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 Understanding the heterogeneity of cell types and gene expression in complex tissues is 

crucial for advancing single cell genomics. Spatial transcriptomics enhances this understanding by 

adding spatial context, enabling a more comprehensive view of cellular function and organization. 

Additionally, the morphology of a cell is known to influence gene expression, and gene expression, 
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in turn, affects cell morphology, highlighting the intricate relationship between a cell’s physical 

structure and its molecular activity.  

 

 Despite efforts to apply morphogenomics to single cell spatial data, existing methods face 

significant challenges in efficiently scaling to entire datasets. To address this limitation, I 

developed an autoencoder using PyTorch, a Python machine learning package, capable of 

replicating a 64x64 image of a cell mask. By utilizing the encoded latent layer, which is 

significantly smaller in dimension, this approach allows for multi-scale clustering of cell 

morphologies. I demonstrate Xenium datasets, Tissuenet datasets, and a pool of other datasets that 

were made publicly accessible. 

 

 To promote recreation and usability, the autoencoder is designed to integrate seamlessly 

with Bento, a computational toolkit developed in our lab. By being part of a diverse portfolio of 

software analyses tools, it maximizes the functionality and accessibility of the tool for further 

research and analysis. 
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Introduction 
 
  
 Understanding the heterogeneity of cell types and gene expression in complex biological 

tissues is fundamental to the field of single-cell genomics. This discipline has significantly 

advanced our knowledge by enabling researchers to analyze the genetic and phenotypic diversity 

within a single tissue, identifying unique cell populations and their functions. For instance, single-

cell sequencing technologies such as scRNA-seq1 have been pivotal in profiling individual cell 

transcriptomes, allowing for detailed insights into cellular differences and heterogeneity2. 

 

However, while single-cell genomics provides detailed insights into cellular differences, it 

lacks spatial information, which is crucial for understanding how cells interact within their native 

environments3. Spatial transcriptomics builds on the advancements of single-cell genomics by 

incorporating spatial context into the analysis. This approach enables the mapping of gene 

expression within the spatial architecture of tissues, offering a more comprehensive view of 

cellular function and organization. For example, spatial transcriptomics techniques have been 

essential in revealing how cells influence each other and their microenvironment, providing 

valuable insights into tissue functionality and pathology4 

 

The morphology of a cell is another critical factor that influences gene expression and vice 

versa. Cellular morphology and gene expression are interdependent, with changes in one often 

leading to alterations in the other5-7. This dynamic relationship underscores the importance of 

considering both aspects when studying cellular behavior. Morphogenomics, a term my mentor 

and I use for integrating morphological and genomic data, aims to make sense of these complex 

interactions8. However, applying morphogenomics to single-cell spatial data presents significant 
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challenges, particularly in scaling analyses to whole datasets2. Recent advancements in spatial 

transcriptomics methods, such as MERFISH9, seqFISH+10, and Ex-Seq11, have enabled RNA 

localization measurements close to the transcriptome scale, while methods like Xenium12 have 

reached tissue-scale identification of cells, highlighting the scale and complexity of data involved4. 

 

 To address these limitations, I developed an autoencoder with hopes to efficiently reduce 

the dimensionality of cell image data, thereby facilitating scalable and accurate clustering of cell 

morphologies. An autoencoder is a type of artificial neural network used to learn efficient 

encodings of unlabeled data. The purpose of using an autoencoder in this context is to capture the 

essential features of cell morphology within a compact, encoded latent space, which significantly 

reduces the dimensionality of the original data. By doing so, the autoencoder can transform high-

dimensional cell images into a lower-dimensional representation that retains critical morphological 

information while discarding redundant details. This compressed representation enables more 

efficient clustering of cell morphologies, which is crucial for analyzing large-scale single-cell 

datasets without overwhelming computational resources. 

 

The autoencoder I developed is capable of replicating a 64x64 image of a cell mask. This 

autoencoder utilizes the encoded latent layer, significantly smaller in dimension, to enable multi-

scale clustering of cell morphologies (Figure 1). By reducing the dimensionality of the data, the 

autoencoder facilitates efficient and scalable clustering, overcoming the challenges faced by 

current methods of studying morphogenomics12, which are severely limited by the sheer memory 

consumption of clustering full image arrays or require handcrafted supervised features detailing 

different spatial measurements of each cell. The encoded latent layer captures essential features of 
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cell morphology while discarding redundant information, enhancing the clustering process and 

improving the accuracy of cell classification. This approach not only allows for the analysis of 

individual cells within a population but also supports the examination of cell subtypes and their 

unique morphological characteristics. Additionally, the autoencoder’s design enables it to handle 

large and diverse datasets, making it a robust tool for comprehensive morphogenomic studies. By 

leveraging advanced machine learning techniques and a well-structured neural network 

architecture, the autoencoder provides a powerful solution to the inherent scalability issues found 

in dataset-wide clustering by cell morphologies. 

 

 The autoencoder was built using PyTorch14, a widely-used open-source machine learning 

library known for its flexibility and dynamic computation graph, which facilitates the development 

and training of neural networks. This model was trained on several diverse datasets. This extensive 

training ensures the model’s robustness and accuracy, achieving a low mean squared error of 0.008 

with an entire spatial dataset. Furthermore, the autoencoder is designed to integrate seamlessly 

with Bento15, a toolkit developed in our lab, maximizing the usability and accessibility of the tool 

for further research and analysis. This integration allows researchers to leverage the autoencoder’s 

capabilities within a comprehensive analytical framework, enhancing the study of cellular 

morphology and gene expression at scale. 

