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ABSTRACT

Tabular data constitute a dominant representation in biomedical science. Unlike images, texts, or time series, tabular
representation of a dataset generally lacks structural organization: features are treated as unordered dimensions, and their
interrelationships must be inferred implicitly by learning algorithms. This fundamental structural limitation constrains the ability
of convolutional neural networks, vision transformers, and other structure-aware vision architectures to exploit local correlations
and higher-order interactions that encode underlying biological and clinical signals. Here we introduce Dynamic Feature
Mapping (Dynomap), an end-to-end deep learning cartography framework that learns a task-optimized spatial topology of
features directly from data. Dynomap discovers inter-feature dependencies and jointly optimizes their spatial arrangement with
a predictive objective through a differentiable rendering mechanism, without reliance on heuristics, predefined feature groupings,
or external priors. By transforming high-dimensional tabular vectors into learned feature maps, Dynomap enables vision-based
deep learning architectures to operate effectively on non-spatial biomedical inputs and achieves substantially better predictive
performance compared to existing state-of-the-art methods across clinical and biological datasets. When applied to a lung
cancer liquid biopsy dataset from Stanford Hospital, Dynomap organizes genes from a curated cancer-associated panel into
coherent spatial structures and improves multiclass cancer subtype prediction accuracy by up to 18% relative to classical and
state-of-the-art deep learning tabular analysis methods. In a Parkinson’s disease voice dataset, Dynomap spatially clusters
disease-associated acoustic descriptors, including tunable Q-factor wavelet energy and entropy measures linked to vocal
instability, and yields accuracy gains of up to 8% compared to state-of-the-art techniques. Similar performance improvements
were observed when Dynomap was applied to 13 additional public tabular benchmarks spanning molecular and non-biomedical
domains. By converting unordered feature spaces into learned spatial representations, Dynomap establishes a general and
principled strategy for bridging tabular and vision-based deep learning and enables the discovery of structured, task-relevant
patterns from unordered high-dimensional biomedical data.

Introduction
Tabular data serve as a foundational format for representing information across biology, medicine, and data-intensive scien-
tific fields, spanning diverse modalities such as gene expression matrices, single-cell profiles, proteomic and metabolomic
measurements, liquid biopsy features, electronic health record variables, imaging-derived radiomic and phenomic descriptors,
wearable sensor summaries, and experimentally engineered features1–10. Across these domains, each sample is represented as
a high-dimensional feature vector capturing complex biological, technical, and environmental characteristics of the system
under study1, 2. Although such representations are convenient, a fundamental limitation is their lack of intrinsic structural



organization11, 12. Unlike images, texts, signals, or time series data, tabular inputs contain no explicit encoding of relationships
among features, treating variables as unordered dimensions and leaving dependencies arising from coordinated molecular
programs, shared regulatory pathways, and physiologic dependencies entirely implicit11–13. The learning algorithm must
therefore recover all feature relationships from scratch, with no structural priors such as locality, compositionality, or spatial
coherence to guide the search14, 15. This substantially reduces model capabilities and leads to suboptimal performance in many
practical applications11, 12. The problem is particularly consequential in biomedical research, where data are often acquired in
the presence of substantial technical noise, pronounced biological heterogeneity, and severe class imbalance6, 16, 17. Therefore,
models must simultaneously denoise measurements, recover coordinated feature interactions, and generalize from limited
samples, making both pattern discovery and interpretation substantially challenging2, 12.

Existing methods for analyzing tabular biomedical data span a wide range of modeling strategies, yet each carries
fundamental limitations that constrain predictive performance and interpretability. At the simplest end, linear models such as
logistic regression, linear discriminant analysis, and ridge regression combine features through a weighted sum and perform
reasonably well when feature relationships are approximately linear, but they fail systematically in real biomedical datasets
where interactions among variables are nonlinear, conditional, and context-dependent18, 19. Tree-based ensemble methods such
as Random Forests, AdaBoost, XGBoost, LightGBM, and gradient boosted trees address nonlinearity by recursively partitioning
the feature space, and in practice they remain strong baselines for many tabular benchmarks20–23. However, they operate on raw
features without constructing hierarchical representations, which limits their ability to capture the distributed, higher-order
interactions characteristic of tabular biomedical data such as genomic and transcriptomic data. Distance and kernel-based
approaches such as KNN and SVM sidestep feature modeling altogether by comparing samples directly in input space24, 25,
which leaves the internal organization of features entirely unmodeled and provides no view into how predictive variables relate
to one another. Neural network models including MLPs and modern tabular architectures such as TabM and ModernNCA can
capture complex nonlinear interactions through learned embeddings, and recent benchmarks show they outperform tree-based
methods on several biological tasks11, 12, 26–28. Yet the structure they learn remains entirely implicit within the network weights,
making it difficult to interpret which feature relationships drive predictions or whether the learned organization is biologically
meaningful. Foundation-style models such as TabPFN push performance further through meta-learned priors but still treat
features as an unordered vector, with no mechanism to reveal how variables interact or co-organize11, 12, 29. Fixed vector-to-
image methods such as DeepInsight30, IGTD31, NCTD32, Genomap33, and REFINED34 take a different approach by mapping
tabular features onto a spatial grid before training and applying convolutional models on top. While this allows convolutional
models to operate on tabular inputs, the spatial layout is constructed once using predefined similarity measures and remains
fixed throughout training. Because the layout does not adapt to the prediction objective, it cannot reorganize to reflect the
specific biological interactions that matter for a given task30–34. This gap motivates a framework that discovers task-adaptive
spatial organization directly from data, making the arrangement of predictive biological signals interpretable35.

Deep learning architectures that use spatial relationships among features, such as convolutional neural networks (CNNs)
and vision transformers (ViTs), have demonstrated strong capabilities in domains including natural images and structured
signals14, 36, 37. These models leverage locality, hierarchical composition, and parameter sharing to model structured patterns of
input data efficiently14, 38. Such architectural properties are particularly effective when relationships among input dimensions
are organized in space, allowing computation of local correlations and progressive abstraction of correlation signals through
the layers of the network for reliable decision-making39. In these networks, spatial proximity enables convolutional filters or
attention mechanisms to capture complex and higher-order interactions that would be difficult to capture in an unstructured
vector representation14, 35. Establishing a data-driven spatial arrangement of features is therefore essential for enabling spatial
architectures to capture coordinated biological or phenotypic interactions in tabular data30, 31, 34.

Here, to address the limitations of existing methods and develop a general strategy for transforming unordered biomedical
tabular data into a spatially organized format suitable for vision deep learning models, we introduce Dynomap, a framework
that learns a spatial organization of tabular features in an end-to-end manner (Fig. 1). Dynomap assigns each feature a learnable
coordinate in a two-dimensional continuous space. Individual samples are rendered into images through a fully differentiable
process, in which feature values modulate localized kernels placed at their learned positions. The feature layout and the
predictive model are optimized jointly through backpropagation, allowing the spatial arrangement of features to evolve in
response to the prediction objective. In this formulation, spatial neighborhoods emerge directly from the structure of the
predictive signal rather than being imposed in advance. This design enables convolutional or vision transformer models to
operate directly on tabular data while preserving feature identity and supporting direct visualization of how predictive biological
signals are organized across features. By coupling spatial representation learning with prediction, Dynomap provides an
adjustable layout transformation of unordered tabular data. The learned spatial organization is task-adaptive and can reorganize
as objectives change, allowing coherent biological or phenotypic modules to emerge from the data. Moreover, this representation
supports interpretation through direct visualization and attribution analysis, enabling examination of how predictive signal is
distributed across features and spatial neighborhoods.
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Figure 1. Overview of the Dynomap framework for spatial representation learning of tabular data. a, Biomedical
measurements are represented as a feature matrix where each column is a biological variable such as a gene expression value,
molecular measurement, or phenotypic descriptor, and each row is a sample. Because these features carry no inherent spatial
relationships, Dynomap assigns each one a learnable coordinate in a continuous two-dimensional space, so that proximity in
the image can come to reflect biological relatedness. b, During training, feature coordinates and rendering parameters are
updated jointly with the predictive model. Each feature contributes to the image through a Gaussian kernel whose position and
intensity are determined by the learned coordinates and the feature values of that sample, producing a continuous spatial map
specific to each sample. A convolutional neural network processes these maps to perform downstream tasks including
classification and regression. Because the spatial layout evolves in response to the prediction objective, features that carry
related biological signal tend to migrate toward one another and form coherent spatial neighborhoods.
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Below, we apply Dynomap across diverse biomedical datasets spanning liquid biopsy transcriptomics, bulk RNA sequencing,
single-cell expression profiling, and engineered phenomic measurements. Across these datasets varying in dimensionality,
class imbalance, and biological complexity, Dynomap reveals structured and task-adaptive spatial organization of features,
enabling identification of coherent, class-dependent biological modules across molecular and phenomic domains. The learned
representations exhibit spatial neighborhoods in which predictive variables cluster according to disease state, cellular lineage,
or phenotypic condition. These spatial patterns are supported by attribution analysis and null-controlled spatial statistics,
indicating that the learned topography reflects biologically meaningful signal. By jointly learning feature coordinates and
prediction in an end-to-end framework, Dynomap provides an adaptive spatial representation of tabular data enabling vision
models to operate effectively on traditionally non-spatial inputs while preserving interpretability and facilitating discovery of
clinically relevant patterns.

