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Abstract
Background  Tumor microenvironment (TME) plays a crucial role in cancer progression, metastasis, and treatment 
response. Recent advances in single-cell RNA sequencing (scRNA-seq) and spatial transcriptomics (ST) have provided 
valuable insights into the cellular diversity and spatial organization of the TME. However, prioritizing clinically relevant 
cellular subpopulations in spatial contexts using high-dimensional and sparse data remains a challenge.

Methods  We introduce TiRank, a novel framework designed to prioritize clinically relevant spatial niches. TiRank 
incorporates a relative expression ordering (REO)-transformation module to mitigate systematic biases across 
modalities and utilizes a multitask transfer learning framework to align scRNA-seq, ST, and bulk transcriptomes into a 
unified embedding space. We benchmarked TiRank using multiple public datasets and pan-cancer clinical cohorts, 
demonstrating its capability to identify phenotypic cell subpopulations and spatial niches.

Results  By integrating scRNA-seq, ST, and bulk transcriptomics with clinical phenotypes, TiRank demonstrates high 
accuracy in identifying drug-sensitive cells and clinically relevant spatial niches across various cancer types. As a 
case study, we applied TiRank to gastric cancer (GC) to prioritize spatial niches associated with patient outcomes. In 
our clinical cohort, TiRank successfully revealed a distinct spatial niche at the tumor boundary, characterized by an 
enrichment of cancer-associated fibroblasts (CAFs). This niche was associated with the efficacy of different treatment 
regimens. To validate this finding, we further performed multiplex protein imaging on an independent cohort to 
confirm the spatial distribution of the CAFs-enriched barrier. Moreover, this barrier, termed Fibro-Bar, was strongly 
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Background
The tumor microenvironment (TME) is a complex and 
dynamic ecosystem composed of both cancerous and 
non-cancerous cell populations. The cellular composi-
tion and spatial organization of the TME play impor-
tant roles in tumor initiation, progression, metastasis, 
and therapeutic response [1–4]. Recent advancements 
in single-cell RNA sequencing (scRNA-seq) and spa-
tial transcriptomics (ST) have offered profound insights 
into the cellular and spatial architectures that govern 
tumor biology, providing new opportunities to explore 
the roles of the TME in cancer [5–7]. Notably, combining 
spatial information from ST with molecular data has led 
to the discovery of tumor-associated structures, such as 
the tumor immune barrier in hepatocellular carcinoma 
[8] and the distinct accumulation of regulatory T cells 
around lymphatic vessels in colon cancer [9]. These stud-
ies highlight the importance of spatial niches in tumor 
progression and response to treatment. We defined spa-
tial niches as the organizations of distinct cells, their co-
localizations, interactions and neighboring relationships 
[10]. However, the roles of many spatial niches remain 
unclear, and their potential to predict prognosis and 
therapy response has yet to be fully explored. This under-
scores the need for advanced computational frameworks 
to identify clinically relevant subpopulations and spatial 
niches from scRNA-seq and ST data [11, 12].

Existing methods, such as unsupervised clustering 
algorithms like Seurat [13] and Scanpy [14], are widely 
used for identifying cellular clusters. These approaches 
depend on subjective clustering steps and are often sub-
optimal because the phenotypic subpopulations are 
usually not detected by standard clustering methods. 
Methods such as PENCIL [15] have been developed to 
identify phenotype-associated subpopulations directly 
from scRNA-seq data. However, these methods require 
large clinical cohorts to achieve the necessary statisti-
cal power, which can be costly and impractical in clini-
cal settings [16]. Recently, Scissor [17], DEGAS [18] and 
scDEAL [19] leverage valuable clinical phenotypes from 
large public bulk transcriptomics [20]. These methods 
integrate scRNA-seq data with bulk transcriptomes to 
identify clinically relevant cellular subpopulations, even 

with a limited number of single-cell data. However, gene-
expression-based integration strategies depend on con-
sistent expression distributions across modalities, which 
is challenging due to systematic variations introduced by 
different techniques, particularly in bulk transcriptomics, 
scRNA-seq and ST [21, 22]. Moreover, they lack the abil-
ity to incorporate the spatial context provided by ST data, 
which is crucial for understanding tumor behavior and 
therapeutic responses. These methods primarily focus on 
scRNA-seq, limiting their ability to uncover clinically rel-
evant spatial niches [23, 24].

To address these gaps, we introduce TiRank, a novel 
end-to-end toolkit that integrates scRNA-seq, ST, and 
bulk transcriptomes to prioritize clinically relevant spa-
tial niches within the TME. TiRank comprises a rela-
tive expression ordering (REO)-transformation module 
that transforms the original gene expression matrix into 
a gene-pair matrix. This approach mitigates system-
atic biases between different transcriptomic modali-
ties, improving computational efficiency and enhancing 
robustness across diverse datasets [25, 26]. Then, a mul-
titask transfer learning framework is leveraged to align 
scRNA-seq, ST, and bulk transcriptomes into a low-
dimensional embedding space, facilitating the identifica-
tion of clinically relevant cell subpopulations and spatial 
niches.

In this study, we first validated TiRank's performance 
using multiple public benchmark datasets, demonstrat-
ing its superior performance in identifying drug-sensitive 
cells compared to existing methods. We then applied 
TiRank to pan-cancer clinical cohorts to identify prog-
nostic cellular subpopulations and spatial niches, bench-
marking its performance against established ground 
truths. To investigate the potential of TiRank in uncover-
ing novel clinically relevant spatial niches, we further pro-
filed the ST of patients with gastric cancer (GC), a cancer 
type for which predictive biomarkers for neo-adjuvant 
chemoimmunotherapy (NACI) response remain unclear. 
TiRank identified fibroblast-enriched subpopulations and 
immune cells at the tumor boundary, which were associ-
ated with distinct treatment regimens. Further validation 
using imaging mass cytometry (IMC) on an independent 
cohort of GC patients confirmed the spatial distribution 

correlated with treatment response to neo-adjuvant chemoimmunotherapy. To improve accessibility, we developed 
TiRank as an open-source tool with an interactive graphical user interface for both researchers and clinicians.

Conclusions  TiRank offers a phenotype-guided, cross-modal strategy to prioritize clinically relevant spatial niches by 
coupling an REO-based representation with transfer learning from bulk clinical cohorts. This design enables clinically 
supervised niche prioritization without requiring large, matched single-cell or spatial clinical cohorts, advancing 
biomarker discovery and supporting precision oncology.

Keywords  Spatial transcriptomics, Tumor microenvironment, Clinically relevant spatial niches, Gastric cancer, Neo-
adjuvant chemoimmunotherapy response
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of a fibroblast-enriched barrier, termed Fibro-Bar. We 
found that the Fibro-Bar was negatively correlated with 
tumor regression grade (TRG), which may serve as a pre-
dictive biomarker to guide NACI treatment strategies.

Methods
TiRank framework
Step1. Phenotypic gene-pair matrix construction
We group the phenotype information from bulk tran-
scriptomes into three categories: survival records (e.g. 
overall survival), binary labels (e.g., response vs. non-
response), and continuous values (e.g., IC-50 values). 
For each category, we apply the corresponding statisti-
cal method to select phenotypic genes. Cox regression 
is used for survival records, Student's t-test is for binary 
labels and Pearson correlation is for continuous values. 
Specifically, we identify positive genes Gp, and negative 
genes Gn according to the following criteria:

	Gp = {g | p ≤ p′ ∩
[
1{Cox} (HR > 1) ∨ 1{Cls} (µ0 > µ1) ∨ 1{Reg} (r > 0)

]
};

	Gn = {g | p ≤ p′ ∩
[
1{Cox} (HR < 1) ∨ 1{Cls} (µ0 < µ1) ∨ 1{Reg} (r < 0)

]
},

g represents a gene, p is p-value, and p’ is the significance 
level (the default value is 0.05). HR is the hazard ratio 
from Cox regression (Cox), µ0 and µ1 are mean expres-
sion values in two classes for classification (Cls). r is the 
correlation coefficient for regression (Reg). The indicator 
function 1{Mode}(•) specifies the statistic method.

Subsequently, we construct PGPs based on the gene 
sets Gp and Gn. The REO of a gene pair (ga, gb) is defined 
as:

	
REO (ga, gb) =

{
1, if E(a) > E(b)

−1, if E(a) < E(b) ,

where ga ∈ Gp, gb ∈ Gn and E(g) denotes the expression 
value of gene g.

We transform the original expression profile into a 
binary gene-pair matrix and define it as the PGP matrix. 
This transformation reduces feature redundancy and 
bridges the gap between different data modalities. These 
PGP matrices are then used for model training (Step 2).

Step2. Model training and multitask loss functions
Based on the PGP matrix, we leverage a three-layer MLP 
as an encoder to project original features into embedding 
space guided by tailored multitask learning objectives. 
The encoding procedure is defined as:

	 Xemb = ELU
(
XTθemb + bemb

)
.

Here, Xemb represents the embedding of the input PGP 
matrix X from bulk transcriptomics, scRNA-seq, or 

spatial transcriptomics data. The matrices θemb and bemb 
are the learnable parameters and bias term, respectively.

Subsequently, an alternative three-layer MLP is 
employed to predict the TiRank score, which indicates 
the association between individual cells (or spots) and 
the phenotype:

	TiRank Score (X) = A
(
XT

embθpred + bpred

)
,

the TiRankScore(X) denotes the TiRank score of the 
input PGP matrix, and θpred and bpred are the trainable 
parameters and bias term for TiRank score predicting, 
respectively. The function A(•) is the activation func-
tion that constrains the output TiRank score within an 
appropriate range. Specifically, sigmoid(•) is applied for 
survival prediction, while softmax(•) is used for binary 
labels and continuous variables.

To guide the model in constructing informative embed-
dings and efficiently predicting scores, we leverage a mul-
titask learning objective. The overall optimization target 
is defined as:

	 L = λ0||θemb||1 + λ1LBulk + λ2Lregular.

This total loss L comprises three independent parts, 
balanced by hyperparameters λ0, λ1 and λ2. ||θemb||1 is 
the L1-norm regularization term that highlights impor-
tant gene pairs for prediction. LBulk denotes the devia-
tion between the TiRank score and the given phenotype 
label in bulk transcriptomics, considered as ground 
truth. Specifically, we tailored the LBulk to accommo-
date distinct input phenotypes. For survival data, we uti-
lized survival time and event indicators (t, e) to denote 
the survival time and event status. We defined the set 
P , which includes all patient pairs (i, j) that satisfy two 
conditions: both events occurred (ei=ej=1) and the sur-
vival time of patient i precedes that of patient j (ti < tj). 
We employed the Cox partial log-likelihood (CPL) loss, 
expressed as follows:

	

LBulk−Cox = 1
|P |

∑
(i,j)∈P log(1 + e(1+e−(̂yi−ŷj −m))),

where ŷi represents the TiRank score of patient i, and m 
denotes the margin parameter (default = 0.1). For discrete 
and continuous data, we utilized the cross-entropy loss 
(CE) and mean-squared error (MSE), represented by the 
following formulas:

	
LBulk−Cls = − 1

N

∑N

i=1

∑C

c=1
yi,clog (ŷi,c) ;
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LBulk−Reg = 1

N

∑N

i=1
(yi − ŷi)2

,

In these formulas, N  denotes the number of patients in 
the bulk transcriptomics dataset, yi represents the true 
label or value of the given sample, and c corresponds to 
the true category label in the classification task. Conse-
quently, for bulk transcriptomes, the model outputs a 
single continuous score per sample S ∈ [0,1], which is 
directly optimized against the bulk phenotype via the 
specified supervised loss.