 

 While developing the autoencoder, I came to the realization that the performance of the 

model was directly influenced by two key factors. The first factor, which is more intuitive, involve 

changes to the model itself, such as adjusting the number of layers, tweaking the learning rate, or 
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modifying the architecture. These modifications, while expected to impact the model’s 

performance, revealed only part of the picture.  

 

 What was particularly surprising was the critical importance of data preprocessing in 

achieving optimal performance. It became evident to me that meticulous preprocessing steps were 

essential for enhancing the accuracy of the model. This included applying various transformations 

to the input data, such as rotating the cell masks along their major axis to standardize orientation, 

cropping the images to maximize the utilization of image space to standardize size, and 

normalizing the blur to ensure consistent image quality. These preprocessing techniques played a 

crucial role in preparing the data for the autoencoder, allowing it to learn more effectively and 

produce more accurate and reliable results.  

 

 By implementing these preprocessing steps, I was able to significantly improve the 

performance of the autoencoder, demonstrating that the quality and preparation of input data are 

just as important as the model architecture itself. This holistic approach to model development 

allowed me to understand the necessity of combining robust preprocessing with thoughtful model 

design to achieve high levels of accuracy and efficiency in morphogenomic analyses. The goal of 

my analysis tool is to open the pathway for cell morphology insights and to be built upon the 

current widely-used method of single cell analysis, gene expression analysis. The hope of this is 

to achieve more powerful clustering and separation of cell types, cell states, and perhaps even 

disease types. 

 

 



5 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: Autoencoder Workflow 
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Materials and Methods 

  

Datasets Used for Initial Autoencoder Training 

 

To get an initial proof of concept, I ran through a compiled list of four publicly available 

datasets. My goal was to enable the autoencoder to cluster all the cells in a complete spatial 

transcriptomics dataset. For this, I used four datasets, achieving a total number of 52,708 cells. 

This initial data collection and research project were given to me by my mentor to help me learn 

the practice of ingesting spatial datasets. It also highlighted the challenge of limited availability of 

spatial datasets with ground truth segmentations. 

 

EVICAN 

 

The EVICAN dataset comprises cell microscopy images taken from the open research data 

repository, Edmond16. This dataset contains expert-annotated grayscale images of 30 different cell 

lines, captured using multiple microscopes, contrasts, and magnifications. The dataset consists of 

4,600 images, from which I was able to extract 25,275 cells. These images provided a diverse set 

of cell types and imaging conditions, crucial for training a robust autoencoder. 

 

MOESM1 

 

The MOESM1 dataset was accessed publicly through the open access download link 

provided on BMC Bioinformatics17. It includes images of five cellular assays in 96-well 
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microplates, acquired using GE’s IN Cell Analyzer18 systems. This dataset contains various cell 

lines such as Hela, HEPG2, fibroblasts, and U20S cells. It is an expert-annotated dataset where 

CellProfiler19 was initially used to generate segmentation labels, which were then refined by hand. 

From this dataset, I was able to extract 6,492 cells. This dataset's well-annotated and diverse cell 

types were valuable for training and validating the autoencoder. 

 

MP6843 

 

The MP6843 dataset was accessed from the open-source cell image database, Cell Image 

Library20. This dataset includes cultured neuroblastoma cells stained with phalloidin and DAPI. 

The ground truth dataset was manually generated using Adobe Photoshop21 and stored as grayscale 

tiff files. Originally created for benchmarking segmentation algorithms, this dataset includes cells 

imaged on a Zeiss22 epifluorescence microscope. From this dataset, I extracted 3,108 cells. The 

high-quality, manually annotated images provided a robust training set for the autoencoder. 

 

Tissuenetv1.1 

 

Tissuenetv1.1 is a comprehensive segmentation dataset featuring six different tissue types: 

breast tissue, gastrointestinal tissue, immune cells, lung, pancreas, and skin tissue. Images were 

captured using six different platforms: Codex23, CyCif24, IMC25, Mibi26, Mxif27, and Vectra28. 

Given the dataset’s variety in tissue types, I believed it would enhance the autoencoder's 

generalizability. From this dataset, I extracted 17,833 cells. The diversity and comprehensiveness 



8 

of this dataset were instrumental in training an autoencoder capable of generalizing across various 

tissue types and imaging conditions. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Datasets Compiled for Initial Autoencoder Training 
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Datasets Used to Compare Clustering by Gene Expression and Latent Space 

 

10X Xenium Human Pancreas 

 

This dataset involves fresh frozen human pancreas tissue that was spatially analyzed using 

Xenium, a modern spatial transcriptomics platform enabling high throughput imaging of RNA. 

The complete spatial experiment pipeline provided by Xenium includes gene expression data from 

a 377-gene panel and cell segmentations created with nuclear expansion from DAPI-based 

staining. After preprocessing, I extracted 117,315 cells from this dataset. This rich dataset allowed 

for a robust comparison of clustering based on gene expression versus morphology using latent 

space. 

 

10X Xenium Mouse Colon 

 

The 10X Xenium Mouse Colon dataset underwent the same fresh frozen tissue 

experimental pipeline as the Human Pancreas dataset. It includes gene expression data from a 379-

gene panel, designed using reference data from CZ Biohub San Francisco29 and The Tabula Muris 

Consortium30. This dataset has been validated in the whole mouse pup and in nine separate tissues 

in adults, including the brain, colon, heart, kidney, liver, lung, skin, spleen, and thymus. After 

preprocessing, I extracted 182,789 cells from this dataset. The extensive validation and diverse 

tissue representation in this dataset provided a robust framework for comparing clustering 

techniques. 
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Figure 3: Datasets Used for Comparing Clustering by Gene Expression and Latent Space 
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These datasets collectively provided a comprehensive training and validation set for the 

autoencoder, facilitating the exploration of clustering by morphology and gene expression in a 

variety of biological contexts. The integration of diverse and high-quality datasets was crucial for 

developing a versatile and effective tool for morphogenomics. 

