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Abstract

Spatial transcriptomics enables testing whether tissue morphology can predict
molecular state, but existing benchmarks are constrained by limited scale, spot-
level supervision, and incomplete biological context. We present sMCC40M, a
multimodal resource comprising 38.53 million gene-positive cell/nucleus obser-
vations from 145 samples across 23 tissue categories and seven species. Visium
HD contributes 13.66 million observations and Xenium 24.81 million, comple-
mented by 53,989 profiles from 21 in-house samples. H&E-pairing eligibility is
recorded separately. Three data-centric axes assess generalization beyond local
interpolation. First, sMCC40M provides scale: broad organ and study coverage
enables controlled encoder benchmarking and reveals a scaling trend in which
larger pathology foundation models improve morphology—gene correspondence
under matched evaluation. Second, sMCC40M provides resolution: by decom-
posing assays into aligned cell-level records, our framework converts spot-level
histology—omics pipelines into single-cell predictors and evaluates them under strict
in-domain and cross-acquisition splits. Third, sMCC40M provides rich context:
each cell is paired with spatial, molecular, and sample-level metadata, allowing
analyses such as age-band shift in ovarian samples, where age-mismatched transfer
sharply reduces prediction quality despite misleading global-distance summaries.
Together, sSMCC40M establishes a practical framework for single-cell histology-
to-gene prediction while showing that robust generalization still depends on scale,
cellular resolution, and explicit biological context.

1 Introduction

Spatial transcriptomics (ST) technologies measure gene expression while preserving tissue coordi-
nates, making it possible to ask whether histology can recover molecular state in situ. H&E images
provide a high-resolution structural view of the same tissue, capturing cellular morphology, tissue
architecture, and microenvironmental organization. The central modeling question is therefore no
longer whether histology contains molecular signal in principle, but whether current datasets and
benchmarks can measure that signal under realistic biological variation.

Existing histology—omics resources have substantially advanced the field, especially HEST-1K
and STimage-1K4M for paired H&E-ST evaluation [, 2]. Their remaining limitations are best
understood along three axes. First, scale is still limited relative to the diversity of organs, patients,
studies, and acquisition conditions encountered in real tissue data. Second, most benchmarks remain
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Figure 1: Overview of sMCC40M. The frozen resource contains 38.53 million gene-positive
cell/nucleus observations across 145 samples. The diagram illustrates cell-aligned molecular and
image context; image pairing has explicit eligibility flags, and auxiliary annotation coverage is
specified per artifact.

spot-based, so each target averages multiple cells and can hide cell-level heterogeneity. Third,
evaluating biological generalization requires consistent annotations and explicit shift tests across age,
disease state, neighborhood organization, and cell-cell communication. Strong benchmark scores
may otherwise reflect within-cohort interpolation rather than biologically meaningful transfer.

We introduce sMCC40M as a context-aware resource designed to boost ST research along three
axes: scale, resolution, and rich context. The frozen release contains 38.53 million gene-positive
observations from 53 Visium HD and 71 Xenium acquisitions across 23 harmonized tissue categories.
It distinguishes segmented cells from nuclei and preserves each observation’s spatial origin and
measured gene panel. For histology modeling, 32.68 million cell observations meet the H&E-pairing
criteria. Sample-level biological attributes and their source evidence support context-aware analyses,
with missing or conflicting information explicitly recorded.

We therefore organize the experimental section around three claims. Scale is evaluated through
encoder benchmarking and scaling-law behavior. Resolution is evaluated through within-acquisition
spatial holdouts and cross-acquisition image-to-cell expression prediction, with matched test cells
and genes where comparisons are made. Rich context is evaluated through a new ovarian age-effect
analysis showing that sample-level biological context can dominate apparent generalization: an
age-mismatched target can cause large drops in F1, gene-wise correlation, cell-wise correlation, and
predicted nonzero rate, while global distribution distances alone remain misleading. Quality audits,
complete current benchmark results, downstream cell-type and context analyses, caption diagnostics,
and release details are reported in the appendix.

sMCC40M makes three contributions. First, it provides a large ST resource with identified H&E-
expression pairs across diverse tissues, species, and two assay platforms. Second, it defines a
data-centric framework for lifting spot-level image-to-gene prediction into the single-cell regime
by replacing spot crops and spot-averaged targets with cell-centered histology and cell-level molec-
ular targets. Third, it shows empirically that benchmark performance depends not only on model
architecture, but also on the scale, resolution, and biological context made available by the dataset.

2 Related Resources and Benchmarks

Histology—Omics Resources. sMCC40M builds on three strands of prior work. First, spatial
profiling evolved from Spatial Transcriptomics [3], in situ sequencing [4], MERFISH [5], Slide-
seq [6], and multiplexed imaging [7, 8] to higher-resolution or higher-throughput platforms such as
HDST [9], Slide-seqV2 [10], DBiT-seq [ |], Visium [12], high-definition commercial systems [ |3,



Table 1: Benchmark-oriented comparison with representative resources from four categories: single-
cell-only atlases, pathology image—text corpora, spot-level histology—omics resources, and sMCC40M.
Entries are summarized using Yes, No, or Partial. “Platform transfer” indicates whether the resource
natively supports evaluation across distinct acquisition technologies or assay families.

Dataset Cell-level Multi-organ ~ Study split Platform transfer — Text Benchmark intent

Single-cell-only atlases

CELLxGENE Census Yes Yes Yes No No Single-cell atlas (no paired histology)
Pathology image—text corpora

OpenPath No Partial No No Yes Pathology image—text pretraining
Quilt-1M No Partial No No Yes Patch-level image—text pretraining
PathGen-1.6M No Partial No No Yes Synthetic pathology image—text pretraining
ST + histology resources

HEST-1K No Yes Yes Partial No Spot-level ST + histology benchmarking
STimage-1K4M No Yes Partial Partial No Spot-level image—gene pairing from ST slides
sMCC40M Yes Yes Partial Yes Partial Single-cell evaluation

], and spatiotemporal profiling [15]. Second, spatial analysis and integration tools, including
Giotto [16], Squidpy [17], SpaGCN [ 18], BayesSpace [19], Tangram [20], cell2location [21], related
spatial integration and cell-type mapping methods [22, 23, 24, 25], Impeller [26], iMIRACLE [27],
DISCO [28], MUSE [29], Seurat integration [30, 31], Scanpy [32], together with reference initiatives
including the Human Cell Atlas [33], Tabula Sapiens [34], and the Human Tumor Atlas Network [35],
provide the computational and single-cell reference backbone. Third, benchmark resources such
as HEST-1K [I] and STimage-1K4M [2] connect paired histology—omics data with evaluation;
sMCC40M extends this direction with cell-level alignment, multi-organ coverage, and transfer-aware
splits, as summarized in Table 1.

Histology-to-Gene Prediction. HE2RNA showed bulk transcriptomic prediction from digital
pathology [36], while Hist2ST [37], BLEEP [38], iSTAR [39], and THItoGene [40] established spot-
or region-level histology-to-gene prediction. These methods are supported by a broader pathology

modeling stack: weakly supervised WSI and MIL-style learning [4 1, 42, 43, 44], self-supervised
histopathology representation learning [45], biomedical and nuclear segmentation [46, 47, 48], and
studies and reviews on diagnostic and molecular pathology [49, 50, 51, 52]. Our benchmark differs

by targeting cell-aligned image-to-gene prediction rather than bulk, slide-level, or spot-averaged
prediction, under controlled in-domain and transfer splits.

Pathology Foundation Models and Multimodal Learning. Pathology and biomedical models and
resources include QuiltNet [53], CTransPath [54], UNI and UNI2-h [55, 56], Phikon-v2 [57], GigaP-
ath [58], Virchow [59], Virchow?2 [60], H-optimus-0 [61], CONCH [62], PLIP [63], PathCLIP [64],
BiomedCLIP [65], and PathGen-style corpora [66]. Related work includes robust medical-image pre-

training [67], visual corpora [68, 69], CNN and transformer backbones [70, 71, 72,73, 74,75, 76, 77],
self-supervised and masked objectives [78, 79, 80, 81, 82, 83, 84, 85, 86, 87, 88], multimodal and
language models [89, 90, 91, 92], and foundation-model analyses [93]. WILDS [94] provides

evaluation resources for distribution shifts. Complementary resources include PanNuke nucleus
annotations [95] and TCGA cancer cohorts [96]. Our A/B samples come from 10x Visium HD
lung-cancer resources [97, 98]. Text annotations provide auxiliary context for future multimodal
evaluation; gene expression remains the prediction target.

3 The sMCC40M Resource

3.1 Design Objectives

sMCC40M has three design requirements: retain cell- or nucleus-aligned molecular measurements;
preserve their spatial and image context; and make source identity, biological context, and techni-
cal eligibility auditable. The release distinguishes acquisition-level diversity from verified donor
independence and model-derived segmentation from biological ground truth. See Figure 1.



Table 2: Spatial measurements and expression profiles by data source.

Source How expression is localized Samples Profiles
Visium HD 2 pum bins assigned to segmented cell or nuclear masks 53 13,660,756
Xenium Transcripts assigned to cells, with nuclear boundaries where available 71 24,811,436
In-house data  Single-cell RNA profiles paired with cell morphology 21 53,989
Total 145 38,526,181

We add in-house samples as our lab completes new experiments.

3.2 Scale, Coverage, and Sources

Scale. The complete resource contains 38,526,181 expression profiles from 145 samples, com-
prising 53 Visium HD, 71 Xenium, and 21 in-house samples. The public Visium HD and Xenium
collection contains 38,472,192 gene-positive observations: 13,660,756 from Visium HD and
24,811,436 from Xenium (Table 2). Its 124 acquisitions cover seven species and 23 reporting cate-
gories, not all anatomical organs. Acquisitions are sections, capture areas, or ROIs, not independent
donors or studies. About a third of our acquisitions appear in the HEST-1k publication cohort [1] or
STimage-1K4M [2] (43 of 124, Table S1). Most matches appear in HEST (42 in HEST, 4 in STimage,
and 3 in both).

Resolution. Each molecular observation is anchored to a segmented cell, a nucleus, or a platform-
defined cell and retains its original coordinates and measured feature axis. Native 2 ym Visium HD
bins are aggregated to these footprints; Xenium retains native cell assignments. HD H&E observations
use cell masks, while the four HD IF acquisitions use nuclear masks. Xenium DAPI images provide
nuclear image context for cell-level expression and are not reclassified as nuclear RNA observations.

Rich modality and context information. Records link raw expression, coordinates, image and
mask references, and sample metadata with upstream URLs and field-level evidence. Tissue categories
are harmonized, while diagnosis, age, sex, and other clinical attributes retain their availability and
conflict status. Such attributes describe the sampled material, not every cell’s identity or malignant
state. HD cell-type predictions include evidence levels and unresolved labels; Xenium annotations
retain their original status. Captions and communication summaries are auxiliary analyses, not
uniformly available annotations across the frozen resource.

The 21 in-house samples span cell lines of mouse embryonic, cervical, and lung origin. Paired
morphology and RNA profiles link cell shape to expression in each of the 53,989 cells.

The Visium HD and Xenium collection retains 46,284,626 native or segmented candidate objects. Of
these, 38,486,654 have nonzero stored features, including 14,462 Xenium observations with only
non-gene features. The headline count excludes these rows and measured-zero or RNA-unavailable
candidates; all remain distinguishable in the metadata. Xenium panels and HD gene axes are preserved
separately, without filling unmeasured genes with zeros.

Image eligibility is assessed separately. There are 32,682,585 H&E-paired cell observations with
positive gene counts, an in-image centroid, and a visible mask; 32,682,304 also support a complete
native 224-pixel crop. Flags for 150/224/256-pixel and 50/100 pm windows distinguish boundary
truncation from absent pairing. These checks establish technical availability, not segmentation
accuracy. Release-wide QC is documented in Section B.4.

3.3 Cell-Aligned Multimodal Structure

Each record uses a stable observation identifier to link expression, coordinates, segmentation labels,
and acquisition metadata. Full-resolution images and masks retain their sample-specific physical
pixel sizes; cell-centered and larger-context crops can be extracted on demand at declared pixel or
physical scales. Per-observation flags distinguish H&E, IF, and DAPI context, cell versus nuclear
units, expression availability, and crop completeness.

This design distinguishes sMCC40M from spot-level histology—omics resources. Instead of asking
whether a model can recover expression averaged over a mixed local region, the benchmark asks
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Figure 2: Cell aggregation and technical quality control. (A) HD-010 lung H&E with cell masks
and native 2 um bin assignments; scale bar, 2 yum. (B) Single-component masks: 49 HD cell, 71
Xenium cell, and four HD nuclear acquisitions. (C) Native polygon—summary centroid offsets for cells
and nucleus references in 71 Xenium acquisitions. Dots summarize acquisitions; circles and thick
segments denote medians and interquartile ranges. Half-densities require at least ten acquisitions.

whether morphology and local tissue context are sufficient to predict fine-grained molecular variation
for individual cells. The same cell-aligned schema provides a common input—target format for
image-to-expression prediction.

Comparing a gene across Visium HD and Xenium first requires checking that both acquisitions
measured it. A gene absent from the Xenium panel has no observed value, whereas a measured gene
can have a count of zero. For image-based prediction, each RNA target needs a usable histology crop.
The sample gene lists and crop eligibility flags let users apply both conditions before training.

3.4 Alignment Pipeline

Native filtered 2 ym Visium HD integer UMI counts are mapped into the segmentation frame using
recorded transforms. Each bin is assigned at most once, only when a cell or nuclear footprint covers
strictly more than half of the complete bin area in physical capture-grid coordinates; assigned
counts are summed (Figure 2A). Holes and disconnected components are preserved. Unassigned bins
and RNA-unavailable candidates retain explicit status. Xenium retains native cell counts and maps
boundaries to the selected image. Expression is retained when image or crop checks fail.

Quality control. The release-wide audit covers 124 acquisitions, checking count matrices, obser-
vation and feature indices, coordinate transforms, delivered masks, and stored HD bin assignments.
Distances are expressed in xm and areas in ym?, with image coordinates converted using per-axis
pixel sizes. Median acquisition-level fractions of labels forming a single four-connected component
are high (98.99% for HD cells, 99.47% for Xenium cells, and 99.84% for HD nuclei; Figure 2B).
Across 71 Xenium acquisitions, median acquisition-level centroid offsets between native polygons
and their summaries are submicrometer (0.132 pm for cells and 0.148 ym for nucleus references;
Figure 2C). These diagnostics quantify label connectivity and internal geometric consistency; they do
not establish biological boundary accuracy or independent histology-registration accuracy. Image-
pairing eligibility remains a separate check. Full metrics, units, and audit provenance appear in
Appendix B.4.

The experiments below evaluate encoder scaling, cell-aligned prediction within and across acquisi-
tions, and context-associated variation in transfer performance.

4 How sMCC40M Boosts Existing ST Research

4.1 Scale: Large Coverage Enables Encoder Scaling Laws

The expanded release spans 38.53 million cell/nucleus observations across 23 harmonized reporting
categories. The encoder analyses below retain their original cohorts and protocols, distinct from the
expanded acquisition inventory in Appendix B and Table S2. Resource scale and the observations
evaluated in each experiment are therefore reported separately.

Motivated by frozen-encoder benchmarking in HEST-1K [1], we evaluated seven histopathology
encoders under a unified frozen-embedding retrieval and prediction framework on two representative
tasks: mouse brain and human lung cancer. As shown in Figure 3a, pathology foundation models
consistently outperformed generic backbones. H-Optimus-0 achieved the highest average Pearson
correlation on both datasets (0.567 for mouse brain and 0.449 for human lung cancer). For mouse



Encoder Mouse brain Human lung cancer
Avg. Pearson Sensitivity Accuracy Avg. Pearson Sensitivity Accuracy
ResNet50 0.4994 0.7927 0.6847 0.3629 0.6376 0.6222
+ 0.0675 + 0.0140 +0.0119 + 0.0860 + 0.0057 + 0.0004
CTransPath 0.5058 0.7933 0.6865 0.3157 0.6287 0.6166
+ 0.0611 +0.0127 + 0.0097 +0.1332 + 0.0146 + 0.0060
Phikon 0.4961 0.7918 0.6828 0.3690 0.6351 0.6187
+ 0.0708 + 0.0149 +0.0138 + 0.0799 + 0.0082 + 0.0039
CONCH 0.5145 0.7994 0.6905 0.3784 0.6361 0.6177
+ 0.0524 + 0.0073 + 0.0061 + 0.0705 + 0.0072 + 0.0049
UNI 0.5545 0.8067 0.6966 0.4352 0.6425 0.6223
+0.0124 + 0.0000 + 0.0000 + 0.0137 + 0.0008 + 0.0003
UNI2-h 0.5549 0.8051 0.6953 0.4360 0.6416 0.6218
+0.0120 + 0.0016 +0.0013 + 0.0129 + 0.0017 + 0.0008
H-Obtimus-0 0.5689 0.8060 0.6962 0.4489 0.6433 0.6226
P + 0.0000 + 0.0007 + 0.0004 + 0.0000 + 0.0000 + 0.0000
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Figure 3: Encoder benchmarking and scaling behavior on sMCC40M. (a) Seven pathology
encoders are evaluated on mouse brain and human lung cancer; H-Optimus-0 leads average Pearson,
while UNI leads mouse-brain sensitivity and accuracy. (b) In-patient prediction of the top 50 variable
genes improves with training size, with H-Optimus-0 strongest across ratios. (c) Scaling analysis
shows that larger models and broader pretraining improve performance, with UNI, UNI2-h, and
H-Optimus-0 forming the leading tier. Panel (a) preserves the printed values; panels (b—c) are
approximate digitizations of the original figure, including bubble areas.

brain, UNI obtained the strongest sensitivity and accuracy (0.807 and 0.697), while for human lung
cancer, H-Optimus-0 achieved the best sensitivity and accuracy (0.643 and 0.623).