The regularization term Lregular is designed to embed 
individual cells or spots while preserving the similarity 
of transcriptional patterns or spatial locations. We tailor 
Lregular for both scRNA-seq and ST data.

For single cell transcriptomics, the regularization con-
strains cells with similar transcriptional patterns to be 
projected closely in the embedding space, as defined by:

	

Lregular−sc = 1 −
∑

i,jAijBij√∑
i,jA2

ij

√∑
i,jB2

ij

.

Here, Aij  is the shared nearest neighbor (SNN) graph 
calculated through Scanpy package to determine cells 
with similar expression patterns, and Bij  is the inner 
product of the embedding matrix Xemb, representing the 
similarity between individual cells.

For spatial transcriptomics, we developed a whole slide 
image (WSI)-guided spatial location-aware module to 
ensure that spots with similar spatial locations are pro-
jected nearby in the latent space. We hypothesize that 
regions with similar features on hematoxylin and eosin 
(H&E)-stained slides are likely to have similar phenotype-
associated labels. Initially, we mapped each spot to its 
corresponding H&E patch using the following formula:

	

x(i,j) =




a(i− l
2 ,j− l

2 ) · · · a(i− l
2 ,j+ l

2 )
...

. . .
...

a(i+ l
2 ,j− l

2 ) · · · a(i+ l
2 ,j+ l

2 )


 .

In this formula, i and j denote the spatial coordinates 
of spot x in the image, a(i,j) represents the pixel values 
in the RGB channels at position (i, j), and l is the edge 
length of the square patch. For our study, we assigned 
H&E patches of 50 × 50 pixels to each spot [27]. Subse-
quently, we employed CTransPath, a pretrained model 
trained on a large dataset of WSIs from various public 
databases using contrastive learning [28]. This model 
extracts features from the H&E patches. We then applied 
unsupervised clustering using the k-means algorithm to 
categorize these H&E patches into k (default k=8) dis-
tinct regional clusters. An additional MLP was utilized 

to allocate the spatial cluster category of each spot based 
on the embeddings derived from the PGP of ST data. The 
loss is defined as follows:

	
Lregular−st = − 1

N

∑N

i=1

∑k

c=1
yi,clog (ŷi) ;

	̂yi = argmax
(
softmax

(
XT

embθregular−st + bregular−st

))
.

In these equations, ŷi denotes the predicted spatial clus-
ter label of each spot, and N  represents the number of 
spots within the spatial transcriptomics dataset. This 
step constrains the input spatial transcriptomic data to 
be embedded into a latent space that preserves spatial 
information.

Step3. GMM-based filter module
After assigning TiRank scores to individual cells or spots, 
we introduce a rejection module to filter out cells or spots 
that are weakly associated with the given phenotype, par-
ticularly in survival and discrete category predictions. 
We fit a three-component GMM [29], an unsupervised 
method for distinguishing independent normal distribu-
tions within a mixed Gaussian distribution, on the bulk-
sample TiRank scores only to expose three regimes in the 
score distribution: a positive (favorable phenotype-asso-
ciated) mode, a negative (adverse-phenotype-associated) 
mode, and a diffuse middle region. The GMM models the 
probability distribution of the TiRank scores as:

	 p (S) =
∑3

k=1
πkN

(
TiRankcore|µk,σ2

k

)
,

wherein p (S) represents the probability density for a 
given score, πk denotes the mixing coefficient for the 
kth Gaussian component, and µk and σ2

k are the mean 
and variance of that component's Gaussian distribution, 
respectively.Once the GMM model is fitted, each cell 
or spot, initially assigned a continuous TiRank Score, is 
assigned a discrete TiRank Label (TiRank+, TiRank−, or 
Background) as follows:

	
TiRank Label(i) =

{
0, if |TiRank Score(i) − µ0| ≤ T
1, if |TiRank Score(i) − µ1| ≤ T.
Background others

Here, i represents an individual cell or spot, µ0 and µ1 
are the lowest and the highest component means of 
GMM respectively, and T  (default = 0.05) is the pre-
defined classification threshold. The selection of a GMM 
is methodologically appropriate, as the TiRank Scores 
are constrained to the [0,1] interval, with phenotype-
associated scores expected to cluster near the boundar-
ies, whereas phenotype-independent scores are assumed 
to be more diffusely distributed. By convention, for 
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drug response tasks, TiRank Label “0” (TiRank−) corre-
sponds to a 'responsive' phenotype, while TiRank Label 
“1” (TiRank+) indicates a 'resistant' phenotype. Similarly, 
for prognostic tasks, TiRank Label “0” typically signifies 
favorable prognosis, whereas TiRank Label “1” corre-
sponds to poor prognosis. The resulting TiRank Scores 
and discrete TiRank Labels are subsequently utilized for 
the identification of phenotype-associated cell subpopu-
lations or spatial niches, or for other direct downstream 
analyses.

Identification of clinically relevant cell subpopulations and 
spatial niches
With the TiRank Scores and TiRank Labels for individual 
cells or spots, we further identify clinically relevant cell 
subpopulations or spatial niches. We adopt a permuta-
tion test to measure the significance of enrichment of 
phenotype-associated cells or spots within given cel-
lular subpopulations or spatial niches. Specifically, we 
first create a null distribution by repeatedly randomizing 
phenotype labels across individual identities. In each per-
mutation, we recalculate the number of phenotype-asso-
ciated cells or spots within the given subpopulation or 
niche. The statistical significance for each cluster is deter-
mined by calculating the proportion of permutations 
where the permuted label counts exceed the observed 
label count in the actual data. The calculation procedure 
is as follows:

	
p =

{
1, Cobs = 0∑n

i=1
[Cperm≥Cobs]+1

n+1 , otherwise
.

Here, p is the p-value for the cluster, Cobs is the observed 
number of phenotype-associated cells or spots within the 
cluster, Cperm represents the number of phenotype-asso-
ciated cells or spots within the cluster in the ith permuta-
tion, and n is the total number of permutations. A cluster 
with a p-value less than 0.05 is considered a phenotype-
associated cell subpopulation or spatial niche.

TiRank model implementation and hyperparameter 
optimization
The TiRank model was implemented using the Adam 
optimizer for gradient-based optimization and “StepLR” 
for learning rate scheduling. A clear distinction was 
maintained between the training and inference phases, 
and a separate, task-specific model was trained for each 
clinical task.

Training and validation phase
For each task, the model was trained exclusively on the 
corresponding bulk transcriptomic data, which con-
tains the clinical phenotype labels (e.g., survival, drug 

response). To optimize hyperparameters (e.g., learning 
rate α, number of training epochs, and loss coefficients 
λ), we employed Optuna [30] and partitioned the bulk 
transcriptomic data into a training set (85%) and a vali-
dation set (15%). All processes, including data sampling, 
feature selection (PGP construction), and model train-
ing, were conducted on the training set. The validation 
set was used to select the final hyperparameters that 
achieved the lowest loss and best predictive performance 
on unseen bulk data.

Inference and evaluation phasex
After a task-specific model was finalized and trained on 
the entire bulk dataset using the selected hyperparam-
eters, it was applied to the corresponding scRNA-seq or 
ST datasets to obtain per-cell/per-spot TiRank scores. 
The model, guided by the PGP features, projected the 
single cells or spatial spots into the learned phenotypic 
embedding space to generate TiRank scores. For binary 
reporting in drug-response tasks, we classify cells/
spots using the bulk-fitted GMM parameters (µ0, µ1 
and T ) as described in Step 3. The ground-truth labels 
associated with the scRNA-seq or ST data (e.g., cell line 
drug sensitivity) were not used during training and were 
reserved only for the final performance evaluation and 
benchmarking.

Data sampling in TiRank
In bulk transcriptome datasets with survival information 
or binary labels, an imbalance in the number of different 
groups could impact model performance. To address this, 
we employed synthetic minority over-sampling tech-
nique (SMOTE) [31] to balance the proportions of the 
two groups during model training. The use of SMOTE 
enables the model to effectively learn the characteristics 
of minority groups, thereby reducing the likelihood of 
overfitting and increasing robustness.

Benchmarking of TiRank and comparison to other methods 
in cell line data
Benchmark design and splits
We displayed the performance of TiRank in drug 
response prediction, compared with three existing meth-
ods: Scissor [17], DEGAS [18] and Beyondcell [32]. Ten 
bulk transcriptomics datasets and five scRNA-seq with 
true response labels were used to benchmark. For each 
drug, each method was trained only on bulk transcrip-
tomes annotated with lg (IC50)/drug-response labels 
(GDSC/CCLE). After training converges, the fixed model 
is applied to scRNA-seq cell-line datasets for inference 
to the per-cell association. Ground-truth single-cell drug 
labels (where available) are used only for evaluation of 
the performance, which were not used in training.
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Metrics and execution
The comparisons were conducted using three metrics, 
accuracy, F1-score and time consumption:

Accuracy represents the ability of the model to cor-
rectly predict labels among all predictions:

	
Accuracy = TP + TN

TP + TN + FP + FN

where the TP and TN indicate the true positive and true 
negative, while FP and FN represent the false positive and 
false negative.

F1-score can be interpreted as a weighted average of 
precision and recall. F1-score reaches its highest value at 
1 and lowest score at 0. The equation for the F1-score is:

	
F1-score = 2 ∗ TP

2 ∗ TP + TN + FP

Precision can be interpreted as the proportion of true 
positive predictions among all positive predictions made 
by the model. Precision reaches its highest value at 1 and 
lowest score at 0. The equation for precision is:

	
Precision = TP

TP + FP
.

Recall can be interpreted as the proportion of true posi-
tive predictions among all actual positive cases. Recall 
reaches its highest value at 1 and lowest score at 0. The 
equation for recall is:

	
Recall = TP

TP + FN

Time consumption
All methods were executed on a Linux server equipped 
with 32 CPUs and 256  GB of RAM. For methods sup-
porting GPU acceleration (TiRank and DEGAS), an 
NVIDIA GeForce GTX 1080 with 8 GB of memory was 
utilized.

Public transcriptomics dataset with clinical phenotypes
To evaluate the performance of TiRank in identifying 
key cellular subpopulations associated with clinical drug 
response and prognosis, we collected and preprocessed 
public datasets including 46 bulk transcriptomic, 11 
scRNA-seq, and 3 ST. Detailed metadata for all datasets, 
including study identifiers, cancer types, data modali-
ties, platforms, cohort sizes, and treatment information, 
are provided in Additional file 2: Table S1. These datasets 
include six cancer types: melanoma, LUAD, HCC, GC, 
CRC and AML. The clinical information included drug 
response, overall survival, disease specific survival and 

recurrence free survival. More details about the prepro-
cessing procedures are provided in the Supplementary 
Methods.

Systematic review of cellular subpopulations and spatial 
niches in cancer
To investigate the clinical significance of cellular sub-
populations and spatial niches across various cancers, 
we conducted a systematic literature review (Additional 
file 2: Table S2). Using PubMed (​h​t​t​p​​s​:​/​​/​p​u​b​​m​e​​d​.​n​​c​b​i​​
.​n​l​m​​.​n​​i​h​.​g​o​v​/), we retrieved high-quality research ​a​r​t​i​
c​l​e​s focusing on diverse cancer types. Each article was 
meticulously evaluated to identify content related to cel-
lular subpopulations or spatial niches, defined as specific 
cellular subtypes or spatial structures (e.g., niches, region 
hubs, buds, barriers, nests, co-location, or cell–cell inter-
actions) quoted directly from the “ Results” section, and 
their associations with clinical phenotypes, such as sur-
vival outcomes, treatment response, metastasis, immu-
nosuppression, or tumor progression.

