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Abstract

Reconstructing the 3D spatial organization of transcription from 2D spatial data is a fundamental challenge in genomics. Here, we
introduce Cytocraft, a computational framework that addresses this problem by inferring a shared, cell-type-specific 3D configuration of
transcription centers from subcellular spatial transcriptomics profiles. After validating Cytocraft's robust accuracy in simulations (median
relative error: 0.0346), we applied it to diverse datasets to explore spatial patterns that may reflect underlying transcriptional organization.
In human nonsmall cell lung cancer, we observed consistent spatial repositioning patterns, suggesting that the marker MALAT1 may
undergo directional translocation during malignant transformation across eight patient samples. In the developing axolotl brain, we found
that transcription center reorganization exhibits conserved developmental dynamics across distinct cell types, suggesting coordinated
developmental dynamics. By enabling 3D reconstruction of transcription center configurations from 2D data, Cytocraft provides a powerful

tool to explore the spatial organization of transcription in development and disease.
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Introduction

Genes do not transcribe at random positions; instead, they occupy
preferred nuclear neighborhoods that foster coordinated regulation
[1, 2]. Hi-C and related methods have characterized the structural
landscape of chromatin folding based on DNA-DNA contacts [3], while
RNA-FISH reveals where transcription actively occurs [4, 5]. These
two views are related but distinct: genes may co-localize at shared
transcriptional hubs without direct chromatin contact, and vice versa
[6]. Understanding transcription thus demands methods that can cap-
ture both perspectives.

Subcellular spatial transcriptomics (SST) technologies, such as mul-
tiplexed error-robust fluorescence in situ hybridization (MERFISH) [7],
CosMx SMI [8], Xenium [9], and Stereo-seq [10], provide 2D coordi-
nates for thousands of RNA molecules within single cells. However,
tissue sectioning and imaging collapses the cell’s intricate 3D structure
into a flattened 2D projection. This “crushed dimension” problem

obscures true z-axis distances between transcripts, limiting our ability
to infer spatial relationships among transcription sites.

To address this problem and to specifically capture the transcrip-
tional landscape from RNA data, we operationally define a “tran-
scription center” for each gene as the weighted geometric centroid
of its detected RNA transcripts within a cell. Critically, this RNA-
based definition captures where transcription occurs and where tran-
scripts localize, rather than where chromatin physically resides—a
distinction from Hi-C-derived 3D genome structures. The full set of
these centers forms a gene-specific 3D spatial configuration that, if
reconstructed, could provide estimates of inter-gene distances and
clustering patterns at the transcriptional level. Reconstructing these
configurations may offer insight into cell-type diversity and the spatial
reorganization of transcription during development or disease.

We introduce Cytocraft, a structure-from-motion framework that
reconstructs a shared, cell-type-specific 3D configuration of these
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transcription centers from 2D SST profiles. Cytocraft treats each cell
as an orthographic projection of a common underlying configuration,
assuming rigid rotations across cells of a type and accurate molecule-
to-cell assignment. Through iterative factorization and optimization,
the algorithm infers the latent spatial arrangement, up to inherent
ambiguities in scale, rotation, and chirality. Extensive simulations
demonstrate robustness across varying cell numbers, imaging resolu-
tions, detection efficiencies, dropout rates, and noise levels, while real-
world tests on MERFISH [7], CosMx SMI [8], Xenium [9], and Stereo-seq
[10] datasets confirm broad applicability (Supplementary Tables 1-3).
By reconstructing 3D transcriptional organization in human nons-
mall cell lung cancer, we observe consistent spatial repositioning pat-
terns, suggesting a conserved, directional movement of the MALAT1
transcription center during tumorigenesis. Furthermore, by chart-
ing 3D configurations across the developing axolotl brain, we find
that transcription center reorganization exhibits conserved patterns
across distinct cell types, consistent with coordinated developmental
dynamics. By restoring the 3D, Cytocraft transforms static 2D snap-
shots into 3D spatial maps, offering a new perspective on the spatial
organization of transcription in development and disease.

Results

Cytocraft: an iterative algorithm for reconstructing
spatial transcription center configurations

Cytocraft addresses the fundamental challenge of reconstructing 3D
spatial configurations of transcription centers from inherently 2D
SST data. The algorithm operates on the principle that cells of the
same type share a common 3D spatial arrangement of their tran-
scription centers, with individual cells representing different angular
projections of this shared configuration onto the 2D observation plane
(Fig. 1a).

The reconstruction process begins with identifying transcription
centers for each gene within individual cells. Cytocraft defines the
transcription center of any given gene as the weighted geometric cen-
troid of its transcriptional spots (as detailed in Methods), as illustrated
in Fig. 1b. This approach transforms the complex spatial distribution
of transcripts into discrete, quantifiable coordinates that serve as the
foundation for 3D reconstruction. The method assumes that while
individual cells may exhibit rotational variations and observational
noise, the underlying spatial configuration remains conserved among
cells of the same type.

The core of Cytocraft lies in its iterative optimization framework
that alternates between two complementary steps until convergence
(Fig. 1c). The “F-step” updates the 3D configuration matrix to best fit
the observed 2D transcription centers given current estimates of cell
orientations. Conversely, the “R-step” refines the rotation matrices rep-
resenting individual cell orientations to optimally align the inferred
configuration with transcription center observations. This iterative
factorization and optimization approach [11] ensures that both the
shared spatial configuration and cell-specific projection angles are
simultaneously optimized to minimize discrepancies between pre-
dicted and observed transcription center locations.

Upon convergence, Cytocraft produces two key outputs that enable
spatial analysis. The optimal spatial configuration represents an
inferred 3D arrangement of transcription centers shared among
cells of the same type, providing estimate spatial distances and
relationships between genes that are otherwise obscured in 2D

projections. Additionally, the algorithm generates rotation matrices
for each cell, which may reflect biological features such as tissue
organization or developmental constraints. Together, these outputs
transform limited planar observations into reconstructions up to
gauge ambiguities of gene organization within cells.

The 3D configurations reconstructed by Cytocraft enable sophisti-
cated analyses of gene spatial relationships that are impossible with
conventional 2D data.

Robust performance of Cytocraft in reconstructing
spatial configurations from simulated data

To rigorously evaluate Cytocraft's reconstruction capabilities, we
developed a comprehensive simulation framework that generates
synthetic SST data with known ground truth configurations (Fig. 2a).
The pipeline uses reference 3D configurations predicted from Hi-C
data by the FLAMINGO model [12], applies random rotations, and
incorporates various sources of noise and data deficiencies typical of
real SST experiments. The controlled simulation environment enables
direct quantitative assessment of reconstruction accuracy by compar-
ing Cytocraft’s output against the known original configuration. The
ground truth refers to computationally derived conformations from
Hi-C, serving as structured reference points for assessing algorithmic
accuracy. This establishes Cytocraft’s performance bounds and
sensitivity to noise parameters, complementing biological validation
in subsequent sections.

