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Simple Summary

Spatial transcriptomics (ST) enables in situ gene expression profiling while preserving
spatial context, but current sequencing-based platforms require spot-level cell-type anno-
tation or may even experience technical ambiguity, due to mixed cell-type signals within
spots. To address this, we developed STEA, a fast and efficient reference-independent
annotation method for major cell types. STEA infers cell-type composition using predefined
or adaptively expanded marker gene sets, avoiding reliance on scRNA-seq references while
maintaining accuracy and interpretability. It first accepts curated markers or expands them
via cosine similarity, then optionally refines gene sets using Jensen–Shannon divergence to
improve specificity. Finally, enrichment analysis is performed to estimate cell-type propor-
tions. Extensive benchmarking across synthetic and real datasets from multiple platforms
demonstrates that STEA achieves competitive performance compared to state-of-the-art
methods, while remaining computationally efficient for typical research settings.

Abstract

Background: Recent advances in spatial transcriptomic technologies enable in situ gene ex-
pression profiling while preserving spatial context. This capability is particularly important
for studying the tumor microenvironment (TME), where diverse and admixed cell popu-
lations interact within highly organized spatial niches that influence tumor progression
and therapeutic response. However, the limited resolution of early spatial transcriptomic
platforms results in each spatial spot capturing transcripts from multiple cell types, making
accurate spot deconvolution or annotation a critical yet challenging step in downstream
data analysis. The level of complexity will be particularly prominent in heterogeneous sam-
ples like the tumor microenvironments where multiple cell types are highly admixed and
reliable single-cell reference atlases may usually be unavailable. Methods: In this paper, we
developed our method called STEA, which is a novel and accurate reference-independent
enrichment-based annotation algorithm for major cell type. Unlike the existing approaches,
STEA does not require single-cell RNA sequencing datasets as reference, offering both
flexibility and computational efficiency in execution. Results: We performed comprehen-
sive benchmarking using a variety of simulated datasets across different platforms and
scenarios and demonstrated the superior accuracy of STEA. Apart from synthetic data, we
also evaluated multiple real datasets to further exemplify its practical applicability on both
oncology-related and oncology-unrelated data. More importantly, we could confidently
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demonstrate the high concordance between prediction of STEA and histological classifi-
cation by experienced pathologist. Conclusion: Our STEA algorithm provides a practical
reference-independent framework to complement the cutting-edge spatial transcriptomics
in genomics studies, facilitating accurate downstream high-dimensional spatial characteri-
zation of cellular and molecular landscapes, reconstruction of tissue architecture as well as
cell–cell communication in malignant and non-malignant scenarios. Taken together, our
comprehensive evaluation demonstrates the robustness and reliability of STEA, highlight-
ing its potential as a valuable tool for studying complex tissue organization, particularly
within heterogeneous TME.

Keywords: annotation; reference-independent; spatial transcriptomics; molecular pathology

1. Introduction
The tumor microenvironment (TME) is a highly complex ecosystem composed of

malignant cells, immune cells, stromal cells, and vascular components that interact within
spatially organized niches. These interactions play critical roles in tumor progression,
immune regulation, and therapeutic response. Therefore, understanding the spatial ar-
chitecture and cellular heterogeneity of the TME is essential for elucidating mechanisms
of cancer development and treatment resistance. Spatial transcriptomics (ST) has rapidly
emerged as a transformative technology for investigating tissue organization and cellular
heterogeneity, offering a unique ability to preserve spatial context while capturing gene
expression profiles in situ [1,2]. Its growing adoption has enabled researchers to explore
diverse biological problems, from spatial context-preserved cellular and molecular land-
scapes and interactions of human tumors to developmental biology, with unprecedented
molecular comprehensiveness and spatial complexity [3–5]. Despite these advances, the
resolution of current sequencing-based ST platforms remains a major limitation [4,6,7].

Sequencing-based spatial transcriptomic approaches, including Visium v1/v2 [8],
Slide-seq v1 [9], DBIT-seq [10], and GeoMX DSP [11], often aggregate signals from several
cells within a single spatial spot. For instance, the 10X Genomics Visium v1 platform,
one of the most widely used ST technologies, features capture spots with a diameter
of 55 µm [12]. This is considerably larger than the average mammalian cell size [13,14],
meaning that each spot typically contains multiple cells or even partial fragments of distinct
cells. As a result, the measured gene expression profiles represent a mixture of transcripts
from heterogeneous cell populations [15,16]. To disentangle this complexity and recover
meaningful biological insights, computational deconvolution tools are required to infer cell
type composition within each spot [17].