Relevant articles were further analyzed to extract 
direct quotes describing these subpopulations or struc-
tures, their linked phenotypes, and supporting evidence. 
Phenotype evidence consisted of sentences explicitly 
connecting spatial niches or subpopulations to clinical 
outcomes, while experimental evidence included sen-
tences validating these phenotypes through molecular 
biology experiments. Extracted data, including article 
details, cancer types, identified subpopulations or niches, 
associated phenotypes, and experimental validations, 
were compiled into a summary table (Additional file 2: 
Table S2). This dataset facilitated the validation of algo-
rithms like TiRank for identifying clinically significant 
cellular subpopulations and spatial niches, with all find-
ings cross-referenced by PMID.

Evaluation of algorithms for predicting phenotype-
associated cellular subpopulations in single-cell 
transcriptomics
Benchmark design
To evaluate the performance of algorithms in predicting 
associations between bulk transcriptomics and scRNA-
seq datasets with same phenotypes, as well as identifying 
phenotype-associated cell subpopulations, the follow-
ing protocol was used. For each cancer type, the model 
was trained using the prognosis labels (e.g., Overall Sur-
vival) from the bulk transcriptomics data only (LBulk for 
TiRank). The scRNA-seq expression data was used in an 
unsupervised manner (Lregular − sc).

Ground truths and aggregation
We employed three metrics: precision, false rate, and 
coverage. These metrics were computed based on the 
algorithm's predictions compared to established ground 

https://pubmed.ncbi.nlm.nih.gov/
https://pubmed.ncbi.nlm.nih.gov/
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truth data, with predictions classified as 'unknown' or 
'background' excluded from the calculations. Below, we 
define each metric, provide their respective formulas.

Precision measures the accuracy of the algorithm's 
positive predictions, specifically the proportion of cor-
rectly predicted associations among all positive predic-
tions made by the algorithm. In standard terms, precision 
is defined as:

	
Precision = TP

TP + FP
,

TP (true positives) represents the number of bulk tran-
scriptomics-scRNA-seq pairs correctly predicted as 
associated with the phenotype, while FP (false positives) 
indicates the number of pairs incorrectly predicted as 
associated. A high precision suggests that the algorithm’s 
positive predictions are reliable.

False rate quantifies the proportion of incorrect posi-
tive predictions among all positive predictions. It is the 
complement of precision and is calculated as:

	
False Rate = FP

TP + FP
,

this metric highlights the frequency of errors in the algo-
rithm’s positive predictions, with a lower false rate indi-
cating fewer mistaken associations.

Coverage assesses the ability of the algorithm to iden-
tify cell subpopulations associated with the phenotype 
across all pairs. Unlike standard recall, which focuses on 
true positives relative to all actual positives, coverage is a 
custom metric defined here as the average proportion of 
subpopulations predicted as associated within each pair. 
It is expressed as:

	
Coverage = 1

|P |
∑

p∈P

|Ap|
|SP |

,

where, P  denotes the set of pairs with predictions, Sp is 
the set of all subpopulations within a pair p, and Ap is the 
subset of subpopulations predicted as associated. Cov-
erage reflects the breadth of the algorithm’s predictions 
across subpopulations.

Evaluation of algorithms for predicting phenotypic niches 
in spatial transcriptomics data
To evaluate the performance of multiple algorithms in 
predicting phenotype-associated spatial niches, we uti-
lized three spatial transcriptomics cohorts: two public 
and one private, each addressing a distinct clinical prob-
lem. The first cohort, comprising four slides from CRC 
patients with different consensus molecular subtypes 
(CMS) as described by Valdeolivas et al., includes spots 

manually annotated by pathologists to identify immune-
aggregate niches. The second cohort, from Wu et al., 
investigates the association between high CD8+ T cell 
infiltration and the response to ICB treatment follow-
ing neo-adjuvant chemotherapy, where the algorithms 
were applied to identify spatial niches characterized by 
elevated CD8+ T cell infiltration. The third cohort, a pri-
vate dataset from nine GC patients, features annotations 
of TLS on spatial transcriptomics slides, with the algo-
rithms used to detect regions enriched with TLS.

We assessed the performance of each algorithm at 
the single-spot level using five metrics: precision, recall, 
F1-score, balanced accuracy, and Jaccard index. The for-
mulas for balanced accuracy and Jaccard index are pro-
vided as follows:

	
Balanced Accuracy = 1

2

(
TP

TP + FN
+ TN

TN + FP

)
;

	
Jaccard Index = TP

TP + FP + FN
,

where TP denotes the number of spots with true posi-
tives, FP the number of false positives, the number of 
true negatives, and FN the number of false negatives.

Collection of clinical cohorts for GC
We collected three clinical cohorts of GC patients from 
the Fujian Medical University Union Hospital and Zhang-
zhou Affiliated Hospital of Fujian Medical University. 
These cohorts were used to construct the UnionH datas-
ets: UnionH-1, UnionH-2 and UnionH-3. The UnionH-1 
cohort included 50 GC patients receiving NACI, which 
were collected from the Fujian Medical University Union 
Hospital from February 2022 to March 2024.

This cohort was used for bulk gene expression profiling. 
The UnionH-2 cohort consisted of 9 treatment-naïve GC 
patients (Additional file 2: Table S3). These patients were 
from the Fujian Medical University Union Hospital from 
January 2022 to December 2023. This cohort was used to 
perform spatial transcriptome analysis. The UnionH-3 
cohort involved 10 GC patients who underwent gastros-
copy followed by NACI to reduce tumor size, with sub-
sequent surgical resection (Additional file 2: Table S4). 
These gastroscopic specimens were from the Department 
of Gastrointestinal Surgery, Zhangzhou Affiliated Hos-
pital of Fujian Medical University from August 2021 to 
February 2023. Tumor samples from gastroscopy in this 
cohort were analyzed using IMC.

The inclusion criteria for patients were as follows: (a) 
histological diagnosis of GC; (b) available follow-up data 
and clinicopathological features; (c) TNM staging was 
performed according to the 8th edition American Joint 
Committee on Cancer (AJCC) guidelines. The exclusion 
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criteria included non-formalin-fixed tumor center, 
paraffin-embedded tumor specimen (CT), and inva-
sive margin (IM) at initial diagnosis. The UnionH-1 and 
UnionH-2 cohort were approved by the Ethics Commit-
tee of Fujian Medical University Union Hospital (Ethi-
cal approval No. 2020YF013). The Cohort UnionH-3 
was approved by the Ethics Committee of Zhangzhou 
Affiliated Hospital of Fujian Medical University (Ethical 
approval No. 2023LWB046). All procedures complied 
with the ethical standards of the Declaration of Helsinki. 
All patients whose tissue samples were used in this study 
signed informed consent.

Bulk transcriptomics of UnionH-1 cohort
Sequencing
Total RNA was extracted from GC samples using TRIzol 
Reagent (Invitrogen, Cat. No. 15596026) following the 
method described by Chomczynski et al. [33]. DNA 
digestion was carried out using DNase I to remove 
genomic DNA contamination. RNA quality was assessed 
by measuring the A260/A280 ratio using a NanodropTM 
OneC Spectrophotometer (Thermo Fisher Scientific, 
Inc.), and RNA integrity was confirmed via 1.5% agarose 
gel electrophoresis. RNA quantity was determined using 
a Qubit 3.0 Fluorometer with the QubitTM RNA Broad 
Range Assay Kit (Life Technologies, Q10210). For RNA-
seq library preparation, 2  μg of total RNA was used to 
generate stranded RNA libraries using the KC-DigitalTM 
Stranded mRNA Library Prep Kit for Illumina® (Catalog 
No. DR08502, Wuhan Seqhealth Co., Ltd., China), follow-
ing the manufacturer’s instructions. The kit incorporates 
unique molecular identifiers (UMIs) to label pre-ampli-
fied cDNA molecules, thereby eliminating duplication 
bias during PCR amplification and sequencing. Libraries 
corresponding to fragment sizes between 200 and 500 bp 
were selected, quantified, and then sequenced using 
the Illumina NovaSeq 6000 platform with a paired-end 
150 bp (PE150) configuration.

Data analysis
Raw sequencing data were initially processed using Trim-
momatic (version 0.36) to remove low-quality reads and 
adapter sequences. Clean reads were then further pro-
cessed using custom scripts to eliminate any duplication 
bias introduced during library preparation and sequenc-
ing. Specifically, clean reads were clustered according 
to their UMI sequences, grouping reads with identical 
UMIs into the same cluster. Reads within each cluster 
were compared by pairwise alignment, and clusters with 
over 95% sequence identity were merged into new sub-
clusters. After sub-cluster generation, multiple sequence 
alignment was performed to obtain a consensus sequence 
for each sub-cluster, effectively eliminating errors and 
biases introduced by PCR amplification or sequencing. 

The deduplicated consensus sequences were then used 
for downstream RNA-seq analysis. These sequences were 
mapped to the human reference genome (GRCh38) and 
STAR software (version 2.5.3a) was applied with default 
parameters. Reads mapped to the exonic regions of each 
gene were quantified using featureCounts (Subread 
v1.5.1; Bioconductor), and RPKM values were calculated 
to normalize gene expression levels for gene length and 
sequencing depth.

10 × visium spatial transcriptomics of UnionH-2 cohort
Sample collection and sequencing
GC samples were collected and processed as described 
above. RNA quality of FFPE tissue blocks was assessed 
by calculating the DV200 value of RNA extracted using 
the Qiagen RNeasy FFPE Kit, according to the manufac-
turer's protocol. After the Tissue Adhesion Test, 5  μm 
sections were cut and mounted onto Visium Spatial Gene 
Expression Slides (10 × Genomics, Pleasanton, CA, USA) 
following the Visium Spatial Protocols-Tissue Prepara-
tion Guide (10 × Genomics, CG000408 Rev A). The slides 
were then air-dried overnight and incubated at 60 °C for 
2  h to promote optimal tissue adhesion. Deparaffiniza-
tion was performed following the Visium Spatial FFPE 
Deparaffinization, H&E Staining, Imaging & Decross-
linking Protocol (10 × Genomics, CG000409 Rev A). Tis-
sue sections were stained with hematoxylin and eosin 
and imaged at 20 × magnification using a Leica Aperio 
Versa8 whole-slide scanner (Leica Microsystems, Wet-
zlar, Germany). Following imaging, decrosslinking was 
performed, and human whole transcriptome probe pan-
els were added to the tissue sections. The probe pairs 
hybridized to their target genes, and ligation products 
were released by RNase treatment and tissue permeabi-
lization. The ligated probes were then hybridized to the 
spatially barcoded oligonucleotides present in the cap-
ture areas. Spatial Transcriptomics libraries were gener-
ated from the ligated probes and subsequently sequenced 
on the Illumina NovaSeq 6000 system (Illumina, Inc., San 
Diego, CA, USA), with sequencing performed by Beijing 
Novogene Technology Co., Ltd.

Data processing
After cDNA library construction and sequencing, raw 
FASTQ files were processed using Space Ranger v1.3.0 
(10 × Genomics) for probe alignment to the GRCh38. 
Histology images were aligned using the fiducial markers, 
and the filtered count matrix was used for downstream 
analysis.

Defining pathological regions within spatial transcriptome
We used the Cottrazm package [34] to identify malignant 
tumor regions and tumor boundaries in each tissue slice. 
Based on these results, we defined pathological regions 
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by cross-referencing them with hematoxylin and eosin 
(H&E) staining and annotations provided by experienced 
pathologists.

