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Abstract. Imaging-based spatial transcriptomics provides single-cell resolution but is
restricted to targeted gene panels, leaving most transcriptional variation unexplored.
Existing imputation approaches often rely on latent-space alignment, which can dis-
tort biological structure and capture limited within-type heterogeneity. We present
BRIDGE, an interpretable framework that expands panel-limited spatial transcripto-
mics to transcriptome-level resolution through anchor-guided linear calibration and
multi-scale neighborhood-based prediction. BRIDGE learns a global calibration ma-
trix that directly adjusts shared-gene expression between technologies and provides
explicit gene-level interpretability. Using the calibrated reference, BRIDGE predicts
unmeasured genes by integrating multi-scale local neighborhoods to achieve both ac-
curacy and robustness. Across seven datasets from CosMx, MERFISH, Xenium and
multiple tissues and species, BRIDGE exceeds or matches existing methods on gene-
level and cell-level accuracy. The calibration matrix offers clear biological interpreta-
tion, and the completed transcriptomes recover fine-scale spatial patterns such as corti-
cal lamination and support refined characterization of cell-state heterogeneity, includ-
ing B-cell states and Stromal subtypes in human breast cancer. BRIDGE provides a ro-
bust and interpretable solution for extending imaging-based spatial transcriptomics to
transcriptome-scale analysis and enables deeper investigation of microenvironment-
dependent cellular programs.
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1 Introduction

Spatial transcriptomics (ST) technologies integrate gene expression profiling with spa-
tial localization, enabling systematic analysis of tissue architecture and cellular organi-
zation [32,39]. Current ST platforms fall into sequencing-based and imaging-based cate-
gories. Sequencing-based approaches such as ST [50], 10x Visium, and Slide-seq [51] pro-
vide relatively unbiased transcriptome-wide coverage from spatially barcoded regions
but typically operate at lower spatial resolution and may suffer from RNA diffusion
and spot mixing. Imaging-based methods, including MERFISH [10], seqFISH [15], Xe-
nium [26], and CosMx [24], use iterative fluorescent imaging with barcoded probes to
reach single-cell or subcellular resolution and capture transcript distributions within in-
tact tissues.

Although imaging-based technologies provide high spatial precision, their multiplex-
ing capacity is limited by technical and cost constraints. The gene panels used in these
assays are typically derived from single-cell RNA sequencing (scRNA-seq) marker sets
and therefore cover only a fraction of the transcriptome [12,75]. As a result, many spa-
tially regulated programs and fine-grained cellular states cannot be directly observed,
creating a need for computational methods that accurately impute unmeasured genes
and expand the biological insights obtainable from imaging-based ST [13,29,39,73].

Most existing imputation methods follow a two-stage framework. In the first stage,
spatial data and single-cell references are projected into a shared latent space to identify
transcriptionally similar cells [2,11,23,33]. In the second stage, expression values for un-
measured genes are estimated by aggregating reference profiles using similarity-based
weights. This strategy is effective for recovering broad cell-type identities, but it also
introduces several intrinsic limitations. Projection into a latent space can distort local
neighborhood structure by altering distances among cells. As a result, biologically dis-
tinct cells may appear similar, obscuring within-type variability. Cross-modal alignment
may further mix signals from different technologies, reducing the biological plausibil-
ity of the inferred neighbors. In addition, most approaches offer limited interpretability
and do not clearly distinguish genuine biological signals from alignment-induced arti-
facts [35]. Together, these issues reflect a structural trade-off in latent-space alignment,
where empirical matching accuracy is often achieved at the cost of preserving biologi-
cal geometry and gene-level interpretability. These limitations can hinder accurate gene
imputation and complicate downstream analyses.

To address these limitations, we introduce BRIDGE, an interpretable imputation
framework that reframes spatial gene prediction as a structure-preserving cross-modal
calibration problem. Rather than relying on latent-space alignment, BRIDGE performs
anchor-guided linear alignment directly in gene-expression space, explicitly preserving
local expression geometry while yielding an interpretable gene-gene calibration matrix.
After calibration, unmeasured genes are predicted by aggregating reference profiles us-
ing neighborhood weights that preserve local expression patterns. By decoupling cross-
modal calibration from latent embedding and performing prediction on a geometry-
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preserving representation, BRIDGE mitigates latent distortion, reduces cross-modality
mixing, and improves interpretability compared with existing approaches. Across di-
verse technologies, species, and tissues, BRIDGE surpasses or matches five state-of-the-
art methods on both gene-level and cell-level metrics. Applications to MERFISH mouse
primary motor cortex and Xenium human breast cancer datasets further demonstrate that
the method recovers spatially coherent expression programs and refines cellular subtype
structure, underscoring its ability to deepen biological insight from panel-limited spatial
assays.

2 Methods

2.1 Overview of BRIDGE

BRIDGE is an interpretable computational framework designed to expand imaging-based
spatial transcriptomics from targeted gene panels to transcriptome-level resolution by
leveraging a matched scRNA-seq reference, while explicitly preserving gene-expression
geometry during cross-modal calibration. The framework integrates two key compo-
nents: an anchor-guided linear calibration performed directly in gene-expression space,
and a multi-scale neighborhood-based imputation strategy. Together, these modules
yield an explicit gene-gene calibration matrix and biologically grounded reference neigh-
borhoods that reveal how information is transferred across modalities.

Given a spatial transcriptomics dataset measured on a restricted gene panel and
a matched scRNA-seq reference (Fig. 1), BRIDGE proceeds in three stages. First, the
reference is lightly denoised to reduce dropout and stabilize downstream alignment and
prediction. Second, biologically meaningful anchor pairs linking spatial and reference
cells are identified, and a global nonnegative calibration matrix is learned to linearly align
expression across shared genes. Third, using the calibrated reference manifold, BRIDGE
imputes unmeasured genes through multi-scale k-nearest neighbor regression, combin-
ing predictions across multiple neighborhood sizes to obtain a robust and interpretable
transcriptome for each spatial cell. This three-stage design maintains biological structure
during cross-modal calibration, mitigates distortions common to latent-space alignment,
and produces interpretable calibration weights, enabling downstream analyses such as
spatial program discovery and fine-grained subtype characterization.

Conceptually, anchor-guided calibration in BRIDGE differs fundamentally from
latent-space alignment approaches. Latent-space methods typically project reference and
query data into a shared low-dimensional embedding space, where alighment is achieved
implicitly by optimizing distances, batch-mixing objectives, or reconstruction losses.
While effective for certain applications, such transformations obscure gene-level corre-
spondences and make it difficult to trace how individual genes are adjusted during align-
ment.