Results
Detecting, subtyping, and staging cancer from ultrasensitive cfRNA liquid biopsy
We first applied Dynomap to a circulating cell-free RNA (cfRNA) liquid biopsy cohort profiled on RARE-Seq, an ultrasensitive
platform designed to detect low-abundance tumor-derived transcripts in plasma40. Liquid biopsy offers the possibility of
detecting, subtyping, and staging cancer from a single blood draw, and cfRNA has emerged as a particularly informative
analyte because tumor-derived transcripts carry tissue-of-origin signal that genomic assays cannot easily recover6, 7. In practice,
however, the signal is extremely difficult to extract. Tumor-derived transcripts represent a small fraction of plasma cfRNA,
measurements exhibit low signal-to-noise ratios that vary across patients, and cohort composition is typically imbalanced
across cancer types and disease stages6, 17. These properties make cfRNA one of the most demanding settings for tabular
learning, because predictive models must simultaneously separate weak biological signal from technical noise, generalize across
heterogeneous patients, and avoid collapsing onto dominant classes. We therefore treated RARE-Seq as the primary testbed for
Dynomap and examined performance across three clinically motivated tasks, namely healthy versus cancer discrimination,
cancer subtype classification, and stage prediction. To assess whether Dynomap’s performance depends on the dimensionality
of the input, we considered two feature regimes on the same cohort. In the whole-transcriptome setting, we retained the
4,000 highly variable genes drawn from the full catalogue of over 60,000 genes. In the targeted setting, we restricted inputs
to the 622-gene signature panel defined in the original study40. This pairing allows a direct comparison between a broad
transcriptomic regime and a compact, biologically curated feature space, and tests whether learned spatial organization adapts
to the concentration of available signal.

Across all three tasks—healthy versus cancer discrimination, cancer subtype classification, and cancer stage classification—
Dynomap consistently outperformed both classical machine learning methods and state-of-the-art deep tabular models. In
the 4,000 HVG setting, Dynomap achieved 93.0% accuracy for binary classification, with a macro-F1 of 92.0% and macro-
sensitivity of 91.1% (Fig. 2a). This exceeded classical baselines including Logistic Regression (90.3%), XGBoost (91.2%), and
Random Forest (88.9%), as well as SOTA neural tabular models such as TabM (92.9%) and ModernNCA (90.7%)11, 20, 22, 29.
When compared to TabM, Dynomap achieved much higher macro-sensitivity, indicating more balanced performance across
classes. These results demonstrate that Dynomap surpasses both ensemble-based learners, widely regarded as strong baselines
for tabular data19, and recently proposed deep tabular architectures.

The advantage of Dynomap became more notable in the multiclass subtype task. Using 4,000 HVGs, Dynomap achieved
80.7% accuracy with a macro-F1 of 79.3%, substantially outperforming Logistic Regression (73.5%), XGBoost (74.6%), and
TabM (78.6%). The margin was even higher when compared to tree-based methods and MLPs. For state classification, Dynomap
achieved 79.6% accuracy and a macro-F1 of 78.1%, again substantially exceeding classical and modern deep learning-based
tabular approaches. For stage, Dynomap consistently maintained superior macro-sensitivity, indicating robustness under class
imbalance. For the 622-gene signature panel in binary classification, Dynomap achieved 90.9% accuracy with a macro-F1
of 90.0%, remaining superior to existing models. Despite nearly a tenfold reduction in dimensionality, binary classification
performance declined only modestly relative to the 4,000 HVG regime for Dynomap, indicating that the curated panel preserves
the dominant discriminative signal.

For Subtype classification under the signature panel, Dynomap reached 92.0% accuracy, which represents a significant
increase relative to the 80.7% accuracy obtained using 4,000 HVGs, suggesting that subtype-discriminative signal is concentrated
within the curated gene set. Even under this constrained feature space, Dynomap maintained higher macro-F1 compared with
classical and deep learning-based baselines. For stage prediction by using the 622-gene panel, Dynomap achieved 78.8%
accuracy, similar to the 4,000 HVG regime, but with reduced macro-F1 and macro-sensitivity. This asymmetry indicates that
subtype information is concentrated within curated markers, whereas stage-associated signal appears more distributed across the
broader transcriptome. Across both feature regimes, Dynomap remained similar or superior to all baselines, including TabPFN
and TabM11, 29, demonstrating that its performance does not rely on brute-force dimensionality but adapts to the concentration
of available signal.
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Figure 2. Dynomap performance and learned representations for liquid biopsy cfRNA classification. a–f, Dynomap is
benchmarked against eleven baseline methods across three clinically relevant prediction tasks: binary healthy versus cancer
classification (a, b), multiclass cancer subtype prediction (c, d), and cancer stage classification (e, f). Each task is evaluated
under two feature regimes, with highly variable genes on the left and a curated gene signature panel on the right. Performance
is reported as accuracy, macro-F1 score, recall, and specificity. Error bars indicate standard deviation across five
cross-validation folds. Dynomap achieves the highest or jointly highest performance across most metrics in both feature
settings. g, Representative spatial image representations produced by Dynomap for cancer subtype classification. Each group of
four images corresponds to samples from a single cancer class. Spatial patterns are reproducible within each class, reflecting
task-driven organization that emerges directly from the tabular gene expression input rather than from any predefined feature
arrangement. 5/26



Beyond predictive accuracy, Dynomap exhibited systematic changes in spatial organization and attribution patterns between
the 4,000 HVG and 622-gene regimes. Visualization of generated images revealed reproducible task-specific spatial structures
(Fig. 2g). Spatial autocorrelation analysis using Moran’s I and neighborhood purity (kNN consistency) showed that the observed
spatial organization deviated from null layouts (Figs. S3, S4), indicating non-random clustering of the predictive signal.

To examine how predictive signals are distributed across genes, we computed Integrated Gradients (IG) and summarized
normalized mean absolute attribution values for each task and feature regime (Fig. 3)41. Attribution patterns were analyzed
at the class level to identify genes contributing disproportionately to specific predictions. In subtype classification under the
4,000 HVG setting, distinct tumor classes were associated with separable high-attribution gene sets (Fig. S13). For prostate
cancer (PRAD), genes such as NFATC3, RABEP2, and BIRC3 exhibited elevated attribution relative to other classes. Lung
adenocarcinoma (LUAD) predictions were associated with higher contributions from CRIPTO and CA9, whereas pancreatic
cancer (PAAD) showed stronger attribution for STAT3 and NF142–47.

When restricting input to the 622-gene signature panel, the class-dependent attribution structure remained evident, but
the dominant genes shifted, and the attribution mass was concentrated within a smaller subset of features. Although subtype
separability improved under the signature regime, the specific high-contributing genes differed from those identified in the
4,000 HVG setting. In the binary healthy versus cancer task, butterfly plots revealed clear class-specific attribution asymmetry
(Fig. S12). Cancer predictions showed elevated attribution for genes including PFKM, RASGRP2, and SMAD4, whereas
healthy predictions were associated with higher attribution for P2RY10, TP63, and NFE2L244, 48–50. Stage prediction exhibited
partially overlapping but stage-dependent attribution patterns, with genes such as PAX6 and MUC2 more prominent in early-
stage samples and BIRC3 and CTLA4 contributing more strongly in later stages (Fig. S14)42. Under the 622-gene regime,
stage-associated patterns persisted and used CA12, PPY, and TMEFF2.

Across all tasks, the magnitude and distribution of IG attributions reorganized systematically when transitioning from 4,000
HVGs to the 622-gene signature panel. The full-gene regime distributed predictive contributions across a broader gene set,
whereas the curated panel concentrated attribution within fewer features. No single subset of genes dominated across all tasks
or regimes. Instead, both the spatial layout and attribution hierarchy adapted to the prediction objective and the available gene
space, indicating that Dynomap dynamically reallocates predictive weight according to task and dimensional context.

Taken together, these results show that Dynomap surpasses strong classical learners and modern deep tabular models
on ultrasensitive cfRNA data, while exhibiting task-dependent and feature-regime-dependent representational adaptation.
Performance gains were accompanied by systematic changes in spatial organization and attribution concentration, indicating
that Dynomap learns structured representations that reflect both the predictive objective and the available molecular feature
space.

Resolving tumor type from tumor-educated platelet transcriptomes
We next examined whether the performance gains observed on cfRNA dataset by Dynomap extend to a blood-based tran-
scriptomic assay with a higher signal-to-noise profile. Tumor-educated platelets (TEPs) absorb tumor-derived RNA during
circulation, and their transcriptional profiles have been proposed as a minimally invasive readout for cancer detection and
tissue-of-origin inference51. Unlike plasma cfRNA, platelet RNA-seq yields substantially more abundant and stable transcripts,
which shifts the analytical challenge from signal recovery toward discrimination among cancer types that share overlapping
transcriptional programs. We used the GSE68086 cohort, which contains platelet RNA-seq profiles from patients with breast
cancer, colorectal cancer, glioblastoma, lung cancer, and pancreatic cancer alongside healthy controls52. This setting tests
whether Dynomap’s learned spatial organization reflects stable class-specific transcriptional programs when the limiting factor
is biological similarity among cancers rather than technical noise in the measurement.

Across both binary and multiclass tasks, Dynomap achieved the strongest performance among all evaluated models (Fig. 4).
In the binary healthy versus cancer setting, Dynomap reached 94.4% accuracy with a macro-F1 of 93.3% and macro-sensitivity
of 92.1%. This performance exceeded classical linear and tree-based baselines, including Logistic Regression (94.0%) and
XGBoost (92.4%), and surpassed MLPs and Random Forests. Notably, Dynomap also outperformed modern deep tabular
architectures, TabM (93.7%) and TabPFN (93.7%)11, 29. For binary classification, Dynomap consistently maintained higher
macro-F1 and macro-sensitivity. The performance advantage became more prominent in the multiclass setting spanning five
cancer types. Dynomap achieved 59.28% accuracy with a macro-F1 of 57.14%, exceeding Logistic Regression (56.19%),
TabM (57.2%), and ModernNCA (57.9% accuracy but with lower macro-F1), and substantially outperforming tree-based
ensembles and MLPs. Importantly, Dynomap exhibited the highest macro-sensitivity (55.97%) while maintaining strong
macro-specificity (88.79%), indicating that improvements were not confined to dominant classes. In contrast, several deep
learning-based baselines displayed elevated specificity but reduced recall across minority classes. This pattern suggests that
Dynomap captures structured differences among cancer types rather than exploiting imbalanced separability.

Beyond predictive performance, Dynomap learned spatial layouts that exhibited clear and reproducible class-dependent
organization (Fig. 5a). Visualization of the learned embeddings revealed that genes emphasized for each cancer type occupied
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Figure 3. Task-dependent gene attribution patterns learned by Dynomap in liquid biopsy cfRNA. a, Normalized mean
absolute Integrated Gradients (|IG|) for cancer stage classification using highly variable genes. Rows correspond to stage
classes (I–IV), and columns denote the highest-attribution genes. Distinct stages are associated with different gene attribution
profiles. b, Stage classification using the 622-gene signature panel. Attribution patterns remain class-dependent. c, Multiclass
subtype classification using highly variable genes. Each tumor type (LIHC, LUAD, PAAD, PRAD) is characterized by a
distinct subset of high-attribution genes. d, Subtype classification under the signature panel setting, showing task-adaptive
shifts in emphasized genes relative to the full-gene regime. e, Differential attribution for binary healthy versus cancer
prediction using highly variable genes. Bars indicate normalized class-specific attribution differences (delta |IG|), with positive
values favoring healthy prediction and negative values favoring cancer prediction. f, Differential attribution under the signature
panel setting. Cancer and healthy-associated genes exhibit minimal overlap and form distinct attribution profiles. Together,
these panels demonstrate that Dynomap learns task and class-dependent gene importance patterns that vary across prediction
objectives and feature regimes.
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Figure 4. Benchmarking Dynomap on bulk transcriptomic classification (GSE68086). a, Binary healthy versus cancer
classification. Performance is reported across accuracy, macro-F1 score, recall, and specificity for Dynomap and eleven
baseline methods. Dynomap achieves the highest performance across all reported metrics, with consistent gains in both
sensitivity- and specificity-based measures. b, Multiclass tissue-of-origin classification. Despite increased class complexity,
Dynomap maintains superior accuracy, macro-F1 score, and recall relative to conventional tabular baselines. Specificity
remains high across methods, while Dynomap preserves balanced class discrimination. Error bars represent standard deviation
across five cross-validation folds.

8/26



distinct spatial regions, forming localized clusters rather than diffuse or globally mixed configurations. These clusters were
consistent across samples within the same class and differed systematically across classes, indicating that the learned layout
preserves class-specific transcriptional structure. We then quantified this organization using global spatial autocorrelation
(Moran’s I) and local neighborhood consistency (kNN purity53, 54) in Fig. 5d. For all cancer classes, observed Moran’s I values
substantially exceeded their corresponding null expectations, indicating that high-attribution genes were spatially clustered
rather than randomly dispersed. Similarly, kNN purity scores were elevated across breast, colorectal, glioblastoma, lung, and
pancreatic cancers, demonstrating that genes with similar attribution profiles formed coherent local neighborhoods in the
learned layout. These findings establish that Dynomap’s spatial structure is statistically non-random and consistent across
classes.

Integrated Gradients analysis further clarified how predictive signal is organized within this learned spatial manifold41. In
the binary task, cancer-associated predictions were characterized by elevated attribution for genes including KDM5B, MED12L,
SLC25A30, and MMP1, spanning epigenetic regulation, Mediator-complex-associated transcription, mitochondrial-carrier
biology, and extracellular-matrix remodeling, respectively55–58, whereas healthy-associated predictions emphasized genes such
as SECISBP2, REPS2, PTPN18, and ENO2, which have established roles in selenoprotein regulation, receptor and signaling
modulation, HER2 phosphorylation and turnover, and neuron-specific enolase biology, respectively59–62 (Fig. 5c). Importantly,
attribution patterns showed minimal overlap between cancer and healthy classes and were spatially localized to distinct regions
of the learned map, indicating that class-discriminative signal is not only separable but also spatially segregated.

In the multiclass setting, each cancer type was associated with a distinct subset of high-attribution genes occupying separate
spatial regions. Breast cancer predictions emphasized genes such as F8, AP2S1, and DOCK11, whereas pancreatic cancer
predictions were associated with elevated attribution for MMP1 and related extracellular remodeling genes44, 63. Colorectal
and glioblastoma cancers exhibited their own class-specific attribution signatures, including genes such as RHOC, CAMTA1,
and RPL23A, which have been reported in tumor-type–specific transcriptional analyses64, 65. Although certain genes recur
across cancer types, their attribution magnitude and spatial localization differed by class, producing non-overlapping attribution
hotspots across the map. This pattern indicates class-dependent reweighting of predictive signal.

Notably, the spatial regions highlighted by Integrated Gradients aligned closely with areas of elevated Moran’s I and kNN
purity. Genes with high attribution for a given cancer type were concentrated within contiguous neighborhoods, whereas
low-attribution genes were more diffusely distributed. This concordance between attribution magnitude and spatial clustering
suggests that Dynomap organizes transcriptional signals into coherent spatial modules that correspond to class-specific predictive
structures. Moreover, genes emphasized in the multiclass task did not necessarily occupy identical spatial regions or exhibit
identical attribution strengths in the binary task, demonstrating task-dependent reorganization of the layout. The learned spatial
map is therefore not static, but adapts as class structure changes.

Dynomap achieves strong classification performance on bulk transcriptomic data while learning spatial representations in
which class-specific predictive signal is organized into statistically quantifiable clusters. The combination of superior macro-
balanced performance, elevated spatial autocorrelation, increased neighborhood consistency, and distinct class-dependent
attribution patterns indicates that Dynomap captures structured transcriptional variation aligned with the underlying classification
objective rather than relying on a fixed gene ordering or purely global separability.

To evaluate Dynomap across a broader set of liquid-biopsy settings, we independently retrained the framework for lung-
cancer and colorectal-cancer versus healthy-control classification in plasma cell-free RNA (cfRNA), extracellular-vesicle
(EV) RNA, and tumor-educated platelet RNA datasets40, 51, 66, 67. The analysis comprised ten cohort- and carrier-specific
classification tasks evaluated using donor-disjoint five-fold cross-validation (Supplementary Fig. S32). Pooled donor-level
out-of-fold AUROC ranged from 0.835 to 0.982, while mean fold AUROC ranged from 0.817 to 0.982. These results extend
the liquid-biopsy application of Dynomap beyond the original RARE-Seq cohort and demonstrate that Dynomap can be
independently retrained to achieve high cancer-versus-control discrimination across heterogeneous liquid-biopsy datasets and
circulating RNA carriers.

