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 27 

Abstract 28 

Cell-state transition can reveal additional information from single-cell RNA-sequencing data in 29 

time-resolved biological phenomena. However, most of the current methods are based on the 30 

time derivative of the gene expression state, which restricts them to the short-term evolution of 31 

cell states. Here, we present scSTAR, which overcomes this limitation by constructing a paired-32 

cell projection between biological conditions with an arbitrary time span by maximizing the 33 

covariance between two feature spaces using partial least square and minimum squared error 34 

methods. In mouse aging data, the response to stress in CD4+ memory T cell subtypes was found 35 

to be associated with aging. A novel Treg subtype characterized by mTORC activation was 36 

identified to be associated with antitumor immune suppression, which was confirmed by 37 

immunofluorescence microscopy and survival analysis in 11 cancers from TCGA. On melanoma 38 

data, scSTAR improved immunotherapy-response prediction accuracy from 0.8 to 0.96. 39 

 40 

Keywords: cell state dynamics; partial least square regression; scRNA-seq 41 

Abbreviations 42 

TCGA：The Cancer Genome Atlas Program 43 

Treg: Regulatory T cells 44 

TCM: central memory T cells 45 

TEM: effector memory T cells 46 

FC: fold change 47 

scRNA-seq: Single-cell RNA sequencing 48 

PLS: partial least square 49 
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AUC: areas under the receiver operating characteristic curve 50 

ARI: adjusted Rand index 51 

UMAP: uniform manifold approximation and projection 52 

GO: gene oncology 53 

LUAD: Lung adenocarcinoma 54 

HCC: Hepatocellular carcinoma 55 

TME: tumor microenvironment 56 

NSCLC: non-small cell lung cancer 57 

KNN: k-nearest neighbors 58 

DE: differential expression 59 

IHC: immunohistochemistry screening 60 

Anti-PD1: immunotherapy with an anti-PD-1 monoclonal antibody 61 

 62 

Introduction 63 

Single-cell RNA sequencing (scRNA-seq) data offer insights into cell-to-cell biological 64 

variation at the transcriptomic level. It captures the snapshot heterogeneity of cell states in 65 

biological processes, but the cells between biological conditions are unpaired due to their 66 

destructive nature. 67 

Despite promising progress in understanding immune cell dynamics associated with 68 

biological processes, tumorigenesis and treatment responses using scRNA-seq data, the 69 

fundamental mechanisms underlying immune cell heterogeneities remain poorly understood [1-70 

4]. T cells have been investigated to probe aging-associated gene expression variations [5, 6]. 71 

Aging-related gene expression levels may not be conserved in cell-type-specific regulatory 72 
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programs [5], implying that more detailed cell dynamics remain to be uncovered. Regulatory T 73 

(Treg) cells can impair antitumor immune activities, but their contribution to tumor development 74 

remains unclear [7, 8]. Autoimmunity elicited by Treg-targeting immunotherapy [9] implied the 75 

possible existence of unknown substructures of Tregs. Anti-PD1 immunotherapy targeting CD8+ 76 

T cells has achieved promising clinical outcomes, but only a small portion of patients can benefit 77 

from it [10, 11]. The complexity of CD8+ T cells in the tumor immune microenvironment and 78 

their dynamic transitions in relation to therapy outcomes are still inadequately understood. Thus, 79 

it hindered the improvement of single-cell data interpretation in revealing cell state transition-80 

related heterogeneities. 81 

Analysis of the cell clusters based on their static transcriptional levels may miss the 82 

heterogeneity in subcluster cell-state dynamics. Various analytical methods have been developed 83 

to tackle this problem. The recent advance is the development of RNA velocity [12] and its 84 

extension methods, e.g., CellRank [13] and dynamo [14], which predict the future state of 85 

individual cells in developmental lineage and cellular dynamics on a timescale of hours based on 86 

the ratio between nascent and mature mRNA. Such methods have intrinsic limitations with 87 

scenarios where research interests are over larger periods, e.g., pre- and post-treatments[15], 88 