Entropy calculation
We characterized the heterogeneity of regions by cal-
culating their entropy levels. Metadata from nine gas-
tric cancer tissue slices were integrated to determine 
the probabilities of therapy response labels. This was 
achieved by calculating the ratio of each label’s occur-
rence to the total number of labels in the pathological 
annotations. The entropy values H(X) for the regions 
were then calculated using the following formula:

	 H (X) = −
∑

n
i=1p (xi) log2p (xi) ,

where p(xi) represents the probabilities of therapy 
response labels. We hypothesize that regions with higher 
entropy values may have greater predictive significance 
for therapy outcomes.

Deconvolution and spatial co-localization of cellular 
subpopulations in ST
To analyze the spatial co-localization of cellular subpop-
ulations within ST data, we employed two R packages: 
CARD [35] and MISTy [36]. First, CARD takes scRNA-
seq data annotated with cell types and ST data as inputs, 
resulting in cell fractions for each spot. Subsequently, 
CARD calculates the Spearman correlation between 
pairs of cellular subpopulations to assess their co-local-
ization within individual spots. Additionally, MISTy uti-
lizes linear regression and random forest to identify the 
most significant factors, such as cell type fractions, gene 
expression, or pathway activities, that contribute to the 
prediction of target cellular subpopulations.

Antibody conjugation and validation for imaging mass 
cytometry
A panel comprising 35 proteins, including immune mark-
ers, cancer-associated fibroblasts, and other non-immune 
proteins, was developed to distinguish between various 
cell types and states. Additional file 2: Table S5 details 
the antibodies and corresponding metals employed 
in this study. Antibodies were procured as follows: 28 
from Abcam (https://www.abcam.com/), three from ​F​l​
u​i​d​i​g​m (https://www.fluidigm. com), and the remaining 
five from MERCK (https://www.merck.com/) and CST 
(https://www.cellsignal.cn/). For the conjugation of ​u​n​l​a​
b​e​l​e​d antibodies with metals, the Maxpar X8 Multimetal 
Labeling Kit (Fluidigm, Catalog No. 201300) was utilized 
in accordance with the manufacturer's instructions. The 
titration and specificity of the conjugated antibodies were 

evaluated by visually comparing IMC images of select tis-
sue slides from GC patients.

Preparation and staining of tissue slide for IMC in UnionH-3 
cohort
To stain the tissue slides, the IMC staining protocol 
(Fluidigm, PN400322) provided by Fluidigm was fol-
lowed. FFPE tumor samples were heated at 65 °C for 2 h 
to remove all visible wax. Subsequently, the slides were 
deparaffinized twice in fresh xylene for 10 min each and 
then rehydrated using a graded alcohol series (100%, 
95%, 80%, and 70% for 5  min each). Antigen retrieval 
was achieved by immersing the slides in Tris–EDTA buf-
fer (pH 9.0) within a 96  °C water bath for 30 min. After 
cooling to 70 °C, the slides were blocked with 3% bovine 
serum albumin (BSA) in phosphate-buffered saline (PBS, 
Maxpar) for 45 min in a hydration chamber at room tem-
perature. Concurrently, the antibody cocktail was pre-
pared in a 0.5% BSA buffer at the optimal dilution for 
each antibody. Following the blocking step, the slides 
were incubated with the antibody cocktail overnight at 
4 °C in a hydration chamber. The next day, the slides were 
washed twice with 0.2% Triton X-100 in PBS (Maxpar), 
followed by two washes with PBS (Maxpar). For DNA 
staining, the slides were treated with Intercalator-Ir (Flu-
idigm, Catalog No. 201192 A) in PBS (Maxpar) at room 
temperature for 30  min. Finally, the slides were washed 
twice with deionized water and air-dried for at least 
20 min before imaging mass cytometry acquisition.

Imaging mass cytometry
Images were acquired using the Hyperion Imaging Sys-
tem (Fluidigm) in accordance with the manufacturer's 
protocol. To select the regions for Imaging Mass Cytom-
etry (IMC) examination, we collaborated with a profes-
sional pathologist, who utilized hematoxylin and eosin 
(H&E)-stained serial tissue sections to randomly identify 
ROIs from gastroscopic samples across different patients, 
resulting in a total of 61 images (Additional file 2: Table 
S6). Image capture was performed via laser ablation at a 
frequency of 200 Hz, and raw data were obtained using 
commercial acquisition software associated with the 
Hyperion Imaging System (Fluidigm). The operational 
state of the Hyperion Imaging System was monitored 
by interspersing data acquisition with a tuning slide 
(Fluidigm).

Cell segmentation, protein quantification, and 
normalization
We first assessed the quality of each image by meticu-
lously inspecting all marker staining patterns using the 
MCD Viewer (Fluidigm, v1.0.560.6). Subsequently, the 
standard IMC pre-processing procedures, including 

https://www.abcam.com/
https://www.fluidigm
https://www.merck.com/
https://www.cellsignal.cn/
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image extraction, normalization, cell segmentation, and 
protein quantification [37], were performed. The seg-
mentation process utilized the Mesmer algorithm, imple-
mented in the DeepCell package [38], which segments 
cells in a fully automated manner based on pretrained 
neural networks. Following segmentation, we obtained 
the expression levels of each cell within the images. To 
mitigate noise signals, arcsine transformation and the 
99th percentile quantile filtering were performed. Addi-
tionally, min–max normalization was applied to each 
marker to yield normalized data for further downstream 
analysis [39].

Unsupervised clustering and cell identification
To label each individual cell, we first employed the Flow-
SOM algorithm [40], resulting in the identification of 30 
distinct clusters. Subsequently, we characterized each 
cluster as follows: for lymphocytes, B cells were iden-
tified as CD45 and CD20 double-positive cells, while 
CD8+ T cells and CD4+ T cells were distinguished by 
their high expression of CD45, CD3, and either CD8a 
or CD4. Regulatory T cells (Tregs) were differentiated 
based on their expression of Foxp3 and CD4. For myeloid 
cells, those exhibiting high levels of CD11c and HLA-DR 
were labeled as conventional dendritic cells (cDC), with 
CD66b marking neutrophils, CD14 indicating mono-
cytes, and CD68 identifying macrophages. Among non-
immune cells, those with elevated levels of CD31 were 
labeled as endothelial cells, while cells expressing high 
levels of fibroblast activation protein (FAP) or alpha-
smooth muscle actin (αSMA) were distinguished as 
fibroblasts. Pan-keratin positive cells were classified as 
epithelial cells. Cells that expressed low levels of all mark-
ers were labeled as Unknown.

To further investigate the role of fibroblasts within the 
tumor microenvironment, we replicated the FlowSOM 
algorithm to identify the subclusters of fibroblasts. This 
analysis allowed us to distinguish various types of CAFs 
based on their marker expression levels, including Fibro_
CD74, Fibro_GPNMB, Fibro_MYH11, Fibro_POSTN, 
and Fibro_TRPA1, alongside other CAFs. Additionally, 
we quantified the density of each cell type by counting 
the number of segmented cells of that type from each 
image.

Cellular neighbourhood identification
To identify spatial cellular neighborhoods (CNs), we first 
computed neighbor windows, defined as the N  nearest 
cells surrounding each cell. Each neighbor window was 
represented as a frequency vector containing the distri-
bution of cell types among the N  nearest neighbors of the 
reference cell. These vectors were clustered to discover 
CNs. The analysis was performed for core tumor and 
peritumor regions using k-means clustering [41]. Finally, 

every cell was then assigned to a particular CN based on 
their neighbour window. These CNs can be spatially visu-
alized and color-coded, while the cell phenotype frac-
tions within each CN can also be quantified.

Fraction comparison
Fraction comparison was conducted to analyze differ-
ences in cellular subpopulations and CNs among patients 
stratified into distinct clinical groups. Specifically, the 
fractions of cellular subpopulations or CNs within vari-
ous ROIs were calculated. For ROIs derived from the 
same patient, the fractions were averaged to reduce 
potential bias associated with ROI selection. To evaluate 
the significance of observed differences, a one-way analy-
sis of variance (ANOVA) was applied.

Cell–cell pairwise interaction analysis
Pairwise cell–cell interaction analysis identifies cell phe-
notype pairs exhibiting either stronger co-localization 
("interaction") or weaker co-localization ("avoidance") 
compared to a random distribution of cell phenotypes 
[39, 42]. Using a spatial cell graph previously constructed 
with Steinbock, the imcRtools package computes the 
average interaction count for each cell phenotype pair 
within a ROI [37]. This count is compared against an 
empirical null distribution generated by permuting all cell 
labels. For each cell phenotype pair within each ROI, an 
empirical P  value is computed to assess statistical signifi-
cance, where a value of 1 indicates interaction, 0 indicates 
no significance, and −1 indicates avoidance. These signifi-
cance values could be aggregated across patients to deter-
mine pairwise cellular interactions at the cohort level.

Tumor patch detection and Fibro-Bar score computation
The Fibro-Bar Score was developed to quantify the spa-
tial ratio of specific CAF and immune cell subpopulations 
at the tumor-stromal interface. The score is calculated 
based on key subpopulations prioritized by TiRank's 
spatial transcriptomic analysis and subsequently identi-
fied in the IMC data: three target CAF subpopulations 
(TRPA1 + CAF, MYH11 + CAF, and CD74 + CAF) and 
four target immune cell subpopulations (B cell, Plasma 
cell, CD8 + T cell, and CD4 + T cell).

The computation, visualized in Fig.  4F and adapted 
from Hoch et al. [43], follows a multi-step work for each 
ROI:

Tumor patch definition
Within pathologist-annotated core tumor regions, all epi-
thelial tumor cells (EpCAM+) are identified. A graph is 
constructed by connecting all two tumor cell pairs that 
are less than 20 µ m apart. Fully connected components 
within this graph that contain at least ten cells are desig-
nated as a 'tumor patch'.
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Microenvironment hull expansion
A concave hull is constructed around the cells of each 
individual tumor patch. This hull is then expanded out-
ward by a specified distance d to create a "patch micro-
environment" that includes all cells (both tumor and 
non-tumor) within that distance of the patch boundary.

Fibro-Bar score calculation (per-patch)
For each patch, the score is calculated as the ratio of the 
summed fractions of the three target CAF subpopula-
tions to the summed fractions of the four target immune 
cell subpopulations, considering only cells located within 
the expanded d-μm hull.

	Fibro-Bar Scorepatch =
∑

Frac (TRPA1+ CAF, MYH11+ CAF, CD74+ CAF)∑
Frac (B cell, Plasma cell, CD8+ T, CD4+ T)

.

Patient-level score aggregation
This score is computed for all qualifying patches within 
an ROI. To mitigate potential sampling bias from ROI 
selection, the final Fibro-Bar Score for a given patient 
(used for correlation with TRG) is the average score 
taken across all ROIs analyzed for that patient.

This analysis was performed for multiple distances d 
= 1, 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, and 100 µ m to 
assess the spatial stability of this relationship (Additional 
file 1: Fig. S21B). The d = 20 μm distance was used for 
the primary analysis (Fig.  4H) as it demonstrated a sig-
nificant association with NACI non-responsiveness. 
The Fibro-Bar score provides a quantitative measure of 
immune exclusion by specific CAF subtypes within the 
tumor microenvironment.

Characterizing microenvironment dynamics of the Fibro-
Bar
After computing the Fibro-Bar score, we investigated its 
association with protein expression of tumor cells, we 
applied Spearman correlation analysis to examine the 
relationship between the Fibro-Bar score and protein 
expression levels of tumor cells within a given tumor 
patch. To further investigate the dynamic of microenvi-
ronment of each cellular subpopulations, we compared 
protein expression differences among cellular sub-
populations associated with tumor patches exhibiting 
either high or low Fibro-Bar scores. The analysis utilized 
fold change and Student’s t-test to evaluate expression 
dynamics and statistical significance.