Existing deconvolution methods fall into two main categories [18]. The first category
leverages single-cell RNA sequencing (scRNA-seq) datasets as the reference. Representative
methods include probability-based method: RCTD [19], CARD [20] and Cell2location [21],
non-negative factorization (NMF)-based method: SPOTlight [22] and SpatialDWLS [23],
deep learning-based method: Tangram [24], GraphST [25] and SpatialDDLS [26]. While
effective in certain contexts, these approaches face significant challenges: the possibility
and cost of obtaining scRNA-seq reference, potential batch effects between scRNA-seq
and ST datasets, and computational inefficiency in terms of long runtime. Unless having
matched single-cell and spatial profilings of the same samples, cellular composition and
molecular expression of ST may diverge substantially from the publicly available single-
cell reference. In practical settings, matched or at least public single-cell references are
frequently unavailable, incomplete, or biased. The second category does not rely on
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external scRNA-seq references, exemplified by methods such as STdeconvolve [27] and
spicemix [28]. Although these approaches are reference-free and computationally efficient,
they often stop at the level of latent components, which do not correspond directly to
known biological cell types. Consequently, additional steps are required to assign cell type
identities, adding complexity and potential sources of error to the computational processes.
Taken together, the aforementioned factors could potentially lead to significant limitations
on their practical performance.

To address the aforementioned challenges, we developed STEA, a fast and efficient
reference-independent enrichment-based annotation method. STEA infers cell type compo-
sition directly using predefined marker gene sets, either provided along with the method
or adaptively generated during execution. This approach avoids the need for scRNA-seq
references but still yields accurate and biologically interpretable results within a reasonable
timeframe and using typical computational resources. Extensive benchmarking shows
highly competitive performance of STEA as compared with state-of-the-art deconvolu-
tion and scoring methods across multiple ST datasets (synthetic and real) and sequencing
platforms. Importantly, beyond computational benchmarking using synthetic data, we
further evaluated the inferred cellular architectures through systematic comparison with
independent histopathological assessment. The evaluation results confirmed that our
reference-independent annotation algorithm remains highly consistent with established
morphological or histological classifications, thereby ensuring biological relevance.

2. Materials and Methods
2.1. Workflow of STEA

We developed the STEA package to perform annotation analysis. The first step
involves providing either curated gene sets directly or classical marker genes. In the
latter case, STEA will expand the initial set of marker genes by identifying new genes with
similar expression patterns based on cosine similarity. The second step will optionally apply
Jensen–Shannon divergence to evaluate the discriminative efficiency of the marker genes
obtained in the first step. Finally, in the third step, enrichment analysis will be conducted
to generate the annotation results. In essence, our methods are based on ranking genes
within each cell (or spot) and evaluating whether a predefined gene set is enriched toward
the top of the ranked list. Notably, our STEA algorithm builds upon several important
concepts including cosine similarity, Jensen–Shannon divergence, marker-based annotation
and rank-based enrichment scoring. Our original repurposing for existing concepts and
innovative integration lead to the emergent functionality for annotation of major cell types.

2.2. Identification of Spatially Co-Localized Genes Using Cosine Similarity

To quantify the similarity between the spatial distribution of individual genes and
predefined spatial patterns or gene signatures, we will compute the cosine similarity
between a gene expression vector gi = (x1i, x2i, . . . , xNi) across N spatial spots and a
reference pattern λk = (λ1k, λ2k, . . . , λNk). The similarity is defined as:

cos(gi, λk) =
∑N

j=1 xjiλjk√
∑N

j=1 x2
ji

√
∑N

j=1 λ2
jk

.

A high cosine similarity indicates that the gene and the reference pattern share a
similar spatial distribution across the tissue. For each reference pattern, genes will be
ranked according to their cosine similarity scores, allowing the identification of genes with
spatial localization patterns resembling the reference.
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2.3. Gene Pattern Similarity Assessment Based on Spatial Jensen–Shannon Divergence (JSD)

To evaluate the efficiency of candidate genes as spatial markers, we quantified the
similarity between their spatial expression patterns and those of classical marker genes. A
candidate gene was considered efficient if its spatial expression distribution closely matched
that of a reference marker gene, indicating its ability to represent spatially localized cell
types or functional regions.

For each gene Pg, we extracted its expression values across all spatial spots together
with the corresponding 2D spatial coordinates (xi, yi). The spatial domain was discretized
into an nbins × nbins regular grid (nbins = 20 by default). A 2D histogram was constructed
by accumulating gene expression values within each grid cell. To avoid zero probabilities, a
small pseudocount (10−10) was added to all grid cells. The histogram was then normalized
to obtain a 2D spatial probability distribution Pg(x, y), summing to 1 over the grid. For
each candidate gene g and its corresponding reference marker gene m, we computed the
Jensen–Shannon divergence (JSD) between their spatial distributions:

JSD
(

Pg//Pm
)
=

1
2

KL
(

Pg//M
)
+

1
2

KL(Pm//M),

where M = 1
2 (Pg + Pm), and KL denotes the Kullback–Leibler divergence. Lower JSD

values indicate higher similarity between the spatial expression patterns of the candidate
and marker genes, and thus higher marker efficiency.

To assess the statistical significance of the observed JSD, we performed permutation
tests for each candidate gene. Specifically, we generated null expression patterns by
permuting the expression values of gene g across spatial spots for Nperm = 1000 iterations.
Two permutation strategies were considered: (i) random mode, in which expression values
were fully permuted across all spots, and (ii) spatial blocks mode, in which the tissue
was partitioned into coarse spatial blocks and expression values were reassigned between
blocks while preserving within-block structure (block_n_bins= 10 by default).

For each permuted pattern, the corresponding 2D spatial distribution and its JSD
relative to the marker gene were recomputed, yielding a null distribution of JSD values.
The empirical p-value was calculated as:

p-value =
#{null JSD ≤ observed JSD}+ 1

Nperm + 1

Finally, p-values were adjusted for multiple testing across genes using the Benjamini–
Hochberg procedure.

2.4. Enrichment Method

The enrichment method belongs to the family of rank-based gene set enrichment
approaches, including AUCell [29], UCell [30], GSEA [31,32] and ssGSEA [33]. These
methods share the common principle of evaluating whether genes from a predefined set
are preferentially ranked toward the top of a cell-specific expression profile.

For each cell i and each gene set S, the algorithm proceeds as follows: Firstly, it
will compute a rank vector Ri across N genes (higher values indicate higher relative
expression or rank within that cell). Then, it will order genes by descending rank to obtain
a permutation π(1), . . . , π(N). It will also define weights wj = Rα

i,π(j) to emphasize high-
ranked genes via an exponent parameter α (α = 0.25 by default). The parameter α controls
the contribution of highly ranked genes to the enrichment score. Specifically, gene weights
are defined as a power transformation of their ranks, such that higher values of α increase
the relative contribution of top-ranked genes, while lower values reduce this effect and
yield a more uniform weighting across the gene set.
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Two cumulative distribution functions will be constructed along the ordered gene list:

1. a weighted positive CDF for genes in S:

P+(j) =
∑

j
k=1 wk · 1[π(k) ∈ S]

∑N
k=1 wk · 1[π(k) ∈ S]

2. a uniform negative CDF for genes not in S:

P−(j) =
∑

j
k=1 1[π(k) /∈ S]

N−|S|

3. Define the enrichment score for cell i and gene set S as the mean pointwise difference
between the two CDFs:

ESi(S) =
1
N

N

∑
j=1

(
P+

i (j)− P−
i (j)

)
This implementation differs from classical GSEA, which typically uses the maximum

deviation of a running-sum statistic. Here, the score reflects the average area between
positive and negative cumulative distributions. To ensure numerical stability, denominators
were checked to avoid division by zero, and ES values were optionally normalized across
all cells. This approach generates a gene set × cell–matrix of enrichment scores suitable for
downstream analysis.

2.5. Deriving Expected Annotations of the Mouse Olfactory Bulb ST Dataset

Since the original study did not provide explicit cell-type annotations, we derived a
robust surrogate using consensus clustering, based on the principle that cells belonging
to the same biological type should consistently co-cluster across a range of clustering
parameters. The procedure was as follows: We performed Seurat FindClusters clustering
at multiple resolutions (0.1 to 1.0, step 0.1), yielding 10 independent clustering results.
For each pair of cells, we calculated the proportion of runs in which they were assigned
to the same cluster, resulting in a consensus matrix with values ranging from 0 to 1.
Hierarchical clustering of this consensus matrix revealed a clear block-diagonal structure,
in which each compact, high-consensus block represents a highly stable cell population
that remains cohesive across resolutions. These well-defined blocks were interpreted as
biologically meaningful cell types and were used as the ground truth for deconvolution
and annotation analyses.

2.6. Benchmarking Methodology

All methods used in this study, namely RCTD [19] (v2.2.1), CARD [20] (v1.1), SPOT-
light [22] (v1.7.2), Tangram [24] (v1.0.4), GraphST [25] (v1.1.1), SpatialDDLS [26] (v1.0.3),
STdeconvolve [27] (V1.3.2), SpatialDWLS [23] (v1.1.2) and Cell2location [21] (v0.1.5) were
executed according to the recommended steps outlined in their respective manuals, in-
cluding default or developer-recommended parameter selection. Major cell types defined
according to the cell-type deconvolution were used for accuracy comparison with the
annotation of STEA, against the ground-truth major cell-type identities designated in the
simulation or reported in their original publication.
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2.7. Evaluation Metrics

To assess the performance of different deconvolution methods, we computed the
accuracy which was defined as the proportion of correctly predicted cells/spots over the
total number of cells/spots.

2.8. Code Availability

STEA is implemented as an open-source Python package, with source code available
at https://github.com/yiranzhimo/stea-project (accessed on 27 April 2026). A summary
of key parameter settings is provided in Supplementary Table S1.

3. Results
3.1. Overview of STEA

Cell types are functionally defined by the expression of a specific gene set, known as a
cell type signature [34,35]. Elevated or specific expression of this signature under particular
conditions distinguishes different cell types, tissues, or states [36]. Therefore, distinct cell
types can be identified by variations in their marker gene expression.

In this study, we present STEA, a novel reference-free computational approach de-
signed for the annotation of spatial transcriptomics (ST) dataset at multi-cellular pixel
resolution (Figure 1). STEA leverages the enrichment-based methodology, requiring classi-
cal marker genesets as input. Alternatively, correlation analysis is employed to identify
additional candidate marker genes exhibiting same patterns analogous to those classical
markers. Subsequently, Jensen–Shannon divergence could be optionally employed to
evaluate whether these candidate genes can effectively annotate a cell toward its intended
identity, as similar to the classical markers. Only genes that show similar reliability and
biological relevance as known canonical markers are selected to proceed. The final step is
enrichment analysis, which involves ranking all genes in descending order of normalized
expression values, computing an enrichment score from the positional distribution of gene
set members within the ranked list, and evaluating this distribution against background
genes using the cumulative distribution function (CDF). A high enrichment score indicates
these markers are strongly and coordinately expressed in that spot, which implies that the
proportion or abundance of that cell type in the spot is relatively high.

3.2. Benchmarking Using Simulated Sequencing-Based HCC ST Dataset

We utilized scRNA-seq data [37] to simulate our in-house HCC ST dataset to represent
the admixed tumor microenvironment containing three major categories of cells: malignant
cells, stromal cells (cancer-associated fibroblasts [CAFs], and tumor-associated endothelial
cells [TECs]) and immune cells (B cells, T cells, and tumor-associated macrophages [TAMs]).
In the simulated process, we generated pseudo-spots based on different underlying ma-
jor cell types, which mainly stratified into malignant-predominant and non-malignant-
predominant scenarios. The first scenario happened when the major constituting cell
type was malignant cells (>50%), whereas immune cells and stromal cells were present
in minority in the mixture of cells within the spot. Conversely, the second scenario was
having non-malignant and malignant cells as majority and minority, respectively. There-
fore, there were 6 types of pseudo-spots altogether, each with one major constituting cell
type (malignant, CAF, TEC, B, T and TAM). Moreover, in reality, cell size and density
also varied significantly across cell types and within the tissue architecture. For instance,
B cells typically measure 8–10 µm in diameter, while typical tumor cells can reach over
20 µm. To mimic the physiological cell size heterogeneity in tissue and account for it in the
generation of pseudo-spot data, we utilized different sizes of cell mixtures (a pool of either
3, 5 or 10 cells) to construct a pseudo-spot. More importantly, we added another layer of
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variability by introducing variation in the proportion of major cell type, ranging from 60%
to 100%. Taken together, variable numbers of malignant- and non-malignant-predominant
pseudo-spots, synthesized based on different sizes of cell mixtures and proportions of
major cell type were randomly grouped into a synthetic dataset of 10,000 pseudo-spots,
with the whole process stochastically repeated for 100 times (i.e., 100 samples) to gener-
ate our overall in-house dataset for testing purpose (Figure 2a,b). Due to its extremely
high computational cost and time-consuming model training process for this 100-repeat
simulated dataset, Cell2location was not included in this part of benchmarking analysis.

Figure 1. Schematic overview of STEA. STEA primarily identifies cell types using marker genes. If a
marker gene list is unavailable, it can be supplemented by analyzing the distribution of canonical
markers. After filtering and validation, single-spot enrichment analysis and annotation are then
performed. In marker filtering step, the red curve represents the spatial distribution of the expression
of gene g (Pg) and yellow curve represents the spatial distribution of the expression of gene m ( Pm)

in the gene efficiency evaluation process. The red color denotes expression vectors of gene a and gene
b. In the enrichment step, dark blue color indicates high gene expression levels. In the ranked gene
list, red lines mean genes within the target gene list while light blue lines indicate background genes.

For reference-free methods, STEA significantly outperformed STdeconvolve. Among
reference-based methods, RCTD performed the best, followed by SpatialDWLS and Spa-
tialDDLS. Intriguingly, in terms of both accuracy and stability of prediction, STEA achieved
highly comparable performance as RCTD and substantially outperformed many of the
remaining methods (Figure 2c,d). Given that STEA is a reference-independent method, its
performance remarkably demonstrates its high flexibility but without compromising its
robustness. It should be noted that STdeconvolve produces components (topics) rather
than explicit cell-type identities for individual spots. Therefore, to enable a fair comparison
with ground-truth annotations, we followed the recommended workflow and assigned
biological cell-type identities to each component/topic by performing transcriptional corre-
lation analysis between topic-specific expression profiles and the ground-truth cell-type
signatures (Figure S1a,b).
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Figure 2. Benchmarking on simulated sequencing-based HCC ST dataset. (a) Outline of data genera-
tion process and benchmarking analysis. (b) Schematic diagram of malignant pseudo-spots, CAFs
pseudo-spots, TECs pseudo-spots, B cells pseudo-spots, T cells pseudo-spots and TAM pseudo-spots.
Gray represents malignant cells; green represents CAFs; brown represents TECs; blue represents
B cells; red represents T cells; and purple represents TAM. (c) The box plot compares annotation
accuracy among STEA, STdeconvolve, RCTD, CARD, SPOTlight, Tangram, GraphST, SpatialDDLS
and SpatialDWLS on simulated ST datasets. (d) The bar chart illustrates index of dispersion from
STEA, STdeconvolve, RCTD, CARD, SPOTlight, Tangram, GraphST, SpatialDDLS and SpatialDWLS
on 100 cycles. (e) The scatter plot shows resources usage and time consumption among STEA,
STdeconvolve, RCTD, CARD, SPOTlight, Tangram, GraphST, SpatialDDLS and SpatialDWLS on
simulated ST datasets.
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Beyond predictive performance, we further assessed computational efficiency under
a single-core CPU setting to ensure fair comparisons of running time and resource us-
age (Figure 2e). This setup minimizes variability introduced by hardware heterogeneity
and highlights intrinsic algorithmic efficiency. Methods such as SpatialDWLS, Tangram,
GraphST, and RCTD showed relatively poorer computational efficiency, characterized by
longer runtimes and higher CPU or memory consumption. In contrast, STEA, together
with CARD, SPOTlight, and SpatialDDLS, demonstrated moderate computational costs,
requiring shorter runtimes and fewer computational resources. Although STdeconvolve
was the most computationally efficient method, its inferior accuracy limited its overall ap-
plicability. Taken together, STEA achieves a favorable balance between predictive accuracy
and computational efficiency.

3.3. Benchmarking Using Simulated Image-Based ST Datasets

We also benchmarked STEA and other deconvolution methods using a simulated
image-based ST dataset [23]. Ground truth annotations show that excitatory neurons
(eNeuron) constitute the main proportion of each spot, which mixed with minority cell
types including inhibitory neurons (iNeuron), astrocytes, oligodendrocytes cells (Olig),
microglia cells, and endothelial-mural cells (endo_mural) (Figure 3a,b). This dominance
is further supported by the strong spatial expression of eNeuron marker genes across the
tissue (Figure 3c).

 

Figure 3. Benchmarking on simulated image-based ST datasets. (a) The cell type proportion of the
simulated image-based ST dataset. eNeuron indicates excitatory neurons cells, iNeuron indicates inhibitory
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neurons cells, Olig indicates oligodendrocytes, and endo mural indicates endothelial-mural cells. (b) The
ground truth of the simulated image-based ST dataset. (c) The expression of eNeuron marker genes
shows the distribution. (d) Results of major cell-type annotation of STEA, STdeconvolve, RCTD, CARD,
SPOTlight, Tangram, GraphST, SpatialDDLS, SpatialDWLS and Cell2location on simulated image-based
ST datasets. (e) Accuracy of cell type annotation of different methods.

In the reference-free setting, STEA outperformed STdeconvolve (Figure 3d,e; Figure S2a,b).
More importantly, STEA produced cell-type prediction results that were nearly identical to
the ground truth, indicating its robustness. For reference-based methods, the deconvolution
results revealed varying proportions of different cell types across them. This indicates that the
deconvolution varied significantly, with some methods provided apparently better definition as
compared to the others. For example, most spots were mistakenly predicted as microglia cells
by SPOTlight, while oligodendrocytes cells were frequently and wrongly identified by Tangram
and GraphST. SpatialDDLS, SpatialDWLS and Cell2location also produced inaccurate and
heterogeneous results compared to the ground truth. Results of RCTD, and CARD appeared to
be more reasonable and accurate compared to the others. In general, they correctly identified
eNeurons which were predominantly found in the data, with the prediction on minority cell
types slightly better by RCTD. Taken together, STEA’s results were generally accurate and
demonstrated high competitiveness as compared to both reference-free and reference-based
methods in defining different major and minor cell types (Figure 3d,e).

3.4. Benchmarking Using Real ST Dataset on Intraductal Papillary Mucinous Neoplasm (IPMN)

Next, apart from aforementioned simulated datasets, we also accomplished bench-
marking on another intricate IPMN ST dataset [38]. This dataset consists of two samples
and they primarily comprise epithelial and fibroblast cells but there were also other immune
and stromal cells (Figure 4a,c).

Deconvolution results of both samples generally exhibited high consistency, but per-
formance of individual methods significantly varied (RCTD was used in the original
study to analyze the IPMN ST dataset and therefore it was omitted in the comparison)
(Figure 4a–d; Figure S3a–d). Notably, SPOTlight exhibited a strong bias towards monocytes
and fibroblasts, resulting in spurious detections. Tangram and GraphST predominantly
but inaccurately identified many epithelial cells, with very few fibroblasts. The results of
SpatialDDLS were highly heterogeneous, scattering across the tissue without retaining
endogenous pattern of enrichment of cell types within the tissue locality. Importantly,
most of their predictions were incorrect, raising concerns about their accuracy. In sample
1, STdeconvolve assigned almost all fibroblasts to the myeloid lineage. In sample 2, most
fibroblasts were predominantly classified as endothelial or epithelial cells (Figure 4a,c;
Figure S3a,b). The results of CARD, SpatialDWLS, Cell2location and STEA were com-
parable and substantially resemble the ground truth, suggesting their robust cell type
prediction. In consistent with the results using simulated datasets, STEA performed well
using real ST data and its performance was satisfactory and demonstrated marked margin
in outperforming many of the evaluated methods.

3.5. Benchmarking Using Real ST Dataset on Mouse Olfactory Bulb

We further evaluated the performance on a sequence-based ST dataset derived from
the mouse olfactory bulb [8], which consists of four distinct layers: the granule cell layer
(GCL), the mitral cell layer (MCL), the glomerular layer (GL) and the nerve layer (ONL)
(Figure 5a, top panel). The expected cell types include granule cells (GCs), olfactory sensory
neurons (OSNs), periglomerular cells (PGCs), and mitral/tufted cells (M-TCs) (Figure 5a,
bottom panel). The distinctive expressions of representative marker genes support the
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designated cell types and their spatial localization (Figure 5b). To mitigate the influence of
variable cell type proportions, cell numbers were normalized across reference cell types.

 

Figure 4. Benchmarking on IPMN ST datasets. (a) The Ground Truth of IPMN sample 1 ST dataset and
deconvolution results of STEA, STdeconvolve, CARD, SPOTlight, Tangram, GraphST, SpatialDDLS,
SpatialDWLS and Cell2location. (b) The comparison of deconvolution accuracy among STEA,
STdeconvolve, CARD, SPOTlight, Tangram, GraphST, SpatialDDLS, SpatialDWLS and Cell2location
on IPMN sample 1 ST dataset. (c) The Ground Truth of IPMN sample 2 ST dataset and deconvolution
results of STEA, STdeconvolve, CARD, SPOTlight, Tangram, GraphST, SpatialDDLS, SpatialDWLS
and Cell2location. (d) The comparison of deconvolution accuracy among STEA, STdeconvolve,
CARD, SPOTlight, Tangram, GraphST, SpatialDDLS, SpatialDWLS and Cell2location on IPMN
sample 2 ST dataset.

Benchmarking analyses of deconvolution methods revealed the concerns of several
issues. For reference-free method, STdeconvolve misclassified PGCs as M-TCs. In the
reference-based setting, SPOTlight tended to misclassify GCs as PGCs, while Tangram
and GraphST assigned nearly all cells as GCs. SpatialDDLS identified OSNs ubiquitously
throughout the tissue instead of confining within the expected ONL. SpatialDWLS mis-
judged OSNs as EPL-INs, while Cell2location misidentified PGCs as M-TCs. RCTD and
CARD performed better than the aforementioned methods, but they also suffered from
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general misclassifications on various cell types, limiting their overall accuracy. While
differentiating between M-TCs and PGCs was challenging as many methods failed this task
in the benchmarking, STEA accomplished this with remarkable clarity and hierarchical
precision over neighboring cell types. Moreover, STEA outperformed the other methods in
identifying OSNs that clearly exhibited their expected enrichment in ONL. Taken together,
its superior performance was further demonstrated by its accurate identification of cell
types and clear delineation of tissue architecture (Figure 5c–e; Figure S4a,b).

Figure 5. Benchmarking on mouse olfactory bulb ST datasets. (a) The physiological structure of
mouse olfactory bulb and the ground truth of mouse olfactory bulb ST datasets. (b) The expression
of marker genes shows layers distribution in mouse olfactory bulb. (c) Deconvolution results of
STEA, STdeconvolve, RCTD, CARD, SPOTlight, Tangram, GraphST, SpatialDDLS, SpatialDWLS
and Cell2location on mouse olfactory bulb ST datasets. GCs indicates granule cells. OSNs indicates
olfactory sensory neurons. PGCs indicates periglomerular cells. M-TCs indicates mitral/tufted cells.
EPL-Ins indicates external plexiform layer interneurons. (d) The bar chart indicates deconvolution
accuracy from STEA, STdeconvolve, RCTD, CARD, SPOTlight, Tangram, GraphST, SpatialDDLS,
SpatialDWLS and Cell2location. (e) The radar plot shows the deconvolution accuracy of different
cell types from STEA, STdeconvolve, RCTD, CARD, SPOTlight, Tangram, GraphST, SpatialDDLS,
SpatialDWLS and Cell2location.
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3.6. Cell-Type Annotation by STEA Demonstrated High Concordance with Pathologist’s
Histological Classification Based on Hepatocellular Carcinoma (HCC) ST Dataset

To further validate the performance of STEA, we analyzed multiple HCC ST sam-
ples and compared the annotation results with histological regions annotated by pathol-
ogist [39,40]. In the hematoxylin and eosin (HE) images, pathologist manually classified
tumor regions, immune regions, fibrous regions, immune and fibrous regions, and necrotic
regions. Importantly, there were distinct cell types that characterized these regions: for
instance, tumor regions were predominantly composed of tumor cells, while immune and
fibrous regions contained mainly immune cells and fibroblasts.

Across the eight samples (Figure 6), STEA consistently detected a high abundance of
tumor cells in tumor regions. In the tumor regions of samples 2, 7 and 8, STEA revealed
subtle infiltration of immune cells. In the immune regions of samples 1 and 6, B cells, T
cells, and TAMs were all detected as expected. Fibroblasts were also found to be distributed
and enriched within the fibrous regions of samples 3 and 8. For all samples with necrotic
regions, they were determined to have marked depletion of tumor cells while immune
and stromal cells were also found to be enriched in samples 1 and 4. It seems prediction
of STEA can faithfully capture the cell type characteristics in making precise annotation
and shows strong concordance with histological classification by pathologist across the
tested samples.

Figure 6. Pathological annotation and annotation results of STEA on eight HCC samples. Annotation
results of STEA (major cell types) was compared against the histological annotation by pathologist
(tumor region, immune region, fibrous region, immune and stromal region, and necrotic region).
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4. Discussion
The emergence of ST technology has driven the development of a wide range of

deconvolution tools, with different underlying principles and assumptions. Yet, their per-
formance remains highly sensitive to data quality, choices of parameters and the selection
of scRNA-seq reference that even minor variations can significantly impact the results.
Here, we present our reference-independent enrichment-based cell-type annotation method
called STEA. Based on various benchmarking results using a variety of synthetic and real ST
datasets pinpointing different biological scenarios, STEA accurately identified the true or
expected cell types and its performance were among the topmost methods, with consistent
and marked margins in surpassing many of the counterparts. Unlike many other tools that
commonly displayed cell type bias favoring the frequent and consistent misclassification
of certain spurious identities, we did not notice major inclination or tendency of STEA in
making unjust prediction. This could be demonstrated in the overall unbiased deconvo-
lution using datasets of heterogeneous backgrounds. Importantly, classification by STEA
also accords well with pathologist’s annotation, which partly provides the essential basis in
technically and professionally supporting its cell type prediction.

Despite the apparent strengths of STEA, it also has some limitations. First, its reliance
on conventional marker genes or predefined gene sets can yield suboptimal outcomes
when these markers lack sufficient signal intensity. While STEA could identify the overall
patterns in the IPMN datasets, it hardly detected sparsely distributed minor populations.
We believe the gene expression signal intensities for different cell types are highly divergent
and therefore the strengths for their corresponding marker signatures are unequal, resulting
in differential efficiencies in identifying the presence of different cell types (i.e., some minor
cell types are more difficult to detect due to their weaker strength of marker signatures).
This highlights a potential vulnerability to misclassification when signal intensity is low.
The adaptive marker optimization process of STEA could partly enhance the efficiency of
marker signatures and reduce the reliance on a few key markers (the presence of multiple
correlated weak markers may somehow compensate for the absence of key markers).
Moreover, current cell-type deconvolution methods often face challenges in estimating
accurate cell-type proportions for individual spots. Although different methods report the
extent or likelihood of cell type enrichment in spots, they are not fully equivalent to their
exact biological proportions. While precise cell type proportion estimation can provide
useful information for spatial transcriptomics analysis, many studies primarily utilize
deconvolution tools to determine the major cell types of the spots for spot-level annotation.
Therefore, the aim of our STEA algorithm is to make use of the extent of enrichment
for different cell-type-related gene sets to determine the major cell type of the spots. Its
designated purpose is spot annotation but not for accurate estimation of continuous cell
type proportion. Importantly, the advent of subcellular-level ST technologies offers an
unprecedented way to determine the spatially resolved gene expression profiles at single-
cell resolution. Findings from those newer platforms reveal that individual spots may
no longer be whole-cell mixtures but fractions of single cells or even discrete cellular
compartments instead. This may ease the necessity for precise determination of cell type
proportions, but general cell-type annotation should still be required, just the same as the
case of single-cell sequencing. Next, due to incompetence of GPU or multi-core utilization
for many of the tested tools, we intentionally conducted all the computational efficiency
benchmarking using single CPU core to ensure a standardized and comparable evaluation
across methods. The suboptimal utilization of GPU-competent tools, e.g., Cell2location,
Tangram and GraphST, cannot fully reflect their true operational performance.
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5. Conclusions
In summary, STEA provides a robust framework for major cell-type annotation, vali-

dated across diverse ST platforms. Through comprehensive benchmarking and histopatho-
logical comparison, STEA demonstrates reliable performance and maintains biological
plausibility, preserving the spatial and functional integrity of complex tissues such as TME.
Regarding its future development, we envision that further optimization of the current
STEA functionalities, together with an enhanced cell segmentation process, is expected to
enable more precise and holistic annotation of different transcriptomic datasets in cancer
and other complex tissues.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/cancers18091425/s1, Figure S1: Deconvolution results of STde-
convolve on simulated sequencing-based HCC ST dataset. (a). The deconvolution results. (b). The
heatmap illustrates the transcriptional correlation between ground truth cell types and deconvolved
components; Figure S2: Deconvolution results of STdeconvolve on simulated imaged-based ST
datasets. (a). The deconvolution results. (b). The heatmap illustrates the transcriptional correlation
between ground truth cell types and deconvolved components; Figure S3: Deconvolution results
of STdeconvolve on intraductal papillary mucinous neoplasm datasets. (a). The deconvolution
results of sample 1. (b). The heatmap illustrates the transcriptional correlation between ground
truth cell types and deconvolved components. (c). The deconvolution results of sample 2. (d). The
heatmap illustrates the transcriptional correlation between ground truth cell types and deconvolved
components; Figure S4: Deconvolution results of STdeconvolve on mouse olfactory bulb datasets.
(a). The deconvolution results. (b). The heatmap illustrates the transcriptional correlation between
ground truth cell types and deconvolved components; Table S1: The summary of key parameters
setting; Table S2: Marker gene lists.
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