adjacent normal and tumor [4], and across ages [5], and even expression/nonexpression of 89 

certain gene(s). Furthermore, quantifying velocity may require additional information, such as 90 

metabolic labeling [14]. In more general scenarios, unwanted variations are removed before 91 

downstream analysis to reveal dynamic signals from scRNA-seq data, such as removing batch 92 

effects through factor analysis [16-18], reducing random noise via filtering methods [19-24], and 93 

eliminating specified biological noise or confounding factors by latent variable models [25], 94 

mixture model frameworks [20, 26, 27], and regression-based normalization [28]. The data 95 

imputation algorithm is one of the most widely used approaches to reduce unwanted noise [29-96 
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31]. While various techniques have been developed to remove one or more unwanted variations, 97 

extracting the biological signals of interest may be a straightforward alternative. However, it 98 

remains a challenge to extract biological signals that are comparable or weaker in scale with 99 

unwanted variations. In bulk studies, this issue is normally addressed by comparing paired 100 

samples from the same individual [32, 33]. Nevertheless, such a strategy cannot be easily 101 

extended to single-cell experiments, as one cell can only be profiled once in either condition; 102 

hence, cells are not paired. As a consequence, cell dynamics cannot be obtained by directly 103 

comparing paired cells between conditions. 104 

Here, we developed scSTAR (single-cell State Transition Across-samples of Rna-seq data), 105 

which uses a supervised machine learning algorithm, partial least square (PLS), to profile the 106 

differences between two biological feature spaces by maximizing the covariance of the global 107 

characteristics. Based on the PLS model, each real cell in one condition can be virtually 108 

projected to the counterpart space. The differences between each real-virtual cell pair represent 109 

the state transition of the specific cell. Systematic benchmarks and case studies demonstrate that 110 

scSTAR is accurate and robust for revealing heterogeneities in scRNA-seq data. It captures 111 

quantitative cell state transitions and identifies potential cell subtypes, biomarkers and biological 112 

processes related to aging, tumorigenesis, treatment response, etc. Activation of the response to 113 

stress and DNA repair were found in CD4+ memory T cells from aged mice in two species. An 114 

enriched mTORC1 signature is a sign of a poor prognosis-related Treg cell subtype across 115 

cancers, and its existence was validated experimentally. Reclustering on scSTAR captured 116 

dynamic features of melanoma patient CD8+ T cells and improved immunotherapy response 117 

prediction accuracy from 0.8 to 0.96. 118 
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Results 119 

scSTAR in silico estimates individual cell state transitions by generating real-virtual cell 120 

pairs across samples/conditions, and the expression differences between the real-virtual cell pair 121 

should only relate to the biological problem of interest (Figure 1a). More details of the 122 

implementation can be found in Methods. In a typical single-cell analytical workflow, scSTAR 123 

can be applied just before “clustering/trajectory”, etc. step [17, 34] (Figure 1b) to reveal detailed 124 

subcluster structures of the cell-state dynamics pattern in response to experimental condition 125 

changes, even when they are buried by other interference. 126 

Systematic benchmarking demonstrates the superior performance of scSTAR 127 

We first benchmarked scSTAR against the original (unprocessed) data and five existing noise 128 

reduction methods, i.e., Combat [27], MAGIC [29], SAVER [30], MNN [16] and scMerge [18], 129 

and evaluated it through three clustering methods, k-means, SC3 [35] and Seurat [17]. The noisy 130 

simulation datasets mimicked 12 case-control scenarios with different combinations of parameter 131 

settings: 1) the expression level fold changes (FCs) between case and control data: 1.3, 1.5 and 2; 132 

