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Supplementary methods
Data Preprocessing
Common processing pipeline using Scanpy
SEDR takes spatial transcriptomic gene expressions and spatial coordinates as inputs. The raw gene expression counts are first normalized by their respective library sizes (using the normalize_total function in Scanpy (v.1.9.3)), with very highly expressed genes excluded when computing the normalization factor (size factor) for each spot [35]. Thereafter, all gene expression profiles are scaled to zero mean and unit variance. PCA is then applied to extract the first 200 principal components to generate the initial gene expression matrix. For most downstream applications, PCs are the recommended input for SEDR. SEDR also accepts scaled gene expression as input when imputing gene expression data. 
Stereo-seq data
Fastq files were generated using the MGI DNBSEQ-Tx sequencer. Coordinate identities (CIDs) and unique molecular identifiers (UMIs) were encoded in the forward reads (CID: 1-25bp, UMI: 26-35bp), while the reverse reads consisted of the cDNA sequences. CID sequences in the forward reads were first mapped to the designed coordinates of the in-situ capture chip, allowing one base mismatch to account for sequencing and PCR errors. Reads with UMIs containing either N bases or more than two bases with quality scores lower than 10 were filtered out. The CIDs and UMIs associated with each read were appended to each read header. Retained reads were then aligned to the reference genome (mm10) using STAR [1], and mapped reads with MAPQ 10 were counted and annotated using an in-house script (available at https://github.com/BGIResearch/handleBam). UMIs with the same CIDs and gene loci collapsed together, allowing for one mismatch for sequencing and PCR errors, to give the final gene expression matrix. 
Baseline and competing methods
To evaluate the clustering performance of SEDR, 11 state-of-the-art methods were used to benchmark SEDR on different datasets. Seurat [2] was used as baseline method because it only uses gene expression data. Other methods all utilized spatial information, namely SpatialLDA [3], Giotto [4], stLearn [5], SpaGene [6], SpaGCN [7], UTAG [8], BayesSpace [9], DeepST [10], and STAGATE [11]. To evaluate the efficacy of SEDR on high-resolution spatial transcriptomics data such as Stereo-seq and Slide-seq, all methods except BayesSpace were tested as we failed to run it on these data types. A more detailed comparison of the methods’ features can be found in Table 1. Here we briefly describe the usage of each method. 
Seurat. Seurat was designed to analyze single cell data, which is quite different from spatial transcriptomics data, either 10x Genomics Visium data or high-resolution spatial data. Here it was used as a baseline method to show the advantage of incorporating spatial information. Therefore, we only ran the basic processing steps of it, including quality control (QC), gene normalization, and principal component analysis (PCA). The top 100 principal components (PCs) were used to calculate the shared nearest neighbors (SNNs), which were then used to identify clusters with the Louvain clustering algorithm. Because the Louvain algorithm cannot directly produce a specified number of clusters, different clustering resolutions were tested to obtain the same number of clusters as the ground truth.  
SpatialLDA. SpatialLDA uses the documents-words-topics paradigm to apply latent Dirichlet allocation to multiplexed image data. We set n_topics to 30 and retained the other parameters at their default settings when generating the topics for each dataset. The topics were then clustered using the mclust package in R. 
Giotto. Gitto is a framework to process and analyze spatial transcriptomics data. It implements a hidden Markov Field (HMRF) algorithm to perform spatial clustering. We followed the tutorial of Giotto and used the default parameters for all spatial datasets. For data with ground truth (such as the DLPFC dataset), the parameter k was set to the number of clusters in the ground truth.
stLearn. stLearn uses the histology image and spot position to help the construction of the Spatial Morphological gene Expression (SME) weighting matrix, which is used to do SME-based gene normalization. To run stLearn, we referred to the tutorial and used its default parameters to run it on both spot-based and single cell spatial transcriptomics data. We noticed that in their tutorial, for high resolution spatial data, such as Slide-seq, it does not include the use of histology in their tutorial. We also followed this setting in our manuscript. 
SpaGene. SpaGene is a model free algorithm to detect spatially variable genes on which non-negative matrix factorization is applied. We used the default parameters to generate 30 patterns for each dataset. The patterns were then clustered with the mclust algorithm. 
SpaGCN. SpaGCN combines spatial locations, histological similarities, and gene expression to construct a graph and uses a graph convolutional network (GCN) to cluster the spots. As suggested by the tutorials, a 40x40 pixel snapshot of the histology image was cropped from the H&E image. Adjacency matrix was then calculated with histology set to True. The GCN model was then trained for 200 epochs with the learning rate set to 0.05. 
BayesSpace. BayesSpace implements a Bayesian approach to start from a HMRF-derived prior and update the clustering results until it converges. To run BayesSpace, the number of PCs was set as 15, the smoothing parameter as 3. The model was trained for 50000 iterations. 
UTAG. UTAG is designed for spatial transcriptomics data generated with multiplexed imaging, which has become popular in recent years. It implements a graph approach to combine spatial information with gene expression data, followed by clustering. We ran UTAG with max distance as 60 and used the Leiden algorithm to do clustering. 
DeepST. DeepST utilizes morphological information, spatial distance, and gene expression to generate an enhanced gene expression matrix. A variational graph autoencoder model is then used to extract a latent representation. We ran DeepST to obtain latent representations with 200 PCs in this study. Other parameters were kept at their default settings. 
STAGATE. STAGATE combines an autoencoder with graph attention to learn a latent representation. For the preprocessing step, we used the default settings of 3000 for the top variable genes, normalizing the total expression of each spot to 10000, followed by log transform. Thereafter, the STAGATE model was run with default parameters as suggested in the vignettes. 