 

The importance of high-quality and diverse datasets in the generation of machine learning 

models cannot be overstated. In complex fields like single-cell genomics and spatial 

transcriptomics, the value of a machine learning model is fundamentally tied to the quality and 

diversity of the data it is trained on. Well processed datasets ensure that the models are trained on 

accurate and reliable data, which directly impacts their performance and robustness. Diverse 

datasets, on the other hand, allow models to generalize better by exposing them to a wide range of 

scenarios and variations, thus capturing the nuances of different biological contexts. For instance, 

in the development of my autoencoder, the datasets provided a comprehensive training and 

validation set, facilitating the exploration of clustering by morphology and gene expression across 

various biological samples. This diversity was essential for developing a versatile and effective 

tool for morphogenomics12, 31. 

 

The EVICAN dataset, with its expert-annotated grayscale images of various cell lines, 

provided a rich source of data for understanding different cellular shapes and textures under varied 

imaging conditions. The MOESM1 dataset contributed additional diversity with its images of 

cellular assays from multiple cell lines and its expert-annotated segmentation masks, ensuring that 

the autoencoder could learn from accurate and meticulously labeled data. The MP6843 dataset's 
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manually annotated neuroblastoma cells added another layer of specificity, allowing the model to 

handle high-quality, manually generated ground truth data. 

 

Tissuenetv1.1’s inclusion of multiple tissue types and imaging platforms introduced an 

even greater level of complexity and variety. This variety was crucial for the autoencoder's ability 

to generalize across different types of biological tissues and imaging conditions, enhancing its 

robustness and applicability in real-world scenarios. The diversity of imaging platforms also 

exposed the autoencoder to different types of imaging artifacts and noise, further improving its 

ability to handle varied real-world data. 

 

For the comparison of clustering by gene expression and latent space, the 10X Xenium 

datasets provided comprehensive spatial transcriptomics data, allowing for a detailed analysis of 

how gene expression patterns correlate with cellular morphology. These datasets, with their 

extensive gene panels and validated segmentation data, were indispensable for testing and 

validating the autoencoder’s performance in a practical, application-oriented context. 

 

The integration of such varied datasets ensured that the autoencoder was not only well-

trained on a broad spectrum of cellular images but also capable of adapting to new and unseen 

data. This adaptability is a key feature of any effective machine learning model, particularly in the 

rapidly evolving field of single-cell genomics, where new data types and imaging techniques are 

continually being developed. 
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In summary, the availability of high-quality, diverse datasets was critical for the success of 

the autoencoder. It allowed the model to learn the complex relationships between cellular 

morphology and gene expression, facilitated robust validation of its clustering capabilities, and 

ensured its applicability across a range of biological contexts. This foundation of comprehensive 

data is what makes the autoencoder a powerful tool for advancing our understanding of cellular 

behavior and function in complex biological tissues, paving the way for future research and 

discoveries in morphogenomics. 

 

Extracting Cells from Each Dataset (Figure 4) 

 

 The dataset files are stored in various formats, including .npz, .jpg, and .tif. To handle these 

files, I utilized the image reading function from Sci-kit image32. This function efficiently reads the 

files and converts them into image arrays, which are suitable for further processing. The ability to 

work with multiple file formats was crucial for accommodating the diverse datasets used in this 

study. 

 

Once the images were read, I needed to assign unique values to the connected regions 

within each image array. This was achieved using Skimage’s measure label function, which 

identifies connected pixels that are direct neighbors and have the same value. By assigning unique 

labels to these connected regions, I could effectively distinguish between individual cells within 

the image. 
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With the cell labels established in the dataset, the next step was to extract each cell from 

the image array. Using NumPy’s33 np.where function, I iterated through each unique cell index. 

This function allowed me to create a new image array where only the pixels corresponding to the 

current cell index were non-zero. This process of isolating individual cells was crucial for ensuring 

that each cell could be accurately preprocessed and analyzed independently. 

 

The Xenium datasets presented an additional challenge, as the cell boundaries were stored 

in a CSV file. This file contained the coordinates of each cell boundary, which needed to be 

accessed and processed. I used Pandas’34 CSV reading function to read this file, extracting the 

necessary boundary coordinates. Once the boundaries were read, the cells were separated into 

image arrays in a manner similar to the previous method. This approach ensured that each cell's 

boundary could be accurately isolated and prepared for further analysis. 

 

Overall, these steps allowed me to efficiently process and prepare the dataset for 

subsequent analysis. By utilizing a combination of Sci-kit image and NumPy functions primarily, 

I was able to handle the diverse file formats and accurately isolate individual cells. This meticulous 

preprocessing was essential for ensuring the quality and reliability of the data used in this study. 
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Figure 4: Extracting Cells from Datasets 
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Preprocessing of Cell Crops for Autoencoder Input (Figure 5) 

 

 A major preprocessing step for getting optimal autoencoder performance is binarizing the 

cell mask. The reason for this is because each dataset has a different sized image holding the cell 

masks and different imaging techniques which will in turn show a variation in the blur present 

around each cell mask. I achieved the binarization of the cell mask by using NumPy’s np.where 

function to set any pixels above 0 to 1 in the image array. Now that I have normalized the blur 

from each dataset, I proceed to a more orientational preprocessing step. Cells are in many different 

positions varying from laying horizontal or vertical to diagonal, however, the aspect of rotation 

must not affect the later clustering by cell morphologies. This is because the clustering algorithm 

will not be clustering effectively since a cell’s rotation will heavily influence where it is clustered. 