In contrast, BRIDGE performs calibration directly in the original gene-expression
space using anchor pairs as sparse but informative cross-modality correspondences.
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Figure 1. Overview of the BRIDGE framework for transcriptome-scale completion of imaging-based spatial
transcriptomics. BRIDGE expands panel-limited spatial transcriptomics by leveraging a matched scRNA-seq
reference through a structure-preserving, three-stage workflow. The process begins with the gene-expression
matrices from a spatial query dataset and a scRNA-seq reference, which serve as the inputs for the subsequent
stages. (a) The scRNA-seq reference is lightly denoised to reduce dropout and stabilize downstream calibration
and prediction. (b) Biologically meaningful anchor pairs between reference and spatial cells are identified, and
a global, nonnegative gene-gene calibration matrix is learned to linearly align shared-gene expression directly in
gene-expression space, preserving intrinsic biological geometry while avoiding under- or over-alignment. (c) Using
the calibrated reference manifold, unmeasured genes are predicted for each spatial cell via multi-scale k-nearest
neighbor aggregation across multiple neighborhood sizes, yielding robust and interpretable transcriptome-scale
predictions. Together, these steps decouple global cross-modal calibration from local neighborhood-based pre-
diction, enabling accurate and biologically interpretable spatial gene completion and downstream analyses such
as spatial program discovery and fine-grained subtype characterization.

These anchors are used to estimate a global, gene-to-gene calibration matrix that linearly
transforms reference expression profiles toward the spatial domain on shared genes, serv-
ing as sparse constraints for learning a global calibration rather than mediating direct ex-
pression transfer between individual cell pairs. This design preserves the original data di-
mensionality, yields an explicit and nonnegative mapping that can be directly inspected,
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and enables transparent interpretation of gene-wise adjustment patterns. By avoiding re-
liance on latent representations, BRIDGE maintains interpretable gene-level relationships
while still achieving robust alignment between reference and spatial datasets.

2.1.1 Reference expression denoising

Dropout and technical noise in the scRNA-seq reference can obscure true transcriptional
signals and affect operations that rely on gene-wise expression levels, including estima-
tion of the global calibration matrix and downstream k-NN prediction. To mitigate these
effects while preserving the intrinsic structure of the reference manifold, BRIDGE applies
MAGIC [58] to smooth dropout-affected expression through graph-based local averag-
ing in gene-expression space. MAGIC is used here in a conservative manner to stabilize
reference expression under sparsity, rather than to reconstruct fine-scale gene-gene corre-
lations or impose strong assumptions on expression structure. Specifically, we use a min-
imal diffusion setting (diffusion time t =1) to limit smoothing to immediate local neigh-
borhoods and avoid over-smoothing. This results in a more coherent and biologically
consistent representation of the reference transcriptome that supports robust calibration
and prediction.

Let the preprocessed reference expression matrix be X € R(Ce+G)*Nr and let Xmooth
denote the MAGIC-smoothed matrix. Here, N, is the number of reference cells, G, is the
set of genes shared with the spatial dataset, and G, denotes reference-unique genes. To
balance fidelity to the original measurements with the benefits of smoothing, BRIDGE
forms a weighted combination

X=aX+(1—a)Xsmooth 2.1)

with & =0.5. This value serves as a balanced default that moderates the influence of im-
puted signals and is not critical to model performance, as demonstrated by sensitivity
analyses across a range of a values (Supplementary materials [76]). The resulting rep-
resentation reduces random dropout while preserving cell-type-resolving variation. For
notational simplicity, we use X to denote X in the subsequent sections.

Although MAGIC is adopted as the default denoising strategy for its simplicity and
computational efficiency, reference denoising in BRIDGE is not method-specific. In prin-
ciple, alternative denoising approaches such as ALRA [30] or SAVER [25] can be read-
ily incorporated without altering the global calibration or multi-scale prediction mecha-
nisms.

2.1.2 Anchor identification and global calibration

To relate spatial cells to transcriptionally similar reference cells, BRIDGE first identifies
cross-dataset anchors between the scRNA-seq reference and the spatial query. Anchor de-
tection is performed using Seurat’s FindIntegrationAnchors function [23] with default
parameters. Because MAGIC operates on preprocessed expression data while Seurat re-
lies on raw counts for anchor discovery, we provide Seurat with the original raw count
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matrices. This preserves compatibility with Seurat’s integration model and ensures that
anchor identification is driven by native expression signals, whereas the denoised refer-
ence representation is reserved for calibration and prediction.

Seurat returns a set of anchor pairs P = {(ri,qi)}f.i’l, where (7;,4;) indexes the i-th
matched reference-query pair and N, is the total number of anchors. These anchors
capture biologically meaningful correspondences and provide sparse, local constraints
describing how shared-gene expression should relate across modalities.

Although anchors encode reliable cross-dataset matches, they cover only a fraction
of all cell pairs and do not provide a global mapping between technologies. Relying
solely on anchors for transfer can amplify noise in individual matches and fails to pro-
vide a gene-level description of how expression scales or recombines across platforms.
BRIDGE addresses this limitation by using the anchor set P as supervision to learn
a global gene-gene calibration matrix that linearly aligns the reference and query datasets
on their shared genes.

The use of a single global linear calibration matrix is motivated by the observation
that a substantial portion of the systematic discrepancies between imaging-based spatial
transcriptomics and scRNA-seq can be attributed to technology-level effects, which tend
to act consistently across cells. Under this assumption, a linear transformation provides
an identifiable and interpretable mechanism for correcting cross-modality bias on shared
genes, while avoiding overfitting to cell-specific noise. Importantly, the calibration matrix
is not intended to model fine-grained biological heterogeneity across cells, but rather to
remove systematic technology-driven variation so that reference and spatial expression
profiles become comparable in the original gene-expression space.

Let X(¢) ¢ RG*Nr denote the reference expression matrix restricted to common genes,
and let Y € R%>*Ns denote the corresponding query expression matrix. BRIDGE learns
a nonnegative calibration matrix A € R¢*C¢ such that transformed reference profiles
AX (%) align with query profiles on the anchor pairs. The optimization objective is

. 2

H}in Z H AX(%) _qul‘ ‘2

(riq:)€P (2.2)
subjectto A >0.

Here, A acts as a global calibration operator whose entries quantify how expression of
one gene in the reference is linearly reweighted by others to match the query. The ele-
mentwise nonnegativity constraint prevents implausible negative coefficients and yields
biologically interpretable additive transformations.

For compactness, define binary matrices D; € {0,1}N~*Ne and D, € {0,1}No*Ne, whose
i-th columns encode the locations of r; and g; respectively. The objective then becomes
a Frobenius-norm least squares problem

min||AX)D; — YDy |2
A (2.3)
subjectto A >0.
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We optimize Eq. (2.3) using a projected first-order method. For

F(A)=||AXOD;~YD, |3,

each update takes the form

AFD = TAB T F(AW))] (2.4)

+I

where [-]1 denotes elementwise projection onto the nonnegative orthant. We adopt
Adam with a base learning rate of 1073 for step-size adaptation, and apply the projec-
tion after each update. Optimization terminates when the relative change

(k+1) _ A (k)
A - ABY
max(l,HA(k) Hp)

is satisfied or when 2,000 iterations are reached.
Upon convergence, we obtain the calibration matrix A. Applying A to the common-
gene reference matrix yields the calibrated representation

X =Ax0, (2.5)

which generalizes the anchor-derived constraints across all reference cells. This globally
calibrated reference manifold forms the basis for BRIDGE’s subsequent neighborhood-
based imputation of unmeasured genes.

2.1.3 Multi-scale k-NN gene prediction

After global calibration removes technology-level bias, cell-level biological variation is
recovered through neighborhood-based prediction. The multi-scale k-NN aggregation
operates on the calibrated expression manifold and leverages local similarity structure to
capture fine-grained heterogeneity that cannot be represented by a global linear transfor-
mation alone.

Given the calibrated reference matrix X(¢), BRIDGE predicts unmeasured gene ex-
pression in the spatial dataset through neighborhood-based regression in the common-
gene space. A single fixed choice of neighborhood size k corresponds to a fixed bias-
variance tradeoff. Small k preserves fine-grained local structure but can exhibit high vari-
ance due to noise, whereas large k reduces variance at the cost of increased bias by over-
smoothing biological heterogeneity. Rather than committing to a single operating point
on this tradeoff, BRIDGE adopts a multi-scale k-NN strategy that aggregates predictions
across multiple neighborhood sizes, thereby implicitly balancing bias and variance in
a data-adaptive manner and reducing sensitivity to the choice of k.

Specifically, BRIDGE uses a set of neighborhood sizes K = {10,20,30,40,50}, produc-
ing a collection of base regressors that reflect different levels of local smoothness. For each
k€ K, BRIDGE computes query-reference distances in the common-gene space and per-
forms similarity-weighted k-NN regression.
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For each query cell j and reference cell 7, the Euclidean distance is

Gc
d(j,i)= J Y (Y[Lj]-X©[Li])?, (2.6)

I=1

where Y[, ] and X(°)[1,i] denote the expression levels of gene [ in the query and calibrated
reference, respectively. For scale k, BRIDGE identifies the k nearest reference neighbors of
cell j, denoted Ny(j), and constructs a sparse similarity matrix Wy € RNo*Nr with nonzero
entries 1
. —=, if 1€N(f),
Wilj i) =< d(j.7) J 2.7)
0, otherwise.

The corresponding base prediction Y, ; € RG**Ne for unmeasured genes is obtained by
similarity-weighted averaging

Y Wi [ X[
Yo Wielj ]

where X is the reference-unique gene expression matrix.

To combine predictions across scales, BRIDGE assigns each k a cell-specific reliability
weight. For query cell j, the squared Pearson correlation between the predicted and
observed common-gene expression provides a measure of reconstruction fidelity

Wk []] = COI‘2 (?c,k[:lj]l Y[']] ) ’

where Y, denotes the base prediction for the common genes at scale k. Higher wy[f]
indicates that the neighborhood size k better reflects the transcriptomic structure around
cell j. The final prediction integrates the multi-scale estimates using these weights
> o Y wi[)Yux[l]]
Y fnalll'j] = - . (2.9)
wtna (] Lrexwilf]

By adaptively aggregating predictions across neighborhood scales, BRIDGE achieves
robust and accurate imputation of unmeasured genes while avoiding dependence on
an arbitrarily chosen neighborhood size. This multi-scale formulation preserves fine-
grained structure where supported by the data while maintaining stability in sparser
regions of the transcriptome.

?ll,k [1,1]] -

(2.8)

2.2 Benchmarking and evaluation metrics

We benchmark BRIDGE against five state-of-the-art methods for spatial gene expression
imputation: stPlus [11], SpaGE [2], Seurat [23], gimVI [33], and Tangram [5]. All meth-
ods are run with their default hyperparameters, and data preprocessing (including nor-
malization and scaling) follows the procedures implemented in each method’s official
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code. Because gimVI and Tangram output expression values on the raw count scale,
whereas the other methods produce library size-normalized and log-transformed values,
we rescale the predictions of gimVI and Tangram using the true median library size and
apply a loglp transformation to ensure comparability across methods.

Performance is evaluated on spatially measured genes through fivefold cross-vali-
dation. The common genes shared between the spatial and scRNA-seq datasets are par-
titioned into five disjoint subsets. In each fold, one subset is held out for evaluation,
and the remaining subsets are used for training the imputation model. This process is
repeated across all folds such that every gene is predicted exactly once.

We quantify imputation accuracy using four complementary metrics computed at
both the gene and cell levels: Pearson correlation coefficient (PCC), structural similarity
index measure (SSIM), root mean square error (RMSE), and Jensen-Shannon divergence
(JSD). Higher PCC and SSIM indicate stronger linear and structural agreement between
measured and predicted expression, while lower RMSE and JSD reflect smaller magni-
tude and distributional discrepancies.

To summarize overall performance, we compute an aggregated accuracy score (AS)
defined as the mean rank of each method across the four metrics

1
AS = (RANKpcc +RANKssiv +RANKgyise + RANKjsp),

where RANK(, denotes the ranking position of each method under the respective metric.
A larger AS corresponds to better overall performance.

Beyond global summary metrics, we also compute an accuracy ratio (AR) to compare
BRIDGE with each competing method at the level of individual genes or cells. For any
metric m, the AR is defined as

_ |{i:m;(BRIDGE) >m;(comp) }|
AR(m) = T (BRIDGE) < my(comp) 1|’

where i indexes units (genes or cells) and m;(-) is the metric value for that unit. For
metrics minimized by optimal performance (e.g. RMSE and JSD), the inequalities are in-
verted equivalently by taking reciprocals. An AR>1 indicates that BRIDGE outperforms
the comparator on a larger proportion of units. Statistical significance is assessed using
a paired Wilcoxon signed-rank test across genes or cells.

In addition, we evaluate the performance of different models in terms of alignment
quality and geometric manifold preservation. For alignment, we compute k-nearest
neighbor batch effect test (kBET) [7] and graph connectivity [34], which assess batch mix-
ing in the embedding and the extent to which biologically similar cells remain connected
after alignment, respectively. For geometric manifold preservation, we use k-NN preser-
vation, trustworthiness, and continuity [61], which quantify the overlap of local neigh-
borhoods and the fidelity of the embedding in retaining true neighbors while avoiding
spurious ones. Higher values of these metrics indicate better performance in alignment
and preservation of local structure. These metrics together provide a comprehensive
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evaluation of both dataset integration and geometric structure preservation in the learned
embeddings.

2.3 Calibration interpretability analysis

The calibration matrix A € R%*% learned by BRIDGE serves not only as the global oper-
ator aligning reference and query expression on shared genes, but also as an interpretable
representation of how gene-gene relations differ between modalities. Each row of A cor-
responds to a target gene whose expression is calibrated, and each column captures the
contribution of a source gene in forming its aligned expression profile. The nonnegativ-
ity constraint A >0 ensures additive and biologically plausible transformations, avoiding
negative coefficients that would imply implausible inhibitory effects at the level of cross-
technology calibration.

To summarize the magnitude of calibration applied to each gene, we compute a row-
wise aggregation index

Rg=) Ag), (2.10)
]

which reflects the total scaling and redistribution required to align gene g between the ref-
erence and spatial datasets. Empirically, larger R, values correspond to stronger upscal-
ing adjustments needed to match the query distribution, whereas smaller values indicate
milder calibration, often consistent with downscaling or minimal cross-modal discrep-
ancy.

We assessed calibration interpretability using the MERFISH mouse primary motor
cortex and human heart datasets, focusing on the first cross-validation fold as a repre-
sentative run. In each dataset, BRIDGE was trained to estimate A using anchors derived
from shared genes, after which we visualized the distribution of R, across genes. The re-
sulting profiles revealed substantial gene-specific heterogeneity in calibration magnitude,
reflecting differences in how individual genes shift across technologies and highlighting
the interpretability afforded by BRIDGE's explicit linear calibration model.

2.4 Spatial gene-expression pattern analysis of MERFISH mouse primary
motor cortex (MOp) data

We analyzed measured and BRIDGE-predicted expression profiles to characterize spatial
gene-expression patterns in the MERFISH mouse primary motor cortex, following estab-
lished approaches [42,64]. From the predicted expression matrix, we selected the top
5,000 highly variable genes (HVGs) for downstream analysis.

We first constructed reference spatial patterns using the measured genes. For each
predicted gene, we quantified its spatial similarity to these reference patterns and clus-
tered genes based on these similarity profiles, yielding pattern groups that jointly capture
measured and predicted spatial structures. Representative predicted genes from each
group were visualized to examine spatial coherence. To assess structural consistency, we
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compared the predicted spatial maps with in situ hybridization (ISH) and Expression
images from the Allen Brain Atlas [28], and evaluated co-localization with annotated cell
types.

Predicted genes that did not match any reference pattern were further analyzed
through unsupervised clustering to identify additional spatial pattern groups. For each
newly identified group, we repeated spatial visualization, Allen Brain Atlas compari-
son, and cell-type co-localization analysis. Lastly, we performed gene ontology (GO)
enrichment using the clusterProfiler R package [69] on the gene sets in each group to
contextualize their putative biological functions.

2.5 Cell subtype analysis of Xenium human breast cancer data

To resolve within-type heterogeneity in the Xenium human breast cancer dataset, we first
combined the measured and BRIDGE-predicted expression matrices to obtain whole-
transcriptome profiles and rescaled these values to match the scale of the reference data.
Expression for the target cell type was then extracted, and the top 3,000 HVGs were se-
lected to enhance subtype resolution. Using these HVGs, we applied Leiden clustering
with the scanpy [63] implementation, setting the resolution parameter to 0.1 to identify
fine-grained substructures within the target population.

Differentially expressed genes (DEGs) for each subtype were identified using scanpy’s
rank genes_groups function with an adjusted p-value threshold of p,q; <0.01. For Stro-
mal cells, we required a log fold change (logFC) greater than 1.5, and for B cells a thresh-
old of logFC greater than 3, ensuring that selected DEGs exhibited strong subtype-specific
upregulation.

Functional characterization of each subtype was performed by GO enrichment anal-
ysis on the subtype-specific DEGs using the clusterProfiler R package. To evaluate
spatial organization, we mapped the spatial coordinates of all cells and computed the
composition of neighboring cell types within a 100 ym radius of each cell. Differences in
neighborhood composition across subtypes were assessed using two-sample -tests with
multiple-testing correction.

These analyses jointly evaluated the molecular and spatial distinctions between sub-
types, providing functional context for subtype-specific DEGs and supporting the ac-
curacy of BRIDGE-generated transcriptome predictions. To harmonize annotations and
treat proliferation as a continuous attribute rather than a distinct class, we merged the
Xenium labels Invasive Tumor and Prolif Invasive Tumor into a single Invasive Tumor
category.

2.6 Ablation and sensitivity analysis

We performed a set of ablation and sensitivity analyses to evaluate the robustness of
BRIDGE with respect to anchor quality and model parameterization. Detailed quantita-
tive results are provided in the Supplementary materials.
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We first examined the sensitivity of BRIDGE to imperfect or noisy anchors by perturb-
ing the anchor set identified by Seurat. Specifically, we randomly removed or injected
a small fraction of anchor pairs and evaluated the impact on downstream prediction.
Across all perturbation settings, BRIDGE maintained stable performance with only mi-
nor fluctuations observed across evaluation metrics. This stability reflects the fact that
anchors are used as sparse constraints for learning a global calibration matrix, rather
than as direct carriers of expression transfer.

We further assessed the sensitivity of BRIDGE to reference denoising and model pa-
rameters by varying the strength of MAGIC-based denoising and comparing it with al-
ternative strategies, and a no-denoising baseline. Across these settings, the learned cal-
ibration matrices remained highly consistent and downstream prediction performance
varied smoothly, indicating that BRIDGE is robust to reasonable choices of denoising
strength and parameter settings.

Together, these analyses demonstrate that BRIDGE yields stable calibration and pre-
diction results under variations in anchor quality and model parameterization.

2.7 Datasets

We benchmarked BRIDGE across seven spatial transcriptomics datasets spanning three
technologies (MERFISH, Xenium, and CosMXx), multiple species, and diverse tissue con-
texts. Each spatial dataset was paired with a matched scRNA-seq reference generated
from the same or a closely related tissue. A summary of all spatial datasets and their
corresponding references is provided in Table 1.

The CosMx mouse brain dataset was obtained from NanoString (https://nanostring.
com/products/cosmx-spatial-molecular-imager/ffpe-dataset/cosmx-smi-mouse-
brain-ffpe-dataset/), and its matched reference is described in [67]. The MERFISH
mouse POA dataset was downloaded from Dryad (https://datadryad.org/stash/

Table 1: Summary of the benchmarking datasets used in this study.

Data pair Spatial data scRNA-seq data

Species Tissue # of cells | # of genes | Technology | # of cells | # of genes Technology
Mouse | brain 48,180 927 CosMx 73,347 41,555 SMART-5eq v4
Mouse | POA 23,068 154 MERFISH | 31,299 20,339 10x Chromium
Human | heart 72,962 238 MERFISH 22,804 22,678 10x Chromium v2
Human | healthy kidney | 97,511 362 Xenium 33,690 17,816 scFFPE-seq
Human | PRCC 56,504 339 Xenium 11,949 21,613 10x Chromium v3
Mouse | MOp 4,408 251 MERFISH | 26,714 25,683 | 10x Chromium v3
Human | breast cancer 159,226 306 Xenium 27,460 16,938 scFFPE-seq

Note: POA, hypothalamic preoptic region; MOp, primary motor cortex; PRCC, papillary renal cell
carcinoma.
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dataset/doi:10.5061/dryad.8t8s248), with its scRNA-seq reference available under
GEO accession GSE113576 [43]. The MERFISH human heart dataset and its matched

reference were obtained from [18]. Human healthy kidney and PRCC Xenium datasets

were downloaded from https://www.10xgenomics.com/cn/datasets/human-kidney-
preview-data-xenium-human-multi-tissue-and-cancer-panel-1-standard. The heal-
thy kidney reference dataset is available at https: //www. 10xgenomics.com/cn/datasets
/320k_scFFPE_16-plex_GEM-X_FLEX, and the PRCC reference can be accessed under GEO

accession GSE152938 [52]. The MERFISH mouse MOp dataset was downloaded from

https://doi.org/10.35077/g.21[72], and its matched scRNA-seq reference is available

from the NeMO archive (https://data.nemoarchive.org/biccn/lab/zeng/
transcriptome/scell/10x_v3/mouse/processed/analysis/10X_cells_v3_AIBS/) [66].

The Xenium human breast cancer dataset and its reference dataset are described in [26].

Detailed preprocessing procedures for each dataset are described in the Supplementary
materials.

3 Results

3.1 BRIDGE achieves competitive and robust performance across diverse
datasets

To evaluate the predictive accuracy and generalizability of BRIDGE, we assembled seven
spatial transcriptomics datasets covering three technologies, multiple species, and di-
verse tissue contexts. We first benchmarked BRIDGE on two representative datasets,
CosMx mouse brain and MERFISH human heart, using fivefold cross-validation and
compared its performance against five state-of-the-art methods (stPlus [11], SpaGE [2],
Seurat [23], gimVI [33], and Tangram [5]). These analyses allowed us to assess model
behavior at both the gene- and cell-level and to examine its consistency across distinct
biological settings.

For the CosMx mouse brain dataset, fivefold cross-validation was performed on 927
shared genes between reference and query. At the gene-level, BRIDGE matched SpaGE
and outperformed the remaining methods across all evaluation metrics (Fig. 2(A), Sup-
plementary Figs. S1 and S2). At the cell-level, BRIDGE consistently achieved the highest
accuracy across multiple metrics (Supplementary Figs. S1 and S3). Combined gene- and
cell-level Accuracy Scores confirmed its overall superiority (Fig. 2(B)). Spatial visualiza-
tions for genes such as Pcp4, Kalrn, Rasgrf2, and Slc32al further illustrated BRIDGE’s
accurate reconstruction of regional expression patterns, with Pcp4 in the hippocampal
region serving as a representative example (Fig. 2(C) and Supplementary Fig. S4).

On the MERFISH human heart dataset, BRIDGE again demonstrated clear advan-
tages. At the gene-level, BRIDGE yielded higher PCC and SSIM and lower RMSE and
JSD compared with all baseline methods (Supplementary Figs. S5 and S6). Similar im-
provements were observed at the cell-level (Supplementary Figs. S5 and S7). Accuracy
ratios and Wilcoxon signed-rank tests further indicated significant improvements in PCC,
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Figure 2: Performance comparison between BRIDGE and five benchmarked methods via fivefold cross-validation.
(A) Gene-level performance across four metrics for the CosMx mouse brain dataset. (B) Gene- and cell-level
accuracy scores (AS) for the CosMx dataset. Higher values indicate better performance. (C) Spatial expression of
measured and predicted Pcp4 in the CosMx dataset across methods. (D) Summary of BRIDGE and comparator
performance across all seven datasets, including AS boxplots at the gene- and cell-level and an aggregate radar
plot. Each radar axis represents a dataset, with values corresponding to the sum of gene- and cell-level AS.

SSIM, and RMSE; although JSD differences were not statistically significant, BRIDGE still
achieved consistently higher AR values. Visualization of spatial expression patterns for
HCN4, FNDC1, BMP2, and COL9A2 reinforced BRIDGE’s strong performance (Supple-
mentary Fig. S8).

To assess broader generalization, we extended benchmarking to the remaining data-
sets (Supplementary Figs. $9-528). Across all datasets, BRIDGE delivered the highest
gene-level accuracy in most settings (Fig. 2(D)), reflecting precise per-gene reconstruc-
tion. At the cell-level, BRIDGE remained highly competitive, frequently ranking among
the top-performing methods across evaluation metrics and datasets (Fig. 2(D)). A global
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comparison summarized in a radar plot further highlighted BRIDGE'’s strong and stable
behavior across heterogeneous technologies and tissues. In contrast, several competing
methods, such as stPlus, showed pronounced dataset-dependent variability, performing
well on some datasets but noticeably worse on others.

Notably, the datasets included in this benchmark exhibit substantial heterogeneity in
data quality, with pronounced variation in cell-level sparsity and gene-level detection
rates across both reference and spatial measurements (Supplementary Fig. S29). These
metrics capture heterogeneity associated with dropout and incomplete gene detection
that are commonly encountered in imaging-based spatial transcriptomics. Despite this
variability, BRIDGE consistently achieves strong predictive performance across datasets,
indicating robustness to heterogeneous sparsity and data incompleteness in practice.

Together, these comprehensive evaluations demonstrate that BRIDGE achieves con-
sistently strong predictive accuracy at both the gene- and cell-level across a wide range
of spatial transcriptomics platforms and biological contexts. Its robustness, stability, and
cross-dataset generalizability establish BRIDGE as a reliable and effective framework for
transcriptome-scale completion in panel-limited spatial assays.

3.2 BRIDGE enables interpretable calibration and structure-preserving
integration

Interpretability is essential for models that transfer information across modalities, yet
many existing approaches rely on latent representations whose alignment cannot be trac-
ed back to gene-level effects [35]. To examine the interpretability of BRIDGE, we analyzed
its learned calibration matrix A on MERFISH mouse primary motor cortex and human
heart datasets.

On the MOp dataset, the row-sum index R =g revealed substantial gene-to-gene
variability in calibration magnitude (Fig. 3(A)). Four representative genes (Sulf2, Pcdh8,
Uncbd, Lyzl4) exhibited clear discrepancies between the original reference and query dis-
tributions, yet the calibrated reference aligned closely with the query following BRIDGE
transformation (Fig. 3(B)). Larger R, values corresponded to stronger up-scaling required
to match the query distribution, whereas smaller values reflected down-scaling. Quanti-
tatively, the per-gene mean expression shift (calibrated minus original reference) showed
a strong Spearman correlation with Ry (r=0.752, Fig. 3(C)), supporting R, as a reliable
gene-level indicator of calibration direction and intensity.

To assess whether calibration preserves biological manifold structure, we compared
low-dimensional embeddings before and after calibration, alongside four latent-space
alignment methods (stPlus, SpaGE, Seurat, and gimVI) (Fig. 3(D)). Tangram was ex-
cluded due to its mapping-rather-than-integration design. BRIDGE produced an inte-
grated embedding in which reference and query cells aligned while retaining the intrin-
sic geometry of the MOp manifold. In contrast, SpaGE and Seurat distorted rare popula-
tions, and gimVI collapsed multiple excitatory neuron subtypes into a compressed latent
trajectory, losing biologically meaningful distinctions.



16 B.-H. Si et al. / CSIAM Trans. Life Sci., x (2026), pp. 1-27

A B Lyzia Sulfz C
25 Reference Wl Query A
e Calibrated Reference
£ el o |
suir2 — | [ & 3 2. | (Wil ‘
B e H | f
5 5| f
7 a 2
e i |
g & | | 10
6 5 Ceinl L | :
i | Sulf2
5 " — =" Pcdh8
= Uncsd Pcdng £ 05 k.
s i 5
Pcdhs — » < v
i o
3 3, S 2 oo
f‘ 3 2
2 . Sooilin B
Unesd 5 1 o | o
1 o | b N
—Lyzla - Wil 1 H | Spearman r=0.752
A f Ll 4 p=1.02e-37
0 100 200 2 = — = — 0 3 1 & 3
¢ & 3 A& L & & of WP o
Index 39\ ARSI & & @é & FFSS S Ry
D Original i BRIDGE
8

FN1, Spearman r=0.935, p<1.00e-308
Reference F Reference Calibrated Reference

G C1QB, Spearman r=0.890, p=3.33e-252
Reference Calibrated Reference

3 l‘.l‘“‘
BEC ® Fibro @ P-RBC ® aCMm
® Endocardial e LEC e SMC ® ncCM
@ Epicardial @ Neuronal ® WBC e vCM Expression  low I high

Figure 3: Interpretable calibration in BRIDGE, illustrated on mouse primary motor cortex and human heart
datasets. (A) Sorted distribution of the row-sum index Ry on the MERFISH mouse MOp dataset, highlighting
four representative genes. (B) Gene expression distributions across major cell types for the reference, BRIDGE-
calibrated reference, and query datasets. (C) Relationship between the per-gene mean expression shift and Rg.
(D) UMAP visualizations of common-gene expression from the reference and query datasets before and after
BRIDGE calibration, compared with embeddings from four alignment-based methods. (E) UMAP of the human
heart reference before and after calibration. (F) FNI heatmaps on the reference UMAP before and after
calibration. (G) CI1QB expression within the WBC lineage before and after calibration.
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Analogous interpretability was observed in the human heart dataset. Four repre-
sentative genes (FN1, SPON2, C1QB, HHIP) showed strong agreement between gene-
wise mean expression shift and R, (Supplementary Fig. S30). UMAPs generated from
reference and calibrated expression preserved global structure (Fig. 3(E)). Heatmaps of
FNTI on a fixed reference UMAP exhibited high concordance before and after calibration
(r=10.935, Fig. 3(F)), and C1QB expression within the WBC lineage similarly retained
relative expression intensities (r = 0.890, Fig. 3(G)).

To complement these qualitative assessments, we further performed quantitative
evaluation using five complementary metrics. Manifold geometry preservation was as-
sessed using k-NN preservation, trustworthiness, and continuity, which quantify the
consistency of local and global neighborhood relationships before and after calibration.
In addition, cross-dataset alignment was evaluated using kBET and graph connectivity,
which measure the extent to which reference and query cells are coherently aligned in
the calibrated space. Across both the mouse MOp and human heart datasets, BRIDGE
consistently achieved strong performance across all five metrics, supporting its ability
to preserve intrinsic manifold geometry while maintaining accurate alignment between
reference and spatial datasets (Supplementary Fig. S31).

In summary, analyses on mouse cortex and human heart show that BRIDGE'’s calibra-
tion matrix A provides a transparent gene-level readout. The row-sum index R, captures
both the magnitude and direction of calibration and exhibits strong correlations with
gene-wise shifts in mean expression. BRIDGE also preserves global manifold geometry,
as supported by both qualitative visualization and quantitative evaluation using comple-
mentary geometric and correspondence-based metrics. These characteristics are consis-
tent across tissues and species, demonstrating that BRIDGE supports interpretable and
structure-preserving integration. In practical applications, A and Rg serve as informative
diagnostics that reveal gene-level discrepancies between modalities, identify potential
panel imbalances, and guide downstream analyses. This combined behavior illustrates
that BRIDGE unifies predictive accuracy with biological interpretability.

3.3 BRIDGE reveals novel gene expression patterns in the mouse primary
motor cortex

Identifying spatial gene expression patterns is essential for understanding tissue organi-
zation and underlying biological processes [41,66]. In the brain, spatial gene signatures
inform regulatory programs and neuronal function [74], yet imaging-based spatial tran-
scriptomics measures only a small subset of genes, limiting comprehensive pattern dis-
covery. To overcome this limitation, we applied BRIDGE to the MERFISH MOp dataset,
which contains well-defined cortical layers that provide a strong anatomical scaffold.
BRIDGE predicted the expression of 25,432 unmeasured genes using 251 shared genes
between the reference and query datasets, enabling near-transcriptome-scale pattern dis-
covery.

We first examined the spatial organization of BRIDGE’s predictions. Many predicted
genes exhibited clear laminar architecture consistent with in situ hybridization and Ex-
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pression images from the Allen Brain Atlas [28] (Supplementary Fig. S32). Several well-
characterized markers were accurately reconstructed. For example, Ctgf and Tle4, mark-
ers of layers L6b and Léa [45], displayed layer-specific enrichment in both predicted and
reference images. Deptor, associated with L5/6 IT neurons [21], showed strong deep-
layer localization. Genes enriched in L2/3 IT neurons, including WfsI and Cpne6 [49],
were correctly localized to superficial layers. In addition, Noslap, a gene involved in
cortical development [8], displayed a spatial pattern consistent with its known biology.
These consistent observations indicate that BRIDGE reconstructs biologically meaningful
spatial landscapes far beyond the measured panel.

To systematically characterize spatial organization, we applied a graph-based co-
expression framework [42,64] to predicted profiles. Canonical spatial patterns were first
derived from measured genes. We then compared these references with the top 5,000
highly variable predicted genes, identifying four shared spatial patterns. Averaged spa-
tial profiles of measured and predicted genes showed strong agreement (Fig. 4(A), first
and second rows). Representative predicted genes within each pattern matched ISH and
Expression images from the Allen Brain Atlas (Fig. 4(A), third to fifth rows). The four
shared patterns also showed distinct co-localization with canonical cell types, including
three enriched in excitatory neurons and one associated with oligodendrocytes (Fig. 4(A),
bottom row). These results demonstrate that BRIDGE accurately recovers established
spatial gene-expression structures.

Beyond shared patterns, BRIDGE uncovered three spatial patterns not present in
the measured genes (Fig. 4(B)). Representative genes for each pattern were validated
using Allen Brain Atlas images, and biological relevance was assessed through spatial
co-localization and functional enrichment (Figs. 4(B), 4(C) and Supplementary Fig. S33).
Novel Pattern 1 was enriched in astrocytes (Astro), endothelial cells (Endo), perivascu-
lar macrophages (PVM), and vascular leptomeningeal cells (VLMC). Enriched GO terms
included endothelial and epithelial cell migration, vasculogenesis, actin filament orga-
nization, and extracellular matrix secretion, consistent with roles of vascular-associated
glia and Stromal cells in vascular development and tissue homeostasis [1, 17, 36, 44, 68,
70]. Novel Pattern 2 primarily co-localized with Astro and VLMC, which mediate vas-
cular maintenance and support neural development. VLMC are known contributors
to extracellular matrix organization, and astrocytes regulate neurogenesis and vascular
function [44, 55, 60]. Correspondingly, enriched functions included neural precursor
proliferation, neurogenesis, forebrain development, and adhesion. Novel Pattern 3 in-
volved microglia (Micro), Endo, PVM, and pericytes (Peri), with functional enrichment
related to antiviral defense and neuroinflammation. These findings align with docu-
mented roles of these cell types in immune modulation and vascular regulation [3, 16,
19,20,47,54].

In summary, concordance with in situ images, cell-type co-localization, and functional
enrichment demonstrates that BRIDGE not only recovers known spatial gene-expression
patterns but also reveals biologically interpretable structures that extend beyond the
scope of current imaging-based assays.
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Figure 4: Identification and analysis of gene expression patterns in the MOp dataset. (A) Shared spatial
patterns between measured and predicted genes. Top two rows show averaged measured and predicted patterns,
respectively. Rows three to five show representative predicted genes and their ISH and expression images from
the Allen Brain Atlas. The bottom row shows co-localizing cell types. (B) Three newly identified spatial patterns
unique to predicted genes, with representative genes validated using the Allen Brain Atlas and corresponding
cell-type co-localization. (C) GO enrichment analysis of genes in the newly identified patterns.

3.4 BRIDGE characterizes cellular subtypes in human breast cancer data

Characterizing cellular subtypes is fundamental for understanding tumor heterogeneity
and progression [31]. Spatial transcriptomics preserves tissue context for such analyses
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[14], but imaging-based assays measure only limited gene panels, constraining subtype
resolution and obscuring subtle transcriptional differences. Applying BRIDGE to the Xe-
nium human breast cancer dataset enabled transcriptome-scale reconstruction from 306
shared genes, yielding predictions for 16,632 unmeasured genes and supporting refined
analyses of cellular diversity and spatial organization in the tumor microenvironment.

Using the combined matrix of measured and BRIDGE-predicted genes, we gener-
ated a UMAP embedding of all cells and observed clear preservation of major cell types
(Fig. 5(A)). We next examined B cells to assess subtype diversity. Leiden clustering
identified two transcriptionally distinct B-cell subtypes that separated clearly in UMAP
space (Fig. 5(B)). Subtype 1 was broadly dispersed with local clusters, whereas subtype 2
formed compact aggregates across multiple regions (Fig. 5(C)). Twelve B-cell marker
genes supported this split, including six measured (TENT5C, MZB1, CD27, CD19,
MS4A1, BANK1) and six predicted (XBP1, IRF4, CD38, PAX5, BLK, CD22). Known func-
tions of these genes further supported the distinction: MS4A1 marks mature B cells [40],
CD27 marks memory B cells [59], XBP1 regulates plasma-cell differentiation [46], and
CD22 modulates B-cell receptor signaling [57]. Marker expression patterns were consis-
tent with the reference scRNA-seq dataset obtained from an adjacent tissue slice (Supple-
mentary Figs. S34(A) and S34(B)).

Using full transcriptome profiles, we identified DEGs between the two B-cell subtypes
and performed functional enrichment analysis. DEG expression corresponded closely
with spatial distributions (Fig. 5(E) and Supplementary Fig. S34(D)). Subtype 1 was en-
riched for processes related to mitotic cell-cycle regulation and chromosome segregation
(Fig. 5(F) and Supplementary Fig. S34(C)), resembling the c13_Bgc_DZ subtype described
in recent pan-cancer analyses [65]. Subtype 2 was enriched for B-cell activation, receptor
signaling, lymphocyte differentiation, and cytokine production (Fig. 5(G) and Supple-
mentary Fig. S34(C)) [6,38, 56]. Spatial neighborhood analysis showed that subtype 1
was preferentially surrounded by Stromal cells, consistent with a proliferative environ-
ment, whereas subtype 2 was enriched for T-cell neighbors and had fewer Stromal cells,
consistent with its immune-related functions (Fig. 5(H), 5(I), Supplementary Figs. S34(E)
and S34(F)).

Because Stromal cells appeared across neighborhoods of both B-cell subtypes, we in-
vestigated Stromal heterogeneity using transcriptome-wide profiles. Leiden clustering
identified 11 transcriptionally distinct Stromal subtypes with clear separation in UMAP
and distinct tissue localization patterns (Figs. 5(J), 5(K) and Supplementary Fig. S35).
Subtype-specific DEGs and enriched biological processes characterized each subtype
(Supplementary Figs. S36 and S37).

Stromal subtype 1 was enriched for extracellular-matrix programs, aligning with
canonical stromal roles [27,37]. It showed broad spatial distribution and balanced neigh-
borhoods lacking a dominant partner cell type (Supplementary Fig. S38). In contrast, sub-
types 5 and 6 displayed particularly distinct biological and spatial signatures (Fig. 5(K)).
Subtype 5 was enriched for cell-division programs and was predominantly neighbored
by invasive tumor cells (Figs. 5(L), 5(M), Supplementary Figs. S37-539), consistent with
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Figure 5: ldentification and analysis of cellular subtypes and spatial organization in the Xenium human breast

cancer dataset.

(A) UMAP based on measured and predicted gene expression.

(B) Two B-cell subtypes

identified by Leiden clustering. (C) Spatial distribution of the two B-cell subtypes. (D) Dot plot of 12 B-cell
marker genes, including six measured and six predicted. (E) Mean expression of DEGs for each B-cell subtype.
(F, G) GO enrichment for B-cell subtype 1 and subtype 2, respectively. (H,1) Neighborhood compositions of
B-cell subtype 1 and subtype 2. (J) UMAP of Stromal subtypes identified by BRIDGE. (K) Spatial distribution
of Stromal subtypes 1, 5, and 6. (L) GO enrichment comparing Stromal subtypes 5 and 6. (M) Neighborhood

compositions of Stromal subtypes 5

and 6.
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stromal programs that support tumor proliferation [4,37]. Subtype 6 exhibited strong
enrichment for immune-related functions and preferentially neighbored B cells, T cells,
and Macrophages (Figs. 5(L), 5(M), Supplementary Figs. S37-539), in line with stromal-
immune interactions that support antitumor responses [27,37].

Together, BRIDGE enabled transcriptome-scale reconstruction in Xenium breast can-
cer data, revealing fine-grained cellular subtypes and heterogeneous stromal programs
that are not fully captured by imaging-based panels. These analyses highlight BRIDGE's
ability to refine cellular phenotypes and uncover spatial and functional organization
within the tumor microenvironment.

4 Discussion

In this study, we introduced BRIDGE, an interpretable computational framework that ex-
tends imaging-based spatial transcriptomics from targeted panels to transcriptome-scale,
cell-resolved maps by explicitly addressing the structural challenge of cross-modal align-
ment. Unlike methods that rely on latent-space matching, BRIDGE performs an anchor-
guided global calibration directly in gene-expression space, reframing spatial gene pre-
diction as a structure-preserving cross-modal calibration paradigm. This strategy yields
an explicit, nonnegative calibration matrix that makes cross-modality alignment trans-
parent, mitigates both under- and over-alignment, and preserves the intrinsic manifold
structure shared between reference and spatial datasets. Building on this calibrated rep-
resentation, BRIDGE imputes unmeasured genes using a multi-scale k-NN aggregation
scheme, which reconstructs each spatial transcriptome from biologically coherent neigh-
borhoods rather than unconstrained extrapolation. By decoupling calibration from la-
tent embedding and performing prediction on a geometry-preserving representation,
BRIDGE enables accurate and biologically meaningful completion of spatial transcrip-
tomes across technologies, species, and tissues.

Across seven benchmark datasets, BRIDGE consistently showed superior or compet-
itive performance relative to state-of-the-art approaches at both the gene- and cell-level,
demonstrating robustness under diverse experimental and biological conditions. The
linear calibration on shared genes enhanced cross-modality agreement and supported
accurate prediction of unmeasured genes. Interpretability analysis further showed that
the calibration matrix A and the gene-wise row-sum index R, provide clear and direc-
tionally consistent signatures of gene-level adjustment. Applications to MERFISH mouse
primary motor cortex and Xenium human breast cancer datasets highlighted BRIDGE’s
ability to recover spatial expression programs beyond the measured panels, identify
previously inaccessible laminar patterns, and resolve B-cell and Stromal subtypes with
distinct functional signatures and spatial niches. These findings illustrate that BRIDGE
not only improves predictive accuracy but also expands the biological interpretability of
imaging-based spatial transcriptomic data.

Despite its strengths, BRIDGE has practical considerations. As a reference-based
method, it relies on the biological relevance and quality of the scRNA-seq reference for
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reliable anchor identification. Poorly matched references or anchors may introduce sys-
tematic errors. In practice, references sharing biological context and major cell popu-
lations with the spatial query support more stable anchor identification, particularly in
heterogeneous systems. A general limitation shared by BRIDGE and existing spatial gene
prediction methods lies in the evaluation protocol. Since ground-truth expression for un-
measured genes is unavailable in imaging-based spatial transcriptomics, performance is
typically assessed by cross-validation on masked panel genes. While this provides a stan-
dardized and conservative basis for comparison, it may not fully reflect the difficulty of
predicting truly unmeasured, lowly expressed genes. In addition, while shared genes are
globally calibrated, reference-unique genes are not explicitly aligned to the spatial modal-
ity, which may introduce bias in their imputed expression. Finally, anchor identification
via Seurat can be computationally expensive for large datasets. Importantly, because
BRIDGE uses anchors as sparse constraints to learn a global calibration rather than as di-
rect carriers of expression transfer, its performance is relatively insensitive to the precise
anchor configuration, as supported by the anchor perturbation analyses. This robustness
suggests that alternative, faster anchor discovery strategies (e.g. fastMNN [22]) or more
aggressive reference subsampling schemes could be explored in practice to improve scal-
ability, provided that major cell populations are preserved. These strategies would enable
BRIDGE to scale more effectively to larger-scale datasets, facilitating application across
a wide range of dataset sizes.

Future work may include extending the calibration framework to incorporate refe-
rence-unique genes, for example by introducing weak or regularized constraints that
relate them to calibrated shared genes. Such constraints could leverage co-expression
structure learned from the reference to anchor reference-unique genes indirectly, without
requiring direct spatial measurements. Incorporating spatial context, such as neighbor-
hood composition derived from spatial coordinates, also represents a natural extension
for further refining prediction. Importantly, this information can be computed directly
from spatial coordinates and cell identities already available in imaging-based assays,
without requiring additional biological measurements. From a computational perspec-
tive, these spatial features would enter the framework as local weighting or regulariza-
tion terms and are expected to add only modest overhead relative to anchor identification
and nearest-neighbor search. Developing more scalable and reference-adaptive anchor
discovery strategies remains an important direction. As spatial transcriptomics applica-
tions increasingly move toward three-dimensional tissue organization [48, 53], temporal
or developmental dynamics [9, 62], and multimodal spatial measurements [71], future
work may explore extending the BRIDGE framework to these emerging settings. For ex-
ample, BRIDGE could be extended to three-dimensional spatial transcriptomics by incor-
porating 3D spatial structure into its calibration or neighborhood modeling, to temporal
settings by accommodating time-dependent references, and to multimodal data by inte-
grating additional molecular or imaging modalities within the same calibration frame-
work. Together, these directions outline a modular roadmap in which future extensions
operate at the calibration stage (e.g. incorporating reference-unique genes) as well as the
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neighborhood-based prediction stage (e.g. integrating spatial context), while preserving
the overall structure, interpretability, and scalability of the BRIDGE framework.
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