We next analyzed within-patient prediction using frozen encoder embeddings and the top 50 highly
variable genes. As shown in Figure 3b, performance increased with the training ratio (0.05 to 0.25),
indicating that additional in-domain training samples improve morphology—gene prediction across
encoders. H-Optimus-0, UNI2-h, and UNI formed the strongest group. These results suggest that
large pathology-pretrained encoders provide informative morphology representations for spatial gene
prediction under matched preprocessing and evaluation.

Finally, Figure 3c summarizes an empirical encoder-scale analysis. Performance generally improved
with larger model capacity and broader pathology pretraining, with ResNet50, CTransPath, and
Phikon forming a lower-performing tier, CONCH showing intermediate performance, and UNI,
UNI2-h, and H-Optimus-0 defining the leading group. Overall, these analyses support the utility of
frozen pathology foundation models for single-cell morphology—gene benchmarking.

4.2 Resolution: From Spot-Level Prediction to Single-Cell Prediction

Spot averages can obscure differences between neighboring cells. We predict expression from cell-
centered H&E crops using 2 pm majority-area aggregation for Visium HD and native cell assignments
for Xenium. Across 9,000 CellViT polygons, a 1 um shift preserved relative gene expression among
supported polygons (cosine similarity 0.936-0.994). Total UMI counts were more sensitive (median
absolute change 6.0-13.7%), so boundary placement affects the magnitude of the prediction target
(Appendix B.4.1).



Single-cell gene expression prediction benchmark

a In-domain benchmark b Cross-sample benchmark
Category GePne Cogrd KI;N Gesne C:II F1 Rz RMSE Cate o “;';:I_e Mv?i‘t‘lt‘iﬁd M:::,s,:d A
Brain 0.505 0.076 0.072 0.492 0.471 0.617 0.238 0.575 Brain (M) 0.462  0.532 0.448 -0.084
Breast 0.395 0.074 0.057 0.378 0.613 0.503 0.160 0.605 Breast (H) 0252 0365 0.246 -0.119
Colon 0424 0110 0.116 0.400 0526 0.472 0.042 0.505 Colonl(k Oy QFD QR =00
Embryo 0.320 0.041 0.060 0.273 0519 0.418 —0.303 0.496 Embryo (M) 0226 0303 0201 -0.103
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Head 0.088 —0.012 —0.001 0.057 0.131 0.023 —1.891 0.138 ety
Lung (H)* 0.424 0.441 0.410 -0.030
Heart 0372 0.111 0.081 0.312 0.446 0.287 0.097 0.403
Lymph Node (H) 0.064 0.119 0.051 -0.068
Kidney 0.368 0.061 0.045 0.347 0.545 0.374 0.127 0.461
. Ovary (H)f 0.343 0.402 0.340 -0.062
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10-stratum mean 0.260 0.354 0.248 -0.106
Ovary 0.393 0.021 0.036 0.385 0.550 0.517 0.130 0.524
Pancreas 0.403 0.101 0.092 0.368 0.724 0.528 0.117 0.544
Arabidopsis 0.388 —0.033 —0.013 0.376 0.233 0.519 —1.051 0.716 C Matched within- vs cross-sample
Soybean 0.142 0.057 0.033 0.128 0.251 0.026 -0.133 0.218 @ Within acquisition @ Cross acquisition
Prostate 0.260 0.033 0.065 0.236 0.292 0.090 —0.174 0.257 A cross - within
Small Intestine 0.509 0.047 0.024 0.481 0.537 0.622 0.246 0.526 Brain (M) n=5 o—e 0084
Tonsil 0.282 0.023 0.040 0.252 0.510 0.382 0.047 0.530 Breast (H) n=5 oo ~0.119
Xenograft 0.655 0.171 0.198 0.538 0.196 0.731 0.364 0.402 Colon (H) n=3 —e 0077
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Figure 4: Single-cell gene expression prediction benchmark. (a) Spatial holdouts span 23 categories
and 61 acquisitions. CONCH-ridge metrics include gene-wise Pearson/Spearman (Gene P/S), cell-
wise Pearson (Cell P), and RMSE on log(1 4 ) counts. Coord P and KNN P report gene-wise
Pearson for spatial controls. § marks Xenium-only rows. (b) HD transfer spans 34 targets in ten
tissue/species strata (H/M: human/mouse). Whole-target tests use all sampled cells. Matched fits use
the same edge-test cells and externally selected genes. Both report gene-wise Pearson. (¢) A is cross
minus within before rounding; n counts acquisitions. Training sizes differ. Six fits in the {-marked
lung and ovary strata involve related material, limiting independent-donor interpretation. Appendix C
gives full results and available HD conditional intervals.

4.2.1 Single-cell gene expression prediction benchmark

Task and cohort. We predict cell-aligned loglp gene counts from cell-centered H&E crops, within
and across acquisitions. The benchmark covers 720,433 sampled cells from 61 acquisitions: 48
Visium HD acquisitions across 18 categories and 13 Xenium acquisitions in five additional categories
(Bone, Bone Marrow, Cervix, Skin, and Whole Organism), marked Xenium data only. These 23
reporting categories include non-organ specimens. Each acquisition contributes at most 12,000 cells;
this cohort is distinct from the full release. HD targets use 2 ym majority-area aggregation, while
Xenium retains native cell assignments.

Protocol and predictors. Four directional spatial holdouts each reserve 20% of cells for testing,
with a 5%-axis-span training buffer; test regions can overlap. Fifty HVGs are selected from training
expression over measured-gene intersections, with panel-specific selection for Skin. Frozen CONCH
v1 [62] encodes 150-by-150 native-pixel crops through its 448-pixel transform. The 512-dimensional
features undergo standardization, 128-component PCA, and ridge regression (o = 10). Fitting uses
only training cells; expression is not an inference input. Controls use quadratic coordinate-ridge,
eight-neighbor spatial KNN, and training-mean expression. Metrics include gene Pearson/Spearman,
cell Pearson, detection F1, R2, and RMSE. Fold scores are averaged within acquisitions, acquisitions
within categories, and categories equally. Details and panel exceptions appear in Appendix C.

Within-acquisition results. CONCH-ridge exceeds both spatial controls in gene Pearson across
all 23 categories (macro: 0.351 versus 0.049 for coordinate regression and 0.057 for KNN; Figure 4a).
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Figure 5: Qualitative expression-prediction visualization. The figure presents in-domain prediction
in the held-out right third of A (top) and cross-sample prediction from A to B (bottom), with whole-
region overviews on the left and corresponding H&E patches and cell-level expression maps on the
right. MT-CO3 and IGKC are shown.

However, correlation does not ensure calibrated expression (macro R? = —0.103). Because platforms,
gene panels, species, and target construction differ, this combined macro summarizes coverage rather
than assay superiority.

Cross-sample results. Leave-one-acquisition-out evaluation covers 34 HD targets in ten tis-
sue/species strata, with HVGs and all preprocessing fitted using other acquisitions. Whole-acquisition
gene Pearson is positive on average (0.260; Figure 4b); this differs in cohort and targets from the 23-
category score. A matched comparison instead uses identical edge-test cells and externally selected
genes for within- and cross-acquisition prediction (Figure 4b,c). Gene Pearson decreases in all ten
strata (macro: 0.354 to 0.248); cell Pearson falls (0.563 to 0.349) and RMSE rises (0.480 to 0.676).
The matched decline shows weaker transfer with test cells and genes held fixed. Training-set sizes
also differ, so acquisition shift is not the only changing factor. Negative within-acquisition macro R?
indicates that relative expression patterns can be recovered without accurate expression magnitudes.
The training-mean control achieves higher cross-acquisition cell Pearson (0.365), motivating joint
assessment of gene-wise variation, calibration, and simple reference predictors. Full results appear in
Appendix C.2.

Scope and uncertainty. Acquisitions are not verified independent donors: six holdout fits contain
known related material (four lung and two ovary). Excluding the four linked lung acquisitions together
reduces lung gene Pearson (0.424 to 0.228). Supported HD spatial-block intervals are conditional
on observed samples and fixed predictions, not new-donor generalization; no new intervals are
claimed for the Xenium-only rows or combined macro. Exact cell IDs, genes, splits, and software are
retained in the reproducibility package; uncertainty assumptions and cohort details are documented
in Appendix C. These benchmarks assess predictability, not segmentation validity or a causal benefit
of cellular over spot resolution.

4.2.2 Qualitative visualization of expression predictions

Figure 5 shows observed and predicted MT-CO3 and IGKC expression in human lung cancer tissue.
Both panels use the left two thirds of sample A for training. The upper panel tests on the right third
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Figure 6: Cell-type prediction as a downstream example. A coarse-to-fine run on Visium HD
lung tissue, using 111,772 observations. (a) Global and region-fitted clusters of predicted expression,
aligned by cluster overlap. (b) The three patches from the original appendix analysis, comparing
H&E with marker-derived labels from observed and predicted expression. (c) Spatial distributions of
the three retained classes. (d) Predicted class composition by global cluster. Reference labels are
marker-derived; agreement summarizes the full analysis cohort.

of A and the lower panel on sample B. Tissue overviews show spatial patterns, while matched H&E
patches reveal differences between observed and predicted expression.

Sample A is the Visium HD post-Xenium FFPE control and B is a fixed-frozen lung cancer acquisi-
tion [97, 98]. The CONCH-ridge model uses training-only preprocessing and 50 training-selected
genes. The patch locations were selected using expression and patch performance and are not an
unbiased sample of tissue regions. A and B differ in preparation, and donor independence is not
established; this illustrates cross-acquisition transfer rather than an isolated patient effect.

4.3 Supporting Diverse Downstream Analyses

Aligned histology, expression, and rich biological context support downstream analyses of cellular
organization and model generalization. We illustrate these uses through marker-derived cell-type
prediction and context-aware analysis of cross-sample bias.

4.3.1 Cell-Type Prediction from Inferred Gene Expression

Figure 6 presents a coarse-to-fine expression-prediction analysis on a representative Visium HD lung
acquisition. Its 111,772 observations and 50-gene target subset support three coarse marker-derived
classes: Club, AT2, and Immune. Labels derived from observed and predicted expression show
partial agreement (59.35% overall; 59.22% balanced); all 10 clusters retain the same dominant class.
Whole-slide maps, selected patches, and cluster compositions expose preserved structure and local
disagreement. Agreement is evaluated over the full analysis cohort using expression-derived reference
labels. Metrics appear in Appendix D.2.

Agreement varied even among clusters that retained their dominant class. In cluster 3, the labels
assigned from predicted expression matched those assigned from observed expression for most spatial
observations (93.4%). In clusters 1, 5, and 8, fewer than half of the labels agreed. A map colored
by the most frequent class can therefore look consistent across an entire region while obscuring
disagreements within it. The paired patch views make these local differences visible.

4.3.2 Context-Aware Analysis of Cross-Sample Bias

Rich context enables evaluation stratified by sample attributes such as age, disease state, and tissue
preparation. The ovarian transfer example in Table 3 shows lower predictive agreement on the younger
target: F1 falls from 0.289 to 0.072 (75.0%), and both gene- and cell-wise Spearman correlations
decrease. The predicted nonzero fraction falls from 0.166 to 0.027.



Table 3: Context-stratified ovarian transfer. Both targets use the same AK source; the younger
target shows lower prediction scores and a lower predicted nonzero fraction.

Gene Cell Predicted
Transfer F1 Spearman  Spearman  nonzero rate
AK(60+) — AD(60+) 0.289 0.036 0.206 0.166
AK(60+) — AL(< 40)  0.072 0.006 0.095 0.027

These descriptive examples use different target gene sets and do not isolate age from other sample
differences. Preserving biological context makes potential sources of unequal model performance
explicit and supports matched follow-up evaluations. Appendix D.3 reports the protocol and complete
eight-metric visualization, including sparsity and global distribution distances.

A follow-up comparison could evaluate the same measured genes in both ovarian targets and report
detection separately for each gene. This would show whether the drop in predicted nonzero expression
is concentrated in a few genes or extends across the shared panel. Replicate acquisitions within each
age band would then allow variation between samples of similar age to be compared with variation
across bands.

5 Release, Reproducibility, and Responsible Use

The processed data are available at https://huggingface.co/datasets/zhang-lab/
sMCC40M. Users can download individual acquisitions with their expression matrices, images,
masks, and metadata. The release includes checksums, source attribution, and frozen bench-
mark splits. Code, evaluation instructions, and results are available at https://github.com/
aicb-ZhangLabs/sMCC40M.

6 Discussion and Limitations

HD expression profiles are derived by aligning and aggregating spatial measurements at the
cell level. We conducted a detailed audit of this process, although segmentation and registra-
tion errors can still affect which transcripts are assigned to each cell. The number of studies
remains modest because few experiments are currently available, and coverage varies across
tissues, species, and platforms. Some acquisitions share source material, so acquisition-level
holdouts alone cannot establish transfer to independent donors. We will continue to expand
and update the dataset as new studies become available, including a growing collection of
in-house data that will broaden coverage and support evaluation across independent samples.

7 Conclusion

We presented sMCC40M, a spatial transcriptomics resource that connects cell-aligned expression
with histology, spatial coordinates, and biological context across Visium HD and Xenium. Its
scale supports encoder benchmarking, while cellular resolution enables expression prediction to
be evaluated within and across acquisitions. The 23-category in-domain benchmark and matched
cross-sample comparisons reveal both useful morphology—expression associations and persistent
transfer gaps. Downstream examples illustrate how predicted expression can describe coarse cellular
organization and how contextual metadata help interpret variation in transfer performance. Together,
the resource and evaluation protocols provide a foundation for developing and comparing single-cell
histology-to-molecular models. We envision sMCC40M supporting spatial perturbation research
and the progression from virtual cell to virtual tissue modeling, while contributing to a shared data
foundation for Al-driven biology.
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Appendix

A Ethical Considerations, Intended Usage, and License

We developed sMCC40M for research. Its annotations have not been validated for clinical diagnosis.
Some components (e.g., segmentation or classification modules) are adapted from public models and
should not be treated as gold standards. Users should exercise caution when applying these resources
to downstream analyses.

All personally identifiable information—such as patient names, addresses, and social security num-
bers—has been removed. Users are prohibited from attempting to recover private information
through reverse engineering or related techniques. When used under these conditions, no evidence of
social or ethical risks has been found.

Code and benchmark documentation are provided through https://github.com/
aicb-ZhangLabs/sMCC40M. Source-data URLs and provenance are retained in the acquisi-
tion inventory; access and reuse follow the applicable upstream terms.

The appendix release distinguishes between public source studies, processed derivatives, and newly
generated benchmark artifacts. Public Xenium and Visium HD studies remain governed by their
upstream portal and study-specific terms. Cell-aligned patches, harmonized expression matrices,
split files, captions, and communication-graph summaries are processed derivatives or generated
artifacts released for non-diagnostic research use. Clinical deployment, patient re-identification, and
any safety-critical decision making are explicitly prohibited.

The release also inherits the long-tail structure of the underlying studies. Organ coverage, platform
coverage, and panel size are highly uneven, so benchmark scores should not be interpreted as
uniformly representative across all biological settings. Results should therefore be read together with
the cohort and protocol definitions in Section C. Some categories support only within-acquisition
evaluation; the combined 23-category mean does not establish cross-platform transfer performance.

B Data Source

In this section, we present two data sources collected from the 10x Genomics portal: Xenium and
Visium HD. These datasets provide spatial transcriptomic information across various tissue types.
A complete, deduplicated source-acquisition inventory is presented in Table S2. It fixes the official
sample identifiers, assay, species/tissue, preservation, preferred analysis version, and source/download
links for the 12 October 2026 catalogue snapshot. The processed freeze contains 124 acquisitions (53
HD and 71 Xenium) and 38,472,192 gene-positive cell/nucleus observations; 11 Xenium catalogue
acquisitions are outside this processed freeze.

The frozen sMCC40M release has 23 harmonized reporting categories, including developmental,
plant, whole-organism, and xenograft categories. These labels do not imply 23 distinct anatomical
organs.

B.1 Xenium Data Source

The processed freeze contains 71 Xenium acquisitions and 24,811,436 gene-positive cellular obser-
vations. Native cellular counts, measured gene/feature identities, and cell boundaries are retained.
H&E and DAPI identify image-display branches, not different molecular units: both retain cell-level
expression. Coordinate transforms map native boundaries into the selected image. Targeted panels
differ across acquisitions, so unmeasured genes are not filled with zeros. The current gene-prediction
benchmark uses 13 H&E acquisitions in five categories absent from HD18; its panel handling is
specified in Section C.1.

B.2 Visium HD Data Source
The processed freeze contains 53 Visium HD acquisitions and 13,660,756 gene-positive cell/nucleus

observations. The H&E branch uses VitaminP cell footprints; the IF branch is nucleus-aligned.
Filtered native 2 ym counts and supplied image transforms map each complete bin to the capture
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grid. A bin contributes at most once, only when one footprint covers strictly more than half its area.
Aggregation preserves raw integer counts, mask holes, disconnected components, and unassigned-bin
status. All segmentation candidates remain indexed, with molecular support and image/crop eligibility
recorded separately. The current H&E benchmark and training-only HVG selection are specified in
Section C.2.

H&E Tissue Image Assay Capture Cell & 2um alignment

) #F

¢

Figure S1: Schematic of the frozen Visium HD bin-to-cell construction. Native 2 pm bins are mapped
to segmented cell or nuclear footprints and assigned only when more than half of the complete bin is
covered. Expression availability and image/crop eligibility are recorded separately.

B.3 Frozen 10x catalogue and acquisition-level deduplication

The catalogue snapshot covers all 103 official Visium HD and Xenium dataset pages available on
12 October 2026. Expanding these pages into downloadable molecular sample records gives 146
sample-version observations. We consolidate eight analysis reruns, two sequencing-depth variants,
and one spatial demo subset, yielding 135 distinct source acquisitions: 53 Visium HD and 82
Xenium. Shared input-only filesets are not counted as samples. These are assay acquisitions, tissue
sections, or ROIs; they are not counts of independent donors or biological studies.

For Visium HD, identity is established by the official slide serial number and capture area. For
Xenium, we use the official molecular resource identifier, retaining the evidence for confirmed reruns
and derived spatial subsets. Adjacent sections, experimental controls, different panels/assays, and
RNA-protein acquisitions remain separate. In particular, the three mouse-brain replicate sections, the
four HD lung control/post-Xenium sections, and the twelve breast-biomarker sections are retained
individually. An ovarian capture’s deep and minimum sequencing outputs are represented once, with
deep sequencing selected; the cropped mouse-brain demo is linked to its full coronal section.

Each inventory row has a snapshot-scoped sample ID and one preferred full molecular download. We
select the latest official analysis version available in this snapshot, preserve alternate versions and
URLs in the provenance ledger, and keep full spatial coverage and deep sequencing for subset/depth
variants. The assay codes are HD-WT (probe-based Visium HD), HD-P2 (its Protocol 2.0 workflow),
HD-3prime, X-v1, X-Prime5K, and X-RNA-protein. SR and XOA denote Space Ranger and Xenium
Onboard Analysis, respectively.

The machine-readable download specification is supplied with the manuscript sources in data__
sources/tenx_2026-10-12/: sample_inventory.csv lists the deduplicated sam-
ples, sample_versions.csv retains all 146 sample-version observations, and download_
manifest.csv provides exact asset URLs, provider byte counts/MDS5 checksums, shared-
file associations, and selected downloads. Observed checksums/download status and sample-
level QC/inclusion are recorded separately in download_tracking.csv and sample_gc_
tracking. csv; rebuilding the catalogue does not reset these ledgers. Identical shared assets are
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listed once. Full molecular bundles, available histology/registration files, panel definitions, and source
summaries are selected; FASTQs and viewer-only exports remain optional.

This freezes the source catalogue and download specification, distinct from the processed 28 October
2026 release of 124 acquisitions and 38,472,192 gene-positive observations. The processed sample
index records acquisition membership, source URLs, measured feature axes, QC and image eligibility;
checksum manifests bind the versioned files. The 11 remaining Xenium catalogue entries do not
contribute to the reported processed totals.

B.3.1 Acquisition-level overlap with HEST-1k and STimage-1K4M

We compared our 124 frozen acquisitions with the 1,229 profiles reported in Figure la of the
HEST-1k paper [!] and the 1,149 records in the corrected STimage-1K4M catalogue [2]. The
September 2024 HEST manifest reproduces the paper’s platform counts (602 Visium, 552 Spatial
Transcriptomics, 10 Visium HD, and 65 Xenium). We screened all 75 Visium HD and Xenium
profiles for shared acquisitions. The manifest revisions, checksums, and per-acquisition matches are
indata_sources/source_overlap_2026-11-02/.

We matched native sample identifiers or Xenium ROI UUIDs where available. For multi-sample
source pages, we resolved individual sections and panels using provider labels and image geometry.
Where a HEST source URL was missing, we checked the provider title and image content (one
record). For STimage, we checked native barcode coordinates and provider reports. Coordinates
or tissue selection differed across processing runs for the brain and colon acquisitions (2 of 4 HD
profiles). Each acquisition contributes once to Table S1.

Table S1: Source overlap with the HEST-1k publication cohort and STimage-1K4M. The four
groups are mutually exclusive. The final column counts gene-positive cell or nucleus records in our
frozen release for each group.

Catalogue membership HD  Xenium Total Our observations

HEST only 3 36 39 13,317,654
STimage only 1 0 1 483,460
Both 3 0 3 565,951
No catalogue match 46 35 81 24,105,127
Total 53 71 124 38,472,192

Most HEST matches are Xenium acquisitions (36 Xenium and 6 HD, totaling 42 acquisitions
and 13,883,605 gene-positive records in our release). HD-011 (brain), HD-022 (small intestine),
and HD-043 (colon) occur in both catalogues. STimage also includes HD-028 (lung, IF/nuclear
branch). Most release acquisitions have no identified match in either catalogue (81 unmatched and 43
matched, Table S1). Shared acquisitions can have different segmentation masks, expression targets,
or registration.

Table S2: Deduplicated 10x Genomics source-acquisition inventory, frozen on 12 October 2026:
53 Visium HD and 82 Xenium acquisitions. Each row is an assay acquisition or ROI, not a donor.
Analysis reruns, two sequencing-depth variants, and one spatial demo subset are consolidated.
Distinct sections, controls, and assays are retained. Links identify the preferred source page and
molecular download. The processed freeze includes 124 of these acquisitions; its counts and QC are
reported separately.

ID Source / sample Species / tissue Assay / preservation  Analysis / files
HD-001 Mouse Brain (Fixed Frozen) Mouse HD-WT SR 3.1.1
Brain Fixed Frozen page / data
HD-002 Mouse Ovary (Fresh Frozen) Mouse HD-3prime SR 4.1.0
Ovary Fresh Frozen page / data
HD-003 Human Tonsil (Fresh Frozen) Human HD-WT SR 3.1.1
Tonsil Fresh Frozen page / data
HD-004 Human Breast Cancer (Fresh Frozen), Human HD-WT SR 4.0.1
Ultima Sequencing Breast Fresh Frozen page / data

Continued on next page
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https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-mouse-brain-fixed-frozen
https://cf.10xgenomics.com/samples/spatial-exp/3.1.1/Visium_HD_Mouse_Brain_Fixed_Frozen/Visium_HD_Mouse_Brain_Fixed_Frozen_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-three-prime-mouse-ovary-fresh-frozen
https://cf.10xgenomics.com/samples/spatial-exp/4.1.0/Visium_HD_3prime_Mouse_Ovary/Visium_HD_3prime_Mouse_Ovary_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-human-tonsil-fresh-frozen
https://cf.10xgenomics.com/samples/spatial-exp/3.1.1/Visium_HD_Human_Tonsil_Fresh_Frozen/Visium_HD_Human_Tonsil_Fresh_Frozen_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-libraries-human-breast-cancer-ff-ultima-4
https://s3-us-west-2.amazonaws.com/10x.files/samples/spatial-exp/4.0.1/Visium_HD_FF_Human_Breast_Cancer/Visium_HD_FF_Human_Breast_Cancer_binned_outputs.tar.gz

Table S2 continued

ID Source / sample Species / tissue Assay / preservation  Analysis / files
HD-005 Cross-Platform Comparison: Visium HD ~ Human HD-WT SR 4.0.1
Spatial Gene Expression Library, Human  Ovary Fresh Frozen page / data
Ovarian Cancer (Fresh Frozen)
HD-006 Human Brain Cancer (FFPE), 6.5 mm Human HD-P2 SR 4.1.0
Capture Area Brain FFPE page / data
HD-007 Human Tonsil (Fresh Frozen) Human HD-3prime SR4.1.0
Tonsil Fresh Frozen page / data
HD-008 Mouse Brain (Fresh Frozen) Mouse HD-WT SR 3.1.1
Brain Fresh Frozen page / data
HD-009 Human Lymph Node (Fresh Frozen) Human HD-3prime SR 4.1.0
Lymph Node Fresh Frozen page / data
HD-010 Post-Xenium, Human Lung Cancer (FFPE) Human HD-WT SR 3.0.0
/ Experiment 2, HD only (control) Lung FFPE page / data
HD-011 Mouse Brain (FFPE) Mouse HD-WT SR 4.0.1
Brain FFPE page / data
HD-012 Mouse Kidney (Fresh Frozen) Mouse HD-3prime SR 4.0.1
Kidney Fresh Frozen page / data
HD-013 Post-Xenium, Human Lung Cancer (FFPE) Human HD-WT SR 3.0.0
/ Experiment 1, HD only (control) Lung FFPE page / data
HD-014 Post-Xenium, Human Lung Cancer (FFPE) Human HD-WT SR 3.0.0
/ Experiment 1, post-Xenium v1 Lung FFPE page / data
HD-015 Human Tonsil (Fresh Frozen), Ultima Human HD-WT SR 3.1.2
Sequencing Tonsil Fresh Frozen page / data
HD-016 Mouse Brain (FFPE), 6.5 mm Capture Area Mouse HD-P2 SR 4.1.0
Brain FFPE page / data
HD-017 Human Breast Cancer (Fixed Frozen) Human HD-WT SR 3.1.1
Breast Fixed Frozen page / data
HD-018 Mouse Embryo (Fresh Frozen) Mouse HD-3prime SR 4.0.1
Embryo Fresh Frozen page / data
HD-019 Rat Liver (FFPE), 6.5 mm Capture Area Rat HD-P2 SR 4.1.0
Liver FFPE page / data
HD-020 Mouse Embryo (FFPE) Mouse HD-WT SR 4.0.1
Whole Embryo FFPE page / data
HD-021 Human Pancreatic Cancer (Fresh Frozen) = Human HD-3prime SR 4.0.1
Pancreas Fresh Frozen page / data
HD-022 Mouse Small Intestine (FFPE) Mouse HD-WT SR 3.0.0
Intestine FFPE page / data
HD-023 Rhesus Macaque Liver (Fresh Frozen) Rhesus macaque HD-3prime SR4.1.0
Liver Fresh Frozen page / data
HD-024 Human Colon Cancer (FFPE), 6.5 mm Human HD-P2 SR 4.1.0
Capture Area Colon FFPE page / data
HD-025 Human Breast Cancer (Fresh Frozen) Human HD-WT SR 3.1.1
Breast Fresh Frozen page / data
HD-026 Human + Mouse Xenograft (Fresh Frozen) Mouse; Human HD-3prime SR 4.0.1
Flank (subcutaneous) Fresh Frozen page / data
HD-027 Human Pancreas (FFPE) Human HD-WT SR 4.0.1
Pancreas FFPE page / data
HD-028 Human Lung Cancer, IF Stained (FFPE) Human HD-WT SR 3.0.0
Lung FFPE page / data
HD-029 Arabidopsis thaliana (Fresh Frozen) Arabidopsis thaliana HD-3prime SR 4.0.1
not specified Fresh Frozen page / data
HD-030 Mouse Brain (Fresh Frozen) Mouse HD-3prime SR 4.0.1
Brain Fresh Frozen page / data
HD-031 Post-Xenium, Human Lung Cancer (FFPE) Human HD-WT SR 3.0.0
/ Experiment 2, post-Xenium Prime 5K Lung FFPE page / data
HD-032 Human Prostate Cancer (FFPE) Human HD-WT SR 4.0.1
Prostate FFPE page / data
HD-033 Human Tonsil, IF (Fresh Frozen) Human HD-WT SR 3.1.1
Tonsil Fresh Frozen page / data
HD-034 Human Ovarian Cancer (Fresh Frozen) Human HD-3prime SR 4.0.1
Ovary Fresh Frozen page / data
HD-035 Human Kidney (FFPE) Human HD-WT SR 4.0.1
Kidney FFPE page / data
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https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-ovarian-cancer-discovery-fresh-frozen
https://s3-us-west-2.amazonaws.com/10x.files/samples/spatial-exp/4.0.1/Visium_HD_Human_Ovarian_Cancer_FF/Visium_HD_Human_Ovarian_Cancer_FF_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-6p5mm-human-brain-cancer
https://cf.10xgenomics.com/samples/spatial-exp/4.1.0/Visium_HD_6p5mm_Human_Brain_Cancer/Visium_HD_6p5mm_Human_Brain_Cancer_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-three-prime-human-tonsil-fresh-frozen
https://cf.10xgenomics.com/samples/spatial-exp/4.1.0/Visium_HD_3prime_Human_Tonsil/Visium_HD_3prime_Human_Tonsil_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-mouse-brain-fresh-frozen
https://cf.10xgenomics.com/samples/spatial-exp/3.1.1/Visium_HD_Mouse_Brain_Fresh_Frozen/Visium_HD_Mouse_Brain_Fresh_Frozen_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-three-prime-human-lymph-node-fresh-frozen
https://cf.10xgenomics.com/samples/spatial-exp/4.1.0/Visium_HD_3prime_Human_Lymph_Node/Visium_HD_3prime_Human_Lymph_Node_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-human-lung-cancer-post-xenium-expt
https://cf.10xgenomics.com/samples/spatial-exp/3.0.0/Visium_HD_Human_Lung_Cancer_HD_Only_Experiment2/Visium_HD_Human_Lung_Cancer_HD_Only_Experiment2_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-libraries-of-mouse-brain-he-v4
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_Mouse_Brain/Visium_HD_Mouse_Brain_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-three-prime-mouse-kidney
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_3prime_Mouse_Kidney/Visium_HD_3prime_Mouse_Kidney_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-human-lung-cancer-post-xenium-expt
https://cf.10xgenomics.com/samples/spatial-exp/3.0.0/Visium_HD_Human_Lung_Cancer_HD_Only_Experiment1/Visium_HD_Human_Lung_Cancer_HD_Only_Experiment1_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-human-lung-cancer-post-xenium-expt
https://cf.10xgenomics.com/samples/spatial-exp/3.0.0/Visium_HD_Human_Lung_Cancer_post_Xenium_v1_Experiment1/Visium_HD_Human_Lung_Cancer_post_Xenium_v1_Experiment1_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-libraries-human-tonsil-ff-ultima
https://cf.10xgenomics.com/samples/spatial-exp/3.1.2/Visium_HD_FF_Human_Tonsil/Visium_HD_FF_Human_Tonsil_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-6p5mm-mouse-brain
https://cf.10xgenomics.com/samples/spatial-exp/4.1.0/Visium_HD_6p5mm_Mouse_Brain/Visium_HD_6p5mm_Mouse_Brain_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-human-breast-cancer-fixed-frozen
https://cf.10xgenomics.com/samples/spatial-exp/3.1.1/Visium_HD_Human_Breast_Cancer_Fixed_Frozen/Visium_HD_Human_Breast_Cancer_Fixed_Frozen_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-three-prime-mouse-embryo-fresh-frozen
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_3prime_Mouse_Embryo/Visium_HD_3prime_Mouse_Embryo_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-6p5mm-rat-liver
https://cf.10xgenomics.com/samples/spatial-exp/4.1.0/Visium_HD_6p5mm_Rat_Liver/Visium_HD_6p5mm_Rat_Liver_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-libraries-of-mouse-embryo-4
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_Mouse_Embryo/Visium_HD_Mouse_Embryo_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-three-prime-human-pancreatic-cancer-fresh-frozen
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_3prime_Human_Pancreatic_Cancer/Visium_HD_3prime_Human_Pancreatic_Cancer_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-libraries-of-mouse-intestine
https://cf.10xgenomics.com/samples/spatial-exp/3.0.0/Visium_HD_Mouse_Small_Intestine/Visium_HD_Mouse_Small_Intestine_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-three-prime-rhesus-liver-fresh-frozen
https://cf.10xgenomics.com/samples/spatial-exp/4.1.0/Visium_HD_3prime_Rhesus_Liver/Visium_HD_3prime_Rhesus_Liver_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-6p5mm-human-colon-cancer
https://cf.10xgenomics.com/samples/spatial-exp/4.1.0/Visium_HD_6p5mm_Human_Colon_Cancer/Visium_HD_6p5mm_Human_Colon_Cancer_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-human-breast-cancer-fresh-frozen
https://cf.10xgenomics.com/samples/spatial-exp/3.1.1/Visium_HD_Human_Breast_Cancer_Fresh_Frozen/Visium_HD_Human_Breast_Cancer_Fresh_Frozen_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-three-prime-human-mouse-xenograft-fresh-frozen
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_3prime_Human_Mouse_Xenograft/Visium_HD_3prime_Human_Mouse_Xenograft_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-libraries-human-pancreas-4
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_Human_Pancreas/Visium_HD_Human_Pancreas_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-libraries-of-human-lung-cancer-if
https://cf.10xgenomics.com/samples/spatial-exp/3.0.0/Visium_HD_Human_Lung_Cancer/Visium_HD_Human_Lung_Cancer_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-three-prime-arabidopsis
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_3prime_Arabidopsis/Visium_HD_3prime_Arabidopsis_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-three-prime-mouse-brain-fresh-frozen
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_3prime_Mouse_Brain/Visium_HD_3prime_Mouse_Brain_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-human-lung-cancer-post-xenium-expt
https://cf.10xgenomics.com/samples/spatial-exp/3.0.0/Visium_HD_Human_Lung_Cancer_post_Xenium_Prime_5K_Experiment2/Visium_HD_Human_Lung_Cancer_post_Xenium_Prime_5K_Experiment2_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-libraries-human-prostate-cancer-ffpe
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_Human_Prostate_Cancer_FFPE/Visium_HD_Human_Prostate_Cancer_FFPE_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-human-tonsil-fresh-frozen-if
https://cf.10xgenomics.com/samples/spatial-exp/3.1.1/Visium_HD_Human_Tonsil_Fresh_Frozen_IF/Visium_HD_Human_Tonsil_Fresh_Frozen_IF_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-three-prime-ovarian-cancer-fresh-frozen
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_3prime_Human_Ovarian_Cancer/Visium_HD_3prime_Human_Ovarian_Cancer_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-libraries-human-kidney-ffpe-v4
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_Human_Kidney_FFPE/Visium_HD_Human_Kidney_FFPE_binned_outputs.tar.gz

Table S2 continued

ID Source / sample Species / tissue Assay / preservation  Analysis / files
HD-036 Zebrafish Head (Fresh Frozen) Zebrafish HD-3prime SR 4.0.1
Head Fresh Frozen page / data
HD-037 Human Lymph Node (FFPE) Human HD-WT SR 4.0.1
Lymph Node FFPE page / data
HD-038 Mouse Lung (Fresh Frozen) Mouse HD-WT SR 3.1.1
Lung Fresh Frozen page / data
HD-039 Soybean Seed (Fresh Frozen) Soybean HD-3prime SR 4.0.1
not specified Fresh Frozen page / data
HD-040 Rhesus Macaque Kidney (Fresh Frozen) Rhesus macaque HD-3prime SR 4.0.1
Kidney Fresh Frozen page / data
HD-041 Mouse Kidney (FFPE) Mouse HD-WT SR 4.0.1
Kidney FFPE page / data
HD-042 Human Lung Cancer (Fixed Frozen) Human HD-WT SR 3.1.1
Lung Fixed Frozen page / data
HD-043 Human Colorectal Cancer (FFPE) Human HD-WT SR 4.0.1
Colon FFPE page / data
HD-044 Human Breast Cancer, IF (FFPE) Human HD-WT SR 3.1.2
Breast FFPE page / data
HD-045 Cross-Platform Comparison: Visium HD 3 Human HD-3prime SR 4.0.1
Gene Expression Library, Human Ovarian ~ Ovary Fresh Frozen page / data
Cancer (Fresh Frozen)
HD-046 Human Heart (FFPE), 6.5 mm Capture Area Human HD-P2 SR 4.1.0
Heart FFPE page / data
HD-047 Mouse Embryo (FFPE), 11 mm Capture Mouse HD-P2 SR 4.1.0
Area Embryo FFPE page / data
HD-048 Human Breast Cancer Tissue Microarray ~ Human HD-P2 SR 4.1.0
(FFPE), 11 mm Capture Area Breast FFPE page / data
HD-049 Human Colon Cancer (FF), 11 mm Capture Human HD-P2 SR 4.1.0
Area Colon Fresh Frozen page / data
HD-050 Human Breast Cancer (Fixed Frozen), 11 Human HD-P2 SR 4.1.0
mm Capture Area Breast Fixed Frozen page / data
HD-051 Human Pancreas (FFPE), 11 mm Capture ~ Human HD-P2 SR 4.1.0
Area Pancreas FFPE page / data
HD-052 Human Lung Cancer, Breast Cancer and Human HD-P2 SR 4.1.0
Colon Cancer Tissue Array (FFPE), 11 mm Lung; Breast; Colon FFPE page / data
Capture Area
HD-053 Human Ovarian Cancer (FF) with Human HD-P2 SR 4.1.0
Immunofluorescent staining, 11 mm Ovary Fresh Frozen page / data
Capture Area
XE-001 Xenium vl Human Breast FFPE with Human X-vl XO0A 4.0.0
Biomarkers & Housekeeping Genes Custom Breast FFPE page / data
Panel / Section 1, bottom
XE-002 Xenium vl Human Breast FFPE with Human X-vl XO0A 4.0.0
Biomarkers & Housekeeping Genes Custom Breast FFPE page / data
Panel / Section 1, middle
XE-003 Xenium vl Human Breast FFPE with Human X-vl XOA 4.0.0
Biomarkers & Housekeeping Genes Custom Breast FFPE page / data
Panel / Section 1, top
XE-004 Xenium vl Human Breast FFPE with Human X-vl X0A 4.0.0
Biomarkers & Housekeeping Genes Custom Breast FFPE page / data
Panel / Section 2, bottom
XE-005 Xenium vl Human Breast FFPE with Human X-vl XO0A 4.0.0
Biomarkers & Housekeeping Genes Custom Breast FFPE page / data
Panel / Section 2, middle
XE-006 Xenium vl Human Breast FFPE with Human X-vl XOA 4.0.0
Biomarkers & Housekeeping Genes Custom Breast FFPE page / data
Panel / Section 2, top
XE-007 Xenium vl Human Breast FFPE with Human X-vl XO0A 4.0.0
Biomarkers & Housekeeping Genes Custom Breast FFPE page / data
Panel / Section 3, bottom
XE-008 Xenium vl Human Breast FFPE with Human X-vl XO0A 4.0.0
Biomarkers & Housekeeping Genes Custom Breast FFPE page / data

Panel / Section 3, middle
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https://www.10xgenomics.com/datasets/visium-hd-three-prime-zebrafish-head-fresh-frozen
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_3prime_Zebrafish_Head/Visium_HD_3prime_Zebrafish_Head_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-libraries-human-lymph-node-v4
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_Human_Lymph_Node_FFPE/Visium_HD_Human_Lymph_Node_FFPE_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-mouse-lung-fresh-frozen
https://cf.10xgenomics.com/samples/spatial-exp/3.1.1/Visium_HD_Mouse_Lung_Fresh_Frozen/Visium_HD_Mouse_Lung_Fresh_Frozen_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-three-prime-soybean
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_3prime_Soybean/Visium_HD_3prime_Soybean_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-three-prime-rhesus-kidney-fresh-frozen
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_3prime_Rhesus_Kidney/Visium_HD_3prime_Rhesus_Kidney_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-libraries-of-mouse-kidney-v4
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_Mouse_Kidney/Visium_HD_Mouse_Kidney_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-human-lung-cancer-fixed-frozen
https://cf.10xgenomics.com/samples/spatial-exp/3.1.1/Visium_HD_Human_Lung_Cancer_Fixed_Frozen/Visium_HD_Human_Lung_Cancer_Fixed_Frozen_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-libraries-of-human-crc-v4
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_Human_Colon_Cancer/Visium_HD_Human_Colon_Cancer_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-gene-expression-libraries-human-breast-cancer-ffpe-if
https://cf.10xgenomics.com/samples/spatial-exp/3.1.2/Visium_HD_Human_Breast_Cancer_FFPE/Visium_HD_Human_Breast_Cancer_FFPE_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-three-prime-ovarian-cancer-discovery-fresh-frozen
https://cf.10xgenomics.com/samples/spatial-exp/4.0.1/Visium_HD_3prime_Human_Ovarian_Cancer_FF/Visium_HD_3prime_Human_Ovarian_Cancer_FF_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-6p5mm-human-heart
https://cf.10xgenomics.com/samples/spatial-exp/4.1.0/Visium_HD_6p5mm_Human_Heart/Visium_HD_6p5mm_Human_Heart_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-11mm-mouse-embryo
https://s3-us-west-2.amazonaws.com/10x.files/samples/spatial-exp/4.1.0/Visium_HD_11mm_Mouse_Embryo/Visium_HD_11mm_Mouse_Embryo_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-11mm-human-breast-cancer-tma
https://cf.10xgenomics.com/samples/spatial-exp/4.1.0/Visium_HD_11mm_Human_Breast_Cancer_TMA/Visium_HD_11mm_Human_Breast_Cancer_TMA_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-11mm-human-colon-cancer-HE
https://s3-us-west-2.amazonaws.com/10x.files/samples/spatial-exp/4.1.0/Visium_HD_11mm_Human_Colon_Cancer_Fresh_Frozen/Visium_HD_11mm_Human_Colon_Cancer_Fresh_Frozen_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-11mm-human-breast-cancer
https://s3-us-west-2.amazonaws.com/10x.files/samples/spatial-exp/4.1.0/Visium_HD_11mm_Human_Breast_Cancer/Visium_HD_11mm_Human_Breast_Cancer_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-11mm-human-pancreas
https://s3-us-west-2.amazonaws.com/10x.files/samples/spatial-exp/4.1.0/Visium_HD_11mm_Human_Pancreas/Visium_HD_11mm_Human_Pancreas_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-11mm-human-TA
https://cf.10xgenomics.com/samples/spatial-exp/4.1.0/Visium_HD_11mm_Human_TA/Visium_HD_11mm_Human_TA_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/visium-hd-cytassist-11mm-human-ovarian-cancer-IF
https://s3-us-west-2.amazonaws.com/10x.files/samples/spatial-exp/4.1.0/Visium_HD_11mm_Human_Ovarian_Cancer_IF/Visium_HD_11mm_Human_Ovarian_Cancer_IF_binned_outputs.tar.gz
https://www.10xgenomics.com/datasets/xenium-ffpe-human-breast-biomarkers
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/4.0.0/Human_Breast_Biomarkers_S1_Bot/Human_Breast_Biomarkers_S1_Bot_outs.zip
https://www.10xgenomics.com/datasets/xenium-ffpe-human-breast-biomarkers
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/4.0.0/Human_Breast_Biomarkers_S1_Mid/Human_Breast_Biomarkers_S1_Mid_outs.zip
https://www.10xgenomics.com/datasets/xenium-ffpe-human-breast-biomarkers
https://cf.10xgenomics.com/samples/xenium/4.0.0/Human_Breast_Biomarkers_S1_Top/Human_Breast_Biomarkers_S1_Top_outs.zip
https://www.10xgenomics.com/datasets/xenium-ffpe-human-breast-biomarkers
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/4.0.0/Human_Breast_Biomarkers_S2_Bot/Human_Breast_Biomarkers_S2_Bot_outs.zip
https://www.10xgenomics.com/datasets/xenium-ffpe-human-breast-biomarkers
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/4.0.0/Human_Breast_Biomarkers_S2_Mid/Human_Breast_Biomarkers_S2_Mid_outs.zip
https://www.10xgenomics.com/datasets/xenium-ffpe-human-breast-biomarkers
https://cf.10xgenomics.com/samples/xenium/4.0.0/Human_Breast_Biomarkers_S2_Top/Human_Breast_Biomarkers_S2_Top_outs.zip
https://www.10xgenomics.com/datasets/xenium-ffpe-human-breast-biomarkers
https://cf.10xgenomics.com/samples/xenium/4.0.0/Human_Breast_Biomarkers_S3_Bot/Human_Breast_Biomarkers_S3_Bot_outs.zip
https://www.10xgenomics.com/datasets/xenium-ffpe-human-breast-biomarkers
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/4.0.0/Human_Breast_Biomarkers_S3_Mid/Human_Breast_Biomarkers_S3_Mid_outs.zip

Table S2 continued

ID Source / sample Species / tissue Assay / preservation  Analysis / files

XE-009 Xenium vl Human Breast FFPE with Human X-vl XO0A 4.0.0
Biomarkers & Housekeeping Genes Custom Breast FFPE page / data
Panel / Section 3, top

XE-010 Xenium vl Human Breast FFPE with Human X-vl XOA 4.0.0
Biomarkers & Housekeeping Genes Custom Breast FFPE page / data
Panel / Section 4, bottom

XE-011 Xenium vl Human Breast FFPE with Human X-vl XOA 4.0.0
Biomarkers & Housekeeping Genes Custom Breast FFPE page / data
Panel / Section 4, middle

XE-012 Xenium vl Human Breast FFPE with Human X-vl XO0A 4.0.0
Biomarkers & Housekeeping Genes Custom Breast FFPE page / data
Panel / Section 4, top

XE-013 Xenium Human Lung Preview Data / Lung Human X-vl XOA 1.3.0
Cancer Lung FFPE page / data

XE-014 Xenium Human Lung Preview Data / Human X-vl XOA 1.3.0
Non-diseased Lung Lung FFPE page / data

XE-015 FFPE Human Breast Cancer with 5K Human X-Prime5K XO0A 3.0.0
Human Pan Tissue and Pathways Panel plus Breast FFPE page / data
100 Custom Genes / Breast cancer

XE-016 FFPE Human Cervical Cancer with 5K Human X-Prime5K XO0OA 3.0.0
Human Pan Tissue and Pathways Panel plus Cervix FFPE page / data
100 Custom Genes / Cervical cancer

XE-017 Post-Xenium Technical Note: Xenium vl ~ Human X-Prime5SK XOA 3.0.0
and Xenium Prime 5K for FFPE Human Lung FFPE page / data
Lung Cancer / Experiment 2, Xenium Prime
SK

XE-018 Preview Data: FFPE Human Lymph Node Human X-Prime5K XO0A 3.0.0
with 5K Pan Tissue and Pathways Panel /  Lymph Node FFPE page / data
Lymph Node

XE-019  Cross-Platform Comparison: FF Human Human X-Prime5K X0A 4.0.0
Ovarian Cancer with Xenium v1 and Ovary Fresh Frozen page / data
Xenium Prime 5K / Xenium Prime 5K
sample

XE-020 Fresh Frozen Human Ovarian Human X-Prime5K XOA 3.0.0
Adenocarcinoma with SK Human Pan Ovary Fresh Frozen page / data
Tissue and Pathways Panel / Ovarian
adenocarcinoma

XE-021 Preview Data: FFPE Human Prostate Human X-Prime5K XO0A 3.0.0
Adenocarcinoma with 5K Human Pan Prostate FFPE page / data
Tissue and Pathways Panel / Prostate
adenocarcinoma

XE-022 Preview Data: FFPE Human Skin Primary Human X-Prime5SK XOA 3.0.0
Dermal Melanoma with SK Human Pan Skin FFPE page / data
Tissue and Pathways Panel / Skin melanoma

XE-023  Fresh Frozen Mouse Brain Hemisphere Mouse X-Prime5K XOA 3.0.0
with 5K Mouse Pan Tissue and Pathways  Brain Fresh Frozen page / data
Panel / Mouse brain

XE-024 Whole Mouse Pup (FFPE) with SK Mouse Mouse X-Prime5K XOA 3.0.0
Pan Tissue and Pathways Panel and Whole Organism FFPE page / data
Snap25a/Snap25b Add-on / Whole Mouse
Pup

XE-025 FFPE Human Ovarian Cancer with 5K Human X-Prime5K XO0OA 3.0.0
Human Pan Tissue and Pathways Panel plus Ovary FFPE page / data
100 Custom Genes / Ovarian cancer

XE-026 Xenium Human Brain Preview Data / Human X-vl XOA 1.3.0
Alzheimer’s Brain FFPE page / data

XE-027 Xenium Human Brain Preview Data / Human X-vl XOA 1.3.0
Glioblastoma Brain FFPE page / data

XE-028 Xenium Human Brain Preview Data / Human X-vl XOA 1.3.0
Healthy Brain Brain FFPE page / data

XE-029 FFPE Human Breast with Pre-designed Human X-vl XOA 1.0.2
Panel / Tissue sample 1 Breast FFPE page / data

XE-030 FFPE Human Breast using the Entire Human X-vl XOA 1.0.2
Sample Area / Replicate 1 Breast FFPE page / data
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https://www.10xgenomics.com/datasets/xenium-ffpe-human-breast-biomarkers
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/4.0.0/Human_Breast_Biomarkers_S3_Top/Human_Breast_Biomarkers_S3_Top_outs.zip
https://www.10xgenomics.com/datasets/xenium-ffpe-human-breast-biomarkers
https://cf.10xgenomics.com/samples/xenium/4.0.0/Human_Breast_Biomarkers_S4_Bot/Human_Breast_Biomarkers_S4_Bot_outs.zip
https://www.10xgenomics.com/datasets/xenium-ffpe-human-breast-biomarkers
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/4.0.0/Human_Breast_Biomarkers_S4_Mid/Human_Breast_Biomarkers_S4_Mid_outs.zip
https://www.10xgenomics.com/datasets/xenium-ffpe-human-breast-biomarkers
https://cf.10xgenomics.com/samples/xenium/4.0.0/Human_Breast_Biomarkers_S4_Top/Human_Breast_Biomarkers_S4_Top_outs.zip
https://www.10xgenomics.com/datasets/xenium-human-lung-preview-data-1-standard
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/1.3.0/Xenium_Preview_Human_Lung_Cancer_With_Add_on_2_FFPE/Xenium_Preview_Human_Lung_Cancer_With_Add_on_2_FFPE_outs.zip
https://www.10xgenomics.com/datasets/xenium-human-lung-preview-data-1-standard
https://cf.10xgenomics.com/samples/xenium/1.3.0/Xenium_Preview_Human_Non_diseased_Lung_With_Add_on_FFPE/Xenium_Preview_Human_Non_diseased_Lung_With_Add_on_FFPE_outs.zip
https://www.10xgenomics.com/datasets/xenium-prime-ffpe-human-breast-cancer
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/3.0.0/Xenium_Prime_Breast_Cancer_FFPE/Xenium_Prime_Breast_Cancer_FFPE_outs.zip
https://www.10xgenomics.com/datasets/xenium-prime-ffpe-human-cervical-cancer
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/3.0.0/Xenium_Prime_Cervical_Cancer_FFPE/Xenium_Prime_Cervical_Cancer_FFPE_outs.zip
https://www.10xgenomics.com/datasets/xenium-human-lung-cancer-post-xenium-technote
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/3.0.0/Xenium_Prime_Human_Lung_Cancer_FFPE/Xenium_Prime_Human_Lung_Cancer_FFPE_outs.zip
https://www.10xgenomics.com/datasets/preview-data-xenium-prime-gene-expression
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/3.0.0/Xenium_Prime_Human_Lymph_Node_Reactive_FFPE/Xenium_Prime_Human_Lymph_Node_Reactive_FFPE_outs.zip
https://www.10xgenomics.com/datasets/xenium-comparison-fresh-frozen-human-ovarian-cancer
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/4.0.0/Xenium_Prime_Human_Ovary_Cancer_FF/Xenium_Prime_Human_Ovary_Cancer_FF_outs.zip
https://www.10xgenomics.com/datasets/xenium-prime-fresh-frozen-human-ovary
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/3.0.0/Xenium_Prime_Human_Ovary_FF/Xenium_Prime_Human_Ovary_FF_outs.zip
https://www.10xgenomics.com/datasets/xenium-prime-ffpe-human-prostate
https://cf.10xgenomics.com/samples/xenium/3.0.0/Xenium_Prime_Human_Prostate_FFPE/Xenium_Prime_Human_Prostate_FFPE_outs.zip
https://www.10xgenomics.com/datasets/xenium-prime-ffpe-human-skin
https://cf.10xgenomics.com/samples/xenium/3.0.0/Xenium_Prime_Human_Skin_FFPE/Xenium_Prime_Human_Skin_FFPE_outs.zip
https://www.10xgenomics.com/datasets/xenium-prime-fresh-frozen-mouse-brain
https://cf.10xgenomics.com/samples/xenium/3.0.0/Xenium_Prime_Mouse_Brain_Coronal_FF/Xenium_Prime_Mouse_Brain_Coronal_FF_outs.zip
https://www.10xgenomics.com/datasets/xenium-prime-ffpe-neonatal-mouse
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/3.0.0/Xenium_Prime_Mouse_Pup_FFPE/Xenium_Prime_Mouse_Pup_FFPE_outs.zip
https://www.10xgenomics.com/datasets/xenium-prime-ffpe-human-ovarian-cancer
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/3.0.0/Xenium_Prime_Ovarian_Cancer_FFPE_XRrun/Xenium_Prime_Ovarian_Cancer_FFPE_XRrun_outs.zip
https://www.10xgenomics.com/datasets/xenium-human-brain-preview-data-1-standard
https://cf.10xgenomics.com/samples/xenium/1.3.0/Xenium_V1_FFPE_Human_Brain_Alzheimers_With_Addon/Xenium_V1_FFPE_Human_Brain_Alzheimers_With_Addon_outs.zip
https://www.10xgenomics.com/datasets/xenium-human-brain-preview-data-1-standard
https://cf.10xgenomics.com/samples/xenium/1.3.0/Xenium_V1_FFPE_Human_Brain_Glioblastoma_With_Addon/Xenium_V1_FFPE_Human_Brain_Glioblastoma_With_Addon_outs.zip
https://www.10xgenomics.com/datasets/xenium-human-brain-preview-data-1-standard
https://cf.10xgenomics.com/samples/xenium/1.3.0/Xenium_V1_FFPE_Human_Brain_Healthy_With_Addon/Xenium_V1_FFPE_Human_Brain_Healthy_With_Addon_outs.zip
https://www.10xgenomics.com/datasets/ffpe-human-breast-with-pre-designed-panel-1-standard
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/1.0.2/Xenium_V1_FFPE_Human_Breast_IDC/Xenium_V1_FFPE_Human_Breast_IDC_outs.zip
https://www.10xgenomics.com/datasets/ffpe-human-breast-using-the-entire-sample-area-1-standard
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/1.0.2/Xenium_V1_FFPE_Human_Breast_IDC_Big_1/Xenium_V1_FFPE_Human_Breast_IDC_Big_1_outs.zip

Table S2 continued

ID Source / sample Species / tissue Assay / preservation  Analysis / files
XE-031 FFPE Human Breast using the Entire Human X-vl XOA 1.0.2
Sample Area / Replicate 2 Breast FFPE page / data
XE-032 Xenium FFPE Human Breast with Custom Human X-vl XO0A 1.3.0
Add-on Panel / Tissue sample 1 (IDC) Breast FFPE page / data
XE-033 FFPE Human Breast with Pre-designed Human X-vl XO0A 1.0.2
Panel / Tissue sample 2 Breast FFPE page / data
XE-034 FFPE Human Breast with Custom Add-on Human X-vl XOA 1.0.2
Panel / Tissue sample 2 Breast FFPE page / data
XE-035 Xenium In Situ Analysis of Alzheimer’s Mouse X-vl XOA 1.4.0
Disease Mouse Model Brain Coronal Brain FFPE page / data

Sections from One Hemisphere Over a
Time Course / T¢CRND8 17.9 months

XE-036 Xenium In Situ Analysis of Alzheimer’s Mouse X-vl XOA 1.4.0
Disease Mouse Model Brain Coronal Brain FFPE page / data
Sections from One Hemisphere Over a
Time Course / TgCRNDS 2.5 months

XE-037 Xenium In Situ Analysis of Alzheimer’s Mouse X-vl XOA 1.4.0
Disease Mouse Model Brain Coronal Brain FFPE page / data
Sections from One Hemisphere Over a
Time Course / TgCRNDS 5.7 months

XE-038 Xenium In Situ Analysis of Alzheimer’s Mouse X-vl XO0A 1.4.0
Disease Mouse Model Brain Coronal Brain FFPE page / data
Sections from One Hemisphere Over a
Time Course / Wild type 13.4 months

XE-039 Xenium In Situ Analysis of Alzheimer’s Mouse X-vl XOA 1.4.0
Disease Mouse Model Brain Coronal Brain FFPE page / data
Sections from One Hemisphere Over a
Time Course / Wild type 2.5 months

XE-040 Xenium In Situ Analysis of Alzheimer’s Mouse X-vl XOA 1.4.0
Disease Mouse Model Brain Coronal Brain FFPE page / data
Sections from One Hemisphere Over a
Time Course / Wild type 5.7 months

XE-041 Fresh Frozen Mouse Brain for Xenium Mouse X-vl X0A 1.0.2
Explorer Demo / Full coronal section Brain Fresh Frozen page / data

XE-042  Fresh Frozen Mouse Brain Replicates / Mouse X-vl XO0A 1.0.2
Replicate 1 Brain Fresh Frozen page / data

XE-043  Fresh Frozen Mouse Brain Replicates / Mouse X-vl X0A 1.0.2
Replicate 2 Brain Fresh Frozen page / data

XE-044  Fresh Frozen Mouse Brain Replicates / Mouse X-vl XOA 1.0.2
Replicate 3 Brain Fresh Frozen page / data

XE-045 FFPE Human Brain Cancer Data with Human X-vl XO0A 2.0.0
Human Immuno-Oncology Profiling Panel Brain FFPE page / data
and Custom Add-on / Glioblastoma
Multiforme

XE-046 Human FFPE Clear Cell Renal Cell Human X-RNA-protein XOA 4.0.0
Carcinoma (ccRCC) / Clear Cell Renal Cell Kidney FFPE page / data
Carcinoma

XE-047 FFPE Human Colorectal Cancer Data with Human X-vl XO0A 2.0.0
Human Immuno-Oncology Profiling Panel Colon FFPE page / data
and Custom Add-on / Colorectal cancer

XE-048 FFPE Human Pancreatic Ductal Human X-vl XOA 2.0.0
Adenocarcinoma Data with Human Pancreas FFPE page / data
Immuno-Oncology Profiling Panel / Ductal
adenocarcinoma

XE-049 FFPE Human Renal Cell Carcinoma / Renal Human X-RNA-protein X0A 4.0.0
cell carcinoma Kidney FFPE page / data

XE-050 FFPE Human Lung Cancer Data with Human X-vl XO0A 2.0.0
Human Immuno-Oncology Profiling Panel Lung FFPE page / data
and Custom Add-on / Lung cancer

XE-051 Post-Xenium Technical Note: Xenium vl ~ Human X-vl XOA 3.0.0
and Xenium Prime 5K for FFPE Human Lung FFPE page / data

Lung Cancer / Experiment 1, Xenium v1

Continued on next page
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https://www.10xgenomics.com/datasets/ffpe-human-breast-using-the-entire-sample-area-1-standard
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/1.0.2/Xenium_V1_FFPE_Human_Breast_IDC_Big_2/Xenium_V1_FFPE_Human_Breast_IDC_Big_2_outs.zip
https://www.10xgenomics.com/datasets/xenium-ffpe-human-breast-with-custom-add-on-panel-1-standard
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/1.3.0/Xenium_V1_FFPE_Human_Breast_IDC_With_Addon/Xenium_V1_FFPE_Human_Breast_IDC_With_Addon_outs.zip
https://www.10xgenomics.com/datasets/ffpe-human-breast-with-pre-designed-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.0.2/Xenium_V1_FFPE_Human_Breast_ILC/Xenium_V1_FFPE_Human_Breast_ILC_outs.zip
https://www.10xgenomics.com/datasets/ffpe-human-breast-with-custom-add-on-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.0.2/Xenium_V1_FFPE_Human_Breast_ILC_With_Addon/Xenium_V1_FFPE_Human_Breast_ILC_With_Addon_outs.zip
https://www.10xgenomics.com/datasets/xenium-in-situ-analysis-of-alzheimers-disease-mouse-model-brain-coronal-sections-from-one-hemisphere-over-a-time-course-1-standard
https://cf.10xgenomics.com/samples/xenium/1.4.0/Xenium_V1_FFPE_TgCRND8_17_9_months/Xenium_V1_FFPE_TgCRND8_17_9_months_outs.zip
https://www.10xgenomics.com/datasets/xenium-in-situ-analysis-of-alzheimers-disease-mouse-model-brain-coronal-sections-from-one-hemisphere-over-a-time-course-1-standard
https://cf.10xgenomics.com/samples/xenium/1.4.0/Xenium_V1_FFPE_TgCRND8_2_5_months/Xenium_V1_FFPE_TgCRND8_2_5_months_outs.zip
https://www.10xgenomics.com/datasets/xenium-in-situ-analysis-of-alzheimers-disease-mouse-model-brain-coronal-sections-from-one-hemisphere-over-a-time-course-1-standard
https://cf.10xgenomics.com/samples/xenium/1.4.0/Xenium_V1_FFPE_TgCRND8_5_7_months/Xenium_V1_FFPE_TgCRND8_5_7_months_outs.zip
https://www.10xgenomics.com/datasets/xenium-in-situ-analysis-of-alzheimers-disease-mouse-model-brain-coronal-sections-from-one-hemisphere-over-a-time-course-1-standard
https://cf.10xgenomics.com/samples/xenium/1.4.0/Xenium_V1_FFPE_wildtype_13_4_months/Xenium_V1_FFPE_wildtype_13_4_months_outs.zip
https://www.10xgenomics.com/datasets/xenium-in-situ-analysis-of-alzheimers-disease-mouse-model-brain-coronal-sections-from-one-hemisphere-over-a-time-course-1-standard
https://cf.10xgenomics.com/samples/xenium/1.4.0/Xenium_V1_FFPE_wildtype_2_5_months/Xenium_V1_FFPE_wildtype_2_5_months_outs.zip
https://www.10xgenomics.com/datasets/xenium-in-situ-analysis-of-alzheimers-disease-mouse-model-brain-coronal-sections-from-one-hemisphere-over-a-time-course-1-standard
https://cf.10xgenomics.com/samples/xenium/1.4.0/Xenium_V1_FFPE_wildtype_5_7_months/Xenium_V1_FFPE_wildtype_5_7_months_outs.zip
https://www.10xgenomics.com/datasets/fresh-frozen-mouse-brain-for-xenium-explorer-demo-1-standard
https://cf.10xgenomics.com/samples/xenium/1.0.2/Xenium_V1_FF_Mouse_Brain_Coronal/Xenium_V1_FF_Mouse_Brain_Coronal_outs.zip
https://www.10xgenomics.com/datasets/fresh-frozen-mouse-brain-replicates-1-standard
https://cf.10xgenomics.com/samples/xenium/1.0.2/Xenium_V1_FF_Mouse_Brain_MultiSection_1/Xenium_V1_FF_Mouse_Brain_MultiSection_1_outs.zip
https://www.10xgenomics.com/datasets/fresh-frozen-mouse-brain-replicates-1-standard
https://cf.10xgenomics.com/samples/xenium/1.0.2/Xenium_V1_FF_Mouse_Brain_MultiSection_2/Xenium_V1_FF_Mouse_Brain_MultiSection_2_outs.zip
https://www.10xgenomics.com/datasets/fresh-frozen-mouse-brain-replicates-1-standard
https://cf.10xgenomics.com/samples/xenium/1.0.2/Xenium_V1_FF_Mouse_Brain_MultiSection_3/Xenium_V1_FF_Mouse_Brain_MultiSection_3_outs.zip
https://www.10xgenomics.com/datasets/ffpe-human-brain-cancer-data-with-human-immuno-oncology-profiling-panel-and-custom-add-on-1-standard
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/2.0.0/Xenium_V1_Human_Brain_GBM_FFPE/Xenium_V1_Human_Brain_GBM_FFPE_outs.zip
https://www.10xgenomics.com/datasets/xenium-protein-ffpe-human-renal-ccrcc
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/4.0.0/Xenium_V1_Human_Clear_Cell_Renal_Cell_Carcinoma_FFPE_Protein/Xenium_V1_Human_Clear_Cell_Renal_Cell_Carcinoma_FFPE_Protein_outs.zip
https://www.10xgenomics.com/datasets/ffpe-human-colorectal-cancer-data-with-human-immuno-oncology-profiling-panel-and-custom-add-on-1-standard
https://cf.10xgenomics.com/samples/xenium/2.0.0/Xenium_V1_Human_Colorectal_Cancer_Addon_FFPE/Xenium_V1_Human_Colorectal_Cancer_Addon_FFPE_outs.zip
https://www.10xgenomics.com/datasets/ffpe-human-ductal-adenocarcinoma-data-with-human-immuno-oncology-profiling-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/2.0.0/Xenium_V1_Human_Ductal_Adenocarcinoma_FFPE/Xenium_V1_Human_Ductal_Adenocarcinoma_FFPE_outs.zip
https://www.10xgenomics.com/datasets/xenium-protein-ffpe-human-renal-carcinoma
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/4.0.0/Xenium_V1_Human_Kidney_FFPE_Protein_updated/Xenium_V1_Human_Kidney_FFPE_Protein_updated_outs.zip
https://www.10xgenomics.com/datasets/ffpe-human-lung-cancer-data-with-human-immuno-oncology-profiling-panel-and-custom-add-on-1-standard
https://cf.10xgenomics.com/samples/xenium/2.0.0/Xenium_V1_Human_Lung_Cancer_Addon_FFPE/Xenium_V1_Human_Lung_Cancer_Addon_FFPE_outs.zip
https://www.10xgenomics.com/datasets/xenium-human-lung-cancer-post-xenium-technote
https://cf.10xgenomics.com/samples/xenium/3.0.0/Xenium_V1_Human_Lung_Cancer_FFPE/Xenium_V1_Human_Lung_Cancer_FFPE_outs.zip

Table S2 continued

ID Source / sample Species / tissue Assay / preservation  Analysis / files

XE-052 FFPE Human Ovarian Cancer Data with Human X-vl XO0A 2.0.0
Human Immuno-Oncology Profiling Panel Ovary FFPE page / data
and Custom Add-on / Ovarian cancer

XE-053 Cross-Platform Comparison: FF Human Human X-vl XOA 4.0.0
Ovarian Cancer with Xenium v1 and Ovary Fresh Frozen page / data
Xenium Prime 5K / Xenium v1 sample

XE-054 Human Bone and Bone Marrow Data with  Human X-vl XOA 1.9.0
Custom Add-on Panel / Acute Lymphoid ~ Bone; Bone Marrow  FFPE page / data
Leukemia Bone Marrow

XE-055 Human Bone and Bone Marrow Data with  Human X-vl XO0A 1.9.0
Custom Add-on Panel / Non-diseased Bone Bone; Bone Marrow  FFPE page / data
Marrow

XE-056 Human Bone and Bone Marrow Data with  Human X-vl XOA 1.9.0
Custom Add-on Panel / Non-diseased Bone; Bone Marrow  FFPE page / data
Femur Bone

XE-057 Human Colon Preview Data (Xenium Human X-vl X0A 1.6.0
Human Colon Gene Expression Panel) / Intestine (colon) FFPE page / data
Cancer, pre-designed + add-on panel

XE-058 Human Colon Preview Data (Xenium Human X-vl XOA 1.6.0
Human Colon Gene Expression Panel) / Intestine (colon) FFPE page / data
Cancer, pre-designed panel

XE-059 Human Colon Preview Data (Xenium Human X-vl XOA 1.6.0
Human Colon Gene Expression Panel) / Intestine (colon) FFPE page / data
Non-diseased, pre-designed + add-on panel

XE-060 Human Colon Preview Data (Xenium Human X-vl XOA 1.6.0
Human Colon Gene Expression Panel) / Intestine (colon) FFPE page / data
Non-diseased, pre-designed panel

XE-061 Human Heart Data with Xenium Human Human X-vl XOA 1.9.0
Multi-Tissue and Cancer Panel / Heart FFPE page / data
Non-diseased

XE-062 Human Kidney Preview Data (Xenium Human X-vl XOA 1.5.0
Human Multi-Tissue and Cancer Panel)/  Kidney FFPE page / data
Kidney Cancer (PRCC)

XE-063 Human Kidney Preview Data (Xenium Human X-vl XOA 1.5.0
Human Multi-Tissue and Cancer Panel)/  Kidney FFPE page / data
Non-diseased Kidney

XE-064 Human Liver Data with Xenium Human Human X-vl XOA 1.9.0
Multi-Tissue and Cancer Panel / Liver Liver FFPE page / data
cancer

XE-065 Human Liver Data with Xenium Human Human X-vl XO0A 1.9.0
Multi-Tissue and Cancer Panel / Liver FFPE page / data
Non-diseased

XE-066 Human Lung Cancer Preview Data Human X-vl XOA 1.5.0
(Xenium Human Multi-Tissue and Cancer Lung FFPE page / data
Panel) / Lung Cancer (Carcinoma)

XE-067 Human Lymph Node Preview Data Human X-vl XOA 1.5.0
(Xenium Human Multi-Tissue and Cancer ~Lymph Node FFPE page / data
Panel) / Non-diseased Lymph Node

XE-068 Pancreatic Cancer with Xenium Human Human X-vl XO0A 1.6.0
Multi-Tissue and Cancer Panel / Pancreas FFPE page / data
Adenocarcinoma

XE-069 Human Pancreas Preview Data (Xenium Human X-vl XOA 1.5.0
Human Multi-Tissue and Cancer Panel)/  Pancreas FFPE page / data
Non-diseased Pancreas

XE-070 Human Skin Preview Data (Xenium Human Human X-vl XOA 1.6.0
Skin Gene Expression Panel) / Melanoma,  Skin FFPE page / data
pre-designed panel

XE-071 Human Skin Data with Xenium Human Human X-vl XO0A 1.9.0
Multi-Tissue and Cancer Panel / Sample 1~ Skin FFPE page / data

XE-072 Human Skin Data with Xenium Human Human X-vl XOA 1.9.0
Multi-Tissue and Cancer Panel / Sample 2 Skin FFPE page / data

XE-073 Human Tonsil Data with Xenium Human =~ Human X-vl XOA 1.9.0
Multi-Tissue and Cancer Panel / Follicular  Tonsil FFPE page / data
lymphoid hyperplasia

Continued on next page

26


https://www.10xgenomics.com/datasets/ffpe-human-ovarian-cancer-data-with-human-immuno-oncology-profiling-panel-and-custom-add-on-1-standard
https://cf.10xgenomics.com/samples/xenium/2.0.0/Xenium_V1_Human_Ovarian_Cancer_Addon_FFPE/Xenium_V1_Human_Ovarian_Cancer_Addon_FFPE_outs.zip
https://www.10xgenomics.com/datasets/xenium-comparison-fresh-frozen-human-ovarian-cancer
https://cf.10xgenomics.com/samples/xenium/4.0.0/Xenium_V1_Human_Ovary_Cancer_FF/Xenium_V1_Human_Ovary_Cancer_FF_outs.zip
https://www.10xgenomics.com/datasets/human-bone-and-bone-marrow-data-with-custom-add-on-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.9.0/Xenium_V1_hBoneMarrow_acute_lymphoid_leukemia_section/Xenium_V1_hBoneMarrow_acute_lymphoid_leukemia_section_outs.zip
https://www.10xgenomics.com/datasets/human-bone-and-bone-marrow-data-with-custom-add-on-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.9.0/Xenium_V1_hBoneMarrow_nondiseased_section/Xenium_V1_hBoneMarrow_nondiseased_section_outs.zip
https://www.10xgenomics.com/datasets/human-bone-and-bone-marrow-data-with-custom-add-on-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.9.0/Xenium_V1_hBone_nondiseased_section/Xenium_V1_hBone_nondiseased_section_outs.zip
https://www.10xgenomics.com/datasets/human-colon-preview-data-xenium-human-colon-gene-expression-panel-1-standard
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/1.6.0/Xenium_V1_hColon_Cancer_Add_on_FFPE/Xenium_V1_hColon_Cancer_Add_on_FFPE_outs.zip
https://www.10xgenomics.com/datasets/human-colon-preview-data-xenium-human-colon-gene-expression-panel-1-standard
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/1.6.0/Xenium_V1_hColon_Cancer_Base_FFPE/Xenium_V1_hColon_Cancer_Base_FFPE_outs.zip
https://www.10xgenomics.com/datasets/human-colon-preview-data-xenium-human-colon-gene-expression-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.6.0/Xenium_V1_hColon_Non_diseased_Add_on_FFPE/Xenium_V1_hColon_Non_diseased_Add_on_FFPE_outs.zip
https://www.10xgenomics.com/datasets/human-colon-preview-data-xenium-human-colon-gene-expression-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.6.0/Xenium_V1_hColon_Non_diseased_Base_FFPE/Xenium_V1_hColon_Non_diseased_Base_FFPE_outs.zip
https://www.10xgenomics.com/datasets/human-heart-data-xenium-human-multi-tissue-and-cancer-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.9.0/Xenium_V1_hHeart_nondiseased_section_FFPE/Xenium_V1_hHeart_nondiseased_section_FFPE_outs.zip
https://www.10xgenomics.com/datasets/human-kidney-preview-data-xenium-human-multi-tissue-and-cancer-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.5.0/Xenium_V1_hKidney_cancer_section/Xenium_V1_hKidney_cancer_section_outs.zip
https://www.10xgenomics.com/datasets/human-kidney-preview-data-xenium-human-multi-tissue-and-cancer-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.5.0/Xenium_V1_hKidney_nondiseased_section/Xenium_V1_hKidney_nondiseased_section_outs.zip
https://www.10xgenomics.com/datasets/human-liver-data-xenium-human-multi-tissue-and-cancer-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.9.0/Xenium_V1_hLiver_cancer_section_FFPE/Xenium_V1_hLiver_cancer_section_FFPE_outs.zip
https://www.10xgenomics.com/datasets/human-liver-data-xenium-human-multi-tissue-and-cancer-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.9.0/Xenium_V1_hLiver_nondiseased_section_FFPE/Xenium_V1_hLiver_nondiseased_section_FFPE_outs.zip
https://www.10xgenomics.com/datasets/human-lung-cancer-preview-data-xenium-human-multi-tissue-and-cancer-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.5.0/Xenium_V1_hLung_cancer_section/Xenium_V1_hLung_cancer_section_outs.zip
https://www.10xgenomics.com/datasets/human-lymph-node-preview-data-xenium-human-multi-tissue-and-cancer-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.5.0/Xenium_V1_hLymphNode_nondiseased_section/Xenium_V1_hLymphNode_nondiseased_section_outs.zip
https://www.10xgenomics.com/datasets/pancreatic-cancer-with-xenium-human-multi-tissue-and-cancer-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.6.0/Xenium_V1_hPancreas_Cancer_Add_on_FFPE/Xenium_V1_hPancreas_Cancer_Add_on_FFPE_outs.zip
https://www.10xgenomics.com/datasets/human-pancreas-preview-data-xenium-human-multi-tissue-and-cancer-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.5.0/Xenium_V1_hPancreas_nondiseased_section/Xenium_V1_hPancreas_nondiseased_section_outs.zip
https://www.10xgenomics.com/datasets/human-skin-preview-data-xenium-human-skin-gene-expression-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.6.0/Xenium_V1_hSkin_Melanoma_Base_FFPE/Xenium_V1_hSkin_Melanoma_Base_FFPE_outs.zip
https://www.10xgenomics.com/datasets/human-skin-data-xenium-human-multi-tissue-and-cancer-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.9.0/Xenium_V1_hSkin_nondiseased_section_1_FFPE/Xenium_V1_hSkin_nondiseased_section_1_FFPE_outs.zip
https://www.10xgenomics.com/datasets/human-skin-data-xenium-human-multi-tissue-and-cancer-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.9.0/Xenium_V1_hSkin_nondiseased_section_2_FFPE/Xenium_V1_hSkin_nondiseased_section_2_FFPE_outs.zip
https://www.10xgenomics.com/datasets/human-tonsil-data-xenium-human-multi-tissue-and-cancer-panel-1-standard
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/1.9.0/Xenium_V1_hTonsil_follicular_lymphoid_hyperplasia_section_FFPE/Xenium_V1_hTonsil_follicular_lymphoid_hyperplasia_section_FFPE_outs.zip

Table S2 continued

ID Source / sample Species / tissue Assay / preservation  Analysis / files

XE-074 Human Tonsil Data with Xenium Human ~ Human X-vl X0A 1.9.0
Multi-Tissue and Cancer Panel / Reactive ~ Tonsil FFPE page / data
follicular hyperplasia

XE-075 Preview Data: FFPE Human Lung Cancer Human X-vl XO0A 2.0.0
with Xenium Multimodal Cell Lung FFPE page / data
Segmentation / Lung Cancer
(Adenocarcinoma)

XE-076 FFPE Human Pancreas with Xenium Human X-vl X0A 2.0.0
Multimodal Cell Segmentation / Pancreas ~ Pancreas FFPE page / data

XE-077 Mouse Bone Data with Custom Add-on Mouse X-vl XO0A 1.9.0
Panel / 0.5M EDTA decalcification Bone FFPE page / data

XE-078 Mouse Bone Data with Custom Add-on Mouse X-vl XOA 1.9.0
Panel / 15% EDTA/0.4% PFA Bone FFPE page / data
decalcification

XE-079 Mouse Bone Data with Custom Add-on Mouse X-vl X0A 1.9.0
Panel / 8% Formic acid decalcification Bone FFPE page / data

XE-080 Fresh Frozen Mouse Colon with Xenium  Mouse X-vl XO0A 2.0.0
Multimodal Cell Segmentation / Mouse Colon Fresh Frozen page / data

XE-081 Whole Mouse Pup Preview Data (Xenium  Mouse X-vl XOA 1.6.0
Mouse Tissue Atlassing Panel) / Mouse Pup Whole Organism FFPE page / data

XE-082 Human Skin Preview Data (Xenium Human Human X-vl XO0A 1.7.0
Skin Gene Expression Panel with Custom  Skin FFPE page / data
Add-On) / Melanoma, pre-designed panel
with add-on
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https://www.10xgenomics.com/datasets/human-tonsil-data-xenium-human-multi-tissue-and-cancer-panel-1-standard
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/1.9.0/Xenium_V1_hTonsil_reactive_follicular_hyperplasia_section_FFPE/Xenium_V1_hTonsil_reactive_follicular_hyperplasia_section_FFPE_outs.zip
https://www.10xgenomics.com/datasets/preview-data-ffpe-human-lung-cancer-with-xenium-multimodal-cell-segmentation-1-standard
https://cf.10xgenomics.com/samples/xenium/2.0.0/Xenium_V1_humanLung_Cancer_FFPE/Xenium_V1_humanLung_Cancer_FFPE_outs.zip
https://www.10xgenomics.com/datasets/ffpe-human-pancreas-with-xenium-multimodal-cell-segmentation-1-standard
https://cf.10xgenomics.com/samples/xenium/2.0.0/Xenium_V1_human_Pancreas_FFPE/Xenium_V1_human_Pancreas_FFPE_outs.zip
https://www.10xgenomics.com/datasets/mouse-bone-data-with-custom-add-on-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.9.0/Xenium_V1_mFemur_EDTA_3daydecal_section/Xenium_V1_mFemur_EDTA_3daydecal_section_outs.zip
https://www.10xgenomics.com/datasets/mouse-bone-data-with-custom-add-on-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.9.0/Xenium_V1_mFemur_EDTA_PFA_3daydecal_section/Xenium_V1_mFemur_EDTA_PFA_3daydecal_section_outs.zip
https://www.10xgenomics.com/datasets/mouse-bone-data-with-custom-add-on-panel-1-standard
https://cf.10xgenomics.com/samples/xenium/1.9.0/Xenium_V1_mFemur_formic_acid_24hrdecal_section/Xenium_V1_mFemur_formic_acid_24hrdecal_section_outs.zip
https://www.10xgenomics.com/datasets/fresh-frozen-mouse-colon-with-xenium-multimodal-cell-segmentation-1-standard
https://cf.10xgenomics.com/samples/xenium/2.0.0/Xenium_V1_mouse_Colon_FF/Xenium_V1_mouse_Colon_FF_outs.zip
https://www.10xgenomics.com/datasets/mouse-pup-preview-data-xenium-mouse-tissue-atlassing-panel-1-standard
https://s3-us-west-2.amazonaws.com/10x.files/samples/xenium/1.6.0/Xenium_V1_mouse_pup/Xenium_V1_mouse_pup_outs.zip
https://www.10xgenomics.com/datasets/human-skin-preview-data-xenium-human-skin-gene-expression-panel-add-on-1-standard
https://cf.10xgenomics.com/samples/xenium/1.7.0/Xeniumranger_V1_hSkin_Melanoma_Add_on_FFPE/Xeniumranger_V1_hSkin_Melanoma_Add_on_FFPE_outs.zip

B.4 Release-wide quality control

Snapshot and observation units. The corrected 25 October 2026 snapshot contains 53 Visium
HD and 71 Xenium acquisitions, corresponding to processed sections, capture areas, or ROIs
rather than verified independent donors or studies. The 135-entry source catalogue (Table S2) is a
separate download inventory. HD H&E targets are cell-aligned; HD IF targets are nucleus-aligned.
All Xenium expression observations are native cells, including those displayed against DAPI. The
rounded sMCC40M name does not replace exact counts.

Table S3: Audited release census. Candidates include objects without a stored expression row. A
matrix row has a positive count for at least one typed feature; a gene-positive row has a positive Gene
Expression count. Cells and nuclei are separate observation types.

Branch Acq. Candidates Matrix rows  Gene-positive
HD cells, H&E 49 18,765,683 11,619,603 11,619,603
HD nuclei, IF 4 2,635,758 2,041,153 2,041,153
Xenium cells, H&E 56 21,132,812 21,078,920 21,064,472
Xenium cells, DAPI 15 3,750,373 3,746,978 3,746,964
Total 124 46,284,626 38,486,654 38,472,192

Of the 38,486,654 nonzero-feature matrix rows, 36,445,501 are cell observations and 2,041,153 are
HD nuclei. There are 38,472,192 gene-positive rows; 14,462 Xenium rows contain only other typed
features. Another 57,287 measured-zero Xenium candidates retain metadata with null matrix-row
links. HD candidates include segmentation objects outside capture support. Candidates, molecular
observations, visible labels, and image-eligible pairs have different denominators.

Audit scope and units. The release-wide audit scanned all HSAD CSR matrices, cell/gene indices
and selected-image masks, and all 729,837,032 rows of the 53 HD bin-to-cell tables. Checks cover
integer counts, feature types/order, row links, labels, image axes, coordinate transforms, pixel counts,
and assignment status. Under the strict majority-area rule (Section C.2), each 2 ym bin is assigned
at most once, only when a cell/nucleus covers more than half of the complete bin. This audit
checks stored assignments; original raw-count conservation and mask—bin intersections are separate
construction checks. Native distances are in pm, areas in ym?, and image coordinates in level-zero
pixels using per-axis physical pixel sizes.

Reproducibility. Per-acquisition metrics, feature definitions, and reproducible plotting scripts are
provided with the accompanying code and data. The analyses cover the 124 public Visium HD and
Xenium acquisitions and report cell and nucleus geometry separately.

28



B.4.1 Sensitivity of Visium HD expression to polygon boundaries

We analyzed 9,000 CellViT polygons from three Visium HD samples (3,000 per sample). We
shifted the contours by £1 pm relative to the native 2 pm bin grid and recomputed gene counts from
intersecting bins, assigning contested bins to the nearest centroid. The table reports the fraction of
all polygons with at least one bin before perturbation. For supported polygons, we compared bin
membership (Jaccard index), gene expression profiles (cosine similarity), and total UMI counts with
their unshifted values.

Sample Bin support  BinJaccard Expression cosine  Median |AUMI| (%)
Human lung cancer 49.4%  0.727-0.733 0.954-0.957 11.1-11.3
Mouse brain 97.5% 0.806-0.816 0.936-0.939 6.0-6.1
Human pancreas 50.0% 0.706-0.714 0.994 13.0-13.7

Expression profiles remained similar after translation even as bin membership changed. Eroding or
dilating the masks had a larger effect on total counts (median absolute UMI change, 32.8-66.6%) and
yielded bin Jaccard indices of 0.462—0.720 and expression cosine similarities of 0.871-0.993.
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B.4.2 Molecular support and measured panels

a) Nonzero-feature matrix rows b) Median gene counts
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Figure S2: Molecular support across all 124 acquisitions. Each dot is one acquisition; black
segments are medians across acquisition summaries, not pooled cell medians or confidence intervals.
Branches: HD-C, HD cells/H&E (n = 49); HD-N, HD nuclei/IF (n = 4); X-H, Xenium cells’/H&E
(n = 56); X-D, Xenium cells/DAPI (n = 15). All axes are logarithmic. (a) Stored nonzero-feature
matrix rows. (b,c) Median Gene Expression counts and detected genes over those rows, including
gene-zero rows. (d) Measured Gene Expression features.

HD counts are aggregated UMIs; Xenium counts are gene-assigned transcripts. Controls, unassigned-
codeword features, and protein features remain separately typed and are excluded from gene-only
summaries. Different measured panels are not zero-padded into a union. Mitochondrial fractions are
unavailable when the recognized mitochondrial features are absent from a panel, rather than treated
as zero contamination. Species, panel size, and assay chemistry differ, so these distributions describe
the release rather than rank assay sensitivity. The full CSVs additionally provide gene-positive counts,
upper percentiles, feature-type counts, and detected/measured gene fractions.
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B.4.3 Image coverage and delivered-mask geometry

a) Centroid outside image b) Incomplete 224-pixel crop
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Figure S3: Spatial support and categorical-label geometry after correction. Dots, medians, and
branch codes follow Figure S2. (a,b) Fractions of all nonzero-feature matrix rows with centroids
outside the selected image or incomplete centered 224 x 224-pixel windows. (c) Median area of
observed nonzero mask labels, using physical pixel sizes (logarithmic axis). (d) Fraction of labels
with multiple four-connected components. These are coverage and raster-geometry diagnostics.

Coverage uses TIFF Y/X dimensions and a continuous centered window wholly contained within
the image extent. A fixed pixel window spans different physical sizes across acquisitions; 50- and
100 pm windows and missing-mask counts are also in the full CSV. Boundary containment does not
establish tissue content, histological quality, or independently measured registration accuracy.

Mask statistics retain original labels, holes, and disconnected components; four-connected compo-
nents are merged exactly across processing-tile boundaries. Diagonal contact remains disconnected.
The fragmentation fraction is neither an oversegmentation error rate nor a spindle-cell recall estimate.
Xenium display masks can change area through resampling or clipping without reassigning native
transcripts. Plant and zebrafish segmentation domains remain exploratory.
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B.4.4 Separate native Xenium cell and nucleus consistency
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Figure S4: Native polygon/summary consistency in 71 Xenium acquisitions. Cells and nuclei are
measured separately against their corresponding native summary centroid and area. Each dot is an
acquisition summary; black segments are medians across acquisitions. Upper panels show median
centroid differences in um, lower panels median absolute relative area differences. H&E and DAPI

identify display branches; all expression assignments remain cell-based.

Geometry Sampled candidates  Eligible measurements = Median offset range (ym)
Cell 355,000 354,717 0.119-0.147
Nucleus reference 355,000 346,185 0.136-0.154

For each acquisition, 5,000 native candidates are sampled uniformly before expression filtering
(seed 20261024). Polygon centroids use area rather than vertex means. Missing/invalid geometry
and unsupported multiple-nucleus reference scopes are recorded separately. The nucleus-reference
denominator is associated with sampled native cell entries; it is not a census of distinct nuclei. These
are internal consistency checks, not independent H&E registration errors or biological boundary
accuracy; Dice/PQ is not inferred from them.
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B.4.5 Fixed-region image inspection across four branches
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Figure S5: Deterministically selected local overlays. The first lexicographic acquisition in each
branch is shown. Within each, expression- available centroids supporting a complete 768 x 768-pixel
window are sorted by (y, x, label) and the lower median is selected. No appearance or performance
ranking is used. Cyan shows delivered label boundaries, expanded by one image pixel in each
direction for visibility only; segmentation and QC values are unchanged. Bars: 50 ym in (a—c), 20 pm
in (d). IF/DAPI intensities use per-patch percentile clipping.

Only the original overlay panels are cropped for this layout, without resampling the images or
changing their boundaries. All eight original paired views (first and last acquisitions per branch),
region provenance, and selection records remain in the accompanying sources. These are qualitative
inspections, not independently annotated segmentation assessments. DAPI cell boundaries are not
nucleus labels; native cell segmentation can include nucleus expansion and is not independent
whole-cell ground truth.

B.5 Dataset construction and alignment pipeline

The frozen construction comprises source and metadata auditing, coordinate registration, segmen-
tation or platform-mask ingestion, expression aggregation or native-count retention, and separate
image/crop eligibility assessment. Its expression units are cells or nuclei, explicitly typed by branch.
Images, labels, coordinates, and counts support crop generation on demand. Benchmark partitions
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and optional caption or communication analyses are derived artifacts with their own coverage and
protocols.

B.6 Data schema and release package

The versioned package links HSAD raw-count matrices to Parquet cell/nucleus indices, sample
context, source evidence, and eligibility flags through stable sample and observation identifiers.
Image references and physical scales support reproducible on-demand crops. A separate benchmark
package retains exact observation IDs, measured-gene targets, fold memberships, and evaluation
settings for the protocols in Section C.

Table S4: Main artifact types in the SMCC40M benchmark release.

Artifact Format Granularity Required Contents

Images and label masks TIFF acquisition yes selected images, transforms, and labels

Expression matrices H5AD cell/nucleus x fea- yes integer CSR counts; original feature IDs/types
ture

Metadata and evidence Parquet / JSON observation or sam- yes coordinates, context, source URLSs, evidence status
ple

Image eligibility Parquet candidate object yes RNA support, unit, image pairing, crop complete-

ness
Benchmark package Python / Parquet /  protocol or fold yes exact IDs, genes, splits, environments, scoring
JSON/NPZ

Cell-type annotations HS5AD / Parquet observation partial predicted labels and annotation evidence

Crops, captions and com-  protocol-specific cell or neighborhood optional  analysis-specific; coverage varies

munication

C Current benchmark protocols and full results

C.1 Xenium-only categories in the 23-category benchmark

This section consolidates frozen CONCH-ridge benchmarks by platform and evaluation regime.
Acquisitions are sections/capture areas, not verified independent donors. Gene P/S denote gene-wise
Pearson/Spearman, Cell P is Pearson across genes within a cell, Coord/KNN P are gene Pearson
for spatial controls, and RMSE is on the loglp-count scale. Detection F1 uses count > 0 as truth
and prediction > log(1.5) as positive. Undefined correlations are U; unavailable or superseded
results are NA. Negative scores are retained. The current evaluation comprises the 18-category HD
benchmark, five additional Xenium categories, and HD cross-acquisition validation. Code, fold
plans, and numerical results are provided through https: //github.com/aicb-ZhangLabs/
sMCC40M.

Updated Xenium-only extension. The five categories absent from HD18 contribute 13 current
H&E acquisitions and 156,000 evaluated cells. They use the HD-style 20-by-20 spatial sampler, four
edge folds, 50 training-only HVGs, and identical predictors/metrics. Only gene-positive rows with
centroids inside the selected image are eligible; partially clipped 150-pixel crops retain white padding.
Gene identities and raw integer targets are checked against the typed release axes.

Table S5: Updated native-Xenium extension: all 13 eligible H&E acquisitions in the five categories
added to HD18. TXenium data only.

Category n Gene P Coord P KNN P Gene S Cell P F1 R? RMSE
Bone' 4 0.417 0.058 0.089 0.380 0.524 0.480 0.157 0.538
Bone Marrow 1 0.116 0.009 0.017 0.101 0.249 0.022 -0.012 0.221
Cervix? 1 0.308 0.042 0.041 0.268 0.368 0.231 0.072 0.329
Skinf 5 0.402 0.060 0.102 0.347 0.476 0.464 -0.460 0.515
Whole Organism? 2 0.274 0.038 0.056 0.218 0.477 0.249 -0.517 0.393

HVGs are shared within organ/species using the intersection of measured gene IDs and equal-
acquisition mean training variance. Skin is the sole panel exception: its five acquisitions share only 47
measured genes. To retain all acquisitions and exactly 50 targets, Skin HVGs are selected within four
exact measured-panel groups. Unmeasured genes are not zero-filled. This metadata-based adaptation
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was fixed before evaluation; it is not score-based model selection. No new confidence intervals were
computed for these five categories or the combined 23-category macro.

C.2 HD within- and cross-acquisition benchmark

Expanded cohort and within-acquisition evaluation. Of 53 deduplicated HD acquisitions, 49
have H&E/cell segmentations; the four IF/nucleus-only acquisitions (HD-028/033/044/053) are
excluded from the H&E encoder experiment. The primary table has 48 acquisitions in 18 reporting
categories. HD-052 is a mixed lung/breast/colon TMA without cell-level organ labels and is evaluated
separately. The categories include Embryo, Head, Xenograft, Arabidopsis, and Soybean rather than
18 distinct anatomical organs. Whole Embryo maps to Embryo, Intestine to Small Intestine, and
flank xenograft to Xenograft. Plant labels do not imply seed-specific anatomy; plant and zebrafish
segmentation domains remain exploratory.

The 20-by-20 sampler uses seed 20260723 plus the frozen acquisition index. The primary experiment
evaluates 564,433 sampled cells; Arabidopsis contributes all 433 positive-expression cells, and
the other acquisitions contribute 12,000 each. Four directional edge tests (high-z, high-y, low-z,
low-y) hold out 20% with a 5%-span training buffer. Fifty HVGs maximize equal-acquisition mean
training-only log1p variance over organ/species measured-gene intersections, with gene-ID tie breaks.
Table S6 reports all six image-prediction metrics and gene Pearson for both spatial controls; their full
metrics and uncertainty bounds remain in the CSVs.

Table S6: All 18 HD tissue categories (48 primary H&E acquisitions). Gene P includes approximate
marginal 95% conditional intervals where supported; the other columns are point estimates. *Ovary
has limited block support; Arabidopsis intervals are unavailable.

Category n Gene P [95% CI] Coord P KNN P Gene S Cell P Fl1 R? RMSE
0.505
Brain 6 [0.388, 0.591] 0.076 0.072 0.492 0.471 0.617 0.238 0.575
Breast 5 [().2(9)‘2?,)?).,551 1] 0.074 0.057 0.378 0.613 0.503 0.160 0.605
Colon 3 [0,3(9).1%&152] 0.110 0.116 0.400 0.526 0.472 0.042 0.505
Embryo 3 [0.1(9)5?%)%91] 0.041 0.060 0.273 0.519 0.418 -0.303 0.496
Head 1 [0.026??)§09] -0.012 -0.001 0.057 0.131 0.023 -1.891 0.138
Heart 1 [().3(5).2?2).2390] 0.111 0.081 0.312 0.446 0.287 0.097 0.403
Kidney 4 [0,3(1);?)?415] 0.061 0.045 0.347 0.545 0.374 0.127 0.461
Liver 2 [O.42f2)7490] 0.008 0.023 0.466 0.627 0.781 0.226 0.622
Lung 6 [0.3%}?)?478] 0.009 0.058 0.370 0.497 0.479 0.140 0.494
Lymph Node 2 [().1(2);?).11 67] 0.015 0.018 0.140 0.334 0.036 -0.001 0.232
Ovary? 4 [0.225??)%35] 0.021 0.036 0.385 0.550  0.517 0.130 0.524
Pancreas 3 [0.22;}(())195] 0.101 0.092 0.368 0.724 0.528 0.117 0.544
Arabidopsis 1 OﬁiS -0.033 -0.013 0.376 0.233 0.519 -1.051 0.716
Soybean 1 [0.1(2).9%‘(‘).2153] 0.057 0.033 0.128 0.251 0.026 -0.133 0.218
Prostate 1 [0.226%?)%74] 0.033 0.065 0.236 0.292 0.090 -0.174 0.257
Small Intestine 1 [0.4(9)35,(()).9518] 0.047 0.024 0.481 0.537 0.622 0.246 0.526
Tonsil 3 [O.2?£§)?320] 0.023 0.040 0.252 0510 0382 0.047 0.530
Xenograft 1 [0.521??).5682] 0.171 0.198 0.538 0.196 0.731 0.364 0.402

CONCH-ridge exceeds both spatial controls in gene Pearson in all 18 categories, but the HD18 mean
R? remains negative. Correlation therefore does not imply calibrated absolute expression, biological
segmentation accuracy, or generalization to unseen donors. The interval scopes and full-control
summaries follow below.
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Cross-sample evaluation within organ and species. Ten organ/species strata support 34 leave-
one-acquisition-out fits. Every fit holds out all 12,000 sampled cells of one acquisition. Other
acquisitions in the stratum supply training data; scaling, PCA and ridge are refitted, and 50 HVGs are
independently selected from training-acquisition log1p-count variance before target expression is
loaded. Gene-ID universes use measured panel metadata only. Liver cannot support this same-species
test because its two acquisitions are from different species; singleton species strata, IF acquisitions,
and mixed HD-052 are excluded.

Table S7: HD whole-acquisition holdouts: all 34 targets in ten eligible organ/species strata. H/M
denote human/mouse. Gene-Pearson brackets are fixed-cohort test-tissue spatial intervals; NA denotes
unsupported intervals. All scores, including extreme negative R?, are retained.

Category (species) n Gene P [95% CI] Gene S Cell P F1 R2 RMSE
0.462
Brain (M) 5 [0.452, 0.473] 0.455 0.420 0.642 -0.471 0.701
Breast (H) 5 Oi\%/zz 0.247 0.411 0.422 -6.440 0.825
Colon (H) 3 Oi\?/y 0.313 0.396 0.368 -3.983 0.580
Embryo (M) 3 [0.2(1)-7%%).6234] 0.210 0.363 0.406 -4.619 0.600
Kidney (M) 2 [0.2(2)1%%).3245] 0.230 0.267 0.385 -0.784 0.697
Lung (H) 5 Oiji“ 0.362 0.361 0.439 -1.302 0.483
Lymph Node (H) 2 [0.0(S)é(,)?)i)w] 0.064 0.232 0.023 -1.723 0.272
Ovary (H) 3 [0.3(3)5??)?3352] 0.337 0.476 0.553 -4.024 0.775
Pancreas (H) 3 Oi\%i“ 0.220 0.478 0.427 -1400.866 1.118
Tonsil (H) 3 [0.0(3).7(,)?)?3058] 0.038 0.122 0.105 -0.904 0.759
10-category mean 34 0.260 0.248 0.353 0.377 -142.512 0.681

Cross-sample scoring uses float64 to avoid false variance from float32 centering; constant tar-
gets/predictions retain undefined statistics. Table brackets resample only the fixed held-out test tissue,
not acquisitions or fitted models. The unusually negative Pancreas R? is retained and indicates poor
absolute calibration. Scores from the original HD18 table cannot be subtracted as a matched transfer
effect because genes, strata and test cells differ.

Table S8: Matched HD comparison over ten strata: both predictors are evaluated on the same
externally selected genes and edge-test cells. This test differs from the whole-acquisition holdouts
above and from the original HD18 target selection.

Regime Gene P Gene S Cell P F1 R? RMSE
Within acquisition 0.354 0.328 0.563 0.407 0.059 0.480
Other acquisitions 0.248 0.234 0.349 0.370 -26.919 0.676

The matched comparison instead uses each holdout’s externally selected genes and the same four
edge-test cell sets for within- and cross-acquisition fits. Its gene Pearson changes from 0.354 to
0.248; training-data amounts also differ, so this is not an isolated causal effect of domain shift.
Whole-acquisition coordinates have no common anatomical frame, so within-slide coordinate/KNN
controls are not reused as cross-slide baselines. A related-source sensitivity holds out all four linked
lung control/post-Xenium acquisitions together; lung gene Pearson decreases from 0.424 to 0.228.
Source pages do not establish donor independence; all source-page-out metrics and support flags are
archived.

Predictors, targets, uncertainty, and the combined coverage summary. HD RNA targets aggre-
gate raw integer UMIs from the official filtered 2 zm bins using registered Vitamin-P footprints. Each
bin contributes at most once and only when a cell covers strictly more than half of its complete area;
holes and disconnected components are retained. These are segmentation-dependent cell-aligned
targets, not independent cell-boundary ground truth. Counts are transformed with loglp without
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library-size normalization. The frozen CONCH v1 encoder uses 150-by-150 native-pixel RGB crops,
white edge padding, its official 448-pixel validation transform, and 512-dimensional features before
contrastive projection, without normalization. Physical fields of view vary by acquisition. The head is
StandardScaler, randomized PCA(128), and ridge o = 10; spatial controls use quadratic coordinates
or the mean of eight nearest training cells. No target-based feature fitting or post-prediction clipping
is applied.

Table S9: Equal-category HD18 macro averages for every predictor. U denotes intrinsically undefined
correlation. No formal HD18 macro interval is reported because it includes the spatially unsupported
Arabidopsis category.

Method Gene P Gene S Cell P F1 R? RMSE
CONCH + ridge 0.365 0.333 0.445 0.411 -0.090 0.458
Coordinate + ridge 0.051 0.046 0.346 0.257 -0.706 0.586
Spatial KNN 0.056 0.053 0.329 0.287 -0.768 0.584
Training mean U U 0.400 0.224 -0.160 0.543

Table S10: Descriptive coverage summary of the HD18 and updated Xenium-only extension. All 23
categories are equally weighted using unrounded estimates. Shared organs retain their original HD
results; the five added categories use only Xenium. No combined confidence interval is claimed.

Coverage Gene P Coord P KNN P Gene S Cell P F1 R? RMSE
HD18 (48 acquisitions) 0.365 0.051 0.056 0.333 0.445 0.411 -0.090 0.458
Xenium-only 5 (13) 0.303 0.042 0.061 0.263 0.419 0.289 -0.152 0.399
Combined 23 (61) 0.351 0.049 0.057 0.318 0.439 0.385 -0.103 0.445

The combined 23-category mean uses the original 18 HD rows plus the five updated Xenium-only
rows; it is not a pooled-cell or 61-acquisition mean. HD aggregated UMISs, native Xenium transcripts,
species-specific genes, and panel-dependent targets differ. The macro describes coverage across these
conditions and is not a controlled comparison of assay sensitivity.

Conditional intervals and reproducibility. Within-acquisition HD intervals use 10,000 percentile-
bootstrap draws (seed 20261019) with 500 m spatial blocks anchored at physical origin. Blocks in
the union of the four tests receive shared multiplicities across folds and methods; Spearman midranks
are recomputed. Acquisitions are resampled within species, preserving equal acquisition weights.
Fewer than 20 occupied or effective blocks flags limited support; single-acquisition categories with
fewer than 10 suppress their main interval. At least 9,900 finite replicates are required. Ovary is
limited and Arabidopsis unsupported; the HD18 and 23-category macros have no formal interval.
Cross-sample intervals use fixed-cohort held-out-tissue resampling, with the original predictors/HVGs
held fixed, and suppress unsupported bounds. Acquisition SD is descriptive and is not a confidence
interval. Neither design captures refitting, gene selection, segmentation, new cell sampling or new-
donor uncertainty. Full six-metric bounds, paired contrasts, 250/1,000 um sensitivity, valid-replicate
counts, and execution records accompany the results and data-side provenance described in the
repository documentation.

The 49 HD acquisitions produced 196 fold predictions and 784 fold/method summaries; feature
extraction used 6.90 GPU-hours including storage waits. The new Xenium extension produced
52 prediction packets and 208 summaries; 1,248 independently recomputed metrics and 36 HVG
selections passed checks. All primary HD point estimates remain unchanged. Cohort/axis mappings,
unrounded values, all control outputs, checkpoints/software identifiers, seeds and audit hashes
accompany the tables; upstream images and model weights are not redistributed here.

D Supplementary visualizations and downstream analyses

D.1 Illustrative spatial-expression maps on TCGA histology

Figure S6 illustrates how predicted expression can be displayed alongside whole-slide histology.
These panels are retained as a visualization example from the earlier STBoost workflow, not as
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quantitative validation of the current CONCH-ridge benchmark. Paired spatial-expression ground
truth is unavailable for this illustration.
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Figure S6: Illustrative prediction maps on TCGA histology. Example whole-slide images and
model-generated gene-expression maps demonstrate the STBoost inference and visualization work-
flow. No paired spatial-expression reference is used to assess prediction accuracy in these panels.

D.2 Cell-type downstream analysis

Figure 6 presents the coarse-to-fine expression-prediction analysis on lung acquisition K. Observed
and predicted expression are converted to marker scores over the restricted 50-gene target subset,
retaining Club, AT2, and Immune. The reference assignments are expression-derived labels, not
independent cell-type annotations. Both spatial cluster maps are computed from predicted expression:
one uses a global clustering fit and the other a regional fit applied across the observations, with cluster
IDs aligned by maximum overlap. Consequently, this panel illustrates clustering stability and coarse
marker-label recovery rather than GT-versus-prediction clustering accuracy.

Table S11: Descriptive agreement metrics for the lung downstream example; reference labels are
marker-derived and the scope includes the full analysis cohort.

Metric Value
Spatial observations 111,772
Clusters 10

Genes in downstream target 50
Observed vs. predicted label agreement 0.5935
Balanced label agreement 0.5922
Cluster vs. Pred celltype ARI 0.1362
Cluster vs. Pred celltype NMI 0.2154
Retained marker-derived classes Club, AT2, Immune

All ten clusters retain the same dominant coarse class. Cluster 3 has the highest agreement (0.934);
clusters 1, 5, and 8 have agreement below 0.5. The complete ten-cluster summaries are retained in
data_sources/celltype_2026-10-31/cluster_agreement_summary.csvV.

D.3 Context-stratified ovarian transfer analysis

Figure S7 expands the four-metric summary in Table 3. The analysis uses UNI2 image features with
a top-10 retrieval predictor and reference observations from the left two thirds of ovarian acquisition
AK (60+). It evaluates 5,000 observations from each target: AD (60+) and AL (< 40). The evaluated
gene sets contain 18,137 and 38,606 genes, respectively. This protocol is separate from the current
CONCH-ridge benchmark.

The younger target has lower F1 and rank correlations together with a much smaller predicted nonzero
fraction. The nonzero-rate gap is the absolute difference between predicted and observed nonzero
fractions. Matrix distance, energy distance, and MMD also decrease in these summaries, so their
numerical ordering alone does not establish improved prediction. Because target gene sets and
other sample properties differ, these results are descriptive examples of context-associated transfer
differences; they do not establish a causal effect of age. Each bar is a single target summary, and
these runs provide no replicate-based confidence intervals.
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Ovarian cross-sample prediction
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Figure S7: Complete context-stratified ovarian transfer results. The same AK source is evaluated
on AD (matched older age band) and AL (younger age band). The eight panels show F1, gene- and
cell-wise Spearman correlations, the predicted nonzero fraction, its absolute gap from the observed
fraction, and three global distribution distances. Each panel uses its own native-scale axis; displayed
percentages are relative changes from AD to AL. Values come from the original run summaries, with
5,000 observations per target and different evaluated gene sets. Lower global distances coexist with
poorer predictive agreement; the comparison does not isolate age from other sample differences.
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Metric-specific axes; values are summaries of two held-out targets, not replicate means.

D.4 Extended Results for Captioning Evaluation

Metadata-grounded captions describe tissue identity and local image context. We assess image—
caption relevance using two complementary encoders: PLIP for sample-level comparisons and
CONCH for organ-level comparisons with £ = 10 captions per organ. Matched image—caption pairs
generally score higher than mismatched pairs at both levels (Figure S8), supporting the relevance of
structured text for dataset browsing and multimodal analysis.

(a) PLIP (b) CONCH

Figure S8: Image—caption relevance assessed using PLIP and CONCH. The upper panel reports
sample-level similarity using PLIP; the lower panel reports organ-level similarity using CONCH.

E Datasheet for sMCC40M

We provide a DataSheet for sMCC40M, summarizing its objectives, scope, and design choices,
along with potential applications and ethical considerations. The datasheet below emphasizes the

39



benchmark-facing aspects of the release: the units are explicitly typed cell/nucleus observations,
benchmark tracks are defined through explicit split files, and the released schema is versioned so that
the same processed assets can be used for both modeling and evaluation.

E.1 Motivation for dataset creation

Why was the dataset created?

sMCC40M is a large-scale single-cell dataset featuring paired imaging and gene expression data,
with multi-level imaging modalities that capture detailed cellular structures. This comprehensive
multimodal resource incorporates elements such as captioning, CCC (cell-cell communication), and
attribute annotations, creating a rich interconnected framework. Moreover, SMCC40M serves as
a versatile benchmark for foundation models, broadening the scope of existing case studies and
facilitating research across multiple tissues and modalities.

» Extensive Single-Cell Dataset: Provides a vast collection of paired image and gene expres-
sion data, capturing cellular characteristics at multiple layers and scales.

* Multimodal Content: Integrates captioning, cell-cell communication (CCC), attribute
annotations, and multi-tier imaging, enabling deeper insights into phenotypic and molecular
interrelationships.

* Benchmark Utility: Offers a foundational platform for evaluating and enhancing current
models, expanding potential applications and analytical perspectives across tissues and
modalities.

What tasks could the dataset be used for?

Potential tasks include cross-modal retrieval, cell-type classification, morphological phenotype
analysis, spatial domain segmentation, and gene expression prediction from histology images. Users
are welcome to devise new applications but are strictly prohibited from attempting to re-identify
patients.

Has the dataset been used for any tasks already?

The main paper evaluates encoder scaling and within- and cross-acquisition gene-expression pre-
diction, with separate downstream illustrations of coarse cell-type recovery and context-associated
transfer differences.

Who funded the creation of the dataset?
sMCC40M was developed with institutional support from multiple sources; details are provided in
the Acknowledgments section of the main manuscript.

sMCC40M Bench is intended to provide predefined splits, target definitions, and evaluation scripts for
single-cell histology-to-gene prediction under standardized regimes. The benchmark is therefore not
only a collection of multimodal data, but also a controlled evaluation package with fixed preprocessing
and explicit held-out partitions.

E.2 Dataset composition

What are the instances?
Instances in sSMCC40M are cell- or nucleus-aligned observations linked by stable identifiers to:
* Source images, coordinates, and eligibility flags for on-demand multi-scale crops.
* Gene expression profiles and structured metadata.
» Optional textual captions for specified analyses.
* Optional cell-cell communication summaries for specified analyses.
Are relationships between instances made explicit?
Yes. Each cell is uniquely mapped to its corresponding gene expression vector, tissue type, and spatial

coordinates. Cell-to-cell communication edges (ligand-receptor pairs) are also provided, capturing
local interactions within a 200 pm radius.

What does each instance consist of?
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* Imaging data: Standard TIFF patches (cell/tissue/WSI) at multiple scales.

* Expression data: HSAD matrices storing raw integer counts on the original measured
feature axes.

* Metadata: Parquet/JSON tables with coordinates, source context, eligibility, and annotation
evidence.

» Captions: Automated textual descriptions of morphological features and context.

Is there a label/target associated with instances?

Each cell is linked to a variety of annotations (e.g., cell_type, cell_disease_state).
Demographic information is partially available (for certain human samples) and subject to IRB and
licensing constraints.

Are external resources required?

The complete processed data and benchmark caches are separate from the public code repository.
Source URLs are recorded in the inventory, and source-specific access and redistribution terms apply;
pretrained encoder weights must be obtained separately under their own terms.

Recommended data splits or evaluation measures?

The current benchmark uses four directional spatial holdouts and HD leave-one-acquisition-out
evaluation. Public JSON fold plans identify the partitions; the complete data-side package retains
exact observation memberships and target genes. Details appear in Section C.

What experiments were initially run on this dataset?

The main paper reports encoder scaling, cell-aligned CONCH-ridge prediction, and downstream
visualization examples. The benchmark tables retain the current HD18, five-category Xenium
extension, and HD cross-acquisition protocols.

Benchmark metadata link observations to acquisitions, platforms, categories, and spatial coordinates.
The public code supports replay from saved predictions and refitting from frozen features; both
require the corresponding data-side assets.

E.3 Data collection process

How was the data collected?

sMCC40M aggregates single-cell data primarily from 10x Genomics (Xenium & Visium HD) and
in-house experiments. Each study provides histopathology images, transcriptomic profiles, and
relevant sample metadata.

Who was involved?
All authors of this paper contributed to data curation and validation. Original acquisition protocols
(e.g., IRB approvals, tissue preparation) are documented in the source publications.

Over what time frame was the data collected?
The processed release is frozen as 28 October 2026. Acquisition and source-publication dates are
recorded where supported by the upstream metadata.

Is the dataset a sample from a larger set?

We aim to include all single-cell data from the selected studies. Instances are unique pairings of
morphological patches and expression profiles. Minor omissions may arise if crucial alignment files
are missing.

Known errors or sources of noise?

Whole-slide images vary in quality due to staining differences, compression artifacts, and resolution
limits. Gene expression data may exhibit batch effects or sequencing noise. Users are encouraged to
apply standard normalization/denoising procedures as needed.

Studies were included only when both histology and spatial-molecular coordinates were available and
could be aligned at cell level. Samples lacking reliable coordinate transforms, segmentation support,
or sufficient image coverage were excluded from benchmark construction. Known related source
material is flagged. Acquisition holdouts alone do not establish donor independence, and the current
benchmark reports a related-source sensitivity analysis.
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E.4 Data preprocessing

What preprocessing was done?

» Image processing: Selected TIFF images retain acquisition-specific physical pixel sizes
and coordinate transforms.

* Gene expression standardization: Raw integer counts retain original gene/feature IDs and
types in HSAD; benchmark transformations are specified separately.

* Cell-level alignment: Each cell’s bounding box and expression profile carefully cross-
validated to ensure correct mapping.

Were raw data retained?

The source inventory retains public re-download links. The code repository contains documentation
and compact result tables; full images, masks, expression matrices, and benchmark caches are
separate data-side assets.

Is preprocessing software available?

Preprocessing and benchmark code are documented in https://github.com/
aicb-ZhangLabs/sMCC40M; the repository specifies the supported workflows and required
inputs.

The current CONCH-ridge benchmark uses 150-pixel native H&E crops, frozen 512-dimensional
features, training-only scaling and PCA, and ridge regression. HD targets aggregate 2 um bins by
strict majority area; Xenium targets retain native cellular counts. Both use loglp raw counts and
training-selected HVGs, with no library-size normalization or zero-filling of unmeasured genes.

E.5 Dataset distribution

How is the dataset distributed?

Download the processed acquisitions and benchmark inputs from https://huggingface.co/
datasets/zhang-1lab/sMCC40M. The dataset card provides a sample index and commands
to download either a complete acquisition or its HSAD expression matrix. Code and evaluation
instructions are available at https://github.com/aicb-ZhangLabs/sMCC40M.

When will it be released?
The frozen October 28, 2026 release is publicly available. The archived revision identifies the files
used here.

Under what license?

All 91 source dataset pages specify CC BY 4.0. The release provides per-acquisition attribution,
source links, and descriptions of processing in its 1icensing/ directory. Third-party software and
pretrained weights retain their own terms.

Who maintains the dataset?
The dataset is actively maintained by the authors. For questions or inquiries, please submit an issue
on the GitHub page.

Will the dataset be updated?
Yes. We plan periodic updates as new single-cell samples are curated. Dataset versioning will track
changes, documented via GitHub releases.

Repository documentation identifies the inputs and settings for each supported benchmark. The
current protocols are specified in Section C.

E.6 Legal and ethical considerations
Ethical review approvals?

All in-house data adhere to institutional IRB protocols. Public data rely on the ethical compliance of
the original sources. Detailed references to each study’s IRB are included where available.
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Could this dataset expose individuals to harm?
No patient identifiers (name, address, etc.) exist in SMCC40M. Users are strictly forbidden from
attempting re-identification or reverse engineering of personal data.

Sensitive or offensive content?

The resource concerns histology and molecular measurements. Source-backed sample attributes
may include age, sex, disease, and tissue preparation; missing or conflicting metadata are marked
explicitly.

Social bias or fairness concerns?

Demographics (e.g., age, gender) are only reported if originally included by the source. Uneven tissue
and demographic coverage can bias evaluation; the context-stratified example does not establish
performance for a population.

Licensing fees or restrictions?
Source-specific access and reuse conditions apply. Repository availability does not replace upstream
permissions or permit unrestricted redistribution.

Future updates or obsolescence?
If the dataset is ever discontinued, we will note this in the GitHub README. We encourage the
community to mirror or fork the repository for long-term availability.

Benchmark scores should not be interpreted as uniformly representative across all biological domains.
Organ, species, and platform coverage are deliberately broad but highly uneven, and demographic
metadata are sparse for many public studies. The benchmark is therefore best understood as a
reproducible stress test for multimodal pathology models, not as a clinically calibrated estimate of
performance for any individual population.

F Author Statement

The authors of this paper bear all responsibility in case of violation of rights associated with the
sMCC40M dataset.
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NeurlIPS Paper Checklist

1.

Claims.

Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope?

Answer: Yes.

Justification: The abstract and Introduction state the paper’s scope as a context-aware, cell-
aligned spatial-transcriptomics resource and benchmark for image-to-single-cell gene-expression
prediction. The claims are supported by the release manifest, dataset construction, quality-control
analyses, single-cell alignment protocol, encoder benchmarking, CONCH-ridge within- and
cross-acquisition evaluation, and context-stratified ovarian analysis.

Limitations.
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: Yes.

Justification: The paper states that robust histology-to-gene generalization remains limited by
biological context, platform shift, patient shift, organ coverage, and cellular-resolution alignment
quality. Acquisition holdouts and the context-stratified ovarian example do not establish donor
independence or a causal effect of age. The release is presented as a research benchmark, not as a
clinical prediction system.

. Theory assumptions and proofs.

Question: For each theoretical result, does the paper provide the full set of assumptions and a
complete proof?

Answer: N/A.

Justification: The paper does not make theoretical theorem or proof claims. The mathematical
and algorithmic content defines data alignment, cell-centered histology records, benchmark splits,
model inputs, training objectives, and evaluation metrics.

Experimental result reproducibility.

Question: Does the paper fully disclose the information needed to reproduce the main experimental
results to the extent that it affects the main claims and conclusions?

Answer: Yes.

Justification: The paper and appendix describe the standardized datasets, cell-alignment procedure,
train/validation/test split definitions, organ-level benchmark coverage, target gene construction,
shared-gene filtering, baseline methods, random seed, metrics, and evaluation protocols. The cur-
rent benchmark covers 23 reporting categories and 34 HD acquisition holdouts in ten organ/species
strata; public fold plans and repository documentation identify the required data-side inputs.

Open access to data and code.

Question: Does the paper provide open access to the data and code, with sufficient instructions to
reproduce the main experimental results?

Answer: Yes.

Justification: Section 5 links to the public processed acquisitions, frozen benchmark inputs, and
code. The dataset card gives sample download commands, and the benchmark guide documents
evaluation and access to external encoder weights.

. Experimental setting and details.

Question: Does the paper specify all training and test details necessary to understand the results?
Answer: Yes.

Justification: The paper specifies the image-to-single-cell gene-expression prediction task, within-
and cross-acquisition regimes, sample identities, spatial folds and buffers, acquisition holdouts,
training-selected gene sets, and reported gene-wise and cell-wise metrics.

. Experiment statistical significance.

Question: Does the paper report error bars or other appropriate information about statistical
significance?
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10.

11.

12.

13.

Answer: No.

Justification: Section C.2 reports approximate marginal 95% spatial-block bootstrap intervals for
the expanded HD CONCH-ridge experiment and all three controls, with explicit resampling units,
species stratification, support flags, and conditional scope. Arabidopsis and the 18-category macro
do not receive formal intervals because of insufficient spatial support. The answer remains No
because uncertainty is not systematically quantified for all main-text experiments and downstream
examples; the new HD intervals do not establish uncertainty or significance for those experiments.

. Experiments compute resources.

Question: For each experiment, does the paper provide sufficient information on compute resources
needed to reproduce the experiments?

Answer: No.

Justification: The paper provides data construction details, benchmark splits, model settings, and
reproduction scripts, but it does not fully itemize hardware, memory usage, wall-clock runtime, or
storage requirements for every reported experiment. Exact runtime will depend on local GPU,
CPU, memory, storage, and I/O configuration.

. Code of ethics.

Question: Does the research conform to the NeurIPS Code of Ethics?
Answer: Yes.

Justification: The work uses existing public or externally sourced research datasets and does
not involve new participant recruitment, human-subject intervention, clinical deployment, or
personally identifiable private information. The model and benchmark are presented for research
evaluation of spatial-transcriptomics prediction, not for diagnosis, treatment selection, or clinical
decision-making.

Broader impacts.
Question: Does the paper discuss potential positive and negative societal impacts of the work?
Answer: Yes.

Justification: The paper motivates positive impact through scalable single-cell spatial-
transcriptomics benchmarking, improved evaluation of histology-to-gene models, and reusable
cell-aligned data assets. It also identifies negative or misuse risks: benchmark performance may
not imply clinical robustness, cross-patient and cross-platform generalization remains difficult, and
predictions should not be used for medical or therapeutic decisions without additional biological,
clinical, and regulatory validation.

Safeguards.

Question: Does the paper describe safeguards for responsible release of high-risk models or
datasets?

Answer: N/A.

Justification: The paper does not release a high-risk generative model, clinical decision system,
human-facing model, or private scraped dataset. The released assets are research code, release
manifests, cell-aligned derived artifacts, benchmark splits, and configuration files constructed
from public or externally sourced biological datasets. Upstream access and redistribution are
governed by the original data-source terms.

Licenses for existing assets.

Question: Are creators or original owners of used assets properly credited, and are license and
terms of use respected?

Answer: Yes.

Justification: The paper cites upstream spatial-transcriptomics datasets, 10x Genomics example
datasets, pathology and spatial-analysis resources, and external baseline methods. Raw upstream
biological samples are not claimed as new assets. The released manifests and benchmark artifacts
document provenance and are intended to respect original data licenses and redistribution terms.

New assets.
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14.

15.

16.

Question: Are new assets introduced in the paper well documented and provided alongside the
assets?

Answer: Yes.

Justification: The paper introduces sSMCC40M, a standardized cell-aligned multimodal resource
comprising 38.53 million cell/nucleus observations; release manifests; benchmark splits; configura-
tion files; and evaluation scripts. The documentation describes the standardized biological datasets,
aligned-cell records, platform-specific files, organ-level benchmark coverage, split construction,
target details, and derived benchmark packages.

Crowdsourcing and research with human subjects.

Question: For crowdsourcing experiments and research with human subjects, does the paper
include participant instructions, screenshots, and compensation details?

Answer: N/A.

Justification: This work does not involve crowdsourcing, user studies, human annotation labor,
participant recruitment, or compensation of human subjects.

Institutional review board approvals or equivalent for research with human subjects.
Question: Does the paper describe participant risks and IRB approvals, if applicable?
Answer: N/A.

Justification: The study analyzes existing public or externally sourced research datasets and
does not collect new human-subject data, recruit participants, intervene on participants, or use
identifiable private participant information. IRB review is therefore not applicable to the work
reported in this paper.

Declaration of LLM usage.

Question: Does the paper describe the usage of LLMs if it is an important, original, or non-standard
component of the core methods?

Answer: N/A.

Justification: LLMs are not an important, original, or non-standard component of the core method,
dataset construction, benchmark definition, model training, or scientific claims in this research.
The work is based on spatial transcriptomics, histology-image encoders, cell-level alignment,
benchmark construction, and image-to-gene prediction evaluation.
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