Evaluation metrics for clustering
For datasets with manually annotated spatial domain labels (e.g., DLPFC), 6 metrics were used to measure the performance of different clustering algorithms. The metrics are adjusted rand index (ARI), adjusted mutual information (AMI), purity score, homogeneity score, completeness, and v_measure.
ARI calculates the similarity between the clustering labels predicted by the algorithm and reference cluster labels as:

where the ﻿unadjusted rand index (RI) is defined as , with  being ﻿the number of pairs correctly labeled as coming from the same set,  being the number of pairs correctly labeled as not in the same set, and  being the total number of possible pairs.  is the expected  of random labeling. A higher ARI score indicates better performance.
Mutual information (MI) measures the similarity between ground truth and predicted clusters. It is defined as:

where  is the number of the samples in cluster  and  is the number of the samples in cluster . MI is generally higher for clustering results with larger number of clusters. To account this bias, the adjusted mutual information (AMI) was calculated to remove the effect of cluster numbers:

To calculate purity score, we first assign a label to each cluster based on the most frequent class in it. Then the purity score is the number of correctly assigned classes and cluster labels divided by the total amount of data.
A clustering result satisfies homogeneity if all clusters contain only data points which are members of a single class, while a clustering result satisfies completeness if all the data points that are members of a given class are elements of the same cluster. Homogeneity score and completeness score are both defined using Shannon’s entropy:


Where MI is mutual information and H is Shannon’s entropy. 
V-measure is the harmonic mean value for homogeneity and completeness. The function to calculate V-measure is:

All of the metrics generate values ranged from 0 to 1 and a higher score indicates better performance for clustering.
Silhouette score is a metric used to calculate the goodness of a clustering method. It is defined as , where a is the mean intra-cluster distance and b is the mean nearest-cluster distance. However, the input of clustering is the different latent representation and clustering output of methods, which makes the comparison meaningless. To make the comparison more reasonable, we used the latent representation of each method as feature matrix and used the ground truth as the ‘pseudo cluster label’ to calculate Silhouette score. Silhouette score is then used to measure the goodness of matching between latent representations of different methods and the ground truth. 

Several downstream analyses
After running SEDR on spatial transcriptomics data, low dimensional embeddings and spot clusters are obtained. In this manuscript, several downstream analyses have bseen done to evaluate SEDR.
Use Monocle 3 to do trajectory analysis
On the DLPFC #151673 slice and breast cancer data, Monocle 3 was run with the latent representations provided by the clustering methods. We used the uwot package to calculate UMAP from the latent representations. Setting white matter (WM) as the starting point, Monocle 3 used the UMAPs to generate pseudo-time trajectory with recommended parameters. 
Use Harmony to correct batch effect
Harmony was used to correct for batch effects in low-dimensional embeddings. Using the latent representations as input, Harmonypy (v0.0.9) was used to integrate it across the 12 DLPFC sections. The integration results were then used for UMAP visualization and quantitative analysis, such as LISI. LISI was calculated by compute_lisi function in Harmonypy (v0.0.9). There are two types of LISI score, one is cLISI that is calculated with cell types, while another is iLISI which is calculated with datasets. Higher cLISI means the neighbors of cell/spot contain more types of clusters, while higher iLISI means the neighbors of cell/spot come from more datasets. Therefore, low cLISI score and high iLISI score indicate better integration. Since the value of cLISI and iLISI depends on the total number of clusters or datasets, we normalize them to [0, 1], and make the value the larger the better by following equation:



where  is the number of clusters and  is the number of datasets. 
Methods used for breast cancer analysis
Prediction of cell type composition of 10x Genomics Visium spatial spots
We downloaded a published scRNA-seq dataset of human breast cancer [12] as reference and ran Seurat to find transfer anchors between the reference and the Visium spatial data. Cell types in the reference were then assigned to the spatial spots by label transfer. We removed cell types with probabilities equal to 0 for all spots. 
Differential expression analysis and pathway analyses
We used Seurat to identify DEGs. Differentially expressed genes with an adjusted p-value < 0.05 were used as the input for QIANGEN Ingenuity Pathway Analysis (IPA). For the IPA results, pathways with positive or negative z-scores were plotted. 
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Description automatically generated]Fig S1. Silhouette score for 5 methods on 12 DLPFC sections. n.s.: p-value>0.05, *: p-value<0.05, **:p-value<0.005, ***:p-value<0.0005, ****:p-value<0.00005





[image: A diagram of a graph

Description automatically generated with medium confidence]
Fig S2. ARI boxplot for 3 methods on 12 DLPFC datasets with different K (number of nearest neighbor). 
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Fig S3. Unsupervised clustering results for SEDR and competing methods on olfactory bulb Slide-seq data. 
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Fig S4. Computational requirements of SEDR.
1. GPU memory usage for DeepST, STAGATE and SEDR when processing DLPFC, mouse olfactory bulb Slide-seq and Stereo-seq data. 
1. Time, CPU memory and GPU memory costed by SEDR on simulated data. Simulated data is generated with Slide-seq data (20000 spots) by randomly selecting ½, 1, 2, 4 times of the spots as the raw data. 
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Fig S5. Human breast cancer histology and cell type mixtures of spatial spots. 
1. H&E staining. 
1. Probability of cell types for spots that was predicted by Seurat. 
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Fig S6. Differentially expressed genes (DEGs) between SEDR cluster 11 and cluster 13 in human breast cancer data. 
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