Identification of differential expression gene and 
enrichment pathways
Differentially expressed genes (DEGs) were identified 
using the FindMarkers function from the Seurat R pack-
age, applying the Wilcoxon rank-sum test. Genes were 

defined as differentially expressed if they met both of the 
following criteria: (1) a statistically significant difference 
in expression between the two groups, with a false dis-
covery rate (FDR) below 0.05, and (2) an absolute log2-
transformed fold change in expression greater than 0.5. 
Gene set enrichment analysis was implemented in the 
GSVA [44].

Pseudotime trajectory analysis
R package Monocle [45] was used to construct single-cell 
trajectories. We employed UMI counts and a negative 
binomial distribution to create the CellDataSet object. 
To identify differentially expressed genes before and after 
dabrafenib treatment, we used the FindMarkers function 
from R package Seurat. Dimensionality reduction was 
performed using the reduceDimension function with the 
DDRTree method. Finally, the orderCells function was 
applied for the ordering of cells in pseudotime.

Survival analysis
Survival analysis was performed using the R package sur-
vival. The surv_cutpoint function in R package survminer 
was utilized to determine the optimal cutting points for 
response-related signature enrichment scores. Kaplan–
Meier (KM) survival curve was modeled by survfit func-
tion. Hazard ratio (HR) in univariate Cox regression were 
calculated by coxph function. The log-rank test was used 
to determine the statistical significance of differences 
between groups.

Statistics and reproducibility
Differentially expressed genes were identified using the 
Wilcoxon rank sum test, with false discovery rate correc-
tion using the Benjamini-Hochberg (BH) algorithm. The 
t-test was employed for comparisons between responders 
and non-responders. For multiple samples, ANOVA was 
used to compare the abundance deviation across three 
TRG groups. Boxplots were used to display the median, 
interquartile range (IQR), and 1.5 times the IQR (whis-
kers), with outliers exceeding 1.5 times the IQR included. 
For all statistical tests, a p-value or q-value less than 0.05 
was considered statistically significant. All analyses were 
conducted using R (version 4.2.2) and Python (version 
3.8.15).

Development of the GUI for TiRank
The GUI of TiRank was developed using the Python Dash 
framework (https://dash.plotly.com/), a Plotly product 
designed for creating and deploying data-driven applica-
tions with custom interfaces. TiRank-GUI is divided into 
six key sections: Homepage, Upload Data, Pre-process-
ing, Analysis, Tutorial, and FAQs.

https://dash.plotly.com/
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Results
Overview of TiRank
TiRank is an end-to-end toolbox designed to identify 
the clinically relevant cell subpopulations and spatial 
niches from scRNA-seq or ST data. Clinically relevant 
subpopulations and spatial niches refer to the organiza-
tion of distinct cells within TME, which collectively influ-
ence clinical outcomes such as prognosis and therapeutic 
response [10, 46]. To achieve this, the TiRank workflow 
is structured into two distinct phases: a Training Phase 
that learns phenotype associations from bulk data, and 
an Inference Phase that applies the trained model to 
scRNA-seq or ST data (Additional file 1: Fig. S1). TiRank 
integrates three components, including the REO-trans-
formation module, a multitask transfer learning frame-
work and a Gaussian Mixture Model (GMM) based filter 
module, to facilitate the characterization of clinically rel-
evant subpopulations and spatial niches (Fig. 1A). Specifi-
cally, for each clinical task, TiRank was trained exclusively 
on bulk transcriptomes with phenotype labels (Training 
Phase) and then applied to scRNA-seq or ST for inference 
(Inference Phase). Single-cell/spatial labels were reserved 
solely for evaluation (Additional file 1: Fig. S1).

The REO-transformation module serves as a prepro-
cessing step for all data that utilizes gene pairs (GPs) to 
integrate multiple data modalities. GPs have been dem-
onstrated to successfully prioritize candidate factors for 
conversion of cell fate and prognosis prediction [25, 26]. 
In TiRank, the REO-transformation module converts 
expression profiles of bulk, single-cell and spatial tran-
scriptomics into phenotypic gene pair (PGP) matrices, 
respectively. PGP matrices represent the relative expres-
sion levels of phenotype-associated genes (Additional 
file 1: Fig. S1A). This transformation not only mitigates 
biases across transcriptomic modalities but also ensures 
that phenotypic information is effectively embedded 
in the data. By simplifying the complexity of the high-
dimensional expression profile, the output of the REO-
transformation module makes it easier for the multitask 
learning framework to generate more robust low-dimen-
sional representations.

Following this, the multitask transfer learning frame-
work builds on the features generated by the REO-trans-
formation module. It consists of an encoder, projection 
heads and loss functions. They were designed to learn 
low-dimensional representations from multimodal data. 
During the training phase, these representations preserve 
both phenotypic information (learned from the bulk 
data), as well as cellular and spatial relationships (learned 
unsupervised from scRNA-seq/ST data; Additional file 1: 
Fig. S1B and C), allowing for the accurate prediction of 
TiRank scores (Additional file 1: Fig. S1D). These scores 
quantify the degree of association between individual 
cells or spots and the phenotype of interest. By leveraging 

the PGP matrices created by the REO module, the mul-
titask learning framework can effectively integrate mul-
timodal data, yielding informative representation and 
facilitating the identification of clinically relevant sub-
populations and spatial niches.

After obtaining the TiRank scores from the inference 
phase, we observe that the score distribution follows a 
mixture of Gaussian distributions. Based on this obser-
vation, we apply a GMM to decompose the distribution 
and classify individual cells or spots into three catego-
ries: TiRank+, TiRank− and phenotype-independent. This 
GMM is first fit on the scores from the bulk training data 
to establish objective boundaries, which are then applied 
to the new scRNA-seq/ST scores. TiRank+ refers to cells 
or spots that are positively correlated with the target phe-
notype, such as poor prognosis, early relapse, or resis-
tance to therapy. TiRank− indicates cells or spots that are 
negatively correlated with the phenotype, such as favor-
able prognosis, non-relapse, or sensitive to therapy. The 
phenotype-independent category includes cells or spots 
with weak or no correlation to the target phenotype, rep-
resenting biological 'bystanders' not actively driving the 
clinical outcome. This three-category classification is 
chosen based on the hypothesis that only a subset of cells 
or spots will exhibit a clear positive or negative correla-
tion with the target phenotype, while the remaining show 
weak or no association, necessitating a third neutral cat-
egory. The GMM-based filtering of these ambiguous cells 
ensures downstream analyses focus on high-confidence 
signals, particularly valuable in noisy clinical data. Sub-
sequently, TiRank assigns each cell or spot to one of these 
categories (Fig. 1A).

TiRank performs drug response prediction of cell 
subpopulations
We evaluated the drug response prediction performance 
of TiRank using public datasets, including five scRNA-
seq and eight bulk transcriptomics datasets from cell 
lines treated with four drugs: Cisplatin, Docetaxel, Erlo-
tinib, and Gefitinib (Methods). These datasets included 
binary drug response labels for individual cells [47] 
(Additional file 2: Table S1). To assess the performance 
of TiRank, we compared it to three state-of-the-art algo-
rithms: Scissor [17], DEGAS [18] and Beyondcell [32]. 
Models were trained exclusively on bulk and then applied 
to scRNA-seq for inference; single-cell labels were used 
only for evaluation. TiRank demonstrated superior per-
formance in terms of F1-score, accuracy, and recall 
(Fig. 1B-D), with scores ranging from 0.7 to 0.9 across the 
evaluated datasets. These metrics measured the ability 
of the algorithm to both correctly identify positive drug 
responders and minimize false positives. Furthermore, 
time-efficiency experiments emphasized the scalability of 
TiRank, with runtime varying from several seconds to a 
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Fig. 1  TiRank overview and performance on drug response datasets. A Schematic overview of the TiRank framework. The workflow consists of three 
components: input, computational modules, and output with downstream applications. Inputs include bulk transcriptomics with clinical phenotypes 
(e.g., prognosis or treatment response), scRNA-seq, or ST data. TiRank incorporates a REO-transformation module, a multitask transfer learning framework, 
and a Gaussian mixture model-based filter. The multitask transfer learning framework includes an encoder and prediction head, along with Cell Similarity 
Awareness Module and the Spatial Similarity Awareness Module, to learn low-dimensional representations for integrating individual cells or spots with 
clinical information. The Gaussian mixture model-based filter retains cells or spots strongly associated with phenotypes and enhances prediction ac-
curacy. Outputs include phenotype-associated cells or spatial spots, enabling the identification of clinically relevant cellular subpopulations and spatial 
niches. TiRank⁺ refers to cells or spots associated with poor prognosis, early relapse, or resistance to therapy. TiRank⁻ indicates cells or spots associated 
with favorable prognosis, non-relapse, or response to therapy. The background represents phenotype-independent cells or spots. B-D Performance 
comparison of TiRank, Scissor, DEGAS, and Beyondcell in predicting drug response across 10 datasets. For each dataset contains specific drug, model 
was trained only on bulk (GDSC/CCLE), then applied to scRNA-seq for inference, and single-cell drug labels were used exclusively for evaluation. Bar plots 
show (B) F1-scores, (C) accuracy, and (D) recall for each method, with TiRank (orange), Scissor (teal), DEGAS (yellow), and Beyondcell (blue). Cell scores 
are mapped to labels using the bulk-fitted three-component GMM (default T = 0.05) and neutral cells are not included in binary metrics. Missing bars 
(marked N/A in the figure) indicate datasets where a method failed to produce results due to specific tool limitations. Beyondcell requires pre-defined 
drug sensitivity signatures that were not available for all datasets, and Scissor imposes strict data correlation requirements that were not met in all cases. 
Each method was evaluated 50 times per dataset, with error bars representing standard deviations. E Computational efficiency of the methods. Bar plot 
displays the log-transformed execution time (in seconds) for each method across the 10 datasets, highlighting the efficiency of TiRank relative to Scissor, 
DEGAS, and Beyondcell
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few minutes depending on the dataset size, underscoring 
its potential for large-scale data analysis (Fig. 1E).

To further understand the performance of TiRank, we 
conducted three experiments evaluating its key com-
ponents. First, using GPs as input features improved 
TiRank's F1-score by 5% to 10% compared to individual 
genes (Additional file 1: Fig. S2A). Second, we compared 
encoder models, including multilayer perceptron (MLP), 
DenseNet [48], and Transformer [49]. Although Trans-
former yielded the highest performance, MLP offered 
comparable results with greater computational efficiency 
(Additional file 1: Fig. S2B). This indicates that GPs effec-
tively capture phenotype information, reducing depen-
dence on encoder complexity. Third, an ablation study 
showed that the bulk loss term was essential for accu-
rate phenotype prediction, while the regularization loss, 
though less critical for performance, preserved biological 
connectivity among cellular subpopulations (Additional 
file 1: Fig. S2C). Finally, to provide statistical justifica-
tion for our GMM-based filter, we performed a com-
parative analysis. This analysis confirmed that our GMM 
approach is better than other models like 1D k-means 
and manual cutoff, and is robust to its threshold param-
eter (Additional file 1: Fig. S3A).

Applying TiRank to a specific dataset, we demonstrated 
its ability to track evolutionary dynamics in drug-treated 
cells. In an scRNA-seq dataset from Dabrafenib-treated 
SKMEL28 melanoma cells, TiRank predicted increasing 
drug-resistance scores over three days (Additional file 
1: Fig. S3B-D), reflecting cellular evolutionary dynam-
ics under drug pressure. Pseudotime analysis further 
revealed rising resistance scores along the trajectory from 
day 0 to day 3 (Additional file 1: Fig. S3E, F), validating 
the ability of TiRank to prioritize therapeutic phenotypes 
and elucidate treatment-induced evolutionary trends.