An example would be if a cell that is imaged as horizontal may belong to the same cluster as one 

that is imaged vertically but without normalization these edge cases cannot be caught. By 

normalizing this, I was able to solely isolate the clustering to focus on the morphology of the cell 

and its unique, subtle characteristics. After rotating the cell mask, I went on to resize the image to 

the autoencoder input size of 64x64. The size of 64x64 was chosen as it seemed sufficient to 

capture enough minute morphological features of a cell.  
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Figure 5: Preprocessing of Cell Crops for Autoencoder Input 
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Data Offloading and Ingestion of Preprocessed Data Using PyTorch DataLoader (Figure 6) 

 

 The preprocessed cells were offloaded into a directory as .tiff files, which were then split 

into training and test directories, with 70% of the data allocated to training and 30% to testing. 

This strategy was necessary due to the memory limitations of my workstation, which has 32 GB 

of RAM, insufficient to hold the entire dataset’s images in memory simultaneously. To handle this 

efficiently, I utilized PyTorch’s DataLoader, a tool that facilitates the streamlined processing of 

images from directories. 

 

The DataLoader in PyTorch allows for efficient batch processing of data, making it ideal 

for handling large datasets. By setting the batch size, the DataLoader processes multiple images at 

a time, balancing memory usage and computational speed. Additionally, the DataLoader uses 4 

workers to load the data in parallel, significantly reducing the time spent on data loading and thus 

speeding up the training process. By enabling shuffling, the DataLoader ensures that the data is 

randomly shuffled at each epoch, preventing the model from learning any unintended patterns in 

the data order and enhancing its generalization capabilities. This approach not only overcomes the 

memory limitations of my workstation but also ensures efficient and effective data handling during 

model training. The use of PyTorch’s DataLoader allows for seamless integration of large datasets 

into the training pipeline, optimizing both memory usage and processing time. 
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Figure 6: Data Offloading and Ingestion of Preprocessed Data using DataLoader 
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Autoencoder 

 

 The architecture of the autoencoder is described by its layers (Figure 7). The input to the 

autoencoder is a 64x64 preprocessed cell image, which is passed through the encoder. The encoder 

consists of four convolutional layers, implemented using PyTorch's nn.Conv2d module. These 

convolutional layers sequentially reduce the spatial dimensions of the image while increasing the 

depth, capturing increasingly abstract features at each layer. Each convolutional layer is followed 

by a Rectified Linear Unit (ReLU) activation function, which introduces non-linearity into the 

model and helps it learn complex patterns in the data. 

 

After the encoder, the compressed representation of the image, also known as the latent 

space, is passed to the decoder. The decoder is composed of four transposed convolutional layers, 

implemented using PyTorch's nn.ConvTranspose2d module. These layers perform the inverse 

operation of the convolutional layers, gradually reconstructing the spatial dimensions of the image 

while decreasing the depth. Similar to the encoder, each transposed convolutional layer in the 

decoder is followed by a ReLU activation function, except for the final layer. The last layer of the 

decoder uses a Sigmoid activation function to ensure that the outputted image has pixel values 

constrained between 0 and 1, making it suitable for comparison with the original input image. 

 

Overall, the autoencoder is designed to efficiently compress the input image into a compact 

representation and then accurately reconstruct it, preserving essential features while reducing 
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dimensionality. This architecture enables effective learning and generalization, which are critical 

for various downstream tasks such as clustering and anomaly detection. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7: Architecture of Autoencoder 
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Optimizing Model Performance during Training (Figure 8) 

 

 To achieve effective learning and generalization, various tools and techniques are 

employed to optimize the model for better performance. During the training process, the Mean 

Squared Error (MSE) loss function was utilized. This choice is driven by its common application 

in image reconstruction tasks, where it effectively measures the difference between the original 

and reconstructed images. Additionally, the Adam optimizer was selected due to its popularity and 

proven performance in training autoencoders. The Adam optimizer efficiently updates the model's 

weights, facilitating faster convergence and better handling of sparse gradients. The learning rate 

for the optimizer was set to 2e-4, balancing the speed of convergence with the stability of the 

training process. 

 

To ensure that the model achieves generalizability, weight decay was incorporated. Weight 

decay helps prevent overfitting by penalizing large weights, thereby encouraging the model to 

learn simpler and more general patterns. In this training setup, the weight decay value was kept at 

1e-4, forming a balance between regularization and learning capacity. These choices collectively 

contribute to the robust performance and generalization capability of the autoencoder. 

 

During the training process, I validated that the model was indeed learning to reproduce 

the images accurately and wasn’t learning nonsense patterns. This sanity check was conducted 

using Matplotlib’s35 Pyplot module, which allows for the visualization of input images alongside 

their predicted reconstructions. By plotting these images during training, I ensured that the model 

was learning correctly and making meaningful progress. This method of checking provides crucial 
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validation during the training session, which is necessary before moving on to actual validation 

with the test dataset. This step ensures that the model is not only performing well on the training 

data but is also capable of generalizing to unseen data, confirming its effectiveness and reliability. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8: Optimizing Model Performance during Training 
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Validating Autoencoder Performance with Test Dataset and Clustering 

 

 To confirm that the autoencoder is generalizable and not overfitted to the training dataset, 

I have been validating the model's performance using the test dataset (Figure 9). This validation 

process replicates the same steps used during training but applies them to the test dataset. By 

comparing the Mean Squared Error (MSE) values and the outputted images to the original images, 

I can assess whether the autoencoder is overfitting to the training data or effectively generalizing 

to new, unseen data. 

