from dif-
ferent aspects. Furthermore, since we are always more inter-
ested in marker genes or high-variable genes than others, we
also evaluated the imputation performances of marker genes
of each cell type. To further demonstrate the ability of our
model to predict unmeasured genes, we also selected several
marker genes that were not measured in scST data and visual-
ized their spatial distribution compared to the corresponding
cell types. For the annotation task, we filtered the two datasets
by retaining shared cell types and evaluated the annotation re-
sults on scST by accuracy, macro F1 score, and weighted F1
score against the ground truth. Definitions of these evaluation
metrics are put in the supplementary materials.

Benchmarked methods

We adopted several state-of-the-art baseline methods for each
task. For the imputation task, we adopted Tangram [16],
SpaGE [12], and gimVI [13], which have shown good per-
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formances in the previous studies. Annotation models were
chosen as scANVI [11], Tangram [16], and Seurat [15].

Results

stAl performs accurate imputation and annotation
on osmFISH dataset

We applied stAl to the dataset pair of osmFISH [5] and
Zeisel [25] for imputation and annotation tasks. To evaluate
the imputation performance, we alternately held one gene as
the test and trained the model using all the remaining genes for
all four methods including stAl, Tangram [16], SpaGE [12],
and gimVI [13]. The results are shown in Fig. 2A-D. Fig. 2A
shows box plots of the three benchmark scores PCC, MSE,
and JSD for all 33 genes. stAl achieved a median PCC of
0.395, much higher than SpaGE (0.281), Tangram (0.290),
and gimVI (0.179). It showed a 36% improvement over the
second-best model in terms of median PCC, and also outper-
formed other methods in terms of MSE and JSD scores. These
three evaluation metrics consistently demonstrate that stAl
outperforms the compared state-of-the-art methods. Notably,
the variance of stAl over different genes is larger, indicating
that it can discriminate genes that have the potential for accu-
rate imputation. We also conducted one-sided Mann—Whitney
U test to assess the significance of our improvement versus
other methods, and the corresponding P-values are shown in
Fig. 2A. Additionally, the imputation results for each indi-
vidual gene were compared. Fig. 2B illustrates the PCC be-
tween the predicted expression and the ground truth for each
gene using stAl compared with other methods, revealing supe-
rior performance of stAl over most genes, particularly against
SpaGE and gimVI.

Furthermore, to visualize the imputation performance of
each method, we plotted the spatial distribution of the im-
puted gene expression compared with the ground truth.
Fig. 2C shows that stAl produced the most consistent spatial
expression pattern with that of the measured genes. We se-
lected three genes Sox10, Anln,and Ttr to demonstrate the dif-
ferent performance of the methods. Sox10 is a gene on which
most models performed well and stAl performed the best. All
models but gimVI resulted in a consistent imputed expression
with the measured. Anln is a gene on which stAl did not per-
form the best according to the PCC. However, the visualiza-
tion results of stAl are still comparable. Gene T#r had the low-
est PCC using all models, but the spatial distribution image of
stAl and SpaGeE still demonstrates consistency. To verify the
ability of stAl to impute the real unmeasured genes, we chose
two cell types with distinct spatial patterns: Pyramidal cells
and Oligodendrocyte cells. We selected the top two marker
genes of each cell type using the scRNA-seq data and imputed
these four genes with different methods. The PCC between
the imputed expression and the indicator of the correspond-
ing cell type is annotated below each subfigure (Fig. 2D). stAl
can predict these markers more consistently with the cell types
and achieved a higher PCC. SpaGE also exhibited a consistent
spatial distribution though slightly less than stAl, while Tan-
gram and gimVI performed much worse.

We then evaluated the performance of stAl for the
annotation task. Compared with three baseline methods
scANVI [11], Tangram [16], and Seurat [15], stAl could ac-
curately identify the cell types and achieved higher evaluation
scores as shown in Fig. 2E. stAl achieved the highest accu-

racy of 0.774, compared to 0.747 for scANVI, 0.602 for Tan-
gram, and 0.430 for Seurat. stAl also demonstrated superior
performance on macro F1 score and weighted F1 score, which
reflects not only the overall performance but also the effective-
ness in handling minor classes. We summarized the macro F1
score of each cell type in Fig. 2F, of which stAl has the best per-
formance on all cell types but Interneurons, which consists of
779 cells from a total of 4310 cells. Notably, stAl exhibits sig-
nificantly better performance on Microglia, the smallest cell
type, consisting of 55 cells only. It achieved a precision of 0.36
and a recall of 0.82 for this cell type, while the second-best
model scANVI only achieved a precision of 0.16 and a recall
of 0.29. Seurat, on the other hand, failed to successfully iden-
tify this small cell type.