2) the intragroup heterogeneity in the case group: 2, 3 and 4 subclusters (2 subclusters with cell 133 

ratio between subclusters: 1:2, and 1:1; 3 and 4 subclusters with equal proportions of cells 134 

between subclusters) (Methods). For each scenario, 10 datasets (2000 cells per dataset) were 135 

randomly generated, which led to 120 simulated datasets in total. The aim of this evaluation was 136 

to compare the capabilities in revealing intragroup heterogeneity in the presence of noise 137 

interference when using the aforementioned 21 processing procedures. 138 

First, the areas under receiver operating characteristic curves (AUCs) were calculated for the 139 

data containing 2 subclusters to quantitatively illustrate how well different subclusters could be 140 
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separated (Figure 2a). In terms of AUC, scSTAR and SAVER have values ranging from 141 

approximately 0.9 to 1, whereas most of the rest were between 0.5 and 0.8. scSTAR showed 142 

slightly better results than SAVER. At low FCs (i.e., low signal amplitude differences), 143 

intragroup heterogeneities tended to be masked by strong noise interferences, and the scSTAR 144 

algorithm could dramatically reduce such interference without causing obvious distortions to the 145 

data. Furthermore, the clustering results by k-means, SC3 and Seurat were evaluated in terms of 146 

the adjusted Rand index (ARI) [36] (Methods). ARI is often used in cluster validation to measure 147 

the agreement between two partitions: one given by the clustering process and the other defined 148 

by external criteria. The closer its value is to 1, the better the clustering performance. With a 149 

relatively weak signal (FC=1.3), scSTAR outperformed original, Combat, MAGIC, SAVER and 150 

scMerge in all cases (Figure 2b-e). Although MNN achieved comparable results with scSTAR in 151 

some cases of 2 subclusters, the performance of MNN declined dramatically when the data 152 

complexity increased, e.g., with 3 and 4 subclusters. A similar trend was also observed for FCs 153 

of 1.5 and 2 (FC=1.5, Figure S1a-d, FC=2, Figure S1e-h). In addition, we illustrate the 154 

distribution of cells on averaged DE gene expression after being processed by each method and 155 

clustered by k-means (Figure 2f-l) in the 2 subcluster case. The heterogeneities of cells were 156 

faithfully revealed by scSTAR with very few misclassified cells (Figure 2f), whereas there were 157 

many more misclassified cells with other methods. The results demonstrate that cell 158 

heterogeneities that can be revealed by scSTAR are hardly observed by other existing methods. 159 

Finally, a visualization of cell topology structures using Uniform Manifold Approximation and 160 

Projection (UMAP) demonstrated that strong noise interference can blur the cell subcluster 161 

patterns with procedures using existing methods. In contrast, clear separation of cell 162 

heterogeneity was revealed with scSTAR processed data (Figure 2m-2s). In summary, scSTAR 163 

is the only method that can consistently achieve reliable results across various metrics. This 164 
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illustrates that scSTAR has a stronger capability to reduce noise interference than existing 165 

methods. 166 

scSTAR reveals aging-related cell subtypes in mouse immunosenescence data 167 

Next, we used scSTAR to uncover aging-related CD4+ T cell transcriptional dynamics in 168 

mouse immunosenescence data [5], and the observed aging patterns were verified in different 169 

mouse species. The cells were collected from two inbred mouse subspecies separated by 1 170 

million years of divergence, Mus musculus domesticus (B6) and Mus musculus castaneus 171 

(CAST), and from both old and young mice in naïve and active conditions. The original 172 

conclusions were that no global expression profile change was found due to aging in either naïve 173 

or activated CD4+ T cells; only ~10% of genes were differentially expressed between cells from 174 

young and old mice in a small subset of cells, and these were not conserved between B6 and 175 

CAST. The reconstructed plot confirmed their conclusion (Figure S2a and b). When reanalyzing 176 

the same CD4+ T cells using scSTAR, much clearer separation patterns between young and old 177 

mice were revealed (Figure S2c and d). For the naïve B6 data (young vs old), 5 clusters were 178 

obtained (Figure 3a). The cluster with cells expressing Ccr7 and Sell suggests that they are 179 

central memory T cells (TCM) [37]; those expressing Cxcr3 and Cd44 but lacking Ccr7 suggest 180 

that they are effector memory T (TEM) cells [37, 38], and those expressing Tigit suggest that they 181 

are exhaustion T cells (TExh) [39]. The last two clusters were annotated as unidentified Fem1c+ 182 