 

During this validation, I have been using Matplotlib’s Pyplot module to visualize the input 

images alongside their predicted reconstructions from the test dataset. This comparison helps to 

confirm that the autoencoder is accurately reconstructing the input images from the test set, thereby 

demonstrating its ability to generalize beyond the training data. This step is crucial in verifying the 

robustness and generalizability of the autoencoder, ensuring it performs well on a different set of 

data and not just on the data it was trained on. 

 

Once this initial validation had been checked, I moved on to utilizing the optimized latent 

space of the autoencoder for cell clustering (Figure 10). The goal of this clustering step was to 

validate my concept of cell morphology clustering in reduced dimensions. The clustering 

algorithm used for this task was k-means due to its simplicity and effectiveness in identifying 

separations in clusters based on shape features. 
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K-means clustering works by partitioning the dataset into a predetermined number of 

clusters (k). It starts by initializing k cluster centroids randomly. Each data point in the latent space 

is then assigned to the nearest centroid based on the Euclidean distance. After the initial 

assignment, the centroids are recalculated as the mean of all data points assigned to each cluster. 

This process of assignment and centroid recalculation is repeated iteratively until the centroids no 

longer change significantly or the maximum number of iterations is reached. 

 

By applying k-means clustering to the latent space representations of the cell images, I 

could observe how well the autoencoder's compressed features captured the variations in cell 

morphology. The clusters formed by k-means provided a way to evaluate whether the latent space 

contained sufficient information to distinguish between different cell shapes and morphologies. If 

the clusters were well-defined and distinct, it suggested that the latent space was effectively 

capturing the necessary features for cell morphology differentiation. Conversely, if the clusters 

were not well-separated, it indicated that the latent space lacked sufficient information, prompting 

further adjustments to the autoencoder architecture or training process. 

 

To further validate the clustering results, I visualized the clustered data points in the latent 

space using UMAP (Uniform Manifold Approximation and Projection). UMAP is particularly 

effective for visualizing high-dimensional data by preserving both local and global structure in the 

data. This helps in understanding the structure of the latent space and the separability of the 

clusters. Additionally, I tried PCA (Principal Component Analysis) and t-SNE (t-Distributed 

Stochastic Neighbor Embedding) for visualization. PCA helps in understanding the variance 
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captured by the principal components, while t-SNE is useful for visualizing local similarities in 

high-dimensional data. 

 

Comparing the visualizations from UMAP, PCA, and t-SNE provided a comprehensive 

view of how well the latent space representations captured the essential features for clustering. The 

UMAP latent space representation was by far the best in capturing different relationships as the 

clusters appeared much more usable than the other two. I also analyzed the clustering effectiveness 

by visually comparing the intra-cluster distances (a measure of cluster compactness) and inter-

cluster distances (a measure of cluster separation). All of these analyses were built using Scanpy36, 

a powerful Python package for users to run single cell analyses. Through this analysis and plotting 

cells per cluster, I was able to determine whether the latent space provided by the autoencoder was 

optimized for clustering cell morphologies, ensuring that the reduced-dimensionality 

representations retained the critical features necessary for distinguishing between different cell 

shapes. 
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Figure 9: Validating Autoencoder Generalization with Test Dataset 
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Figure 10: Utilizing Optimized Latent Space of Cell Clustering 
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Results 

 

Background: Attempting to Calculate Spatial Features of Hand-crafted Transcriptomics Dataset 

using Bento (Figure 11) 

 

 Before delving into the development of the autoencoder, my focus was on creating a 

machine learning tool capable of accurately calculating various spatial features from a cell in a 

transcriptomics dataset, including its nucleus and transcripts, leveraging the capabilities of Bento. 

Several preparatory steps were necessary before developing the machine learning model. 

 

Initially, I had to generate a simulated dataset of cells due to the limited availability of 

spatial transcriptomics datasets for public access. This involved creating cell and nucleus masks. 

To simulate these masks, I generated 10-30 random points within a 64x64 image array using 

NumPy. The cell mask was then created by encapsulating these points in a Shapely37 Polygon 

module object. Similarly, the nucleus masks were generated by applying the same process within 

the cell boundaries, using only 5-10 random points. 

 

Subsequently, I simulated transcripts for the dataset using simFISH38-based functions to 

create patterns of gene localization. Four different transcript localization patterns were simulated: 

cell edge, perinuclear, intranuclear, and random. These pattern generation functions and the 

probability maps required to obtain the patterns were made available to me by mentor. The patterns 

were generated by inputting points randomly into a probability map that is unique for each pattern. 

Each cell was generated to contain 20 genes (5 genes per pattern), with each gene represented in 
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its own image file. This resulted in 20 unique transcript patterns (genes) per cell, each pattern 

(gene) with a random number of transcripts ranging from 5 to 100. 

 

To calculate the spatial features for the dataset, I utilized Bento's tool package. By having 

these spatial features calculated prior to training the machine learning model, I established the 

ground truth necessary for training. The spatial feature vector calculated by Bento consisted of 19 

features, normalized to a range between 0 and 1 to facilitate better learning by the model. This 

comprehensive approach ensured that the machine learning model was provided with accurate and 

reliable ground truth spatial features, essential for its effective training and subsequent 

performance. 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
Figure 11: Calculating Spatial Features of Hand-crafted Transcriptomics Dataset using Bento 
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Spatial Feature Estimator Training 

  

 The model I employed for training the spatial feature estimator was the ResNet-50, 

renowned for its deep convolutional architecture. ResNet39, short for Residual Network, is a type 

of convolutional neural network (CNN) that excels in learning intricate patterns from complex 

data. Its distinctive feature lies in the use of residual connections, or shortcut connections, which 

facilitate the training of very deep networks by alleviating the vanishing gradient problem. In 

ResNet, each block contains several convolutional layers followed by a shortcut connection that 

adds the original input to the output of the convolutional layers. This enables the network to learn 

residual functions, making it easier to train deeper architectures without suffering from degradation 

in performance. 

 

Conversely, U-Net40 is another popular CNN architecture specifically designed for 

biomedical image segmentation tasks, such as cell and nucleus segmentation. It is characterized 

by a U-shaped architecture, consisting of a contracting path followed by an expanding path. The 

contracting path, also known as the encoder, comprises convolutional and pooling layers that 

progressively downsample the input image to extract high-level features. The expanding path, or 

decoder, consists of convolutional and upsampling layers that upsample the features and 

concatenate them with the corresponding features from the contracting path to recover spatial 

information lost during downsampling. This skip connection mechanism enables U-Net to capture 

both local and global context, making it highly effective for tasks requiring precise segmentation. 
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In my experiments, despite the popularity of U-Net for biomedical image segmentation, it 

did not perform as well as expected when tested for spatial feature estimation with an MSE of 

1.532. The ResNet-50, on the other hand, achieved relatively better results with an MSE of 0.529. 

However, this MSE was influenced by the model's struggle to learn certain specific features, 

including cell inner offset, cell inner proximity, nucleus inner offset, and nucleus boundaries inner 

distance. These unlearned features contributed to a skewing of the total MSE, indicating areas 

where the model encountered challenges in feature extraction. 

 

Despite its limitations in learning some specific features, the ResNet-50 successfully 

learned 13 spatial features, compared to the 6 it struggled with. Notable learned spatial features 

included cell dispersion norm, nucleus inner symmetry, cell asymmetry, and point dispersion 

norm. The analysis of these features provided valuable insights into the model's strengths and 

weaknesses in capturing spatial characteristics from the input images. 

 

Given the suboptimal performance of the ResNet-50 in fully capturing all spatial features, 

I explored alternative approaches to developing a novel computational tool for spatial feature 

estimation. This transition was necessary to address the limitations encountered with the ResNet-

50 architecture and to further enhance the accuracy and robustness of spatial feature estimation in 

biomedical image analysis. 
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Figure 12: Spatial Feature Estimator Training 
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Training Autoencoder on Combined Dataset 

 

After successfully implementing the autoencoder, I proceeded to run it through the 

combined dataset comprising 52,708 cells. During the training process, the Mean Squared Error 

(MSE) loss per epoch exhibited rapid convergence, indicating that the model was effectively 

learning the underlying patterns in the data (Figure 13). By the 50th epoch, the MSE value had 

decreased to 0.012, indicating that the autoencoder was able to reconstruct the input cells with high 

fidelity. 

 

To visually assess the performance of the autoencoder, I plotted the predictions per epoch 

using the test dataset. This visualization, generated using Matplotlib's Pyplot library, provided a 

clear indication of the model's ability to reconstruct the cells accurately over the course of training. 

Interestingly, the plot revealed that the predictions began to reach a visually accurate level as early 

as the fourth epoch, suggesting that the autoencoder quickly learned to represent the spatial 

features of the cells in the latent space. 

 

The rapid convergence of the MSE loss and the early achievement of visually accurate 

predictions underscore the effectiveness of the autoencoder in capturing and reconstructing the 

essential features of the cells. This efficient learning process not only demonstrates the capability 

of the autoencoder but also highlights its potential for use in various applications requiring accurate 

cell image reconstruction. 
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Figure 13: Training Autoencoder on Combined Dataset 
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Comparison of Latent Space Size to Original Image Size (Figure 14) 

 

 To assess the compression achieved by the autoencoder, we can analyze the output of its 

encoder layers and compare it to the original 64x64-pixel image (4096 total pixel values). The first 

convolutional layer produces 32 channels with a size of 32x32, the second layer outputs 16 

channels with a size of 16x16, the third layer outputs 8 channels with a size of 8x8, and the final 

layer outputs 4 channels with a size of 4x4 (64 total pixel values). 

 

By comparing the original pixel count of 4096 to the reduced count of 64, we can determine 

the degree of compression achieved. The compression ratio is calculated by dividing the original 

image size by the encoded space size. Through this calculation, I found that the reduction factor 

of my autoencoder is 64x, indicating a significant compression of the input image while retaining 

essential information for reconstruction. 
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Figure 14: Data Compression Analysis: Comparing Latent Space to Original Image Size 
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Morphology Clustering Compared to Gene Expression Clustering (Figures 15-18) 

 

 Transitioning to a more practical implementation of my autoencoder framework, I applied 

it to two distinct 10X Xenium datasets: the human pancreas and mouse colon datasets. These 

datasets served as valuable benchmarks for my model due to their substantial size, comprising 

hundreds of thousands of cells, and providing essential spatial information necessary for gene 

expression analyses. 

 

Utilizing the Scanpy package, I processed the data as Anndata41, a modern data format 

commonly used to store information such as the cell x gene matrix. After ingesting the gene 

expression data provided by the Xenium dataset into an Anndata object, I preprocessed the data 

by removing cells with low gene counts. Subsequently, I used Scanpy’s UMAP function to visually 

represent the data for clustering purposes. The data was then clustered using Scanpy’s Leiden 

clustering function at different resolutions. 

 

The Leiden clustering algorithm is an advanced community detection method in large 

networks, known for its robustness and accuracy. It works by iteratively refining clusters to 

optimize the modularity or quality of the partitioning of the network. The algorithm consists of 

several steps: first, it assigns nodes to clusters in a way that maximizes local modularity, then 

refines these clusters by reassigning nodes to neighboring clusters to further improve modularity. 

This process is repeated until no further improvements can be made. One of the significant benefits 

of the Leiden algorithm is its ability to identify well-separated, high-quality clusters efficiently, 

even in large and complex datasets. 
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Adjusting the resolution value in the Leiden algorithm directly influences the number of 

clusters identified, allowing for the display of unique clustering results and the adjustment of the 

level of detail captured by each cluster. Higher resolution values yield more granular clusters, 

whereas lower values produce fewer, larger clusters. This flexibility is particularly advantageous 

in biological data analysis, where the appropriate level of clustering can vary depending on the 

specific research question and the nature of the data. 

 

Upon observing the clustering results based on morphology, I recognized the need for 

improvement in the autoencoder framework. It appears that the current framework may not capture 

enough information or may not retain the information effectively for optimal performance. This 

inference is supported by the lack of separation in the clusters and the resulting dilution, where 

clusters merge and overlap with multiple other clusters. 

 

Remarkably, the clustering of latent vectors for both datasets, each containing over 100,000 

cells, only took 4 minutes to run on my computer. This efficiency underscores the feasibility of 

clustering cell shapes within spatial datasets. I believe that the balance between performance and 

efficiency is influenced by the quality of the encoded space provided by the autoencoder 

framework to the clustering algorithms. This aspect is something I intend to investigate further, as 

I believe it holds the potential to be a powerful and widely applicable metric for clustering in 

various spatial datasets. 
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Figure 15: Xenium Human Pancreas Dataset Clustering by Gene Expression 
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Figure 16: Xenium Human Pancreas Clustering by Latent Space 
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Figure 17: Xenium Mouse Colon Dataset Clustering by Gene Expression 
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Figure 18: Xenium Mouse Colon Dataset Clustering by Latent Space 
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Analysis of Latent Space Clustering Disparities in Identical Cell Types 

 

 With the addition of morphological analysis using autoencoders, I aimed to uncover unique 

relationships that might highlight the effects of small gene expression changes on cell morphology 

(Figure 19). To achieve this, I performed a comprehensive comparison between clustering results 

from gene expression data and latent space data. Using the Leiden clustering algorithm 

implemented using Scanpy, I identified clusters within both clustering outputs. For both the gene 

expression and latent space clustering, clusters were determined by the default resolution of 1 in 

Scanpy’s Leiden clustering function. To detect any discrepancies, I compared the clusters from 

both outputs and identified cells that were clustered differently, which I will refer to as discrepant 

cells. These cells were flagged in both datasets for further analysis. 

 

To visualize these discrepancies, I plotted UMAP representations for both datasets, 

highlighting the clusters and discrepant cells. Separate plots were generated to show the clustering 

results based on latent vectors and gene expression data. Furthermore, I selected four example cells 

from the discrepant set to display their morphological reconstructions for the figure. For each cell, 

I identified its index in the latent vectors, converted the latent vector to a PyTorch tensor, reshaped 

it, and moved it to the GPU. The latent vector was then decoded to reconstruct the cell's image. 

These reconstructed images were displayed with annotations indicating the gene expression cluster 

and latent vector cluster. 

 

 This technique of comparing clustering data to observe how minute changes in gene 

expression affect cell shape can be a useful tool for many researchers. With morphological 
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clustering, I aim to identify and analyze more complex relationships, similar to those revealed by 

gene expression clustering. However, the current limitation lies in the quality of the morphological 

clustering. The clustering shows bottlenecking in the separation of clusters and tends to clump 

multiple clusters together, resulting in less distinct boundaries between clusters. This effect is 

particularly pronounced in morphology clustering, leading to a dilution of cluster purity as similar 

clusters are not well-separated. This highlights the need for further refinement and optimization of 

the morphological clustering technique to achieve clearer and more distinct cluster separations. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In addition to identifying clusters and discrepant cells, morphological clustering can be 

further leveraged to visualize these clusters within the tissue of origin. By mapping the latent space 

Figure 19: Observing the Impact of Small Gene Expression Variations on Cell Morphology 
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clusters back to their spatial coordinates in the original tissue images, we can explore whether 

certain "morpho types" are enriched in specific regions of the tissue. This spatial visualization can 

reveal critical insights into how cell morphology correlates with tissue architecture and functional 

zones. 

 

For instance, in Figure 20, the latent space clusters are visualized in Xenium's original 

human pancreas tissue image. By overlaying the clusters onto the tissue map, we can observe the 

spatial distribution of different morphological clusters. This helps in identifying regions where 

certain morphological features are predominant, potentially linking these features to localized 

tissue functions or pathological changes. Furthermore, by highlighting discrepant cells within the 

tissue context, we can investigate regions that exhibit significant morphological changes due to 

small variations in gene expression. These regions of high discrepancy may indicate areas where 

gene expression changes have a pronounced impact on cell shape and function, providing valuable 

clues for further biological investigation. 

 

The spatial visualization of morphological clusters, therefore, offers a powerful approach 

to integrate morphological and spatial transcriptomics data. It allows researchers to explore the 

spatial heterogeneity of cell morphologies and their relationship with gene expression patterns. 

This integrated approach not only enhances our understanding of tissue organization and cellular 

behavior but also supports the identification of potential biomarkers and therapeutic targets based 

on spatial and morphological characteristics. 
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In conclusion, the combination of autoencoder-based morphological clustering with spatial 

visualization techniques opens new avenues for morphogenomic studies. It provides a scalable and 

efficient method to analyze large-scale single-cell datasets, uncovering intricate relationships 

between cell morphology, gene expression, and tissue architecture. By continuing to refine these 

techniques, we can further enhance their utility and accuracy, paving the way for more 

comprehensive and insightful morphogenomic analyses. 

 

 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 

Figure 20: Exploring the Effect of Cell Morphology on Cell Localization 
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Discussion 
 

 The integration of morphology with gene expression data represents a fascinating 

advancement in the field of single-cell genomics, offering a more comprehensive understanding 

of cellular behavior within tissues. While single-cell genomics has provided invaluable insights 

into cellular diversity and function, its lack of spatial information has been a significant limitation. 

Spatial transcriptomics has emerged as a solution, providing a spatial context for gene expression 

analysis and enabling researchers to map gene expression within tissue architecture. However, the 

relationship between cellular morphology and gene expression has been largely unexplored in 

single-cell spatial data until now. The morphology of a cell is intricately linked to its gene 

expression profile, with changes in one often influencing the other. Morphogenomics, the 

integration of morphological and genomic data, has the potential to unravel these complex 

relationships. Yet, applying morphogenomics to single-cell spatial data has been challenging, 

particularly in scaling analyses to whole datasets. 

 

To address these challenges, I developed an autoencoder capable of replicating cell masks, 

bridging the gap between morphology and gene expression in single-cell spatial data. The encoded 

latent layer, which captures essential features of cell morphology, allows for multi-scale clustering 

of cell morphologies, enabling me to explore complex cellular interactions and functions. This 

autoencoder not only addresses the scalability issues faced by traditional methods but also 

enhances the accuracy and efficiency of morphogenomic analyses. By reducing the dimensionality 



49 

of the data, the autoencoder facilitates more efficient clustering, providing a clearer and more 

detailed view of cellular morphologies and their gene expression profiles. 

 

However, the application of this autoencoder revealed certain limitations that must be 

addressed for future research. One key challenge is the difficulty in achieving proper separation of 

clusters and cluster purity in morphology clustering. The morphology clusters often showed less 

separation and tended to clump multiple clusters together, leading to dilution in similar clusterings. 

This limitation underscores the need for further refinement and optimization of morphological 

clustering techniques to achieve clearer and more distinct cluster separations. Addressing this 

challenge is crucial for ensuring that morphology clustering is truly useful in providing insights 

into cellular behavior and function. Another challenge lies in balancing the size of the encoded 

space with efficiency and performance. While a smaller encoded space may improve efficiency, it 

may also lead to loss of important morphological information. On the other hand, a larger encoded 

space may capture more morphological details but could result in increased computational 

complexity. Finding the right balance between these factors is essential for maximizing the utility 

of the autoencoder in morphogenomic analyses. 

 

In moving forward, the next steps for improving this morphogenomic tool include several 

key areas of focus. Firstly, enhancing the quality of morphological clustering is paramount. This 

could involve experimenting with different clustering algorithms, adjusting parameters, or 

integrating advanced techniques like graph-based clustering to achieve more distinct and 



50 

meaningful separations. Additionally, optimizing the autoencoder architecture to better capture 

critical morphological features without unnecessary complexity will be essential. 

 

The integration of this autoencoder with existing spatial transcriptomics techniques creates 

new avenues for biological insights. By mapping the clusters identified in the latent space back to 

their spatial coordinates within the tissue, researchers can investigate whether certain 

morphological types are enriched in specific tissue regions. This approach can reveal how cell 

morphology correlates with tissue architecture and function, potentially identifying new functional 

zones or regions impacted by specific gene expression changes. Further, the ability to visualize 

morphologically discrepant cells in the same cell type provides a powerful tool for uncovering the 

effects of gene regulation on cell shape. This can lead to the identification of biomarkers or 

therapeutic targets based on spatial and morphological characteristics, offering new directions for 

disease research and treatment. 

 

Looking ahead, the potential applications of this tool are vast. It can be used to explore 

developmental biology questions, such as how cells differentiate and organize into tissues, or to 

study disease progression by identifying morphological anomalies linked to gene expression 

changes. Moreover, the integration of multi-scale clustering with cell morphology analysis can 

facilitate the discovery of previously unknown cellular interactions and functions, providing 

deeper insights into the complex networks that govern cellular behavior. The development of this 

autoencoder represents a significant advancement in the field of single-cell genomics, offering a 
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powerful tool for studying cellular morphology in conjunction with gene expression. By 

addressing current limitations and identifying areas for future improvement, this work lays the 

foundation for further research in morphogenomics, with the potential to greatly enhance our 

understanding of cellular behavior and function in complex biological tissues. Moving forward, 

efforts to enhance the quality of morphological clustering and to integrate the autoencoder with 

existing spatial transcriptomics techniques will be key in unlocking deeper insights into the 

complexities of cellular biology. The ability to combine morphological and genomic data through 

advanced machine learning approaches heralds a new era of biological discovery, with profound 

implications for both basic and applied research. 
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