Identifying disease-associated vocal features in Parkinson’s disease
We next examined whether the benefits of learned spatial organization in Dynomap extend beyond molecular data to engineered
phenotypic measurements. Vocal impairment is among the earliest and most penetrant motor features of Parkinson’s disease,
and digital voice analysis has been investigated as a low-cost, non-invasive screening tool that can be performed remotely and
repeatedly over time68, 69. Unlike transcriptomic features, acoustic descriptors are constructed quantities derived from signal
processing of sustained phonations, and their relationships are governed by the mathematics of feature extraction rather than
by any underlying biological pathway. This removes any pathway-informed prior that could assist spatial organization and
tests whether Dynomap can recover useful structure from predictive signal alone. We used the dataset reported by Sakar et al.,
which contains 754 engineered acoustic features spanning time-domain perturbation measures, entropy-based metrics, and
tunable Q-factor wavelet transform coefficients, computed from sustained voice recordings of Parkinson’s patients and matched
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Figure 5. Class-specific spatial organization and attribution structure in bulk transcriptomic data (GSE68086). a,
Learned gene layouts with class-specific attribution overlaid. Gray points represent all genes positioned in the optimized
two-dimensional layout. Colored points indicate genes with high Integrated Gradients attribution for the specified class. Top
row: binary classification (Cancer, left; Healthy, right). Middle row: multiclass setting (Pancreas, left; Breast, right). Bottom
row: multiclass setting (Glioblastoma, left; Colorectal cancer, right). Distinct classes activate spatially localized gene regions
rather than overlapping uniformly across the map. b, Heatmap of normalized mean absolute attribution across cancer types for
the highest-ranked genes. Rows correspond to genes and columns to tumor classes. Distinct attribution profiles are observed for
different cancer types, with limited overlap among the most emphasized genes. c, Differential attribution for binary
classification. Bars represent normalized class-specific attribution differences, with positive values favoring healthy prediction
and negative values favoring cancer prediction. d, Quantification of spatial structure. Moran’s I (spatial autocorrelation) and
kNN purity scores are shown for each cancer type. Observed values exceed null expectations derived from shuffled layouts,
indicating that class-associated genes form statistically significant spatial neighborhoods in the learned representation.
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controls70. The task is binary classification of Parkinson’s versus control, and it serves as a stringent generalization test because
none of the architectural assumptions Dynomap makes about features are known to hold in this setting.

Dynomap achieved an accuracy of 93.7% with a macro-F1 score of 91.5% for discrimination between Parkinson’s disease
and control samples (Fig. 6). Macro-sensitivity reached 96.7%, while macro-specificity was 85.0%. Across all reported metrics,
Dynomap substantially outperformed classical machine learning baselines, including Logistic Regression, Random Forest,
XGBoost, and PCA+SVM, as well as modern neural tabular models such as TabM, ModernNCA, and TabPFN. Notably, several
comparison methods achieved moderate sensitivity but substantially lower specificity, indicating a bias toward predicting the
majority class. Dynomap maintained strong sensitivity while improving specificity relative to most competing approaches,
resulting in more balanced class discrimination. These differences are reflected in macro-F1 improvements of up to 7.6%
compared with existing methods.

The spatial layouts learned by Dynomap for the Parkinson dataset exhibited structured organization. Visualization of the
feature embeddings showed that features contributing strongly to Parkinson’s disease and control predictions were not uniformly
distributed across the learned image space (Fig. 6a). Instead, high-attribution features formed localized regions. Quantitative
spatial analysis confirmed this pattern. Observed Moran’s I values deviated from null expectations for both Parkinson- and
control-associated features, indicating non-random clustering. Similarly, local neighborhood consistency measured by kNN
purity exceeded null distributions (Fig. 6a), demonstrating that features with similar attribution profiles occupied nearby spatial
neighborhoods. These effects were reproducible across cross-validation folds, and fold-level layout similarity analysis showed
stable spatial configurations across training splits (Supplementary Fig. S26).

Integrated Gradients analysis further revealed distinct class-specific attribution patterns (Fig. 6b,c)41. Parkinson’s disease
predictions emphasized a subset of TQWT-derived spectral energy and entropy features, including multiple tqwt_energy and
tqwt_entropy_shannon coefficients, as well as perturbation-related metrics. In contrast, control predictions were associated
with a different subset of features, including measures related to vocal stability and dispersion. These class-dependent features
occupied partially segregated spatial regions in the learned layout, resulting in minimal overlap between Parkinson- and
control-associated attribution hotspots. Many of the emphasized features correspond to acoustic descriptors previously used
to characterize vocal impairment in Parkinson’s disease, including measures of frequency variation and nonlinear signal
dynamics68–70. Dynomap was not provided with any grouping or domain-specific constraints on these features. Instead, the
model learned a spatial arrangement that concentrated disease-associated signal into coherent neighborhoods aligned with
prediction.

Importantly, the representational behavior observed here mirrors patterns seen in transcriptomic benchmarks, despite the
fundamentally different feature semantics. In both molecular and phenomic settings, Dynomap learned layouts in which
predictive features clustered spatially and reorganized according to the classification objective. This suggests that the spatial
learning mechanism is not dependent on biological pathway structure but can operate on engineered acoustic measurements as
well. While the Parkinson dataset lacks explicit biological networks, Dynomap nonetheless produced structured, class-dependent
spatial organization and competitive predictive performance.

The analysis of the Parkinson dataset shows that even when applied to engineered acoustic descriptors with no explicit
biological topology, the model organizes predictive features into coherent spatial regions and reallocates attribution in a
class-dependent manner. The learned layouts remain stable across folds and reflect systematic clustering of disease-associated
signal rather than random arrangement. These observations indicate that Dynomap’s representational behavior is driven by the
predictive structure present in the data itself, rather than by assumptions about molecular organization. In this phenomic setting,
Dynomap maintains balanced discrimination while preserving interpretable spatial structure, demonstrating that the framework
extends naturally to high-dimensional engineered feature spaces.

Stratifying breast cancer molecular subtypes in TCGA-BRCA
We next evaluated Dynomap on a large, clinically annotated breast cancer cohort where molecular subtyping has direct
therapeutic implications. PAM50 classification separates breast tumors into Luminal A, Luminal B, Basal-like, HER2-
enriched, and Normal-like subtypes, and these categories inform decisions about endocrine therapy, anti-HER2 agents, and
chemotherapy selection in routine clinical practice71, 72. The analytical challenge is that Luminal A and Luminal B share
substantial transcriptional overlap, HER2-enriched and Basal-like tumors are clinically aggressive but distinguishable only
through specific gene programs, and cohort composition remains imbalanced even at scale72. We used the TCGA-BRCA cohort
profiled on the HiSeqV2 RNA-seq platform and retained the five PAM50 classes along with a secondary binary task grouping
Basal-like and HER2-enriched tumors as aggressive relative to the remaining subtypes63. This setting tests whether Dynomap
maintains discriminative structure across thousands of genes and hundreds of samples without collapsing transcriptionally
similar subtypes, and whether the learned spatial organization reflects the clinically defined subtype hierarchy.

As seen in Fig. 7a, for the binary task distinguishing aggressive from non-aggressive tumors, Dynomap achieved 98.3%
accuracy with a macro-F1 of 97.4%, recall of 97.8%, and specificity of 97.1%. This represents the highest overall accuracy
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Figure 6. Spatial organization and phenomic feature attribution in Parkinson’s disease classification. a, Quantification
of spatial structure in the learned feature layout. Moran’s I (spatial autocorrelation) and kNN purity are shown for Control and
Parkinson classes. Observed values are compared to null expectations derived from shuffled layouts, indicating non-random
spatial clustering of class-associated features. b, kNN family coherence across engineered feature families (e.g., tqwt, MFCC,
delta, and related descriptors). Observed coherence exceeds null distributions, indicating that features derived from similar
extraction families occupy nearby spatial regions in the learned layout. c, Differential feature attribution for binary
classification. Bars represent normalized class-specific attribution differences (delta |IG|), with positive values favoring
Parkinson prediction and negative values favoring Control prediction. Distinct sets of acoustic features contribute to each class.
d, Confusion matrix showing counts of true and predicted labels for Control and Parkinson samples. e, Comparative
performance across models. Accuracy, macro-F1 score, recall, and specificity are reported for Dynomap and eleven baseline
methods. Dynomap achieves the strongest overall performance across class-balanced metrics. Error bars represent standard
deviation across five cross-validation folds.

12/26



among all evaluated models and a balanced tradeoff between sensitivity and specificity. Tree-based ensembles such as XGBoost
achieved comparable recall and F1, while TabM exhibited marginally higher specificity. However, these methods did not
simultaneously maximize accuracy and maintain comparable balance across both classes. Precision–recall and ROC curves
further show that Dynomap maintains high precision across a broad recall range rather than achieving performance through
a narrow high-confidence regime (Supplementary Fig. S22). These results indicate that Dynomap remains competitive with
strong ensemble methods while preserving stable class discrimination at scale.

The multiclass PAM50 subtype task presents a more demanding benchmark in Fig. 7b. Dynomap achieved 91.9% accuracy
and a macro-F1 of 91.0%, exceeding the strongest baseline (TabM, 89.6% accuracy) and outperforming XGBoost and MLP
across macro-balanced metrics. Notably, improvements were most pronounced in macro-F1 and recall, indicating that
performance gains were not driven by dominant classes but reflected improved discrimination across all subtypes. While TabM
achieved higher macro-specificity, it did so with lower recall, suggesting a more conservative classification boundary. Precision–
recall curves show that Dynomap maintains consistently higher precision across recall thresholds (Fig. 7c, Supplementary
Fig. S23). These results demonstrate that Dynomap preserves subtype separability even when transcriptional profiles exhibit
substantial inter-class similarity.

Integrated Gradients analysis further revealed subtype-specific redistribution of gene attribution (Fig. 7d). Distinct PAM50
classes were characterized by different high-attribution gene sets with limited overlap among top-ranked features. For example,
LumB predictions showed elevated attribution for PRODH, TCEAL2, and FAM189A2, whereas HER2-associated predictions
emphasized B4GALNT2 and FABP6. LumA exhibited stronger attribution for TMEM59L, SYBU, and GRP, while Basal
predictions highlighted genes including FBP1 and TMCC2. Normal-like samples emphasized a separate subset, including
RYR3, PLK1, and CCDC64. These patterns indicate that Dynomap does not rely on a single global gene ranking across classes.
Instead, attribution magnitude and spatial localization adapt to the multiclass structure of the task.

A similar redistribution was observed in the binary grouping. Aggressive cancer predictions were associated with genes
such as C6orf211 (ARMT1), ARSG, ACADSB, CMYA5, and MS4A2, whereas non-aggressive predictions emphasized KCNQ5,
DLGAP1, SCAND3, FAM129A (NIBAN1), and HHIPL2. Several of these genes are linked to distinct biological programs,
including immune receptor signaling (MS4A2)73, mitochondrial metabolism (ACADSB)74, and PCNA-associated regulation
(ARMT1)75, as well as neuronal or synaptic gene programs (KCNQ5, DLGAP1)76, 77 and stress-response or proliferative
regulation (FAM129A, SCAND3, HHIPL2)78–80. These class-specific attribution profiles were spatially localized and showed
minimal overlap in high-contribution regions. Importantly, genes emphasized in the binary task did not necessarily occupy
identical spatial positions or maintain identical attribution magnitudes in the multiclass setting, indicating task-dependent
reorganization of predictive weight.

Overall, the TCGA-BRCA analysis demonstrates that Dynomap scales to large, high-dimensional transcriptomic cohorts
while preserving clinically defined subtype structure. The model achieves strong balanced performance in both binary and
multiclass settings and learns stable, non-random spatial layouts in which subtype-associated genes form coherent modules.
Rather than enforcing a static feature hierarchy, Dynomap reallocates attribution across genes according to task structure and
class definition, maintaining interpretability and discriminative performance under substantial heterogeneity.

Classifying cell identity across a large single-cell transcriptomic atlas
Finally, we tested Dynomap on single-cell transcriptomics, where cell-type classification is a foundational step in the analysis
of atlas-scale datasets. Accurate cell identity assignment underpins downstream analyses ranging from trajectory inference and
gene regulatory network reconstruction to the discovery of rare or disease-associated populations81. The challenge at atlas scale
is not binary discrimination but fine-grained separation among many transcriptionally similar populations, particularly closely
related immune subsets and stromal lineages that share core gene programs. We used the Tabula Muris atlas, which contains
54,865 cells annotated into 55 cell types across 20 mouse organs81. This benchmark probes whether Dynomap can maintain
balanced performance across high class cardinality and whether the learned spatial organization recovers lineage-aligned
structure when class boundaries are subtle and partially hierarchical.

Across this multiclass setting, Dynomap achieved 97.6% accuracy with a macro-F1 score of 92.0%, a macro-sensitivity
of 90.0%, and a macro-specificity of 100.0% (Fig. 8a). While overall accuracy approached the ceiling for several high-
capacity models, macro-balanced metrics differentiated performance under extensive class heterogeneity. Dynomap maintained
higher macro-F1 than logistic regression (87.9%), random forest (87.9%), and KNN (85.7%), and substantially outperformed
PCA+SVM and AdaBoost. Tree-based ensemble methods achieved comparable overall accuracy, with XGBoost reaching 97.5%
accuracy and a macro-F1 of 93.2%, and TabM achieving 97.8% accuracy with a macro-F1 of 93.7%. Despite these narrow
margins among the strongest ensemble-based approaches, Dynomap preserved competitive macro-balanced performance while
maintaining near-perfect specificity, indicating stable discrimination across a large number of closely related cell identities.
Precision–recall analysis further demonstrated that Dynomap sustained high precision across a broad recall range rather than
concentrating performance on a limited subset of highly separable cell populations (Fig. 8c, Supplementary Fig. S15).
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Figure 7. Binary and molecular subtype classification in breast cancer transcriptomes (TCGA-BRCA). a, Comparative
performance of Dynomap and eleven baseline methods for binary classification of non-aggressive versus aggressive tumors.
Metrics include accuracy, macro-F1 score, recall, and specificity. Dynomap achieves the highest overall performance across
class-balanced measures. Error bars indicate standard deviation across five cross-validation folds. b, Multiclass molecular
subtype classification (Basal, HER2, LumA, LumB, Normal). Dynomap maintains superior accuracy and balanced
performance across macro-F1, recall, and specificity relative to conventional and advanced tabular baselines. c,
Precision-Recall curve for subtype classification. d, Normalized Integrated Gradients attribution for representative genes across
molecular subtypes. Distinct gene groups are preferentially associated with individual subtypes. e, Differential attribution for
binary stratification into non-aggressive and aggressive tumors. Bars represent class-specific attribution differences (delta |IG|),
with positive values indicating greater contribution to aggressive prediction and negative values to non-aggressive prediction.
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Given the high number of distinct classes, we next examined whether the learned representation exhibits structured spatial
organization rather than diffuse attribution. Spatial autocorrelation analysis revealed that observed Moran’s I values consistently
exceeded null expectations derived from shuffled layouts across representative cell types (Fig. 8b; Supplementary Fig. S16)53, 54.
Similarly, kNN purity scores were high relative to null distributions, indicating that genes contributing strongly to a given cell
type formed coherent local neighborhoods in the learned layout.

Integrated Gradients analysis provided a global view of class-specific attribution across cell types (Fig. 8d; Supplementary
Fig. S20)41. Instead of showing a uniform importance pattern, high-attribution genes appeared in lineage-restricted bands with
minimal cross-class overlap. T-cell–associated populations had elevated attribution for Cd3g, a core component of the T-cell
receptor complex required for antigen recognition and signal transduction82. B-cell–related populations emphasized Cd79b
and Cd74, central mediators of B-cell receptor signaling and MHC class II–dependent antigen presentation83, 84. Stromal and
mesenchymal populations preferentially highlighted extracellular matrix genes such as Col1a1 and Col3a1, which encode
fibrillar collagens characteristic of connective tissue and fibroblast identity85. Epithelial subtypes exhibited stronger attribution
for keratin-associated genes including Krt5 and Krt15, established markers of epithelial differentiation programs86. These
lineage-aligned attribution modules are consistent with coordinated gene programs underlying cell identity in single-cell
atlases81, 87.

Importantly, high-attribution genes were not globally dominant across multiple classes. Pairwise similarity analysis of
attribution profiles showed strong diagonal dominance with limited off-diagonal overlap (Supplementary Fig. S17), indicating
class-specific redistribution of predictive weight. Hierarchical clustering of cell-type attribution profiles further revealed
biologically coherent groupings, with closely related immune populations forming neighboring clusters and stromal and
epithelial lineages segregating into distinct branches (Supplementary Figs. S18, S19). Attribution profiles were lineage-specific,
with limited overlap across cell types.

In summary, these results show that Dynomap scales to high-dimensional single-cell data with extensive class cardinality
while preserving structured spatial organization and lineage-specific attribution patterns. In a setting characterized by subtle
transcriptional boundaries and hierarchical relationships among 55 cell types, the model maintains strong macro-balanced
performance and learns non-random spatial layouts in which predictive signal concentrates into biologically coherent modules.
Rather than relying on a static ranking of genes, Dynomap dynamically redistributes attribution according to cell identity,
indicating that its representational behavior remains structured and task-adaptive under large-scale single-cell heterogeneity.

Discussion
Tabular biomedical data do not have a natural spatial structure. Each feature is treated as a separate column, and relationships
among features must be learned from the data alone11, 12. This differs from images and structured signals, where nearby
pixels or measurements often carry related information. Vision deep learning models are effective in those settings because
they can exploit locality, weight sharing, and hierarchical feature aggregation14, 38, 39. When the same models are applied
directly to tabular data, the row-column layout does not tell the model which features are biologically or clinically related11.
Dynomap addresses this representational gap by learning spatial organization jointly with prediction (Fig. 1 and Fig. S1).
Feature coordinates are optimized through a differentiable rendering process that is coupled directly to the prediction objective,
rather than imposed through predefined similarity measures or external grouping rules. Across all datasets examined here,
there are two consistent observations. First, Dynomap achieves strong predictive performance across regimes that vary
in feature dimensionality, class imbalance, biological heterogeneity, and data modality (Figs. 2–8). Second, the learned
spatial representations exhibit structured organization in which predictive features self-organize into coherent, task-dependent
neighborhoods that are statistically distinguishable from null spatial arrangements (Figs. 3, 5, 6, 7, 8; Supplementary Figs. S3–
S5, S16, S25). Taken together, these findings support the view that end-to-end spatial representation learning can extend
convolutional inductive biases to traditionally non-spatial tabular domains while preserving interpretability.

To test how broadly the framework extends beyond the five focused biomedical datasets analyzed above, we evaluated
Dynomap on 13 additional public benchmarks (Supplementary Figs. S27, S28, S29, S30, and S31). The collection comprises
nine pairwise microarray cancer classification tasks across diverse tissue origins, a heavily imbalanced ovarian cancer microarray
dataset, two mass spectrometry cancer cohorts from the Arcene benchmark, and a six-class smartphone-based human activity
recognition dataset drawn entirely from outside the biomedical domain10, 88–90. Sample sizes range from 100 to 10,299, and
feature counts span 561 to 10,935. Across this collection, Dynomap achieves a mean improvement of 1.5% over the strongest
classical baseline (Logistic Regression, Random Forest, XGBoost, AdaBoost, KNN, MLP, PCA+SVM, and Vec2Image)
and 0.8% over the strongest deep tabular baseline among TabM, TabPFN, and ModernNCA. The gain is largest on small,
high-dimensional microarray cohorts where classical learners saturate, reaching up to 9.0% absolute accuracy improvement on
AP Endometrium vs Omentum relative to MLP. The advantage persists on the imbalanced OVA Ovary task, where accuracy
and macro-F1 diverge by more than ten percentage points across all evaluated methods, indicating that Dynomap captures
discriminative signal beyond majority-class agreement. On the activity recognition benchmark, which uses engineered inertial
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Figure 8. Cell-type classification and spatial organization in single-cell transcriptomes (Tabula Muris). a, Comparative
performance of Dynomap and eleven baseline methods for multiclass cell-type classification. Metrics include accuracy,
macro-F1 score, recall, and macro-specificity. Dynomap achieves the highest overall performance across class-balanced
measures. Error bars indicate standard deviation across cross-validation folds. b, Spatial organization analysis for representative
cell types. Moran’s I (spatial autocorrelation) and kNN purity are shown alongside null expectations derived from shuffled
layouts. Observed values exceed null distributions, indicating non-random clustering of cell-type–associated genes in the
learned layout. c, Precision–recall curve demonstrating stable performance across recall thresholds. d, Normalized Integrated
Gradients attribution for representative genes across selected cell types. Distinct gene groups are preferentially associated with
individual cellular identities, indicating class-dependent attribution structure within the learned spatial representation.
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sensor features and spans six classes, Dynomap retains its lead at 98.96% accuracy, exceeding both the strongest classical
method (XGBoost, 98.07%) and the strongest deep tabular method (TabPFN, 98.54%). These results extend the trend observed
on the focused biomedical datasets and show that the learned spatial cartography yields a consistent advantage over both
classical and state-of-the-art deep tabular learners across heterogeneous data regimes, including settings well outside molecular
biology.

A central observation across experiments is that Dynomap’s performance advantage holds across widely varying feature
spaces, from compact curated panels to full transcriptome-scale inputs. In RARE-Seq, strong performance is maintained under
both full-gene and restricted signature-panel settings, and across binary detection, stage prediction, and subtype classification
(Fig. 2). When the number of highly variable genes is systematically varied over a broad range, performance remains stable
relative to competitive baselines (Supplementary Fig. S11). In high-dimensional biomedical settings, predictive signal is often
distributed and weak, and model performance can depend strongly on feature filtering and regularization strategies12, 19. The
observed stability indicates that Dynomap does not rely on a single curated subset of features but adapts its spatial organization
as the feature space expands or contracts. Similar robustness is observed in TCGA-BRCA, where subtype prediction under class
imbalance remains competitive when evaluated using precision–recall curves, a metric better suited to imbalanced classification
than accuracy or ROC analysis91 (Fig. 7; Supplementary Figs. S22, S23). In Tabula Muris, Dynomap maintains competitive
performance despite a large number of closely related cell types with overlapping transcriptional programs81 (Fig. 8). Across
these regimes, the representation reorganizes with the task rather than depending on a fixed feature ordering, supporting
generalization across heterogeneous biomedical contexts.

The multi-cohort liquid-biopsy analysis further illustrates the breadth of the Dynomap framework. Following independent
cohort-specific training, Dynomap achieved high cancer-versus-control discrimination across plasma cfRNA, EV RNA, and
platelet RNA datasets (Supplementary Fig. S32). This finding broadens the application of Dynomap from a single ultrasensitive
cfRNA cohort to heterogeneous liquid-biopsy assays with different RNA compositions and measurement characteristics51, 66, 67.
Together, these results support Dynomap as a common, cohort-adaptive representation-learning framework that can be applied
across liquid-biopsy datasets while allowing feature selection, spatial organization, and predictive parameters to be learned
separately within each cohort.

Interpretability analyses further demonstrate that the learned spatial organization reflects spatial organization that is
statistically distinguishable from noise. Integrated Gradients attribution maps reveal localized regions that differ across
objectives within the same dataset (Figs. 3 and 7), consistent with the principle that meaningful interpretation requires alignment
between model structure and task-specific feature interactions92. In RARE-Seq, shifting from binary detection to stage or
subtype prediction reorganizes high-attribution genes into distinct spatial neighborhoods despite identical underlying features
(Fig. 3; Supplementary Figs. S3–S5). Spatial statistics provide quantitative support for this structure. Moran’s I53 and
kNN-based neighborhood coherence consistently exceed shuffled-layout baselines across bulk transcriptomic, single-cell,
and phenomic datasets (Fig. 5d; Fig. 6c; Supplementary Figs. S16, S25). These results indicate that clustering of predictive
features is unlikely to arise from arbitrary coordinate assignment. In Tabula Muris, the Jaccard similarity matrix shows strong
within-class neighborhood stability and structured overlap among related lineages (Supplementary Fig. S17), consistent with
shared developmental and transcriptional programs across immune and stromal populations81. High-attribution genes include
canonical lineage markers that occupy coherent spatial regions (Fig. 8d; Supplementary Fig. S20), supporting the biological
plausibility of the learned layouts.

The emergence of coherent spatial neighborhoods follows directly from the optimization framework in the proposed
Dynomap approach. Convolutional filters aggregate information locally and are most effective when spatial proximity
corresponds to meaningful relationships14, 35, 38. When tabular features are arranged without structure, local aggregation
combines unrelated variables, limiting efficiency. By learning feature coordinates jointly with prediction, Dynomap aligns
spatial proximity with predictive co-activation patterns. This alignment allows convolutional layers to capture distributed
interactions through localized receptive fields while preserving feature identity. The repeated observation of task-dependent
spatial reorganization across independent datasets suggests that the learned layouts reflect objective-driven structure rather than
arbitrary embeddings.

Outlook
Dynomap demonstrates that learning spatial organization directly from the prediction objective provides a general strategy for
transforming heterogeneous tabular biomedical data into structured and interpretable representations. Across tasks that vary
in dimensionality, imbalance, and biological complexity, the framework produces stable spatial layouts in which predictive
features form coherent, task-adaptive neighborhoods associated with disease state, cellular identity, or phenotypic condition. In
multiple benchmarks, Dynomap improves predictive accuracy relative to established approaches and maintains performance
when the feature regime is restricted from a full feature set to a signature panel, indicating that the learned topography adapts to
the available biological signal. By providing an explicit, task-specific feature organization through a differentiable mapping,
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Dynomap enables attribution-guided inspection and hypothesis generation in settings where feature interactions are otherwise
implicit. More broadly, spatial representation learning enables relationships among molecular, cellular, and clinical variables
to be encoded into structured spatial maps, revealing latent organizational patterns underlying tumor heterogeneity, disease
progression, and treatment response. This framework is applicable across multiple biological scales, including genomics,
transcriptomics, radiomics, digital pathology, and multimodal clinical datasets, where complex interactions may otherwise
remain obscured in conventional tabular analysis. These capabilities support improved biomarker discovery, patient stratification,
and outcome prediction, and provide a foundation for integrative analyses that unify molecular and clinical data in precision
medicine settings.

Methods

Overview of the Dynomap framework
Dynomap converts high-dimensional tabular inputs into structured spatial representations that can be processed by convolutional
models. The framework assigns each feature a learnable coordinate in a two-dimensional space and renders each sample into an
image using a differentiable kernel-based mapping. Unlike fixed vector-to-image transformations, both spatial coordinates and
rendering parameters are optimized jointly with the prediction objective. Let x ∈ RG denote an input feature vector with G
features. The model learns a mapping from x to a spatial image I ∈ RP×P, while simultaneously optimizing a classifier defined
on the rendered representation.

Feature gating
Before spatial organization, feature magnitudes are adaptively reweighted to allow task-dependent emphasis or suppression.
Given an input vector x, a dense layer with sigmoid activation produces gating weights g ∈ (0,1)G,

g = σ(Wgx+bg),

where σ denotes the sigmoid function. The gated feature vector is

x̃ = x⊙g.

This operation provides a differentiable mechanism for feature modulation prior to spatial rendering, allowing the representation
to adapt to the prediction objective.

Learnable spatial layout
To introduce structure into unordered features, Dynomap assigns each feature a trainable coordinate in a two-dimensional space.
For each feature i, a coordinate ci ∈ R2 is learned. Coordinates are initialized uniformly in [−1,1] and optimized jointly with
model parameters. To prevent degenerate configurations, spatial dispersion is enforced through three regularization terms.

A centering term ensures zero-mean layout,

Lcenter =

∥∥∥∥∥ 1
G

G

∑
i=1

ci

∥∥∥∥∥
2

2

.

A spread term constrains global variance,

Lspread = (std({ci})−1)2 .

A repulsion term discourages coordinate collapse.

Lrepel = Ei̸= j

[
1

∥ci − c j∥2
2 + ε

]
,

with ε = 10−4. The total layout regularization is

Llayout = 0.01Lcenter +0.01Lspread +0.05Lrepel.

These terms maintain spatial dispersion while allowing coordinates to reorganize according to predictive structure.
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Differentiable rendering
Once spatial coordinates are defined, each sample is rendered into a two-dimensional image of resolution P×P, where P
denotes the number of pixels per spatial dimension and is treated as a model hyperparameter. This step converts feature values
into spatial intensity patterns while preserving differentiability. For each grid location (u,v) in the P×P image,

I(u,v) =
G

∑
i=1

x̃i exp
(
−∥(u,v)− ci∥2

2

2σ2
i

)
.

Kernel width is feature-dependent,

σi = 0.5+4.5tanh(|x̃i|).

The rendering grid is dynamically defined based on the coordinate bounding box with fixed padding. Each rendered image is
standardized per sample. Because the rendering operation is differentiable with respect to both x̃ and ci, gradients propagate
through the spatial mapping during optimization.

End-to-end joint optimization
All components of Dynomap, including feature gating, spatial coordinates, rendering, and classification layers, are optimized
jointly under a unified objective. Let f (x;θ) denote the full model with parameters θ = {θgating,θlayout,θCNN,θhead}. The total
loss is defined as

Ltotal = LCE( f (x;θ),y)+Llayout,

where LCE denotes categorical cross-entropy and Llayout represents the spatial regularization terms described above. Model
parameters are updated via gradient-based optimization,

θt+1 = θt −η∇θ Ltotal,

where η denotes the learning rate.
Because the rendering operation is differentiable with respect to both feature values and spatial coordinates, gradients

propagate from the classification loss through the convolutional layers and rendering module to the coordinate parameters. As a
result, spatial organization evolves directly in response to predictive error, allowing feature neighborhoods to adapt to the task
objective.

Layout stabilization
During early training, spatial coordinates may undergo substantial movement as the model searches for predictive organization.
To prevent continuous drift and to stabilize topology, coordinate velocity is monitored across epochs. Mean displacement is
defined as

v(t) =
1
G

G

∑
i=1

∥∥∥c(t)i − c(t−1)
i

∥∥∥
2
.

If v(t) falls below a predefined threshold for a fixed number of consecutive epochs, coordinate updates are halted and the layout
is frozen. For the primary TensorFlow experiments, model selection was performed only after stabilization to ensure evaluation
under a fixed spatial configuration. The auxiliary multi-cohort liquid-biopsy analysis used the separate PyTorch training and
checkpoint-selection protocol described below.

Convolutional modeling and training
Rendered images of resolution P×P with P = 64 are processed using a CNN designed to capture hierarchical spatial structure
through shared local filters14, 38. The backbone consists of sequential two-dimensional convolutional layers with ReLU
activation93, applied with same padding to preserve spatial dimensions. Max pooling layers reduce spatial resolution, and
global pooling aggregates spatial responses into a compact feature vector.

To preserve direct access to original tabular information, the convolutional feature vector is concatenated with the gated
feature vector x̃. The combined representation is passed through a fully connected classifier head consisting of a dropout layer
with rate 0.594, a hidden dense layer with 64 units and ReLU activation, and a final linear layer producing class logits.

For the primary benchmark experiments, the model was trained by minimizing categorical cross-entropy loss with label
smoothing95. Optimization was performed using the Adam optimizer96 with learning rate 1×10−3. Mini-batch size was set to
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16, and models were trained for up to 1000 epochs. During training, spatial coordinates were monitored for stabilization as
described above (patience = 15 epochs, velocity threshold = 0.002).

The primary benchmark models were implemented in TensorFlow with reproducible random seed initialization across
Python, NumPy, and TensorFlow operations. GPU acceleration was used during training, and identical hyperparameters were
applied across the primary benchmark datasets to ensure comparability. The auxiliary multi-cohort liquid-biopsy analysis used
a nested evaluation protocol described in its dataset-specific Methods subsection.

Integrated Gradients attribution
To quantify feature contributions to model predictions, we employed Integrated Gradients (IG)41. Let f (x) denote the logit
corresponding to a target class and x ∈ RG the input feature vector. Given a baseline input x′ (set to the zero vector), the
integrated gradient for feature i is defined as

IGi(x) = (xi − x′i)
∫ 1

0

∂ f (x′+α(x−x′))
∂xi

dα.

This formulation accumulates gradients along the straight-line path from the baseline to the input. In practice, the integral
is approximated using a Riemann sum with m discrete steps. For multiclass settings, IG was computed with respect to the
logit of the predicted class. Attribution magnitudes were aggregated across samples within each class to obtain class-specific
importance profiles. These attribution vectors were subsequently used for spatial and clustering analyses.

Spatial autocorrelation using Moran’s I
To quantify whether high-attribution features cluster spatially beyond random expectation, we computed Moran’s I statistic53.
Let ai denote the attribution score for feature i and let ci denote its learned spatial coordinate. A spatial weight matrix W = {wi j}
is defined based on neighborhood relationships in the learned layout, where wi j = 1 if feature j is among the k nearest spatial
neighbors of feature i, and wi j = 0 otherwise. Let ā denote the mean attribution value and N the number of features.

Moran’s I is defined as

I =
N

∑i ∑ j wi j
·

∑i ∑ j wi j(ai − ā)(a j − ā)

∑i(ai − ā)2 .

Positive values indicate spatial clustering of similar attribution magnitudes, whereas values near zero indicate spatial randomness.
To assess statistical significance, we generated null distributions by randomly permuting attribution values across fixed
coordinates and recomputing Moran’s I across multiple iterations.

k-nearest neighbor spatial coherence
In addition to global spatial autocorrelation, we evaluated local neighborhood consistency using a k-nearest neighbor (kNN)
coherence measure. For each feature i, let Nk(i) denote the set of its k nearest neighbors in the learned coordinate space. Define
a binary indicator zi reflecting whether feature i belongs to the top-q% highest attribution values for a given class.

The local coherence score for feature i is defined as

Ci =
1
k ∑

j∈Nk(i)
1(z j = zi),

where 1(·) denotes the indicator function. The overall spatial coherence is computed as the mean of Ci across features classified
as high attribution. This statistic quantifies whether high-importance features preferentially cluster within their local spatial
neighborhoods.

Significance was assessed by comparing observed coherence scores to null distributions obtained by randomly permuting
attribution labels across fixed coordinates. Together with Moran’s I, this provides complementary global and local measures of
spatial organization in the learned layout.

Datasets
Unless otherwise specified, highly variable genes (HVGs) were selected based on variance across samples or cells within each
dataset. All tabular inputs were standardized prior to modeling.
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Circulating cell-free RNA profiling (RARE-Seq).
We evaluated Dynomap on a circulating cell-free RNA (cfRNA) cohort derived from a multi-cancer liquid biopsy study40.
The dataset contains plasma-derived cfRNA profiles spanning healthy individuals and multiple cancer types with annotated
clinical stage and tissue of origin. Gene-level expression matrices were constructed from TPM values and restricted to Ensembl
gene identifiers. Features with zero variance across samples were removed. Three classification tasks were defined. For
binary detection, samples were grouped into Healthy (Control, LDCT Control, Meta-Reference Control) and Cancer (LUAD,
LUAD (TKI), LIHC, PAAD, PRAD). For subtype prediction, cancer samples were mapped to LUAD, LIHC, PAAD, and
PRAD categories, with LUAD (TKI) grouped under LUAD. For stage classification, only cancer samples with available stage
annotations were retained, and samples with missing stage information were excluded. For the full-gene setting, we selected the
top 4,000 highly variable genes based on variance across samples. In the signature setting, we used all genes within the curated
622-gene cfRNA panel without additional HVG filtering. Expression matrices were standardized using z-score normalization
prior to modeling. All downstream analyses, including attribution and spatial statistics, were performed separately for the HVG
and signature feature regimes.