CD4+ T cells (TFem1c+) and intermediate-stage cells (Tint) (Figure 3b). The TEM cluster was 183 

mainly found in young mice, the TExh and TFem1c+ clusters were mainly found in old mice, and 184 

the TCM cluster existed in both age groups (Figure 3c). Taking Figure 3b and 3c together, 185 

scSTAR revealed a shift from effective to exhausted functions during aging. 186 
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GO analysis showed that enriched lymphocyte activation and catabolic functions were found 187 

in young mouse TEM cells, and negative regulation of catabolic functions, apoptotic processes, 188 

and responses to stress were found in old mouse TExh and TFem1c+ clusters (Figure 3d). Trajectory 189 

analysis illustrated that during the course of aging, TEM tended to be replaced by TExh and TFem1c+. 190 

Tint represents an intermediate state on the transition trajectory. However, the aging-irrelevant 191 

TCM was separated from this transition branch (Figure 3e and 3f). The heatmap of the marker 192 

genes identified for each of the cell clusters using the Seurat FindAllMarkers function clearly 193 

revealed the aging-induced cell dynamic pattern (Figure 3g), although such a pattern was 194 

observable but weaker in the original data (Figure 3h). Furthermore, these dynamic patterns were 195 

also confirmed in CAST. For example, within the top 2000 most variable genes of naïve B6 cells, 196 

1034 genes passed the gene filtering processing of naïve CAST mice. It can be seen that young 197 

and old CAST cells can be well separated by these genes with scSTAR processed data (Figure 3i) 198 

but not with the original CAST expression data (Figure 3j). For the activated B6 data (young vs 199 

old), aging-related clustering patterns were also observable, with two distinct old mouse clusters, 200 

TExh and Treg, and one young mouse cluster, Tdiv (in the cell division cycle, as indicated by high 201 

Cdc23) (Figure S3). Interestingly, the negative regulation of catabolic functions observed in the 202 

naïve old mice turned positive in the activated old mice. 203 

scSTAR identifies gene expression-specific dynamics during aging 204 

To demonstrate the capability of scSTAR in revealing gene-specific dynamics during biological 205 

processes in the presence of strong interference, we exemplify the Tdiv cells from activated B6 206 

mice in the previous section. First, cells with positive/negative expression of Cdc23 were used as 207 

criteria for case/control in scSTAR. Unsupervised clustering identified 3 clusters in the scSTAR 208 

processed (Figure 4a) and original data (Figure 4b). For the scSTAR processed data, cluster 209 
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scS_1 was associated with young mice via Cdc23+ cells, and scS_0 and scS_2 were associated 210 

with old mice via Cdc23- cells by the hypergeometric test (Figure 4c). Consistently, a similar but 211 

weaker association was also observed in the original data (Figure 4d). Aging can cause DNA 212 

damage in many aspects of dysfunction and disease [40], and Cdc23 affects the response to DNA 213 

damage [41]. The GO analysis showed molecular functions involving DNA repair, DNA 214 

metabolic processing and response to stress. enriched in scS_1 were uniquely observed in 215 

scSTAR-processed Cdc23+ cells from young mice. However, the old mouse-associated scS_2 216 

was mainly enriched in cell cycle activities (Figure 4e). This observation implied that Cdc23 217 

may play a role in antiaging activities. However, immune activity-related functions were 218 

dominant in the enriched GO terms obtained using the original data (Figure 4f). Due to the 219 

stimulation process in the experimental settings, the gene expression variations in activated 220 

immune cells were dominated by immune function activities. The results illustrated that scSTAR 221 

can reveal subtle information of interest (aging-related gene expression variations) in the 222 

presence of strong biological interferences (immune response activities). 223 

scSTAR uncovers a new active effector Treg (eTreg) cell subtype in pan cancers 224 