Then to visualize the annotation results, we plotted the spa-
tial distribution of different cell types in Fig. 2G. A higher con-
sistency between stAl and ground truth is shown in the figure.
scANVI only exhibits comparable performance on larger cell
types such as Pyramidal. Tangram and Seurat show noisier
cell type distributions compared to stAl and scANVI, indicat-
ing the effectiveness of neural networks even if the scRNA-seq
data comprises only one-third of the cell amount found in STs.
The river plot of all four models is shown in Fig. 2H. scANVI
misclassified some cells as Pyramidal cells, the largest cell type,
while Seurat misclassified many cells as Interneurons. Neither
Tangram nor Seurat successfully classified the Pyramidal cells.
Compared with the baseline methods, as shown in the river
plot, stAl exhibits much better annotation performance.

In addition, we evaluated the performance of stAl in anno-
tating sub-class cells. The two predominant cell types, Pyra-
midal cells and Oligodendrocyte cells, were chosen for visual-
izing the annotation results, and the UMAP plot is presented
in Supplementary Fig. S1. The annotated sub-class cell types
from each main cell type show a high degree of consistency
with the ground truth, and the cells belonging to the same
sub-class are positioned closely together.

stAl outperforms state-of-the-art methods on
imputation by a large margin and also better on
annotation on MERFISH dataset

We conducted experiments by leaving one of the 153 genes as
the test and training the model using the remaining 152 genes
shared in the MERFISH scST dataset and Moffit scRNA-seq
dataset to evaluate the imputation performance. The box plots
illustrating the performance on all genes are shown in Fig. 3A.
stAl outperformed other baseline methods by a large margin
on the PCC. It achieved a median PCC of 0.423, compared to
0.308 for SpaGE, 0.249 for Tangram, and 0.170 for gimVI.
It surpassed the second-best model SpaGE by over 37% and
showed statistically significant improvements over other base-
line methods with P-values of 1.38e-5 for SpaGE, 3.08e-9 for
Tangram, and 1.02e-17 for gimVI. stAl also outperformed
other models in terms of MSE and JSD. The scatter plots for
the paired PCCs between the measured expression and the
predicted of each gene using stAl and the compared methods
are shown in Fig. 3B. Of all the 153 genes, stAl outperformed
SpaGE on 150 genes except for Galr2, Igf2r, and Serpinel,
Tangram on all but seven genes: Cckar, Cspg5, Galr2, Igf2r,
Kiss1r, Mki67, Nup62cl, and Serpinel, and gimVI on all but
three genes: Galr2, Igf2r, and Nup62cl.

Since we are always more interested in marker genes
or highly variable genes, we evaluated the performance of
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imputation on marker genes of different cell types. By filter-
ing the marker genes of each cell type using Python pack-
age ‘scanpy’, we chose the top 10 markers and calculated the
PCC of these genes between the given gene expression and the
predicted. Across different cell types, stAl consistently exhib-
ited significantly better performance than baseline methods as
shown in Fig. 3C. The performance on OD Mature marker
genes achieved a PCC of nearly 0.8 with the ground truth. The
imputation results on marker genes are generally better than
those on other genes, providing us more confidence for down-
stream analyses on the imputed results generated by stAl.

To visualize the imputation results, we selected several
marker genes of OD Mature, Inhibitory, and Ependymal cells.
For each of the three selected cell types, we first chose one
marker gene that was measured in scST to evaluate the im-
puted expression against the ground truth as shown in Fig. 3D.
stAl performed much better than the baseline methods, espe-
cially on Cd24a, where the PCC between the imputed value
and the ground truth using stAl (0.334) is much higher than
the second-best method SpaGE (0.193). Even though all these
methods performed well on Sgk1, stAl still predicted slightly
more consistently with measured expression. We also chose
the top two marker genes for each selected cell type that are
not measured in scST data and plotted the imputed expression
of these genes as well as the spatial distribution of correspond-
ing cell type in Fig. 3E. For the marker genes of Ependymal
cells, though the PCC produced by stAl is not much higher,
the spatial pattern is much clearer than that produced by other
methods. stAl outperformed other baselines both on the visu-
alization and on the PCC between imputed expression and
indicator of corresponding cell types.