Platelet RNA sequencing in solid tumors (GSE68086).
To assess performance on bulk transcriptomic data derived from tumor-educated platelets, we used the GSE68086 dataset51.
This cohort comprises platelet RNA-seq profiles from patients with multiple cancer types and healthy controls. Samples include
breast cancer (BRCA), colorectal cancer (CRC), glioblastoma (GBM), lung cancer, pancreatic cancer, and healthy individuals.
Raw gene expression matrices were obtained from the Gene Expression Omnibus (GEO). After alignment with series matrix
metadata and removal of zero-variance genes, the top 5,000 highly variable genes based on variance across samples were
retained for modeling. Expression values were standardized prior to modeling. Two tasks were defined: (i) binary cancer versus
healthy classification and (ii) five-class tumor type prediction (Breast, CRC, GBM, Lung, Pancreas).

Multi-cohort liquid-biopsy analysis.
We evaluated Dynomap across ten retrospective cancer-versus-healthy-control tasks constructed from RARE-Seq plasma
cfRNA40, GSE174302 plasma cfRNA66, 97, GSE216561 plasma and EV RNA67, 98, and GSE68086 platelet RNA51, 52. Lung-
cancer analyses included RARE-Seq Stanford (179 libraries from 165 donors; 99 cancer and 66 control donors), RARE-Seq
MGH (117 libraries from 102 donors; 52 cancer and 50 control donors), GSE174302 cfRNA (35 cancer and 19 control donors),
GSE216561 plasma RNA (19 cancer and 19 control donors), GSE216561 EV RNA (19 cancer and 14 control donors), and
GSE68086 platelet RNA (59 cancer and 54 control donors). Colorectal-cancer analyses included GSE174302 cfRNA (54
cancer and 19 control donors), GSE216561 plasma RNA (23 cancer and 19 control donors), GSE216561 EV RNA (19 cancer
and 14 control donors), and GSE68086 platelet RNA (44 cancer and 54 control donors).

Each dataset, RNA carrier, and cancer contrast was modeled independently. Expression matrices were transformed using
log[1+106xi j/(∑g xig)]. Samples were partitioned using five-fold stratified group cross-validation, with all repeated libraries
from a donor assigned to the same fold. Within each Dynomap outer-training fold, donors were separated into group-disjoint
inner-training and validation partitions. Genes detected in at least 5% of inner-training samples and having non-zero variance
were ranked by variance, and the top 1,000 genes were retained. Standardization parameters were estimated exclusively from
the inner-training partition.

For these additional experiments, we used a separate PyTorch implementation of the Dynomap architecture. A new model
was initialized for every dataset and fold and trained for 75 epochs using batch size 16, Adam optimization with learning rate
10−3, and 64×64 rendered feature maps. The checkpoint achieving the highest inner-validation accuracy was retained. No
trained weights, feature sets, decision thresholds, or spatial coordinates were transferred between datasets. Pooled donor-level
out-of-fold AUROC was used as the primary performance summary. Mean and standard deviation of the five fold-level
AUROCs were used for visualization.

For descriptive comparison, we trained class-balanced logistic-regression models using 1,000 HVGs selected exclusively
from each outer-training fold. A QC-only logistic-regression model was evaluated using three library-level covariates:
log(1+ library sum), log(1+number of detected genes), and log(1+maximum observed expression).

TCGA breast cancer (TCGA-BRCA).
We analyzed RNA-seq expression data from The Cancer Genome Atlas (TCGA) breast cancer cohort63. Gene expression and
clinical annotations were obtained from the UCSC Xena repository99. Expression values correspond to HiSeqV2 RNA-seq
profiles and were aligned to clinical PAM50 subtype annotations71. Two classification tasks were defined: (i) binary aggressive
versus non-aggressive tumor classification, where Basal and HER2-enriched tumors were labeled as aggressive, and (ii)
multiclass PAM50 subtype prediction (LumA, LumB, Basal, HER2, Normal-like). From the aligned expression matrix, we
selected the top 4,000 highly variable genes based on variance across samples. Expression values were standardized prior to
modeling. No additional feature engineering was performed.
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Parkinson’s disease voice measurements.
To evaluate generalization beyond transcriptomics, we used the Parkinson’s disease voice dataset originally described by Sakar
et al.70. This dataset contains engineered acoustic features extracted from sustained phonations of individuals with Parkinson’s
disease and healthy controls. Features include jitter, shimmer, harmonicity, nonlinear dynamical metrics, and wavelet-derived
descriptors. We used the dataset in its published tabular form without feature selection or dimensionality reduction. All features
were standardized prior to modeling. The task was binary classification of Parkinson’s disease versus control.

Single-cell transcriptomics (Tabula Muris).
To evaluate Dynomap in a large multicellular context, we used the Tabula Muris single-cell RNA-seq atlas81. The dataset
comprises 54,865 cells across 55 annotated cell types collected from 20 murine organs. We utilized a preprocessed expression
matrix and selected the top 1,089 highly variable genes based on variance across cells to represent core transcriptional programs.
Expression values were standardized prior to modeling. The task was multiclass cell-type classification across all annotated
populations.

Additional benchmark datasets.
To assess generalization beyond the five focused biomedical cohorts, we evaluated Dynomap on 13 additional publicly available
tabular datasets covering microarray gene expression, mass spectrometry, and engineered sensor measurements. Nine of these
are pairwise microarray cancer classification datasets obtained from the OpenML repository88, 89: AP Breast vs Lung (ID 1150),
AP Breast vs Omentum (ID 1127), AP Colon vs Lung (ID 1126), AP Endometrium vs Breast (ID 1123), AP Endometrium vs
Omentum (ID 1151), AP Endometrium vs Prostate (ID 1141), AP Endometrium vs Uterus (ID 1164), AP Omentum vs Uterus
(ID 1124), and AP Breast vs Kidney (ID 1158). Each task distinguishes primary tumors of one tissue origin from another.
Cohort sizes range from 130 to 604 samples, and all share 10,935 gene-level features. The OVA Ovary dataset (OpenML ID
1166) is drawn from the same microarray collection and contains 1,545 samples with 10,935 features, in which ovarian tumors
are distinguished from all other tissue types. This dataset is heavily imbalanced toward the negative class and is included
as a stress test for class-balanced performance. Two further datasets are versions of the Arcene mass spectrometry cancer
benchmark released in the NIPS 2003 feature selection challenge (OpenML IDs 1458 and 41157), containing 200 and 100
samples respectively across approximately 10,000 mass spectrum features90. The thirteenth dataset is the UCI Human Activity
Recognition Using Smartphones benchmark, comprising 10,299 samples with 561 engineered inertial sensor features across six
activity classes10. This dataset was selected to test whether the framework generalizes to non-biomedical multiclass settings
with structurally different feature semantics. For each dataset, feature matrices were standardized prior to modeling. For tasks
with more than 4,000 features, we retained the 4,000 highest-variance features. The UCI HAR dataset was used with all 561
features. All datasets were evaluated using five-fold stratified cross-validation, and identical Dynomap hyperparameters were
applied across all datasets to ensure comparability.

Data availability
All datasets analyzed in this study are publicly available from established repositories. The circulating cell-free RNA (RARE-
Seq) cohort was obtained from the multi-cancer liquid biopsy study reported by Nesselbush et al.40. Tumor-educated platelet
RNA-sequencing data (GSE68086) were obtained from the Gene Expression Omnibus (GEO) under accession number
GSE6808651. Breast cancer RNA-sequencing data (TCGA-BRCA) and associated clinical annotations were obtained from The
Cancer Genome Atlas (TCGA)63 via the UCSC Xena repository99. The Parkinson’s disease voice dataset was obtained from
the publicly released dataset described by Sakar et al.70. The Tabula Muris single-cell RNA-sequencing atlas was obtained from
the Tabula Muris consortium81. Additional plasma cfRNA data were obtained from GEO under accession GSE17430266, 97,
and paired plasma cfRNA and extracellular-vesicle RNA data were obtained under accession GSE21656167, 98.

All processed expression matrices, feature-selection outputs, and intermediate data files required to reproduce the analyses
reported in this study are provided within the associated Code Ocean capsule prepared for peer review. Detailed preprocessing
procedures and model training protocols are described in the Methods. No new human or animal data were generated for this
study.

Code availability
All code used to perform the analyses in this study has been deposited in a Code Ocean capsule and shared with the editors and
reviewers as part of the peer-review process. The capsule contains the complete implementation of the Dynomap framework,
including data preprocessing, image construction, model training, and evaluation pipelines.

Upon acceptance of the manuscript, the Code Ocean capsule will be made publicly available with a persistent digital object
identifier (DOI) to enable full reproducibility of the results.
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