To reveal detailed tumorigenesis-related cell heterogeneity, we analyzed scRNA-seq datasets 225 

from two cancer types, LUAD [1] and HCC [2], and found a protumorigenic eTreg subtype 226 

associated with poor patient prognosis. 227 

The 739 Treg cells from adjacent normal and tumor tissues in the original LUAD study were 228 

annotated as nTreg (naïve Treg, high expression of SELL, low expression of FOXP3), eTreg 229 

(high expression of FOXP3) and CD4+ Th (no FOXP3 expression) based on original expression 230 

data (Figure 5a, 5b, and 5m). Then, scSTAR was applied to treat normal tissue as a control and 231 

tumor tissue as a case group, and 5 clusters, C1-C5, were achieved (Figure 5c). Pseudotime 232 
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trajectory analysis [34] illustrated that clusters C1, C3 and C4 were located at the end of 233 

branches (Figure S4a, S4b). Furthermore, the DE genes upregulated in C1 and C3 (identified by 234 

‘FindAllMarkers’, Table S1) were significantly associated with low probabilities of survival, 235 

which suggests that the activities of C1 and C3 might be protumorigenic; therefore, they 236 

represented active Treg subtypes in the tumor microenvironment (TME) (Figure 5i, 5j, S4c and 237 

S4d). Similar processing was also applied to 1959 Treg cells from HCC samples. Using scSTAR 238 

in combination with clustering, trajectory reconstruction and survival analyses, we identified a 239 

similar subset of eTreg cells, HCC C4, as protumorigenic (Figure 5e-h, 5k, 5n, S5, Table S2). 240 

It was found that protumorigenic eTreg cells from both LUAD and HCC tended to have 241 

higher expression levels of HSPA5 and HSP90B1 from the mTORC1 pathway. The expression 242 

of the above markers was highly correlated with the recently reported eTreg active markers 243 

ICOS and IL1R1 [42] (Figure 5m and 5n). HSPA5+/HSP90B1+ eTreg cells highly expressed a set 244 

of 400 genes common to both tumor types (rank sum test false discovery rate <0.05, fold 245 

change >0, Table S3). They included the genes associated with Treg immunosuppressive 246 

functions, such as LAYN [43], REL[44], TNFRSF9 [1], ICOS and IL1R1 [42], reported from 247 

various cancers, which further supported that the identified eTreg cell subtype (referred to as 248 

HSPA5+ eTregs) was responsible for immunosuppressive functions in the TME. 249 

To further justify the above speculation, the top 10 GSEA hallmark gene sets enriched in the 250 

400 genes were identified (Figure 5l, blue dots). Survival analysis of the 21 cancer TCGA 251 

datasets [45] using the identified genes in each of the top 10 gene sets was performed, and the 252 

signatures enriched in the mTORC1 gene set were highly predictive of worse patient prognosis 253 

in 11 out of 21 cancer types (p<0.05, Cox regression, Figure 5l read dots, Figure S6). In addition, 254 

the signatures were evaluated on a melanoma dataset [15], where patients with high expression 255 

of identified genes in mTROC1 tended to be nonresponsive to immunotherapy (p<10-10, rank 256 
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sum test, Figure 5l bars). Immunofluorescence microscopy of human kidney and esophageal 257 

cancer samples also validated the existence of HSPA5+ eTreg cells in tumor tissues (Figure 5m 258 

and S7, Methods). 259 

The existence of Hspa5+ eTregs was also found in mouse lung cancer development model 260 

scRNA-seq data [8] (Figure S8 a-c). In addition, survival analysis of lung adenocarcinoma 261 

TCGA data illustrated that the proposed HSP90B1 and HSPA5 markers can discriminate the 262 

immunosuppression Treg subtype well (Figure S8 d-e). In contrast, the Treg subtype marker 263 

TNFRSF9 discovered using conventional methods [1] failed to do so (Figure S8c). Further 264 

analysis showed that the identified marker gene set had 30 overlapping genes (Table S4) with a 265 

previously reported curated gene set of poor progression in non-small cell lung cancer (NSCLC) 266 