As during the data generation processes, noise often occurs
due to various reasons, we further conducted a perturbation
experiment to demonstrate that as long as the perturbation
is not destructive, stAl can still reconstruct unmeasured genes
accurately. We modeled the noise as the normal distribution
with zero mean. To account for the expression level of differ-
ent genes, the standard deviation was set as k times the mean
expression of each corresponding gene, with k representing
the perturbation strength. The expression less than zero was
set to zero. We considered £ = 0,0.5,1,2,3,4,5,6,7,and 8,
where the case £ = 0 means no perturbation, whereas the case
k = 1 means perturbing the expression by a normal distribu-
tion with standard deviation equal to its average expression
level. We also opted for the three representative genes: Sgkl,
Gad1, and Cd24a. Fig. 3F shows the comparison results eval-
uated by PCC. It is clear that stAl outperformed the compared
methods. For stAl, the perturbation with a strength less than
1 does not have much influence on the performance and the
PCC decreases with a linear trend as the perturbation goes
larger. Supplementary Fig. S2 shows the visualization of the
imputation with stAl. The imputation performance does not
have a significant decrease both from the spatial visualization
and the PCC. Even under a strong perturbation, the PCC score
is still significant and there also exists a slight boundary simi-
lar to measured transcriptomics.

stAl can also transfer the annotation of the Moffit scRNA-
seq dataset to the MERFISH dataset accurately. We chose the
shared cell types of both datasets. stAl achieved the highest
cell-type annotation scores in terms of accuracy, macro F1
score, and weighted F1 score compared with baseline mod-
els as shown in Fig. 4A. It excelled not only in overall per-
formance, measured by accuracy, but also in the performance
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of small cell types, as indicated by the macro Fl-score. We
then calculated the macro F1 score of each cell type to evalu-
ate the performance as in Fig. 4B. Results indicate that except
for the OD Immature cells, stAl achieved the highest macro
F1 score. Particularly impressive is the performance of the cell
type Ependymal, which accounts for 1961 cells out of 64,373
in total. stAl achieved a macro F1 score of 0.92, while scANVI
neglected this cell type despite its presence in both the scST
dataset and the scRNA-seq dataset, and the score of other
methods is much lower.

We further visualized the annotation results by the spatial
distribution of different cell types as well as the UMAP plot in
Fig. 4C and D. It is evident that stAl achieved better annota-
tion results than other models. The Ependymal cells consist of
less than 1% of scRNA-seq data, and stAl is the only method
to successfully distinguish this cell type, even if it exhibited
a clear cluster in both the UMAP plot and the spatial distri-
bution plot as shown in Fig. 4C and D. scANVI misclassified
this cell type to Astrocytes, while Tangram and Seurat classi-
fied part of Ependymal cells to Astrocytes. The capability to
capture spatial information of stAl is probably the key fea-
ture contributing to its best performance on Ependymal cells
and other cell types. The river plot of classification results is
shown in Fig. 4E. It is clear that stAl consistently delivered
near-perfect classification results, whereas other methods ex-
hibited varying degrees of distortion across certain cell types.

Additionally, we evaluated the annotation performance of
all the compared methods when the perturbation is imposed
on the scST data using the same settings as those used for
gene imputation. stAl consistently delivered the best annota-
tion across all three evaluation criteria as the level of pertur-
bation varied (Fig. 4F). With more noise was added, the anno-
tation accuracy of stAl, Tangram and Seurat decreased, while
scANVI showed some fluctuations in its performance.

stAl achieves better imputation score and
annotation score on STARmap dataset despite the
difficulty of imputation

Compared to the two previous datasets, this scST dataset con-
tains a larger number of measured genes (2611 genes). Simi-
larly, we first evaluated the performance of stAl on gene im-
putation. We divided the genes into ten folds with each fold
serving as the test and training the model using the remain-
ing. Fig. SA exhibits the overall imputation performance on
2611 genes, evaluated by PCC, rooted MSE, and JSD. Even
though all methods have relatively low scores, stAl still out-
performed other baseline methods, and the Mann—-Whitney U
tests indicate a higher level of significance. Fig. 5B gives the
scatter plot comparing the PCC of each individual gene be-
tween the predicted and the ground truth with baseline meth-
ods. stAl demonstrated better performance on most genes, es-
pecially when compared with SpaGE and gimVI. We further
evaluated the imputation performance on the marker genes
in Fig. 5C. The performance of all the compared methods
on these marker genes is much better and stAl outperformed
other baseline methods.