Finally, to investigate the translational potential of 
TiRank, we performed an additional benchmark to assess 
if a model trained only on bulk cell line data could predict 
patient response in clinical scRNA-seq cohorts. Using 
the datasets provided from Sinha et al. [50], we trained 
TiRank on DepMap bulk data to predict response in two 
patient scRNA-seq cohorts: breast cancer (BRCA) and 
non-small cell lung cancer (NSCLC). TiRank signifi-
cantly outperformed other methods, achieving an Area 
Under the Curve (AUC) of 0.738 in BRCA and 0.887 in 
NSCLC, demonstrating a robust ability to translate cell 
line-derived insights to clinical data (Additional file 1: 
Fig. S3G-H; Additional file 1: Supplementary Methods).

Overall, these results demonstrate the feasibility of 
TiRank to prioritize individual cells with therapeutic phe-
notypes from scRNA-seq data through the established 
multitask transfer learning framework.

TiRank infers cellular subpopulations with clinical 
significance in human cancers
To assess the ability of TiRank in identifying clinically 
significant cellular subpopulations, we analyzed six 
scRNA-seq datasets and 25 bulk transcriptomics data-
sets, with survival information, from lung adenocarci-
noma (LUAD), hepatocellular carcinoma (HCC), GC, 
colorectal cancer (CRC) and acute myelogenous leuke-
mia (AML) [51] (Additional file 2: Table S1). TiRank was 
then applied to these datasets by integrating gene expres-
sion and survival information, identifying prognostic cell 
subpopulations across these cancers (Fig. 2A).

We compared performance of TiRank against two 
established algorithms, Scissor and CIBERSORT [52], 
across five cancer types (Additional file 2: Table S1). For 
this evaluation, we first established a ground truth by 
conducting a systematic literature review, conclusion col-
lection, and downstream evidence evaluation to define 
favorable or poor prognostic associations for cell subpop-
ulations (Additional file 1: Fig. S4 and Additional file 2: 
Table S2). Cell subpopulation annotations, derived from 
the original datasets [53–57] (Additional file 1: Fig. S5), 
were then used to apply this ground truth to the scRNA-
seq data. TiRank demonstrated high precision (0.69 to 
1.00) and low false rates in identifying prognosis-associ-
ated subpopulations across all cancer types, outperform-
ing Scissor (precision: 0.24 to 0.44) and CIBERSORT 
(precision: 0.50 to 1.00, with some datasets yielding NA). 
Furthermore, TiRank exhibited robust coverage, accu-
rately predicting prognostic outcomes across diverse bulk 
transcriptomics datasets, which underscores its potential 
for clinical applications (Fig. 2B and Additional file 1: Fig. 
S6).

Building on its success in identifying prognostic cell 
subpopulations, we further applied TiRank to identify 
cell populations associated with the efficacy of immune 
checkpoint blockade (ICB) therapy in melanoma. Using 
one scRNA-seq dataset [58] and four independent bulk 
transcriptomics datasets [59–62], TiRank identified 174 
TiRank⁺ cells (associated with ICB resistance, primarily 
in clusters 7 and 18) and 722 TiRank⁻ cells (associated 
with ICB response, predominantly in clusters 10 and 17) 
from a total of 5,928 cells divided into 20 clusters (Addi-
tional file 1: Fig. S7A-C). Differential expression analy-
sis revealed that SLC11A1, VCAN, and S100A9 were 
highly expressed in TiRank⁺ cells, while HMGB1, IL2RG, 
and IL32 were upregulated in TiRank⁻ cells (Additional 
file 1: Fig. S7D, 8 A). These findings indicate that TAMs 
contribute to ICB resistance, whereas B and T cells are 
linked to ICB response (Additional file 1: Fig. S8B, C) [62, 
63]. Pathway enrichment analysis highlighted elevated 
TNFα signaling and PD-1 expression, aligning with prior 
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Fig. 2  TiRank identifies clinically relevant cellular subpopulations and spatial niches across human cancers. A Overview of transcriptomes used to evalu-
ate the performance of TiRank on clinical cohorts. A total of 25 bulk transcriptomic datasets and 6 single-cell RNA sequencing (scRNA-seq) datasets, 
spanning melanoma, AML (acute myeloid leukemia), HCC (hepatocellular carcinoma), CRC (colorectal cancer), GC (gastric cancer), and LUAD (lung ad-
enocarcinoma), were analyzed to identify clinically significant cellular subpopulations. Additionally, 19 bulk transcriptomic datasets and 27 spatial tran-
scriptomic (ST) slides were used to uncover spatially organized phenotypic niches and interactions. B Performance comparison of TiRank, Scissor, and 
CIBERSORT in predicting prognosis-associated cellular subpopulations across five cancer types (AML, CRC, GC, HCC, LUAD). Bar plots display precision, 
coverage, and false rate for each method, with TiRank (orange), Scissor (teal), and CIBERSORT (purple). Precision represents the proportion of correctly 
predicted associations among all positive predictions. Coverage measures the algorithm’s ability to identify phenotype-associated subpopulations across 
bulk and scRNA-seq data pairs. False rate indicates the proportion of incorrect positive predictions among all positive predictions. For each phenotype/
cancer pair, model was trained only on bulk transcriptomics data, then applied to scRNA-seq for inference; predicted subpopulations were evaluated 
against literature-curated ground truths. C Performance comparison of TiRank, Scissor, CytoCommunity, and TaiChi in predicting phenotype-associated 
spatial niches across three clinical settings: favorable prognosis niches in CRC, immune checkpoint blockade (ICB)-responsive niches in GC, and ICB-
responsive regions in neoadjuvant chemotherapy-treated CRC. Bar plots show precision, recall, F1-score, balanced accuracy, and Jaccard index for each 
method, with CytoCommunity (purple), Scissor (pink), TaiChi (orange), and TiRank (blue). Error bars represent the standard deviation of predictions across 
slides within each dataset. D Representative examples of phenotypic niche predictions from panel C. Each row corresponds to an individual slide, and 
each column represents a method or ground truth. Ground truth, determined by manual annotations, labels target spots (orange) associated with the 
phenotype and other spots (blue) as background. Scanpy clustering shows gene expression-based clusters (0–5). Predictions by CytoCommunity, TaiChi, 
Scissor, and TiRank highlight spots predicted as phenotype-associated (orange) versus background (blue)
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evidence that the exhausted state of CD8⁺ T cells can be 
reinvigorated by ICB therapy [64] (Additional file 1: Fig. 
S8C, D). Lastly, an ICB-response gene signature derived 
from upregulated genes in TiRank⁻ cells correlated with 
higher ICB response rates and longer survival in four 
bulk transcriptomics datasets (Additional file 1: Fig. 
S7E). Collectively, these findings underscore the ability of 
TiRank to identify ICB-responsive cell subpopulations in 
melanoma and highlight its broader potential for eluci-
dating therapeutic targets in cancers.

TiRank prioritizes clinically relevant spatial niches in cancer
We then applied TiRank to integrate bulk transcrip-
tomics and ST data, identifying spatial niches linked to 
clinical outcomes across two cancer types (Fig. 2A, Addi-
tional file 2: Table S1). To assess its performance, we 
benchmarked TiRank against three algorithms, includ-
ing Scissor, CytoCommunity [65], and TaiChi [66]. These 
methods were not originally designed for patient-label-
free ST data analysis, despite their potential relevance 
(Additional file 2: Table S7).

Three clinical datasets were evaluated, each addressing 
distinct clinical questions (Methods). First, in four treat-
ment-naïve CRC ST slides from Valdeolivas et al. [67], 
CMS1-type CRC with high immune cell infiltration cor-
related with favorable prognosis. TiRank, combined with 
prognosis bulk transcriptomics data, identified niches of 
high immune infiltration. Second, in four ST slides from 
CRC patients treated with neoadjuvant chemotherapy, 
Wu et al. [68] associated high CD8+ T cell infiltration 
with ICB response. Using bulk transcriptomics with ICB 
efficacy data, TiRank pinpointed regions with elevated 
CD8+ T cell presence. Third, in a retrospective cohort 
of nine treatment-naïve GC patients, prior studies [37, 
69] linked tertiary lymphoid structures (TLS) to ICB 
response. TiRank, integrating ICB response bulk tran-
scriptomics data, inferred TLS presence in ST slides of 
GC. Across these scenarios, TiRank outperformed other 
algorithms on five metrics, including Precision, Recall, 
F1-score, Balanced Accuracy, and Jaccard Index, which 
measured agreement with human-annotated ground 
truth (Fig.  2C). Specifically, TiRank distinguished target 
regions, such as high immune infiltration zones in CRC 
and TLS in GC, from background areas, while Scissor 
and TaiChi showed inconsistent performance across 
slides (Fig. 2D, Additional file 1: Fig. S9 and 10).

To further illustrate the potential of TiRank in discov-
ering clinical biomarkers, we analyzed a bulk transcrip-
tomics dataset with overall survival (OS) and ten ST 
slices from CRC patients [67]. Combined with patho-
logical region annotations, TiRank revealed that immune 
cell-enriched regions (IC_Aggre) were associated with 
favorable prognosis, while fibroblastic regions (Stroma 
Fibroblastic) were correlated with poor prognosis 

(Additional file 1: Fig. S11A and B). Fibroblastic regions 
are known to play critical roles in shaping the TME and 
influencing CRC patient outcomes [70, 71]. Focusing on 
these fibroblastic areas, we decomposed the cellular com-
position of individual spots using well-annotated scRNA-
seq data (Additional file 1: Fig. S12A) [35]. TiRank⁺ 
spots (linked to poor prognosis) were enriched with 
myofibroblasts, mast cells, and SPP1⁺ TAMs, whereas 
TiRank⁻ spots (associated with favorable prognosis) were 
characterized by NK cells, smooth muscle cells (SMCs), 
and intermediate cells (Additional file 1: Fig. S11C and 
Additional file 1: Fig. S12C). Spatial analysis [35, 36] 
revealed significant co-localization of SPP1⁺ TAMs and 
myofibroblasts within TiRank⁺ spots (Additional file 1: 
Fig. S11D, Additional file 1: Fig. S12D and Additional 
file 1: Fig. S13). Differential gene expression and path-
way enrichment analysis further indicated that TiRank⁺ 
spots were associated with activation of the IL-17 and 
TNF pathways (Additional file 1: Fig. S11E, Additional 
file 1: Fig. S12B), both of which play critical roles in stress 
response and promote tumor progression in CRC [72, 
73]. To confirm this prognostic association, we derived a 
TiRank⁺ spot signature (144 DEGs; Additional file 1: Fig. 
S12B) and scored four independent CRC cohorts by ssG-
SEA. Kaplan–Meier analyses showed that patients with 
high TiRank⁺ signature scores had significantly worse 
survival (Additional file 1: Fig. S12E), validating the clini-
cal relevance of the poor-prognosis niches identified by 
TiRank. In summary, TiRank highlights the spatial co-
localization of myofibroblasts and SPP1⁺ TAMs in shap-
ing the TME and their association with poor prognosis 
in CRC [74, 75]. These findings further demonstrate that 
TiRank is a powerful tool for uncovering spatial niches 
associated with prognosis and drug response in clinical 
cohorts.