[46], which also confirmed the protumorigenic functions of Hspa5+ eTregs. 267 

 268 

scSTAR improves the accuracy of the immunotherapy response predictive model 269 

To demonstrate that accurate cell subtype clustering can improve immunotherapy response 270 

prediction, we applied scSTAR to melanoma data [15] to construct an immunotherapy response 271 

prediction model using cell type composition patterns. In the original study, 5410 CD8+ T cells 272 

from both pre- and posttreatment specimens were categorized into CD8_B and CD8_G subtypes, 273 

and the ratio between the two subtypes was predictive of immunotherapy response patterns. 274 

These CD8+ T cells were reprocessed by scSTAR with pretreatment specimens as the control and 275 

posttreatment specimens as the case group. 276 

With the optimized clustering parameters determined (Figure 6a, Methods), scSTAR-277 

processed pretreatment CD8+ T cells were categorized into 6 clusters (Figure 6b, Table S5), 278 

which were associated with immunotherapy-response patterns using a hypergeometric test 279 
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(Figure 6c). The prediction score was obtained as the ratio between the numbers of cells in 280 

clusters (C4 + C6) and (C1 + C2 + C5). A significant difference was found between the 281 

nonresponders and responders (p = 0.0004, Figure 6d), and the associated AUC was 0.96 (Figure 282 

6f). For comparison, responder/nonresponder prediction using CD8_B and CD8_G cells from 283 

pretreatment was calculated, which showed p = 0.03 (Figure 6e) and AUC 0.8 (Figure 6f). 284 

Discussion 285 

We have shown scSTAR’s ability to estimate the state transition for each individual cell during 286 

aging, gene-specific expression progression, tumor progression, immunotherapy response, etc. 287 

Apart from what the original studies have found, more biological insights into cell heterogeneity, 288 

such as novel cell subtypes, new discriminatory patterns, and clearer progression trajectories in 289 

response to biological processes of interest, were identified. scSTAR generalizes beyond the time 290 

scale of cell development and successfully reveals how aging affects the transcriptional 291 

dynamics of CD4+ T cell subtypes from two divergent mouse species. The effect of aging was 292 

comprehensively inspected from two diverse perspectives, i.e., age category and marker gene 293 

expression level. A clear and consistent observation was that aging was characterized by 294 

deactivation of DNA repair and response to stress. We validated the existence of a new 295 

activation state of the eTreg subtype HSPA5+ eTregs from human LUAD, HCC, and mouse lung 296 

cancer scRNA-seq datasets and experimentally in human kidney and esophageal cancer samples. 297 

Its protumorigenic character was verified in 11 tumors in the TCGA database. On a melanoma 298 

immunotherapy dataset, we showed that scSTAR revealed cell substructure heterogeneities 299 

associated with immunotherapy response patterns, which could be applied to predict patient-300 

specific therapy outcomes. We envisaged that scSTAR-based cell heterogeneity discovery can 301 

benefit many more biological or clinical scenarios. 302 
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scSTAR is robust, as indicated by the AUC and ARI metrics, and scSTAR is the only 303 

method that can consistently achieve reliable results across various conditions. With high 304 

interference datasets (multiple clusters and low FCs), scSTAR is useful to recover the true 305 

clustering patterns that may be masked by various interferences. This illustrates that scSTAR has 306 

a stronger capability to reduce noise interference compared to existing methods. As a result, 307 

more informative cell heterogeneities can be discovered from scSTAR processed data. PLS, as a 308 

supervised method, endows the proposed scSTAR algorithm with sensitivity only to the 309 

experimental variations investigated, regardless of the amplitudes of these variations. 310 