Although stAl outperformed the compared methods, its
performance is not as good as expected from all the evaluation
metrics. To explore the reason for this phenomenon, we eval-
uated the imputation results of stAl with all 2611 genes alter-
natively as missing. As shown in Supplementary Fig. S3A, the
overall PCCs on all genes are much less than that on marker
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genes. This discrepancy may stem from the co-expression pat-
terns of the genes, as those with strong relationships to other
genes (such as marker genes) tend to be imputed with bet-
ter accuracy. Furthermore, we also found that highly variable
genes are more likely to be imputed more accurately than oth-
ers as shown in Supplementary Fig. S3B. The higher the genes
are variably expressed, the higher the PCC correlations are.
The annotation results on this dataset also show the su-
periority of stAl. The overall annotation scores are shown in

Fig. 5D, where stAl performed the best, scANVI showed com-
parable performance and Tangram performed worst. The two
reasons that Tangram did not perform well on this dataset
could be summarized as: first, all models except Tangram per-
form data alignment prior to classification, whereas Tangram
learns a mapping between unaligned datasets; second, given
that the dataset contains the expression of 2611 genes, a lin-
ear mapping may be too simplistic to accurately capture the
dataset structure. The performance of all methods on each
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single cell type measured by the macro F1 score is shown
in Fig. SE. Of all seven cell types, stAl performed the best
on Excitatory, Inhibitory, and Oligodendrocyte Precursor Cell
(OPC), while scANVI performed the best on Microglia, En-
dothelial (Endo), and Oligodendrocyte (Oligo), and Seurat
performed best on Astrocyte (Astro). The UMAP plot and
the spatial distribution of different cell types are shown in
Fig. SF and G. The UMAP plot indicates a relatively clear
boundary for each cell type, enabling most methods to achieve
good performance on this dataset. stAl and scANVI have com-
parable performance according to the UMAP plot. stAl mis-
classified some Oligodendrocyte cells into Excitatory Neuron
cells while scANVI misclassified some Excitatory Neuron cells
into Inhibitory Neuron cells. Tangram yielded more confused
results, especially for Excitatory Neuron cells, while Seurat
classified more cells into Endothelial cells. The river plot of
classification results is shown in Fig. SH, from which stAl
and scANVI both have better performance compared to other
methods.

To investigate the robustness of stAl, we conducted an addi-
tional annotation experiment on a mismatched dataset pair:
the normal mouse cortex scRNA-seq data as well as the ST
data from mice with Alzheimer’s disease. We again compared
stADl’s performance against scANVI, Tangram, and Seurat
(Supplementary Fig. S4A). The performance of stAl still sur-
passed all other algorithms, which demonstrates the robust-
ness and annotation capability of stAl. The visualization high-
lights the consistency between the predicted and actual cell
types (Supplementary Fig. S4B), and the precision and recall
for each cell type are also provided (Supplementary Fig. S4C),
along with the corresponding results for the matched dataset
for comparison. Even though the scRNA-seq data and scST
data are generated under different conditions, stAl still deliv-
ered reliable annotations.

Discussion

We have demonstrated the ability of the proposed model stAl
in both imputating the unmeasured genes and annotating the
cell types on scST data with paired scRNA-seq data as a ref-
erence. stAl employs an encoder-decoder framework to align
the scST data and scRNA-seq data. It employs a kNN based
method to perform gene imputation in a supervised manner.
During the training pipeline, all genes are split into training
and calibration sets by cross-validation, and the training pro-
cess is supervised by the calibration genes. From this pipeline,
the pattern of gene expression can be captured more accu-
rately, which can also be extended to other methods. For the
annotation step, having integrated the scST data and scRNA-
seq data, a classifier trained on scRNA-seq data is directly used
to predict the cell type on scST data.

We benchmarked stAl against several state-of-the-art meth-
ods for both gene imputation and cell-type annotation. For
the imputation task, stAl accurately predicts missing genes un-
measured in scSTs, and results on three datasets exhibit that
stAl outperforms other baseline methods significantly. For the
annotation task, stAl not only performs best on accuracy met-
ric to measure overall performance but also best on macro F1
score, which demonstrates its superior ability to distinguish
small cell types better than other methods.

In this study, we performed experiments on scST data from
brain samples generated by three platforms. Since different tis-
sues may exhibit distinct cellular compositions and gene pro-

files, conducting experiments on diverse tissues is very impor-
tant, as it enables the validation and refinement of stAl and
related methods, ensuring the methods’ robustness and appli-
cability across different biological contexts. This will be left
as one of our subsequent tasks. With the availability of scST
data from a broader range of tissues, we expect significant
advancements in development of methods and an improved
understanding of tissue-specific biological processes and inter-
actions, as well as insights into the unique spatial organization
and functional roles of different cell types.

stAl still has some limitations. For one thing, the KNN-
based imputation method neglects the heterogeneity between
two datasets, leading to the imputed results following the
distribution of scRNA-seq data rather than scST data even
though the PCC coefficients are much higher. For another, the
annotation step does not consider new cell types and cannot
discover novel cell types that do not exist in scRNA-seq data.
Addressing these issues will be considered as our next tasks.
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