The simulation parameters were designed to encompass and exceed
the challenging conditions present in real-world SST data. Detection
efficiency was varied from 10% to 50%, reflecting the range across dif-
ferent platforms where MERFISH achieves ~80% efficiency while SMI
detects only one or two copies per cell [13]. Gene dropout rates were
set between 30% and 60% to simulate incomplete gene expression
matrices. To model positional uncertainties, we introduced Gaussian
noise with standard deviations o ranging from 0 to 5 pixels, where
each pixel corresponds to one spatial unit in the simulation grid. Here,
o = 0 represents perfect localization (no noise), o = 2 represents
low noise conditions typical of well-calibrated imaging systems, and
o = 5represents high noise conditions that may arise from suboptimal
imaging or challenging sample preparations. Additional parameters
included cell numbers (100-1000), resolutions (333-1000 nm), ensur-
ing comprehensive coverage of experimental conditions that could
potentially challenge the reconstruction algorithm.

Despite these stringent simulation conditions, Cytocraft demon-
strated consistently robust performance across ~10 000 parameter
combinations (Fig. 2b). The algorithm achieved a median rela-
tive error of 0.0346 (IQR: 0.0138-0.1577) and median Spearman
correlation coefficient of 0.9748 (IQR: 0.9157-0.9895) across all
tested scenarios. Visual comparison between original and recon-
structed configurations showed excellent structural preservation
(Supplementary Fig. 1a), with gene-gene distance matrices demon-
strating strong correspondence between simulated and recovered
spatial arrangements. This robust performance validates Cytocraft’s
ability to handle the inherent challenges of SST data.

We compared Cytocraft against two simple yet representative
baselines (Fig. 2c). The Average baseline collapses depth by taking the
per-gene mean of all observed 2D transcription centers (setting z = 0),
while the Isomap baseline applies nonlinear manifold embedding (3D,
10 neighbors) to genes treated as samples with concatenated per-cell
2D coordinates. Across ~30 000 simulations stratified by noise (none,
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Figure 1 Overview of Cytocraft. (a) The basic assumption of Cytocraft: a single cell in a 2D slice serves as a projection of a shared spatial configuration
of transcription centers from a specific angle. The diagram illustrates how the observed 2D transcription centers Z result from the projection of the 3D
configuration matrix F through cell-specific orientation matrices O. This projection-based model forms the foundation of our reconstruction approach.
(b) Illustration of the transcription center identification process. For each gene in cell, Cytocraft locates its transcription center by calculating the
geometric center of transcriptional spots weighted by expression level. (c) The iterative workflow of Cytocraft for inferring the 3D spatial configuration.
The algorithm initializes with random rotation matrices R and observed transcription centers Z, then alternates between the F-step (configuration
update) and R-step (rotation update) until convergence. This iterative optimization produces a stable configuration matrix F* and stable rotation
matrices R* that together minimize the difference between projected and observed transcription centers across all cells.

low, and high), Cytocraft consistently outperformed Isomap, reducing
median relative error by 1.4-11.3-fold and increasing median Spear-
man correlation by an absolute 0.07-0.08. Compared with the Average
baseline, Cytocraft showed substantial improvements under no-noise

(12.7-fold lower error) and low-noise (3.8-fold lower error) conditions.
However, under high noise, the Average baseline’s simple aggregation
proved more robust, resulting in a lower median error than Cytocraft
(Fig. 2¢, left panel). Under the no-noise condition ((Fig. 2c, right panel
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Figure 2 The performance of Cytocraft on simulated SST data. (a) Overview of the simulation pipeline. The diagram shows how Cytocraft generates
simulated data by first creating a reference 3D configuration, then applying random rotations to produce 2D projections. These projections are further
processed with varying levels of noise, detection efficiency, and gene dropout rates to model realistic SST data. Cytocraft then attempts to recover the
original configuration from this simulated data, allowing direct assessment of reconstruction accuracy. (b) Comprehensive performance evaluation
across multiple simulation parameters. The panel plots display relative errors from ~10 000 simulation experiments with varying cell numbers (100-
1000), resolutions (333-1000 nm), detection efficiencies (10%-50%), gene dropout rates (30%-60%), and noise levels (Gaussian noise with standard
deviations 0-5). The results demonstrate Cytocraft's robust performance even under challenging data conditions, with particularly strong accuracy
when noise levels are controlled. (c) Performance comparison of Cytocraft against baseline methods. Left: Bar plots summarize aggregate performance
(overall and stratified by noise: none, low, high) comparing Cytocraft with two baseline approaches (Average, Isomap) across ~30 000 simulation runs
using relative error (lower better) and Spearman correlation (higher better). Average baseline: per-gene mean of 2D transcription centers across cells
with z set to zero. Isomap baseline: nonlinear manifold embedding (10 neighbors) mapping genes (concatenated per-cell 2D coordinates) into a 3D
space. Right: Representative reconstruction example under a no-noise setting showing ground-truth 3D configuration versus reconstructions from each
method (top) and the corresponding gene—gene distance matrices (bottom); Cytocraft most faithfully preserves both global geometry and pairwise
distance structure.



example), Cytocraft closely reproduces both global geometry and fine-
grained pairwise distances, whereas baseline reconstructions exhibit
shape distortion (Average) or manifold warping (Isomap). These
results indicate that explicit joint modeling of shared 3D configuration
and per-cell orientations substantially outperforms generic manifold
unfolding and, except in high-noise regimes, naive averaging.

Under optimal conditions with no noise and highest resolution,
Cytocraft achieved near-perfect reconstruction accuracy (median
relative error=0.0062, median correlation=0.9952), establishing the
method’s theoretical performance ceiling. Importantly, the algorithm
maintained satisfactory accuracy even under high-noise scenarios
(median relative error=0.0802, median correlation=0.9520), demon-
strating exceptional noise tolerance. When high-noise scenarios were
excluded from analysis, overall performance improved substantially
(median relative error=0.0228, median correlation=0.9841), con-
firming that Cytocraft’s robust performance extends across the full
spectrum of realistic experimental conditions encountered in spatial
transcriptomics applications.

Stratified sensitivity analyses confirmed robust performance across
noise levels (¢ = 0-5), detection efficiencies (10%-50%), and gene
dropout rates (30%-60%), with correlations remaining >0.95 in all
conditions (Supplementary Result 2.1.3 and Table 5).