TiRank dissects therapeutic responsive niches in gastric 
cancer
Previous experiments on pan-cancerous ST data under-
score the potential of TiRank in uncovering critical 
spatial niches and facilitating the discovery of clinical 
biomarkers. Here, we applied TiRank to identify spa-
tial niches associated with treatment efficacy in GC. 
Three bulk transcriptomics datasets from independent 
clinical cohorts with different treatment strategies were 
included: GSE66229 [76] with adjuvant chemotherapy 
(AC); Kim2018 and Kwon2021 [77, 78] with ICB treat-
ment (Additional file 2: Table S1); and UnionH Cohort 
1 (UnionH-1) with NACI therapy from our retrospec-
tive UnionH dataset. Additionally, we collected UnionH 
Cohort 2 (UnionH-2) including surgical samples from 
nine treatment-naïve patients with spatial transcriptomes 
(Fig. 3A and Additional file 2: Table S3).
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Fig. 3  Characterizing spatial tumor heterogeneity associated with NACI in GC. A Bulk transcriptomes and spatial transcriptomes of GC used in this study. 
Two public bulk transcriptomics datasets included GC patients treated with adjuvant chemotherapy (AC) or ICB alone. Two in-house datasets: UnionH-1, 
a retrospective cohort, involved GC patients receiving NACI with bulk transcriptomics sequencing, while UnionH-2 comprised nine GC patients without 
pre-surgery treatment, analyzed using ST. TiRank was applied to identify spatial niches associated with distinct treatment responses in ST slides. B Stacked 
bar plots showing TiRank-predicted treatment resistance (TiRank⁺, red) or responsiveness (TiRank⁻, blue) across distinct spatial regions of GC tissues, with 
gray representing unclassified regions. The x-axis represents spatial regions (PT, peritumor; TC, tumor core; TB, tumor boundary), and the y-axis displays the 
proportion of classifications across nine GC samples. C Spatial mapping of TiRank predictions in two representative tissue slices. Left: H&E-stained images. 
Middle: Pathological regions annotated using the Cottrazm package. Right: TiRank classifications for NACI response, with red indicating treatment resis-
tance (TiRank⁺), blue denoting responsiveness (TiRank⁻), and gray representing background. Additional file 1: Fig. S14 shows additional tissue slices and 
predictions for other therapies. D Spatial distribution of TiRank scores in GC tissues. TiRank⁺ (red) spots represent regions predicted to be associated with 
NACI resistance, while TiRank⁻ (blue) indicates predicted responsiveness. Scores were averaged across spatial regions for all nine treatment-naive samples. 
E Cellular composition of the tumor boundary, deconvoluted using CARD. Top 10 cell types are shown. F Differential cell fraction analysis between TiRank+ 
(resistant) and TiRank− (responsive) spots within the tumor boundary. X-axis shows fold change. CAFs are associated with resistance (TiRank+), while im-
mune cells are associated with response TiRank−. G Gene expression dynamic across spatial regions. The average expression levels of IFNγ, GZMK and 
CD80 across spatial regions from the core tumor to the peritumor area. Each point represent the average gene expression at each point for individual 
patients. Curve represents the mean values ± standard deviation
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Each ST slide was segmented into distinct spatial 
regions, including tumor core, tumor boundary, and peri-
tumor regions using Cottrazm [34] (Additional file 1: Fig. 
S14). TiRank was then used to integrate bulk transcrip-
tomes with individual ST slices, linking each spatial spot 
to the responsiveness of specific treatment regimens. 
The results showed that the tumor boundary niche cor-
related with resistance to AC or ICB alone but exhib-
ited responsiveness to combined chemoimmunotherapy 
(Fig.  3B, C, and Additional file 1: Fig. S14). Moreover, 
the TiRank labels within the tumor boundary exhibited 
substantial heterogeneity (Fig.  3D), with the spatial dis-
tribution of TiRank scores significantly increasing in the 
tumor boundary region (Additional file 1: Fig. S15A). 
These findings underscore the potential importance of 
the tumor boundary microenvironment in shaping the 
response to combined chemoimmunotherapy.

We further decomposed the cellular composition of 
spots in the tumor boundary niche [79] (Additional file 
1: Fig. S15B). The results revealed a predominance of 
tumor cells, CAFs, endothelial cells, plasma cells and B 
cells (Fig. 3E and Additional file 1: Fig. S15C). Differen-
tial cell subpopulation fraction analysis indicated that 
CAF subpopulations were enriched in spots associated 
with combined chemoimmunotherapy resistance, while 
immune cells were enriched in spots linked to response 
within the tumor boundary niche (Fig. 3F and Additional 
file 1: Fig. S16). Collectively, these findings highlight the 
spatial arrangement of CAFs and immune cells as highly 
correlated with combined chemoimmunotherapy efficacy 
within the tumor boundary, suggesting its potential value 
in guiding precision treatment in GC.

To better understand the molecular mechanisms 
underlying the tumor boundary niche, we analyzed 
gene expression changes relative to the distance from 
the tumor boundary. Cytotoxic and immune-activat-
ing molecules, such as INFG, GZMK, and CD80, were 
upregulated from the tumor core to the boundary region 
(Fig.  3G). Pathway enrichment analysis further revealed 
that combined chemoimmunotherapy-resistant spots 
within the boundary region were associated with IL-17 
and B cell receptor signaling pathways, Wnt and purine 
metabolism pathways (Additional file 1: Fig. S15D). These 
observations suggest that the spatial distribution and 
transcriptional dynamics within the tumor boundary are 
associated with tumor progression, immune exclusion, 
and ICB resistance in GC and other cancers [80–83].

In summary, TiRank elucidates the associations between 
spatial niches and treatment regimens in GC, emphasizing 
the potential value of the tumor boundary niche in predict-
ing treatment efficacy. Several cell subpopulations, includ-
ing CD74⁺ CAFs, TRPA1⁺ CAFs, MYH11⁺ CAFs, B cells, 
plasma cells and T cells, were concentrated in the tumor 
boundary niche and exhibited inverse correlations with 

combined chemoimmunotherapy efficacy. These findings 
enhance our understanding of the molecular mechanisms 
influencing therapy outcomes and contribute to the devel-
opment of novel indicators for selecting GC patients who 
may benefit from combined chemoimmunotherapy.

IMC validates spatial organization of CAFs and immune 
cells
Previous analyses utilizing TiRank on bulk and spa-
tial transcriptomics highlighted the importance of the 
tumor boundary niche, particularly the diverse CAF and 
immune subpopulations, in guiding GC patients toward 
NACI response (Fig. 4A). To further validate the spatial 
distribution of CAFs and immune cells within the TME 
that associate with NACI response, IMC was performed 
on pre-treatment gastroscopy samples from ten GC 
patients (Additional file 1: Fig. S17A and Additional file 
2: Table S4). Our custom-designed IMC panel targeted 
35 proteins, including markers for immune and non-
immune cells, as well as proteins related to immune sta-
tus and metabolism, enabling a comprehensive analysis 
of cellular compositions (Fig. 4B, C and Additional file 1: 
Fig. S17B). Cell segmentation and protein quantification 
via Steinbock [37] identified a total of 498,593 cells from 
61 images. Subsequent unsupervised cell clustering algo-
rithm identified ten distinct cell types and 26 subpopula-
tions, including five CAF subtypes and six TAM subtypes 
(Fig.  4D, E  and Additional file 1: Fig. S18A-C). Abun-
dance comparisons and spatial analysis were performed 
to reveal features associated with different TRG. B cells, 
plasma cells and conventional dendritic cells (cDCs) were 
significantly enriched in patients with TRG 0, who dem-
onstrated a complete response to NACI (Additional file 
1: Fig. S18D). For CAF subpopulations, no significant fre-
quency differences between TRG groups were observed 
(Additional file 1: Fig. S18E). As for subpopulations of 
TAM, CD74+ macrophages were enriched in images 
associated with NACI responders, while CD80+ macro-
phages showed the opposite pattern (Additional file 1: 
Fig. S18F), in line with previous research [69].

Furthermore, we performed cellular neighborhood 
(CN) analysis by integrating the spatial neighbors of 
individual cells [84]. This approach identified eight dis-
tinct CN types, revealing diverse cellular niches within 
the core tumor of GC samples. These niches were char-
acterized by varying abundances of cell populations, 
including epithelial cells, macrophages, T cells, B cells, 
neutrophils, fibroblasts, and endothelial cells (Additional 
file 1: Fig. S19A). Spatial distribution maps further illus-
trated the heterogeneity of these CN types across differ-
ent regions of interest, highlighting dynamic interactions 
between immune cells and other components of the 
TME (Additional file 1: Fig. S19C). However, statistical 
analysis revealed that these CN types did not exhibit a 
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Fig. 4 (See legend on next page.)
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significant association with TRG in GC patients treated 
with NACI (Additional file 1: Fig. S19B and C). These 
findings emphasize the need for a more tailored analyti-
cal approach and specific biomarkers to effectively strat-
ify GC patients who may benefit from NACI.

Fibro-Bar score predicts NACI response in GC
IMC analysis revealed that the abundance of CAF sub-
populations and CN types did not significantly dif-
fer across TRG stages. However, IMC enabled detailed 
examination of their spatial distribution at the interface 
between tumor cells and TME components within tumor 
patches. Here, we first defined tumor patches as aggre-
gates of tumor cells and extended this hull to include 
neighboring TME components [43] Specific CAF sub-
populations (TRPA1+, MYH11+, CD74+) and immune 
cells (B cells, plasma cells, CD8+ T cells, CD4+ T cells), 
previously identified by TiRank (Fig.  3F), showed dis-
tinct spatial distribution at this boundary (Fig. 4G). This 
region, termed the "Fibro-Bar" niche, exhibited a barrier-
like aggregation of CAFs that excluded immune cells 
(Additional file 1: Fig. S20).

The "Fibro-Bar Score", defined as the ratio of CAF to 
immune cell fractions within tumor patches (Fig. 4F), was 
developed to quantify this spatial arrangement. Com-
puted across various distances (d) from tumor patches, 
the score demonstrated a significant association with 
non-responsiveness to NACI at d equal to 20  μm, with 
consistent trends at greater distances (Additional file 
1: Fig. S21B). This metric effectively distinguished GC 
patients likely to benefit from NACI, and it was better 
than the single abundance of CAFs or T cells (Fig. 4H and 
Additional file 1: Fig. S21A).

Protein expression analysis further elucidated the 
Fibro-Bar niche's role. CAF-associated proteins (e.g., 
αSMA, POSTN) positively correlated with higher Fibro-
Bar scores, while immune-associated markers (e.g., HLA-
DR, CD8a) showed negative correlations (Additional file 
1: Fig. S21C). In high-Fibro-Bar score tumor patches, dif-
ferential expression analysis revealed that upregulation of 
αSMA, POSTN, and Ki67, alongside downregulation of 
HLA-DR, CD8a, and CD20, indicating a CAF-enriched 
boundary that impedes immune cell infiltration (Fig. 4I). 
Focusing on B and T cells, significant upregulation of 
PD-1 and IFNγ, markers linked to immune checkpoint 
blockade response [85, 86] (Additional file 1: Fig. S21D). 
It suggested that elevated CAF presence may impair 
immune cell functionality in tumor elimination [82].

The Fibro-Bar Score outperformed the barrier score 
proposed by Enfield et al. [87] in identifying GC patients 
responsive to NACI (Additional file 1: Fig. S21E), high-
lighting distinct spatial rearrangements of CAFs and 
immune cells within the tumor niche (Fig. 4J). This dis-
covery also underscores the value of TiRank as a com-
prehensive computational platform for systematic 
prioritization of clinically relevant niches for precision 
oncology.

Graphical user interface for TiRank
We developed a user-friendly graphical user interface 
(GUI) for TiRank to enhance accessibility for research-
ers and clinicians (Fig.  5A). The GUI enables users to 
upload gene expression profiles from bulk transcrip-
tomics, scRNA-seq, and ST, along with corresponding 
clinical phenotypes from bulk transcriptomics. Subse-
quently, TiRank performs data preprocessing, gene pair 

(See figure on previous page.)
Fig. 4  Validation of Fibro-Bar in spatial proteomics of GC receiving NACI. A Schematic overview of the downstream validation of Fibro-Bar, identified 
by TiRank in spatial transcriptomics (ST), using Imaging Mass Cytometry (IMC). Union-H3 cohort included pre-treatment gastroscopic samples from 10 
GC patients undergoing NACI, which were analyzed to assess treatment response via tumor regression grade (TRG 0–3). Regions of interest (ROIs) and 
markers were selected based on ST data analyzed by TiRank, focusing on tumor boundary regions and the spatial distribution of cancer-associated fibro-
blasts (CAFs) and immune cells. The IMC workflow included laser ablation, data collection, and downstream analysis to evaluate Fibro-Bar’s association 
with NACI efficacy. B Antibody panel of 35 protein markers used to identify and classify distinct cell subpopulations, including lymphoid (e.g., CD3, CD4), 
myeloid (e.g., CD68, CD163), epithelial (e.g., Pan-Keratin), fibroblast (e.g., FAP, αSMA), and metabolic (e.g., MYH11) markers, alongside TiRank-discovered 
targets. C Representative IMC images showing the expression of key markers in CAFs and immune cells. Tumor cells are labeled with Pan-Keratin (green), 
nuclei with Iridium (blue), and specific markers (e.g., CD45, CD4, CD20, FAP, αSMA, MYH11) with red. Scale bar, 100 μm. D UMAP visualization of major 
cell types across samples, including T cells, B cells, dendritic cells (DCs), macrophages, CAFs, monocytes, epithelial cells, and endothelial cells. Unlabeled 
cells were excluded from the analysis. E Stacked bar plot showing the relative proportions of cell types across 10 patient samples (P1–P10). F Workflow 
for calculating the Fibro-Bar score, which quantifies the spatial positioning of CAFs and immune cells at the tumor patch border. The process involves: 
(1) identifying tumor patches, (2) collecting CAF and immune cell and calculating fractions, and (3) computing the Fibro-Bar score based on CAF and im-
mune cell fractions at the tumor boundary (d = 20 μm). G Zoomed-in IMC images illustrating Fibro-Bar niches across ROIs with distinct TRG labels. P6-ROI7 
and P5-ROI8 represent high Fibro-Bar scores, characterized by elevated CAF infiltration relative to immune cells at the tumor boundary, associated with 
higher TRG. P3-ROI5 and P8-ROI5 show lower Fibro-Bar scores, with immune cell infiltration and lower TRG. Left column: Cell-type composition (tumor 
cells, CAFs, immune cells). Middle column: Hematoxylin and Eosin (H&E) staining. Right column: IMC images highlighting DNA (blue), MYH11 (pink), Pan-
Keratin (green), CD20 (yellow), CD4 (cyan), FAP, and αSMA (red). White arrows indicate Fibro-Bar niches. Scale bar, 100 μm. H Boxplots comparing Fibro-
Bar scores across TRG categories (TRG 0–3). Statistical significance assessed using a two-sided Student’s t-test. I Volcano plot of differentially expressed 
markers between high and low Fibro-Bar score tumor patches (d = 20 μm). All cells within tumor patch were involved in computation. Red dots indicate 
proteins upregulated in high Fibro-Bar score patches, and blue dots indicate proteins upregulated in low Fibro-Bar score patches. J Schematic representa-
tion of Fibro-Bar in the TME. Tumor patches with high Fibro-Bar scores, marked by CAF-coated tumor cells and immune cell exclusion, are associated with 
reduced responses to NACI in GC, while low Fibro-Bar scores correlate with increased immune cell infiltration and better responses
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transformation, optimization, and identification of phe-
notype-associated cells or spots (Fig. 5B). The GUI offers 
multiple results and modules for downstream analysis, 
including a summary table presenting TiRank labels and 
scores that indicate associations between individual cells 
or spots and clinical phenotypes, a permutation algo-
rithm for inferring clinically relevant cell subpopulations 
or spatial niches, and visualization and analysis modules 
to display results such as the distribution of TiRank labels 
and differentially expressed genes (Fig.  5C). A compre-
hensive tutorial for using the TiRank GUI is available at ​
h​t​t​p​​s​:​/​​/​t​i​r​​a​n​​k​.​r​​e​a​d​​t​h​e​d​​o​c​​s​.​i​​o​/​e​​n​/​l​a​​t​e​​s​t​/​​t​u​t​​o​r​i​a​​l​_​​w​e​b​.​h​t​m​l 

and a video demonstration has also been added to this 
GitHub repository. The interactive TiRank GUI enables 
researchers to process their data efficiently, facilitating 
the discovery of clinical biomarkers.

Discussion
By integrating relative expression ordering (REO) of phe-
notype gene-pairs with a multitask transfer learning strat-
egy, TiRank leverages phenotype labels available in bulk 
transcriptomics to prioritize phenotype-associated cells 
and spatial niches from scRNA-seq and ST data. Concep-
tually, TiRank departs from earlier frameworks such as 

Fig. 5  Graphical user interface for TiRank. A Homepage of TiRank. The interface provides access to core modules for analyzing bulk transcriptomics, 
scRNA-seq, and ST data, with outputs linked to clinical phenotypes. B Overview of analysis modules in TiRank: (1) Data Preprocessing: Uploaded tran-
scriptomics data is preprocessed, including quality control and dictionary initialization to store results. (2) REO-Transformation Module: Converts the 
original gene expression matrix into a REO matrix based on gene pair transformations. (3) Multitask Transfer Learning Framework: Employs multitask loss 
functions to infer relationships between individual cells or spots and associated phenotypes. (4) Noise Filtering and Permutation: Identifies phenotype-
independent cells or spots, enabling the classification of clinical phenotype-associated subpopulations and spatial niches. C TiRank outputs. For scRNA-
seq and ST data, TiRank provides the TiRank Score and TiRank Label, quantifying the association of cells or spatial spots with clinical phenotypes. Results 
are compiled into a summary table to facilitate downstream analyses
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Scissor and DEGAS in four points. First, the REO trans-
formation provides a modality-robust signal that reduces 
dependence on cross-platform expression calibration. 
Second, TiRank incorporates a WSI-guided location-
aware module that further encourages spatial coherence 
for ST data. Third, TiRank introduces a GMM-based post-
hoc neutral class to identify phenotype-independent cells/
spots, improving interpretability in noisy clinical settings. 
Fourth, TiRank elevates single-cell/spot scoring to bio-
logical units via a permutation-based enrichment test for 
phenotype-associated subpopulations and spatial niches.

This phenotype-prioritization approach complements 
other spatial analysis tools. While methods like SpaGCN 
focus on de novo discovery of spatial domains through 
graph convolutional networks, and CellCharter [88] 
specializes in characterizing cellular composition and 
interactions within niches, TiRank takes a step further in 
systematically linking spatial structures to clinical out-
comes. By transferring phenotype associations from bulk 
transcriptomics, TiRank directly identifies which spatial 
niches are clinically relevant, bridging the gap between 
spatial organization and patient outcomes.

Applied to GC, TiRank demonstrates potential in 
advancing biomarker discovery. GC remains one of the 
most prevalent and lethal malignancies [89]. The effec-
tiveness of first-line chemotherapy for advanced GC is 
limited, with a median overall survival of less than one 
year [90, 91]. Although immunotherapy has been incor-
porated into chemotherapy regimens, only a small sub-
set of patients could benefit from these treatments [92, 
93]. In this study, we utilized TiRank to identify spatial 
niches within tumor boundaries that were associated 
with the efficacy of NACI. A novel tumor boundary 
region, termed "Fibro-Bar," was identified. Fibro-Bars are 
enriched with distinct spatial fibroblast niches, primar-
ily composed of MYH11+ CAFs, TRPA1+ CAFs, CD74+ 
CAFs, and form a barrier-like structure that contributes 
to the exclusion of multiple immune cell subpopulations. 
In our retrospective GC cohort, the Fibro-Bar Score, 
quantifying the relative spatial distribution of CAFs and 
immune cells as measured by IMC, was significantly 
associated with reduced responsiveness to NACI.

CAFs, which are heterogeneous and ubiquitous stromal 
cells within the TME, have been reported to influence 
the efficiency of therapy [94, 95]. Prior research indicates 
that activated CAFs may contribute to T-cell exclusion 
[96]. Specifically, MYH11+ CAFs form a single-cell layer 
that lines tumor nests and is significantly associated with 
immune exclusion from tumor regions, leading to poor 
response to ICB in non-small cell lung cancer [65]. In 
this study, we further demonstrate that MYH11+ CAF-
derived Fibro-Bar serve as boundary-like structures that 
impede T-cell infiltration and limit NACI effectiveness. 

Furthermore, we observed upregulation of POSTN, IFNγ 
and PD-1 in T and B cells within the tumor region with 
a high Fibro-Bar score, indicating a microenvironment 
characterized by epithelial-to-mesenchymal transition 
(EMT) and immune evasion [69].

Several limitations warrant consideration. First, TiRank 
leverages the REO to mitigate cross-platform scaling dif-
ferences and facilitate transfer across modalities, this 
strategy has inherent constraints. The binarization of 
pairwise expression discards quantitative information, 
and its performance depends on adequate gene coverage, 
making it sensitive to technical issues like dropouts and 
dependent on the initial selection of phenotype-associ-
ated genes. Future extensions will explore probabilistic 
REO and adaptive pair selection to balance rank-based 
robustness with magnitude-based informativeness. Sec-
ond, the GMM-based filter relies on predefined and fixed 
threshold. A more robustly data-driven approach would 
be appropriate. Third, while TiRank has demonstrated 
performance in predicting drug responses based on cell 
line data, further validation across broader and more 
diverse datasets, including animal models and clinical 
cohorts. Our benchmarking of phenotype-associated 
subpopulations relies on literature-derived ground truth, 
which may introduce selection or reporting biases, het-
erogeneous phenotype definitions, and variability in 
cell-type annotation. Although the ideal gold-standard 
benchmarks would consist of bulk and single-cell data-
sets derived from the same matched samples, together 
with harmonized clinical outcomes to ensure a more 
reliable and standardized reference, such resources are 
currently lacking. Finally, TiRank's applicability to spa-
tial-omics technologies such as imaging-based ST [97] 
or spatial proteomics [7], remains to be evaluated. Our 
IMC analysis was also restricted to gastroscopic biop-
sies (about 1 mm2), potentially limiting a comprehen-
sive assessment of spatial structures, and validation in a 
larger, randomized prospective cohort is essential.

In summary, TiRank is a versatile deep learning model 
for the prioritization of clinically relevant spatial niches 
within the TME. Our findings indicate that Fibro-Bar 
serve as potential markers for guiding neoadjuvant che-
moimmunotherapy in GC. To enhance accessibility, we 
developed an interactive graphical interface for both 
researchers and clinicians. We believe that TiRank offers 
valuable insights for clinical biomarker discovery and 
precision oncology.

Conclusions
TiRank is a robust deep learning framework that uti-
lizes multitask transfer learning to integrate multimodal 
transcriptomics and prioritize clinically relevant spa-
tial niches within the tumor microenvironment. Our 
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study highlights the "Fibro-Bar," a specific spatial niche 
enriched with cancer-associated fibroblasts that contrib-
utes to immune exclusion and correlates with treatment 
resistance in gastric cancer. The proposed novel algo-
rithm is expected to be applicable to elucidate spatial bio-
markers and guide patient-specific strategies to advance 
precision oncology.
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