A limitation with scSTAR’s imbedded PLS is that it is more suitable for an overdetermined 311 

system in finding subcluster cell heterogeneity locally. However, in the scenario of an 312 

underdetermined system when abundant cells are considered, the results of scSTAR might be 313 

compromised. 314 

scSTAR brings a notable advantage of quantitative cell-state dynamics of arbitrary time 315 

spans without any extra information. It can easily fit into the current common analysis workflow; 316 

thus, many previously published scRNA-seq datasets can be reanalyzed to reveal more detailed 317 

subcluster structures. The multiangle perspective usages of scSTAR demonstrated in this work 318 

bring a number of innovations in in silico examining cell state- or gene expression-specific 319 

dynamics in relation to biological condition(s) using scRNA-seq data. Of note, scSTAR is not 320 

limited to multiple condition comparison experiments. The scSTAR gene expression dynamics 321 

estimation could also be applied intraconditionally. As a general framework for estimating 322 

virtual cells in a specific feature space, we anticipate that scSTAR will be useful to reveal 323 

insightful cell heterogeneities through the virtual cell pair structure, where analyzing the static 324 

state is often challenging. 325 

 326 
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Methods 327 

Concept of scSTAR 328 

scSTAR is designed to extract the cell state transition dynamic heterogeneities between conditions. In an 329 

ideal two-group comparison scenario, let us denote 𝑋𝑋 as the cell states from the control group and 𝑌𝑌 as the cell 330 

states from the case group. 𝑋𝑋 represents the baseline, and 𝑌𝑌 can be decomposed as: 331 

𝑌𝑌 = 𝑋𝑋� + 𝑉𝑉                                                                             (1) 332 

where 𝑋𝑋�  is the projection of 𝑌𝑌 in the control feature space and is not directly observable from the data; 𝑉𝑉 333 

represents the state transition matrix from 𝑋𝑋� to 𝑌𝑌, which should be mainly caused by the experimental changes. 334 

Both 𝑋𝑋�  and 𝑉𝑉  have the same dimension as 𝑌𝑌 . Characterizing 𝑋𝑋�  by principal component analysis (PCA), 335 

𝑋𝑋�  = 𝑃𝑃𝑇𝑇𝑆𝑆, the loading matrix 𝑃𝑃 can be obtained by 336 

𝑃𝑃 = argmax
𝑃𝑃𝑇𝑇𝑃𝑃=1

𝐶𝐶𝐶𝐶𝐶𝐶�𝑋𝑋�𝑃𝑃,𝑋𝑋�𝑃𝑃�                                                                (2) 337 

Since 𝑆𝑆 = (𝑃𝑃𝑇𝑇𝑃𝑃)−1𝑃𝑃𝑋𝑋�, we have 𝑋𝑋� =  𝑃𝑃𝑇𝑇(𝑃𝑃𝑇𝑇𝑃𝑃)−1𝑃𝑃(𝑌𝑌 − 𝑉𝑉). As 𝑉𝑉 and 𝑋𝑋� are unrelated, 𝑃𝑃𝑇𝑇(𝑃𝑃𝑇𝑇𝑃𝑃)−1𝑃𝑃𝑃𝑃 ≈ 0, 𝑋𝑋� 338 

can be approximated as 𝑃𝑃𝑇𝑇(𝑃𝑃𝑇𝑇𝑃𝑃)−1𝑃𝑃𝑃𝑃, and 𝑉𝑉 can be calculated as 339 

  𝑉𝑉 = 𝑌𝑌 − 𝑃𝑃𝑇𝑇(𝑃𝑃𝑇𝑇𝑃𝑃)−1𝑃𝑃𝑃𝑃                                                                (3) 340 

Eq (3) indicates that given Y, V can be estimated by P. 341 

Assuming 𝑋𝑋� and 𝑋𝑋 are different cells from the same feature space, we use 𝑋𝑋 to replace the first 𝑋𝑋� in Eq. 342 

(2), and 𝐶𝐶 to replace 𝑃𝑃 to represent the possible mismatch between 𝑋𝑋� and 𝑋𝑋, Eq (2) can be approximated by 343 

argmax
𝑃𝑃𝑇𝑇𝑃𝑃=1

𝐶𝐶𝐶𝐶𝐶𝐶�𝑋𝑋�𