Neighbor-Embedded Block Imagification for Single-Cell
Gene Expression Classification

Ali Anaissi!? and Seid Miad Zandavi'»®

! University of Sydney, Australia
2 University of Technology Sydney, Australia
3 Broad Institute of MIT and Harvard, USA
ali.anaissi@sydney.edu.au, szandavi@broadinstitute.org

Abstract. The innovative concept of "block imagification" transforms high -
dimensional molecular measurements into two-dimensional RGB images, main-
taining a one-to-one relationship with each sample while enabling associations
across different classes. This transformation from non-image data to image format
creates a holistic molecular representation of a sample, enhancing phenotype
classification through advanced computer vision techniques.

Each transformed RGB image encodes molecular information in a 2D blocked
diagonal neighbor-embedded space, where the RGB channels represent molecular
abundance and gene intensity. The proposed method was applied to single cell
RNA sequencing data (scRNA-seq) to "imagify" the gene expression profiles of
individual cells.

The results demonstrate that even a simple convolutional neural network (CNN)
trained on these transcriptomics images can accurately classify diverse cell types,
outperforming traditional scRNA sequence classifiers such as Support Vector
Machine (SVM), K-Nearest Neighbors (KNN) and Random Forest (RF).

Keywords: Block Imagification, Single-cell RNA Sequencing (scRNA-seq), Tran-
scriptomics Image Representation Convolutional Neural Networks (CNN), Pheno-
type / Cell Type Classification

Introduction

Omics refers to a set of innovative and comprehensive strategies used to analyze the
complete molecular profile of humans and other species. The term encompasses a grow-
ing number of disciplines in molecular biology ending with “-omics,” such as genomics,
transcriptomics, proteomics, metabolomics, and metagenomics. For example, transcrip-
tomics involves analyzing the complete set of messenger RNA (mRNA) molecules
within a cell or tissue, indicating the abundance or concentration of each RNA molecule.

The main objective of omics is to quantify a wide range of biological molecules in a
non-targeted and unbiased manner to characterize the structure, function, evolution, and
dynamics of an organism or population. This enables researchers to explore how gene or
molecular compositions and their associations influence phenotypes [1].

With the advent of high-throughput profiling technologies, such as next generation
sequencing (NGS) [2] and high-throughput mass spectrometry screening platforms [1],
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biology has become increasingly dependent on large-scale molecular data generated at
multiple levels, from the genome to the metabolome. The availability of omics data is rev-
olutionizing life sciences by enabling a holistic understanding of physiological processes
and supporting more accurate phenotype predictions. However, despite these advances,
distinguishing phenotypes (e.g., diseases or cellular subtypes) remains challenging due
to the high-dimensional, heterogeneous, and complex nature of omics data.

RNA sequencing (RNA-seq) is an advanced NGS technology used to detect and
quantify gene expression, revealing transcript abundance within a biological sample [3].
Understanding the transcriptome is essential for decoding cellular behavior, discovering
genome functionality, and identifying molecular signatures of cells and tissues [3].
Unlike bulk RNA-seq, which captures average expression across thousands of cells,
single-cell RNA sequencing (scRNA-seq) profiles gene expression at the individual cell
level, providing high-resolution insights into cellular heterogeneity.

The development of scRNA-seq has transformed gene expression studies, from
cataloguing cell types [4] to uncovering transcriptional regulation [5] [6] [7]. It enables
the classification of distinct cell states and phenotypes [8], contributing to precision
medicine through better molecular understanding of patient states. Although complete
RNA information for each cell is often unavailable, machine learning techniques can
be used to identify gene expression patterns that reveal previously unknown cell types.
However, the data complexity, sometimes requiring more than 20,000 features per cell,
adds significant analytical challenges due to high dimensionality and potential feature
interactions.

In typical scRNA-seq datasets, the number of features (genes per cell, often 10,000 —
60,000) far exceeds the number of samples (cells, typically 100-8,000). This imbalance
is known as the “curse of dimensionality” [9], which often forces researchers to apply di-
mensionality reduction techniques. Unfortunately, such methods can lead to information
loss, especially for cell-type identification. For instance, models like the Cox propor-
tional hazards model [10], elastic net [11], and random forests [12] have been applied
to survival prediction, but often rely on reduced feature sets. Neural networks (NNs)
have also been explored for predictive modeling [13], but they typically underperform
on right-censored survival data compared to traditional methods [14].

The emergence of deep learning, particularly convolutional neural networks (CNNs),
has achieved remarkable success in computer vision, offering a powerful means of
interpreting high-dimensional data. Computer vision involves stages such as image
acquisition, encoding, and interpretation, making it well-suited for extracting patterns
from structured data like images. CNNs excel when applied to image data, even with
limited training samples, and can outperform other models in terms of accuracy and
efficiency.

Despite the impressive success of CNNs in processing image data, applying CNNs
directly to high-dimensional non-image data, such as gene expression profiles, remains
challenging. CNNSs are specifically designed to work on two-dimensional matrices (e.g.,
images), leveraging spatial coherence and local dependencies among neighboring pixels
to extract meaningful features. In contrast, gene expression features (individual genes) are
typically unordered and lack an inherent spatial structure, making the direct application
of CNNs ineffective. To overcome this, converting non-image data into image-formatted
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data enables CNNs to exploit their spatial feature extraction capabilities effectively. Such
a transformation not only enhances the interpretability of complex biological data like
scRNA-seq but also allows CNNs to achieve strong classification performance with
relatively less training data and computational resources compared to other machine
learning approaches.

The key lies in reorganizing gene expression data into image structures that mimic
the spatial dependencies CNNs are designed to exploit. To achieve this, we introduce the
innovative concept of block imagification, which transforms high-dimensional molecular
measurements into two-dimensional RGB images, maintaining a one-to-one correspon-
dence with each sample while preserving biological relevance.

Each transformed image encodes molecular information in a 2D blocked diagonal
neighbor-embedded space, where the RGB channels represent molecular abundance and
gene intensity. This novel representation enables the effective application of CNNs to
complex, high-dimensional biological datasets such as sScRNA-seq, enhancing phenotype
classification through powerful image-based learning.

Related work

Transforming non-image machine learning (ML) problems into the image recognition
problems provides an opportunity to solve them using powerful deep learning algorithms.
Converting a vector into the 2D image data was proposed in [15] as the first preliminary
approach to using the relative positions of the genes in a chromosome to classify tumor
type; i.e., by using transcription locus as the rearrangement criterion. The OmicsMapNet
approach analyzes RNA sequence expression data from diffuse glioma samples of
TCGA by organizing the functions and ontology relationships into spatially adjacent
and patterned locations [16]. OmicsMapNet employes a trained CNN model to predict
the malignancy grade of tumor samples. Single-cell image segmentation and analysis
techniques are frequently employed to convert cell images into detailed quantitative
descriptors. This method facilitates scalable and reliable interpretation and allows for
the application of representation learning techniques, which are usually limited to
numerical matrix data in omics studies [17, 18]. Interestingly, although image data are
often converted into quantitative formats for analysis, "imagification" have begun to
leverage advanced/powerful image modeling methods, for the analysis of omics data
[15] [19].

The CPC-R algorithm [20] has been proposed to convert non-image data into images
by visualizing non-image data through pair values mapping. The general idea is to group
numerical attributes in pairs (x;, z;41), where are mapped to a 2D plane corresponding
to the horizontal (z;) and vertical (x;41) coordinates. Then, cells are labeled with
various intensities of a greyscale from black (x1, x2) to extreme light grey (z,,—1, x).
Additionally, the visualization of genomics data via the Hilbert curve was proposed by
[21]. The Hilbert curve is a continuous fractal space-filling curve that is an effective
technique for the linear mapping of multidimensional space. The linear space adequately
preserves the locality of features in multidimensional space [22], so the clustering
properties of the Hilbert space-filling curve suggest it has potential to deal with data
mapping between dimensions.
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Deeplnsight [23] introduced a domain-agnostic method for converting various types
of non-image data, including text, audio, and synthetic datasets, into image form for CNN
processing. Unlike previous methods, Deeplnsight does not rely on domain-specific
knowledge to rearrange features. More recently, Fotomics [19] applied the Fourier Trans-
form to map scRNA-seq data into 2D coordinates in a neighbor space. However, it
does not account for cluster-specific variability, which may affect classification per-
formance. A biologically informed approach was proposed by [24], where genes are
rearranged using molecular function hierarchies. This method uses the KEGG ontology
[25] and BRITE hierarchies to map genes into a 2D layout, constructing structured
gene-expression images for cancer survival prediction. Despite the variety of existing
approaches, most methods generate grayscale images and often overlook the intensity or
domain-specific distribution inherent in omics data.

In this paper, we propose a novel image transformation method named Block Imagi-
fication to address cell-type identification in scRNA-seq data through a classification
framework. Our method transforms gene-expression vectors into a 2D block diagonal
neighbor-embedded space represented as RGB images, assuming cluster independence
among gene groups. The RGB channels capture both gene expression levels and intensi-
ties for each cell, encoded via the Discrete Fourier Transform (DFT). This structured
representation enables CNNs to better extract local features and enhance classification
performance.

Problem Formulation

Depending on the underlying technology, different omics profiles can encompass mea-
surements of several hundreds to several thousands of molecules. We define the concept
of block imagification as the process of transforming a numerical vector representing
these measurements into an image that maintains a one-to-one correspondence with the
original sample, independently clustered. This resulting image is then used to classify
the sample phenotype via automated image recognition techniques.

In general, an image consists of spatially coherent pixels, where meaningful informa-
tion is locally shared among neighboring pixels. If pixels are arranged arbitrarily, their
placement can adversely affect feature extraction and classification accuracy. Therefore,
when converting non-image data into image form, maintaining spatial coherence of
pixels within local regions is crucial to improve classification performance. Additionally,
color images typically have three channels per pixel that encode intensity and chromi-
nance information. The imagification process should capture the relative relationships
among different molecules in a spatial coordinate system, including their intensity and
chrominance attributes.

Accordingly, we propose a method that transforms a numerical vector (representing
gene abundances in a sample) into a Cartesian coordinate plane using t-Distributed
Stochastic Neighbor Embedding (t-SNE) [26] as a nonlinear dimensionality reduction
technique applied across samples. Furthermore, we apply a discrete Fourier transform
(DFT) on a finite number of points to extract frequency-domain features representing
individual behavior. This approach enables capturing all possible associations across
different classes.
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This transformation locates features (i.e., genes) in the Cartesian plane, represented
as a colorful 2D image. The pixel colors are determined by gene expression values as the
first channel, while the real and imaginary components of the DFT form the second and
third channels, respectively. Thus, the resulting color image integrates multiple layers
of information: gene expression intensity and frequency-domain characteristics within
each sample. Each channel thereby encodes complementary information, facilitating
comprehensive feature representation for downstream classification.

Fig. 1: Omics Imagification structure and CNN architecture for classification of scRNA-
seq datasets

To begin with the transformation (see Fig. 1), the non-image scRNA-seq dataset is
split into training and test subsets. Then, the training data is partitioned into distinct
classes. Each class-wise partition is transformed into a reference Cartesian plane (sample
space) using the t-SNE transformation. This transformation identifies the spatial locations
of features (i.e., each gene) within the plane.

Once the locations of all features are determined in the feature matrix, the next step
is to find the minimum convex set enclosing the feature matrix. The convex hull [27] is
used to identify this minimum convex boundary. Since the image needs to be aligned
horizontally or vertically for input to the CNN, a rotation step is applied, as formulated
in Eq. 1.

] = [t ] 1]

where [X,,, Y,]” is the sample spaces measured by t-SNE and [ X, Y;.,]7 is the rotated
X,Yp-plane.

The Cartesian plane needs to be converted to spatially pixel forms to locate the
genes/features at the right points. This is organized by pre-set parameters, such as the
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pixel sizes in the X, and Y,.,, directions as P, and P,, respectively. The image pixel size
(P, P,) is required to coordinate (X,.,,Y;,) into the pixel frame (x,,y,,). This conversion
is formulated in Egs. 2 and 3.

— (er — min(er)) x P

x, = round <1 + max(X,,) — min(X,,) ?
B (Yyp —min(Y,p)) x P,

Yp = round <1 ™ maX(er) - min(er) v

The conversion to pixel frames is achieved using the average of the features (i.e.,
gene expression) in the same location, as the image size has a pixel limit. A single
pixel in the pixel frame may consist of more than one feature for a sample zj, (for
k =1,2,...,n). When mapping these features into the pixel frame, the pixel intensity is
the average value of the features with the same position. Consequently, if the image or
grid size is very small, many of the features overlap and the image representation may
not be accurate compared with the given number of features. Selecting an appropriate
processing resolution depends on the amount of hardware resources available and the
required features.

Since the class-wise Cartesian planes are set, the intensity and behavior of each
sample must be extracted using DFT [28]. Let { f(¢);¢t = 0,41, +2, ...} be considered
as a deterministic, discrete sequence of data. We assume that y(t) = f(¢) has finite
energy (Efz ly(t)]? < 00). According to the finite energy assumption, the sequence
data (y(t)) can be converted to DFT, as represented in Eq.4.

+oo
Y(w) = Zy(t)e‘m “)

where w is measured in cycles per sampling interval, which means the frequency of each
feature per unit interval in the scRNA-seq. i = v/—1 is the basis for complex numbers.
Y (w), the DFT at frequency w, is a measure of the amplitude and phase of a complex
sinusoid, from which Euler’s identity introduces Y (w) = cos(wt) — isin(wt). In the
complex plane of the DFT, the sinusoidal module shows the system’s behavior (i.e., here,
the system is defined as omic profile like scRNA-seq). Therefore, the system behavior is
fundamentally dependent on the phase and amplitude, which are measured from the real
and imaginary parts of the complex sinusoid.

In scRNA-seq data, the DFT of an scRNA-seq expression represents the behavior of
each gene across its sample. Due to the nature of sequence data, only a positive form
of a complex number is considered. The negative frequency is the rotation vector in
the opposite direction to the positive frequency, so it can be removed from the analysis.
In this regard, positive frequencies in the real and imaginary parts of DFT are mapped
into the second and third channels of imagification to intensify the luminance in the
transformed image. Finally for each sample, all the generated class-wise RGB images
are encapsulated in a block diagonal form. This bock diagonal image is then resized to a
200 x 200 RGB image, which is used as the input to CNN model. Algorithm 1 shows the
pseudo-code of the proposed imagificaiton approach for omics data such as scRNA-seq.
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Algorithm 1: Omics Imagification

Data: data set x = {x1, 2, ..., Zn } with k classes ( = {c1,¢2,...,cr}
data pre-processing;
Result: Converting numerical vector of Omics expression values to a 2D image
Y ={v1,v2,...;Un} .
begin
set pixel size;
Split data to train and test sets;
Perform class-wise partitioning of the training data;
for each class-wise partition do
compute Cartesian coordinates;
-[Xp, Yp] +— t-SNE;
-computing convex hull;
-rotate convex hull plane;
end
for x € x do
for c € ( do
Compute RGB images across Cartesian coordinates of class c;
-map features into rotated plane;
-compute discrete Fourier transform (DFT);
-positive DFT;
-compute channel intensity with real and imaginary DFTs;
-concatenate channels;
-1 <— scale converted 2D images;

end
create a block diagonal image from provided images
v = block.diag{l1, I2, ..., I };

end

end
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Transformed RGB images convey more information for every single sample (i.e.,
cell-types) for training of the CNN model. Not only does imagification imply reorgani-
zation of the data to provide a structure with which the convolutional filters can exploit
local knowledge patterns, but it also overcomes the curse of dimensionality inherent in
genomics data. Training a CNN architecture or, more generally, a deep learning model,
with a proper set of samples composed of a large number of features can allow the model
to achieve significant performance. Correspondingly, the proposed image-form approach,
omics imagification, provides a simple CNN model (see Fig. 1) with enough information
to exploit local patterns in the corresponding sample.

Normalization is the key approach to preserving the topology of the functions. The
minimum value of each function needs adjusting. For this reason, expression values
across samples are normalized between 0 and 1 because we assume that the features are
mutually independent, as a feature is normalized by its extrema values. The first channel,
the expression value, is normalized as Eq. 5.

x(7,:) — min(Ttrqin)

max(xtrm’n)j - min(xtrain)j

2(j,:) = 5)
where 7 = 1,2, ..., m represents the number of features (genes). Note that the normaliza-
tion is processed over the training set so validation and test data are adjusted by training
extrema. To concatenate the second and third channels of the RGB images, the DFT
form of the gene expression over a sample (cell-type), Y = [y1,y2, ..., Yn], iS used in a
logarithmic scale to position the feature values between 0 and 1. The logarithmic scale
in a complex sinusoid is formulated as per Eq. 6.

y(o k) = — 109w, k) — minfy(, k) +1)
s maX(log(y(l, ki) — rnin(y(;7 k)) T 1))
where k = 1, 2, ..., n is the number of samples (cell-types).

(6)

Data Collection

A total of six datasets were obtained from a curated publicly available single-cell RNA
sequencing (scRNA-seq) collection maintained by the Hemberg Lab [29]. Each dataset
includes labels for predicted cell types, which serve as the ground truth for evaluating
classifier accuracy. The selected datasets encompass a wide variety of protocols, tissue
types, and dataset sizes. They include different species (human and mouse), tissues
(colorectal tumor, embryo, heart, colon, liver), and sequencing protocols (SMARTer,
Smart-Seq2, Chromium).

In identifying different cell types, transcriptomic reads and unique molecular identi-
fiers (UMISs) counts play an important role in compensating for variations in sequencing
depth across cells. Accordingly, two different read types—read counts and UMIs—are
considered in this study.

Specifically, human colorectal tumor and mouse embryo datasets were obtained from
the following accession numbers: GEO GSE81861 (SMARTer), GEO GSE45719 (Smart-
Seq2), and the Tabula Muris datasets sequenced with SMART-Seq2 and Chromium, as
summarized in Table 1.
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Dataset Species Tissue Type Protocol Genes Cells Classes Read Type

1 li Human colorectal tumor SMARTer 55186 561 9 Read
2 deng-reads Mouse Embryo SMART-Seq2 22431 268 6 Read
3 TabulaMuris Heart 10X Mouse Heart Chromium 23433 654 6 UMI
4 TabulaMuris Heart FACS Mouse Heart SMART-Seq2 23433 7115 9 Read
5 TabulaMuris Colon FACS Mouse Colon SMART-Seq2 23433 4149 6 Read
6 TabulaMuris Liver FACS Mouse Liver SMART-Seq2 23433 981 6 Read

Table 1: Single Cell Data usded for Omics Imagification

Results and Discussion

The proposed method, omics imagification, is a transformation technique that rearranges
one-dimensional data into two-dimensional RGB images. The method organizes spatially
coherent pixels in sample spaces by applying a dimensionality reduction approach (e.g.,
t-SNE) along the sample dimension, combined with domain-intensity knowledge from
the omics profile. In this study, six datasets provided by the Hemberg Lab [29] were used
to evaluate the performance of machine learning methods after applying imagification to
the data.

Data normalization is essential for scRNA-seq datasets due to various biases and
noise introduced during the sequencing process. When expression quantification exhibits
significant biases, adjusting expression measures is critical to reduce batch effects. Ac-
cording to the literature, a wide range of normalization methods have been developed,
including those adapted from bulk RNA-seq or microarray data as well as novel ap-
proaches specifically designed for single-cell studies [30] [31]. However, many of these
methods overlook key characteristics of sScRNA-seq data, such as "zero inflation", the
artefactual zero-read counts observed in several single-cell protocols (e.g., SMART-seq)
[32] [33]. In this paper, both raw data and one of the most popular normalization methods,
Counts Per Million (CPM) [34], are considered as global scaling preprocessing steps.

To illustrate the transformed raw data as RGB images, one sample from each dataset
is shown in Fig. 2. This approach generates meaningful local structures by rearrang-
ing elements and captures feature dissimilarities through feature extraction and CNN
classification. In this transformation, each pixel may have three possible intensity cases:
a single gene (g,,,) at position (x,, , yp, ), multiple genes (g1, g2, - - -, ;) at (ZTpy, Yp, )>
or no genes/features at (x,,, yp, ), Where the pixel value is set to zero. The density
representations of these images (see Fig. 2) clearly demonstrate the density of different
cell types per pixel, providing a holistic view of the samples within each dataset.

To evaluate the performance of the proposed method, downstream analysis using
supervised machine learning methods was used to predict the true labels with the
corresponding cell populations. Three popular classifiers, Random Forest (RF), K-
Nearest Neighbors (KNN), and Support Vector Machine (SVM)), were applied to six
diverse datasets (Table 1). Additionally, a CNN model (Fig. 1) was trained with image-
formed data.

The datasets were first divided into training (80% of all samples), validation (10%
of the training set), and test (20% of all samples) sets. The training set was used for
model fitting, and the validation set was employed to assess model fitness and select
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Deng-read

TabulaMuris Heart FACS ~ TabulaMuris Colon FACS  TabulaMuris Liver FACS

Sample Image of

per pixel

ScRNA-seq Density

Fig. 2: Tllustration of sample imagification of databases and the density of scRNA-seqs
per pixel

hyperparameters yielding the lowest validation error. The test set was strictly reserved
for unbiased evaluation and was not used during model training or tuning. Classification
accuracy on the test set was calculated as the percentage of correctly classified samples,
using 5-fold cross-validation.

Figure 3 shows the performance of RF, KNN, and SVM to raw and CPM normalized
data without imagification; whereas, the CNN model processed the image-formed data.
The CNN architecture, shown in Fig. 1, consists of three blocks, each including a 2D
convolutional layer, a ReL.U activation layer, and a max-pooling layer. The output of the
third block is flattened and passed through a fully connected layer. Dropout layers are
incorporated to prevent overfitting during training. Finally, a sigmoid activation function
produces the output class labels. The pixel frame size was set to (P, P,) = (100, 100).
The method was implemented in Python on a computer with a 1.6 GHz dual-core Intel
Core i5 processor and 16 GB of memory.

Experimental results demonstrate that the proposed imagification of cellular tran-
scriptomics data combined with a simple CNN model can accuraltel classify different
cell-types, achieving an average test accuracy of (94%) on raw data and (95%) on CPM-
normalized data. In comparison, the average accuracies of the commonly used RF, KNN,
and SVM classifiers on numerical data were 86%, 41%, and 46% for raw data, and 85%,
37%, and 39% for CPM data, respectively.

The boxplot in Fig. 3 illustrates that the CNN model using the imagification method
outperforms the other methods and is robust to normalization techniques. Additionally,
the comparatively narrow CNN boxplot indicates consistent high accuracy across diverse
datasets and normalization methods. In contrast, KNN and SVM performed poorly in
identifying cell types across datasets.

To further illustrate the performance of the CNN classifier, a confusion matrix is
presented showing the classification results on a test dataset with known true labels. As
shown in Fig. 4, the CNN model using the omics imagification method significantly
outperformed the other classifiers on scRNA-seq data.

The proposed omics imagification method converts a 1D vector into a 2D RGB
image format. Combined with a CNN model, this approach leverages local pattern
feature learning from the omics image data. It can be extended to identify important
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Fig. 3: Testing accuracy of three common machine learning models (RF, KNN, SVM)
on the data matrix and of the CNN model on imagification across six different databases
with omics data pre-processed in two different ways (raw data and counts per million,
CPM)

Li deng-read TabulaMuris Heart 10X

Fig. 4: Confusion matrix over transformed image-form test data for the CNN model

features (genes) as biomarkers across samples using image pattern recognition techniques.
Additionally, different types of data (e.g., clinical and non-clinical) can be concatenated
into images for integrated analysis and disease diagnosis. This technique is especially
advantageous in applications where the original data is not naturally in image form.
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Conclusion

Depending on the underlying technology, various omics profiles can include measure-
ments of hundreds to thousands of molecules. In this paper, we propose the term omics
imagification to describe the process of converting a numerical measurement vector
into an image with a one-to-one correspondence to the original sample. The proposed
imagification approach transforms gene expression vectors into two-dimensional RGB
images, enabling phenotype classification through automated image-recognition tech-
niques. These image-formed data convey richer information about cell types to the
classifier, including gene expression levels and intensities.

The method was evaluated on single-cell RNA sequencing (scRNA-seq) datasets,
and experimental results demonstrate that a simple convolutional neural network (CNN)
architecture significantly outperforms commonly used machine learning methods such
as Random Forest (RF), K-Nearest Neighbors (KNN), and Support Vector Machines
(SVM).
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