Furthermore, simulations of cell segmentation errors (5%-30%
transcript misassignment) demonstrated that Cytocraft maintains
robust accuracy (correlation >0.98, error <0.18) even under com-
bined high noise and segmentation leakage conditions
(Supplementary Fig. 2 and Table 6).

Cells of the same type share conserved spatial
configurations of highly expressed genes

We applied Cytocraft to analyze a mouse embryo dataset at stage E16.5
generated by Stereo-seq [10] (Fig. 3a). The original study annotated
25 distinct cell types, highlighting their spatial heterogeneity. With
Cytocraft, we effectively reconstructed the spatial configurations for
all 25 cell types (Supplementary Fig. 3), demonstrating that cells of the
same type indeed share a consistent spatial layout of genes.

Our analysis reveals that highly expressed genes exhibit the
strongest spatial conservation within cell types. We defined highly
expressed genes as those with an average count of at least five per
cell and assessed their conservation by measuring the deviation
between their predicted 3D positions and observed 2D transcription
centers. Across all 25 cell types, highly expressed genes consistently
exhibited significantly lower deviations compared with permuted
controls (Fig. 3c). This finding provides direct evidence that the spatial
configurations of highly expressed genes are indeed shared among
cells of the same type, with observed deviations likely reflecting
natural cell diversity and the dynamic nature of chromosomes.

The conservation principle is particularly evident in cell-type
marker genes, which represent both high expression levels and
functional specificity. To demonstrate conservation, we compared
the spatial positioning of marker genes against random permutations
within each cell type. Marker genes such as Actcl (Cardiomyocyte)
[14], Bpifal (Olfactory epithelial cell) [15], and Gphn (Thalamus
neuron) [16] showed significantly lower positional deviations
in their original transcription centers compared with permuted
configurations (Fig. 3b). This conservation of marker gene positions
further supports the shared spatial configuration hypothesis, as these
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functionally critical and highly expressed genes maintain consistent
spatial arrangements within cells of the same type.

The observed conservation of spatial configurations among highly
expressed genes suggests that transcriptional activity levels and spa-
tial organization are intimately linked within cell types. This rela-
tionship likely reflects the functional importance of maintaining con-
sistent spatial arrangements for genes that are critical to cell-type
identity and function. The shared spatial configurations reconstructed
by Cytocraft thus capture fundamental organizational principles that
distinguish different cell types while remaining conserved within
each type.

Spatial configuration analysis enables estimation
of cell and nucleus dimensions

Cytocraft’s reconstructed spatial configurations enable novel esti-
mation of cellular dimensions through analysis of the positional
relationship between transcription centers and cell boundaries.
We developed a bias quantification method that estimates cell and
nucleus sizes by measuring the distribution of distances between
the nucleus centroid (centroid of reconstructed transcription centers)
and the cell centroid (centroid of observed transcription centers)
(Supplementary Method 1.2). This approach provides an alternative
to traditional computational segmentation methods that rely on
histological staining or immunofluorescence, offering insights into
cellular architecture directly from spatial transcriptomics data.

Our dimension estimation method accurately reflects known bio-
logical characteristics of different cell types (Fig. 3d). For cell size
estimation, we observed that cell types such as limb fibroblast, facial
fibroblast, endothelial cell, and keratinocyte exhibited larger esti-
mated cell sizes, which aligns with established knowledge of these
cell types’ morphological characteristics. Conversely, epithelial cells,
forebrain radial glial cells, radial glial cells, and immune cells showed
smaller estimated cell sizes, consistent with their known compact cel-
lular architecture and specialized functions requiring efficient molec-
ular transport.

The nucleus size estimations similarly correspond to established
biological knowledge, providing validation for our dimensional
analysis approach. Erythrocytes demonstrated the smallest estimated
nucleus size among all cell types in the mouse embryo, which is
consistent with the findings of Fraser et al. [17], who reported that
between developmental stages E9.5 and E14.5 in mice, the nuclear
diameter of peripheral blood cells decreased by nearly 60%, with
cross-sectional areas and nuclear sizes reduced by over 90%. In
contrast, endothelial cells exhibited the largest estimated nuclei,
which correlates with reports that larger nuclei in endothelial cells
are more mechanically compliant and can deform at compression
sites, suggesting these cells can detect and react to mechanical stimuli
within the vasculature [18].

The positional bias analysis reveals systematic patterns in nuclear
positioning relative to cellular boundaries across different cell types.
The positional biases between nucleus centroid and cell centroid
consistently exhibit left-skewed distributions with negative skewness
coefficients across all 25 cell types (Fig. 3e), and biases within the
same cell type fall within a single characteristic distribution. This
distribution pattern indicates that nuclei are typically positioned away
from the cell centroid, reminiscent of the peripheral nuclear posi-
tioning observed in skeletal muscle cells [19]. The negative skewness
coefficients serve as quantitative indicators of the relative distance
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Figure 3 Cell-type spatial configurations reveal cell sizes and gene relationships in a mouse embryo [10]. (a) Spatial distribution of 25 distinct cell types

in an E16.5 mice embryo section visualized using t-SNE dimensionality reduction. Different colors represent different cell types, with their anatomical
locations labeled (Mb, midbrain; Fb, forebrain; Hb, hindbrain; SpC, spinal cord). (b) Quantitative assessment of marker gene localization conservation.
The violin plot compares deviation distributions for three marker genes (Actc7, Bpifa1, and Gphn) between original and permuted transcription centers.
Deviations measure the distance between a gene's projected 3D coordinates and its observed 2D locations across cells. (c) Comprehensive analysis of
spatial conservation across all highly expressed genes. The violin plot shows deviation distributions for genes with average counts >5 per cell across all
25 cell types. (d) Cell and nucleus size estimations derived from spatial configurations. The bar plot displays estimated sizes for all 25 cell types, ordered
by cell size. Dashed lines indicate upper and lower quartiles of all cell sizes, respectively. (e) Analysis of bias distributions between cell centroids and
nucleus centroids. The left-skewed distributions (with negative skewness coefficients indicated in the legend) suggest that nuclei are typically positioned
away from cell centroids. (f) Correlation between gene length and spatial neighborhood. The plot shows how the correlation between cube root of gene
length and number of neighboring genes varies across different radius thresholds for all cell types. The consistent negative correlation at small radii
(<0.3 um) indicates that longer genes have fewer neighbors, likely due to spatial constraints, while this relationship diminishes at larger distances.
(g) Visualization of the top ten gene components by size in dorsal midbrain neuron. The 3D spatial arrangement shows how transcription centers
cluster into distinct components (labeled 1-10), revealing the spatial organization of gene groups within this specific cell type. (h) Force-directed layout
of gene components grouped by Gene Ontology (GO) categories. The network visualization reveals functional relationships within components, with
genes associated with specific GO terms highlighted in contrast to the others. (i) Analysis of spatial distances between gene pairs based on their
chromosomal locations. The violin plot compares Euclidean distances for gene pairs that are close on the same chromosome (<100 000 bp apart),
distant on the same chromosome (>100 000 bp apart), or on different chromosomes. (j) Relationship between gene regulatory relationships and
spatial proximity. The violin plot shows the distribution of Euclidean distances for three categories of gene pairs: those predicted to have regulatory
relationships by GENIE3, known regulatory pairs from databases, and random gene pairs.



between cell centroid and nucleus, providing a metric for nuclear
eccentricity that varies systematically among cell types.

The robustness of our dimensional estimation approach is demon-
strated by consistent distribution patterns observed across multi-
ple SST platforms (Supplementary Figs 4f and 5d). Importantly, the
observed left-skewed bias distributions cannot be attributed to RNA
diffusion artifacts, as evidenced by the presence of near-zero bias
instances and the cell-type-specific nature of these distributions. If
RNA diffusion were the primary factor, we would expect uniform
distributions across cell types rather than the distinct, cell-type-specific
patterns we observe. This validation confirms that our method cap-
tures genuine biological differences in cellular and nuclear archi-
tecture rather than technical artifacts of the spatial transcriptomics
workflow.

Spatial proximity in configurations suggests
functional organization of genes

The spatial proximity of genes within reconstructed configurations
may reflect their functional organization and regulatory relationships.
This organization manifests in multiple ways: through direct spa-
tial constraints imposed by gene characteristics, through functional
clustering of related genes, and through regulatory networks that
maintain spatial coherence.

Physical characteristics of genes directly influence their spatial
organization within configurations. Gene length demonstrates a sig-
nificant impact on transcription center proximity, with a negative cor-
relation between the number of neighboring genes within a specified
radius and the cube root of gene length (Fig. 3f). This relationship
suggests that longer genes tend to have fewer neighboring genes
due to their spatial occupation, which limits the available space for
nearby genes. When the radius exceeds 0.3 um, the space occupied
by individual genes becomes negligible, and this correlation dimin-
ishes, indicating that spatial constraints operate primarily at short
distances.

Spatially proximal genes cluster into functional components that
reflect their biological roles. To identify these functional clusters, we
constructed K nearest neighbor (KNN) graphs of genes based on their
3D spatial coordinates and applied the Leiden community detection
algorithm, resulting in groups of neighboring genes we term “gene
components” (Supplementary Figs 3 and 6). These gene components
may indicate functional relationships through spatial proximity [20].
Analysis of dorsal midbrain neuron cells exemplifies this organization,
where the 10 largest gene components display distinct functional
categories (Fig. 3g; Supplementary Table 7).

GO analysis of these spatially defined components revealed four
main functional categories in dorsal midbrain neurons (Fig. 3h): DNA
structure-related processes (component 10), gene expression regula-
tion (component 5), intracellular signaling including interleukin [21],
and NFAT pathways [22] (components 7-8), and neurodevelopmental
processes (component 6). Detailed GO enrichment statistics are pro-
vided in Supplementary Table 7.

The functional organization revealed by spatial proximity partially
reflects chromosomal relationships, at short genomic scales. Compar-
ing spatial distances among gene pairs revealed that those located
closer together on the same chromosome (within 100 kb) exhibit sig-
nificantly shorter median Euclidean distances in transcription center
configurations compared with distant pairs on the same chromosome
(>100 kb apart) or pairs on different chromosomes (Fig. 3i). This
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likely reflects the tendency of nearby genes to share local regula-
tory environments and be co-transcribed [23, 24], rather than direct
chromatin contact—consistent with our observation that Cytocraft
distances show near-zero correlation with Hi-C contacts at larger
genomic scales (see Discussion). Thus, while short-range genomic
neighbors tend to co-localize transcriptionally, the configurations pri-
marily capture functional transcriptional relationships rather than
chromatin polymer structure [4].

Spatial proximity in configurations may be associated with regu-
latory relationships between genes, suggesting that 3D organization
could support gene regulation. Using GENIE3 [25] to identify potential
regulatory gene pairs, we found that these computationally inferred
regulatory pairs exhibit significantly closer spatial proximity com-
pared with both random gene pairs and known regulatory pairs from
databases (Fig. 3j). This spatial-regulatory relationship suggests that
the reconstructed configurations can assist in identifying cell-type-
specific regulatory networks through spatial analysis [20].

Configuration transformation analysis identifies
consistent gene translocation patterns during
tumorigenesis

To systematically investigate gene translocation patterns during
tumorigenesis, we applied Cytocraft to a human nonsmall cell lung
cancer (NSCLC) dataset [8] generated using the SMI platform. This
dataset contains eight slices from five NSCLC samples (Lung5 Rep1-3,
Lung6, Lung9 Rep1-2, Lung12, and Lung13), enabling comprehensive
analysis of spatial configuration changes from epithelial to tumor cells
across multiple biological contexts.

Configuration similarity analysis revealed that epithelial cells repre-
sent the closest cellular origin to tumor cells, providing the foundation
for studying translocation patterns (Fig. 4a and b). In Lung5’s three
biological replicates, we observed strong configuration conservation
within the same cell types, with configurations clustering into six
distinct groups based on RMSD analysis. Notably, the predominant
tumor cell type in Lung5 (tumor 5) exhibited the highest configuration
similarity to epithelial cells (mean RMSD: 2.79 + 0.32), confirming the
established understanding thatlung tumor cells originate from epithe-
lial cells [26] and validating our approach for tracking translocation
patterns during malignant transformation.

The magnitude of configuration transformation between epithelial
and tumor cells correlates with cancer progression stages (Fig. 4c).
Stage IIB NSCLC demonstrated significantly larger configuration dif-
ferences (RMSD: 8.09) compared with stage IITA samples (mean RMSD:
2.45 across seven samples, P-value<.0001, one-sample t-test). This
association suggests that the extent of gene translocation patterns may
reflect disease progression, though validation with larger sample sizes
across different stages is needed.

To quantify gene translocation patterns systematically, we mea-
sured displacement distances for genes during epithelial-to-tumor
transformation and categorized them based on movement magnitude
(Fig. 4d and e). We defined “short-distance translocation genes” as the
top 10% with smallest displacements and “long-distance translocation
genes” as those with largest displacements. Short-distance transloca-
tion genes showed significant overlap across different samples (Jac-
card similarity analysis) and were strongly enriched in cytokine sig-
naling pathways within the immune system, indicating that certain
immune-related gene positions remain relatively conserved during
tumorigenesis.


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag177#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag177#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag177#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag177#supplementary-data
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Figure 4 Spatial configuration changes from epithelial to tumor cells in human nonsmall cell lung cancer (NSCLC) [8]. (a) Spatial visualization of cell
types across three biological replicates (Rep1-3) of NSCLC sample Lung5. Different colors represent distinct cell populations including epithelial cells,
tumor cells, and various immune cell types (NK, natural killer cell; Treg, regulatory T cell; mDC, myeloid dendritic cell; pDC, plasmacytoid dendritic cell).
(b) Configuration similarity analysis between cell types. The heatmap displays root-mean-square deviation (RMSD) values between configurations of
different cell types across the three replicates, with hierarchical clustering revealing six distinct configuration groups (indicated by the annotation bars).
Lower RMSD values (darker blue) indicate greater configuration similarity, with tumor cells showing highest similarity to epithelial cells (mean RMSD
2.79 + 0.32), supporting their epithelial origin. (c) Quantitative analysis of configuration changes from epithelial to tumor cells across eight NSCLC
samples. The bar chart shows RMSD values categorized by cancer staging. The significantly larger configuration difference in stage IIB (RMSD 8.09)
compared with stage IIIA (mean RMSD 2.45) suggests a potential relationship between configuration changes and disease progression. (d) Conservation
analysis of translocation gene sets. The heatmap shows Jaccard similarity indices for short-distance and long-distance translocation genes across
eight samples, with higher values (darker shading) indicating greater overlap. The stronger conservation observed in short-distance translocation
genes suggests consistent preservation of certain gene positions during epithelial-to-tumor transformation. (e) Functional enrichment of translocation
genes. The diagram shows overrepresented GO terms for short-distance and long-distance translocation genes, with the significant enrichment of
immune system-related terms in short-distance genes highlighting the conservation of immune signaling components during tumor development. (f)
Distribution of gene displacement distances between epithelial and tumor cell configurations. The box plot shows the displacement distribution for 64
shared genes across eight samples, with highlighted genes (including MALATT and NEATT) exhibiting high directional consistency in their movement. (g)
Quantitative assessment of directional consistency in gene repositioning. The scatter plot displays the mean vector length and directional consistency
values for the repositioning unit vectors of genes from panel (f). Genes with higher values in both metrics (especially MALATT) exhibit more consistent
directional movement across samples, suggesting potentially nonrandom spatial reorganization during tumorigenesis. (h) Detailed analysis of MALAT1
and NEATT repositioning. The vector diagram shows the displacement distance and direction for these two long noncoding RNAs across eight samples,

showing their consistent co-repositioning pattern in seven samples and divergent behavior in Lung13.



Among genes exhibiting translocation patterns, MALAT1 emerged
as having the most consistent directional movement across all samples
(Fig. 4f and g). Analysis of 64 shared translocation genes revealed that
MALAT1 demonstrated both the second-largest translocation distance
and the highest directional consistency (mean vector length: 0.81,
directional consistency: 4.36). This observation is noteworthy given
MALAT?’s established role as a long noncoding RNA closely associated
with lung cancer metastasis [27], suggesting that consistent spatial
repositioning of certain oncogenes may be associated with malignant
transformation.

The translocation analysis revealed coordinated movement pat-
terns between functionally related genes, exemplified by the rela-
tionship between MALAT1 and NEAT1 (Fig.4h). These two genes,
located within 70 kb on human chromosome 11 [28], maintained
consistent co-translocation patterns in seven of eight samples, preserv-
ing their spatial distance during epithelial-to-tumor transformation
(mean modulus difference: 0.83 + 0.59). The notable exception in
Lung13 (modulus difference: 7.16, P-value<.0001) corresponded to
the sample showing the largest overall configuration change, sug-
gesting that disruption of coordinated gene movements may indicate
more severe malignant transformation. Given that both genes func-
tion as oncogenes in NSCLC—with NEAT1 regulating gene expression
through paraspeckle formation [29, 30]—their coordinated transloca-
tion patterns may represent a fundamental mechanism of spatial gene
regulation during cancer progression.

Discussion

Decades of studies in 3D genome biology have established two com-
plementary views of nuclear organization: the structural landscape of
chromatin folding captured by Hi-C and related methods [3, 31], and
the transcriptional landscape of RNA localization that reflects where
genes are actively transcribed [4, 32]. Cytocraft addresses the latter,
bridging spatial transcriptomics and the study of 3D transcriptional
organization by reconstructing the spatial configuration of transcrip-
tion centers—defined by RNA positions—from SST data. The method
leverages iterative factorization and optimization to infer the spatial
arrangement of transcription centers, based on the assumption that
cells of the same type share a common 3D configuration obscured
by observational noise and rotational variations. Our study validates
Cytocraft’s performance through simulations and applications across
multiple SST platforms, demonstrating its robustness and potential
for exploring spatial relationships among genes at the transcriptional
level.

We reconstructed configurations for 134 cell types across 19 slices
from five datasets using four platforms (Supplementary Tables 1-3).
Targeted technologies (SMI and MERFISH) achieved high detection
efficiency [13], while whole-transcriptome technologies (Stereo-seq)
enabled localization of thousands of transcription centers despite
lower efficiency.

Cytocraft may produce the true configuration or its chiral coun-
terpart, as depth information is lost in 2D projections. However,
biological structures such as DNA and proteins consistently exhibit
right-handedness [33]. Thus, we assumed consistent chirality when
comparing their configurations. Simulation experiments showed that
parameter changes had little effect on chirality distribution, with
each configuration stabilized at ~ 50% (Supplementary Fig. 1d).
Importantly, chirality ambiguity does not affect biological conclusions
because all downstream analyses rely on chirality-invariant metrics
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(pairwise distances, RMSD after alignment). For cross-sample and
developmental trajectory comparisons, we resolve chirality by align-
ing configurations to a common reference (Supplementary Method 1.3).
Thus, all reported biological patterns remain valid regardless of which
enantiomer is reconstructed.

Cytocraft also calculates cell orientations, which affect cell behavior
and environment interaction. Cell alignment influences mechanical
responses and communication [34], and may determine interaction
probability if membrane receptor distributions are biased.

Cytocraft assumes cells of the same type share a common config-
uration, which may partially obscure heterogeneity from cell-cycle
effects or transcriptional bursting (Supplementary Result 2.1.6). How-
ever, the weighted centroid approach dampens stochastic fluctua-
tions, and residual deviations (Fig. 3b and c) capture cell-to-cell vari-
ability. Future extensions could incorporate mixture models to explic-
itly model subpopulations.

Like all structure-from-motion approaches, Cytocraft’s solution is
subject to inherent gauge ambiguities. The reconstructed configura-
tion is determined only up to an arbitrary global rotation, uniform
scaling, translation, and reflection (chirality). We mitigate these ambi-
guities as follows: (i) translation is resolved by centering transcription
centers within each cell; (ii) scale ambiguity is addressed by nor-
malizing configurations to unit variance, enabling relative (but not
absolute) distance comparisons; (iii) rotation ambiguity is handled
via Procrustes alignment when comparing configurations across cell
types or samples; (iv) chirality is resolved by aligning to a common
reference for directional analyses (Supplementary Method 1.3), while
chirality-invariant metrics (pairwise distances, RMSD) are used for
most biological interpretations. Importantly, these ambiguities affect
only the coordinate system, not the intrinsic geometry of the configu-
ration—all pairwise gene—gene distances and clustering relationships
are preserved regardless of gauge choice.

Cytocraft’s computational complexity scales as O(m - n - k) per
iteration, where m is the number of cells, n is the number of genes, and
k is the number of iterations to convergence (typically 10-40). For the
datasets analyzed here (586-42 011 cells, 980-25 136 genes), runtime
ranged from 20 min to 100 h per cell type on a standard workstation
(Supplementary Fig. 1b). Memory requirements scale as O(m - n)
for storing transcription center coordinates, ranging from 0.7 GB for
smaller cell types with ~20 GB for the largest. While sufficient for
current SST technologies, future platforms with substantially higher
cell counts (>50 000 cells per type) or gene panels (>20 000 genes) may
require algorithmic optimizations such as stochastic gradient descent,
mini-batch processing, or GPU acceleration. We note that the per-cell-
type analysis strategy naturally parallelizes across cell types, enabling
efficient scaling for multi-cell-type datasets.

Although Cytocraft has yielded promising results, additional
improvements merit consideration. First, more applications regarding
spatial configurations need development. For example, integrat-
ing Cytocraft’s transcriptional configurations with Hi-C-derived
chromatin structures could reveal how the “transcriptional land-
scape” (RNA localization) relates to the “structural landscape”
(DNA contacts) within the same cell types. Second, extending
Cytocraft to a fully probabilistic framework would enable uncertainty
quantification for reconstructed coordinates and formal model
comparison.

To address whether Cytocraft recovers chromatin architecture, we
compared Cytocraft-inferred distances with Hi-C contact frequencies
from A549 lung cancer cells (ENCODE ENCFF689CUX [35]). Across 18


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag177#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag177#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag177#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag177#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag177#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag177#supplementary-data
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sample-cell type combinations, Cytocraft distances showed negligible
correlation with Hi-C contacts (mean Spearman p = —-0.06), whereas
genomic distance exhibited the expected strong negative correlation
(p = -0.54), consistent with polymer physics models of chromatin
[3]. Furthermore, Cytocraft distances showed near-zero correlation
with linear genomic distance (p = 0.05), confirming that genes close
in the inferred configuration are not simply genomically proximal.
This apparent discrepancy is not a methodological failure but rather
confirms that Cytocraft captures a fundamentally different aspect
of nuclear organization. Hi-C measures physical DNA-DNA contacts
reflecting chromatin folding and chromosomal territories [31],
whereas Cytocraft reconstructs transcription center configurations—
the spatial arrangement of active transcription sites based on
nascent RNA localization [4, 32]. These represent complementary
views: the “structural landscape” (Hi-C) versus the “transcriptional
landscape” (Cytocraft). Genes co-localized in Cytocraft configura-
tions share transcriptional neighborhoods (e.g. nuclear speckle
proximity [5, 36]) without necessarily being genomically proximal
or forming direct chromatin contacts [6]. This distinction under-
scores that Cytocraft should be interpreted as revealing transcrip-
tional co-localization patterns rather than chromatin 3D structure
(Supplementary Fig. 7).

Highly expressed genes such as MALATI may be subject to
quantification biases in single-cell technologies [37], but we found
no evidence of saturation (broad dynamic range, 74.3% detection
rate, and high wvariability). Importantly, Cytocraft depends on
transcript positions rather than counts, and the consistent directional
translocation across all eight samples argues against systematic bias
(Supplementary Fig. 8 and Result 2.3.4).

In summary, modeling the 3D configuration of transcription centers
with Cytocraft opens new possibilities for exploring how the spatial
organization of transcription may relate to cellular function. Future
studies applying Cytocraft to more extensive datasets may provide
new insights into complex genetic diseases and developmental
processes.

Materials and methods
Framework of Cytocraft

Cytocraft infers 3D spatial configurations of transcription cen-
ters from 2D SST data. It identifies 2D transcription centers as
expression-weighted geometric centers of transcriptional spots per
gene, treating these as noisy projections of the underlying 3D
configuration.

Cytocraft iteratively alternates between the F-step (updating config-
uration given rotations) and R-step (refining rotations given configura-
tion), minimizing distance between projected and observed transcrip-
tion centers to recover the latent spatial configuration.

Estimating transcription centers

From SST data of m cells and n genes, Cytocraft utilizes priori knowl-
edge of cell-spot membership to estimate the coordinates of transcrip-
tion centers for each cell.

Accell c contains [ spots with expression profiles Ec = (e1,ez,--- ,€;,)
and coordinates P = (p1, P2, - - - , P1.)- Within a cell ¢, Cytocraft locates
the transcription center for each gene g as the geometric center of

spots weighed by expression, ie. (Xcg,Ycg) = ST
s €S,
further normalizes the transcription center among all genes in the cell

cas Keg,Yeg) = Xeg—Xe,Yeg—Y), Where X. and y, denote the average
coordinates. Consequently, for cell ¢, the normalized transcription
centers are summarized as a vector z¢ = (Xc|yc) € R,

Collecting the transcription centers for all cells, Cytocraft constructs
amatrix Z = (z1,Zz, - - - ,Zm) € R¥™™. To enhance the precision of the
configuration, genes expressed in <10% of cells are excluded.

I
25 saPs - Cyrocraf
8

Inferring spatial configurations with iterative
factorization and optimization

Assuming that each cell on the slice is a 2D projection of its 3D
configuration from an arbitrary angle, our primary objective is to
recover the 3D configuration from these observed 2D projections.
Specifically, given rotation matrices that represent cell orientations,
Cytocraft infers a shared 3D configuration with the observed
transcription centers of cells and the rotation matrices, represented
by the configuration matrix F € R"™*3, where the vector fg denotes the
3D coordinates for the gene g. This process is termed the F-step. Con-
versely, given F, Cytocraft refines each cell’s rotation matrix Re € R3%3
to best align the 2D projection of the rotated configuration with the
observed transcription centers. The rotation matrices are collectively
represented as a rotation tensor R € R™*3%3, This process is termed
the R-step.

Initially, Cytocraft starts with a set of random rotation matrices to
generate the initial configuration matrix in the F-step. The algorithm
then alternates between the R-step and the F-step until both the
rotation tensor R and the configuration matrix F converge. A high-
level pseudocode summarizing these steps is provided in Algorithm 1.
The following sections offer a detailed description of each step. In this
work, we apply Cytocraft to cells of the same type, generating a single
common configuration for each cell type.

F-step: inferring the configuration matrix from the

transcription centers
Given a rotation tensor R of all cells, Cytocraft infers the optimal F
by requiring that the configuration matrix projected by each rota-
tion matrix Re should approximate the observed 2 x n transcrip-
tion centers for all cells. In the initial epoch, a random rotation
tensor is used. Let R denotes the rotation matrix for cell ¢, we
can formulate the objective function to find the optimal F* from Z
and R as:

F = in h(F|(R, Z)) = i F-Re T —Zc|) 1
arg min h(F|(R,Z)) arngm;n c i, (D

where T is an orthogonal projection operator that sets the last row of
a matrix to zeros, and || - ||r denotes the Frobenius norm.

Considering that fg are independent among genes, the objective
function can be written as

Rcl
F* = argmin hy(fg|(R, Z)) = arg min ng | Rez | - T — (Xeg,Yeg: 0)
fg.vg fg.vg z R
c3
= arg I;_I‘lglél Z(fg “Ret — Xeg)? + (Fg - Rez — Yeo)?. 2)
8 c


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag177#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag177#supplementary-data

We solve for fg by setting the partial derivatives of (fz1, fg2,/g3) as zero,
yielding the linear system below

U Ng gl (R, Z)) = 3 - Re11(Bg - Rex — Xeg) + Rer2(fg - Rez —yeg) = 0;
3y, hg(fg|(R,Z)) = > Reo1(fg - Re1 — Xcg) + Reo o (g - Rez — Yo g) = 0;
Oy he(fgI(R,Z)) = > Re31(fg - Re1 — Xcg) + Re3o(fg - Rez — Yeg) = 0.

3

In particular, when the linear system is unsolvable in the case of a
singular matrix or a near-singular matrix, the gene g will be dropped.

R-step: estimating a rotation tensor from transcription

centers with factorization and optimization
From the observed transcription centers Z, Cytocraft estimates the
cell rotation tensor with factorization [11] based on singular value
decomposition (SVD), followed by further optimization of the esti-
mated rotation tensor given the configuration matrix from the F-
step. The projected transcription centers for two cells ¢ and ¢’ are
(3f,jIf) and (X£jTE), respectively. Here, ic and je are orthogonal
3D unit vectors that represent the projection angle, or the orientation
of cell c. Across observed cells, we denote the orientation matrix as
0 = AP’ e R¥™3, where I = (ig,iz,---,in) and J = (1,j2, - ,jn)-
Under orthography, let the configuration matrix F € R3*™ denote the
coordinates of transcription configurations, and the projection process
can be formulated as Z = OF.

Since the observations in Z could be noisy, we approximate Z
with Z = UXV from the SVD by keeping the three largest singular
values. Given the projection process Z = OF, we can approximate
the orientation matrix O with 0 = U[):]%. Furthermore, we need to
rotate the approximated matrix to meet the given 3D-to-2D projection
condition, for which we introduce a linear transformation matrix Q
satisfying iACTQQTiAC = j?QQT]'AC = 1and iAZQQTjAC = 0 for any cell
c. After transformation, we obtain the orientation matrix 0 = 0Q.
From the orientation matrix, Cytocraft derives the rotation matrix
Rfac ¢ R3%3 = (ig, je,ic x je) for each cell c.

On the other hand, factorization on Z also yields a spatial con-
figuration matrix Ffac — Q‘I[E]%V. To maintain the consistency of
the spatial configuration direction, Cytocraft finds a rotation matrix
RIOt that minimizes the RMSD between RECtFfa¢ and F using the Kab-
sch-Umeyama algorithm [38]. The final rotation matrix is therefore
R, = RcmtRﬁalc for each cell c. In practice, we select a subset of the
most highly expressed genes as anchor genes to perform the R-step,
ensuring efficient and robust modeling.

Gene spatial relationships revealed from
configurations

We analyze gene spatial relationships using pairwise Euclidean dis-
tances from reconstructed coordinates.

Gene components and gene ontology analysis
A gene component is a group of spatially proximal genes in the config-
uration that potentially represent biological functions and regulatory
relationships. To identify gene components, we build the KNN graph
with K = 5 from the spatial configuration. Subsequently, we extract
gene components by the Louvain community detection method imple-
mented in NetworkX [39] with default parameters. We further sort
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Algorithm 1 Recover 3D Transcription Configuration and Rotation
Tensor from 2D Observations
Require: Observed transcription centers Z, number of genes n, num-
ber of cells m
Ensure: Configuration matrix F, Rotation tensor R
1: Initialize random rotation tensor R e R™*3x3
2: # Initial F-step: Obtain initial configuration matrix F from
random R
3: for geneg=1,2,...,ndo
4 Solve the linear system in Eq. (3) for fg using random R
5 if linear system is unsolvable then
6: Remove gene g from Z and F
7
8
9

else
Initialize Fg with solution fg

end if
10: end for
11: for epoch =1, 2, ..., max_epochs do
12: # R-step: Estimate the rotation tensor R from the

transcription centers Z and the configuration F

13: Compute singular value decomposition: Z ~ Z = ULVT
14: Approximate orientation matrix 0 = U[):]%
15: Find the transformation matrix Q satisfying projection condi-

tions
16: Obtain the orientation matrix 0 = 0Q
17: Derive factorized rotation matrices Rf2¢ from O for each cell ¢
18 Compute factorized configuration Ffa = Q-1[£]2 VT
19: Find optimal rotation matrices RE°t minimizing RMSD between

RIOtFfac and F

20.  Update rotation tensor R with R = RECTRE2C for each cell ¢

21: # F-step: Optimize configuration matrix F given updated
rotation tensor R

22: for geneg=1,2,...,ndo

23: Solve the linear system in Eq. (3) for fg using updated R
24: if linear system is unsolvable then

25: Remove gene g from Z and F

26 else

27 Update Fg with the solution fg

28: end if

29: end for

30: end for

31:

32: return F, R

and index the identified components by their number of genes, from
largest to smallest.

We examine the possible biological functions of gene components
(>5 genes) through GO analysis, assessing the 10 largest for enrich-
ments in KEGG, Reactome, and Biological Process databases (adjusted
P <.05, >2 genes).

Compare spatial distances of requlation pairs inferred
by GENIE3
To identify the regulatory gene pairs, we employed the Gene Net-
work Inference with Ensemble of Trees (GENIE3) algorithm [25].
The expression matrix is subjected to a GENIE3 algorithm analysis
to reconstruct the co-expressed gene network for each transcription
center. We filter regulation pairs with a weight threshold of 0.05. Then,
we compare the spatial distances of the regulation pairs inferred by
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GENIE3 with the distances of all known regulation pairs and all gene
pairs.

Compare gene chromosome length with number
of radius-defined neighbors

To analyze the relationship between the chromosomal length of a gene
and the number of its neighboring genes, we first construct a radius-
nearest neighbor (RNN) graph, using predefined thresholds to identify
neighboring genes, which we refer to as proximal genes. Then, we
extract the lengths of the gene chromosomes from the gene annotation
files for specific species. Next, we perform a linear regression to
determine the correlation between the number of proximal genes and
the cube root of the gene chromosome lengths.

Benchmark performance using simulated
configuration

We applied simulated spatial configurations with knowledge of
genome structures to assess the precision of the reconstruction by
Cytocraft. We simulate transcription centers for cells by projecting
the spatial configuration onto the 2D plane with randomized cell
orientations. Specifically, we simulate a chromosome-like configura-
tion matrix FSi™, Next, we apply a set of random rotation matrices
Rrandom o the simulated configuration matrix, each corresponding
to a cell. For each rotated cell, we simulate the transcription
centers with consideration of sequencing characteristics, namely
the resolution r and the noise level o. The larger the configuration
scaled with resolution r, the greater the number of grids within
the cell boundaries, as a way to simulate the high-resolution case.
Given a resolution r, we locate the transcription centers as zsim _
rEsim . grandom T | A7(0, o), where N (0,0) represents independent
Gaussian noise with zero mean and standard deviation o (in pixels)
added to both the x and y coordinates of each transcription center. This
noise models the positional uncertainty arising from experimental
sources such as optical aberrations, image registration errors, and
molecular localization imprecision. A noise level of o = 0 represents
ideal localization, while ¢ = 2 and o = 5 represent low and high
levels of positional uncertainty, respectively.

From transcription centers, we generate gene expression matrices
at various noise levels %, detection efficiencies A, and gene dropout
rates 6 based on SST data characteristics. SST technologies generally
characterize low detection efficiency and different resolutions [13]. In
addition, positional offsets between the detected and actual transcript
positions can be introduced during experiments. Assuming gene g in
cell ¢ follows a Gaussian distribution around its center, the probabil-
ity density function is f(x,y\ZCfém) of mean u = Zcg and covariance
T = (g :2 . Detection efficiency A follows binomial distribution
B(m|n, ), which represents the probability of the exact m appearance
of the gene g in a total n spots within the cell c. Following this, the
transcription centers for certain genes are lost based on a provided
gene dropout rate 6, for which we define an indicator L € {0, 1} where
P(L =0) =6 and P(L = 1) = 1 — 6. Thus, the final spatial expression
matrix M is calculated by

Meg = Lo fOOYIZSM, £)1 - Bnin, 2) - L, 4)

where « represents the number of all current transcripts of a gene g
in a cell cand oq = 0y = 8 by default.

For an overall evaluation of Cytocraft’s robustness, various param-
eter combinations were tested (Supplementary Table 4) with 10 repe-
titions each. We evaluated the performance by comparing the recon-
structed spatial configuration with the original spatial configuration
by the relative error and Spearman correlation. The relative error
between the reconstructed 3D coordinates (Cre) and the benchmark
coordinates (Cpenchmark) Of transcription centers was calculated as:

RE = ||Cre — cbenchmark|‘%/chenchmarkH%-

Root-mean-square deviation as a metric to evaluate
configuration similarity

RMSD is minimized using the Kabsch-Umeyama algorithm [38].
This algorithm achieves optimal superposition by minimizing RMSD
through the rotation and translation of the structures. We calculate
RMSD using the top k shared genes with highest expression to ensure
reliable comparisons.

Configuration alignment

Configurations are aligned using Kabsch-Umeyama [38] to enable
cross-sample comparison of gene displacement directions
(Supplementary Method 1.3 and 1.4).

Identifying conserved subconfigurations

To identify subconfigurations that are conserved across samples with
similar biological conditions or successive developmental stages, we
first obtained the set of genes shared by all samples and then took
the distance matrix of these genes as input. Let n denotes the number
of genes shared by all m samples, we use Ax € R™" to denote
the gene—gene distance matrix in the kth sample. We calculate the
standard deviation matrix § € R™ across all samples as: § =
Vi 2 (Ax — A)2, where A = L 31" | Ay. We then used hierarchi-
cal clustering to identify sets of conserved genes whose standard devi-
ations of the distances between genes were all small, signifying that
their configurations were relatively conserved across samples. These
consistent configurations across samples are called subconfigurations.

Key Points

® Cytocraft reconstructs 3D gene architecture from 2D spatial tran-
scriptomics data by treating each cell as a different angular projec-
tion of a shared 3D configuration of transcription centers, solving
the fundamental “crushed dimension” problem in current spatial
genomics approaches.

® Consistent oncogenic translocations are revealed in human lung
cancer, with the cancer-associated gene MALATT showing highly
directional and conserved spatial repositioning during epithelial-
to-tumor transformation across eight patient samples, suggesting
nonrandom spatial reorganization during tumorigenesis.

® (Conserved developmental dynamics emerge across different cell
types in the developing axolotl brain, where gene spatial reorga-
nization follows similar temporal patterns regardless of cell-type
identity, indicating fundamental principles governing spatial gene
organization during development.



https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag177#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag177#supplementary-data

® Functional gene organization is linked to spatial proximity, with
genes clustering into components that reflect their biological roles,
chromosomal relationships preserved in 3D space, and regulatory
gene pairs maintaining closer spatial distances than random pairs.

®* The method demonstrates robust performance across multiple
platforms (MERFISH, CosMx SMI, Xenium, and Stereo-seq) with
median relative error of 0.0346 in simulations, enabling broad
application to study the spatial logic of the genome in development
and disease.
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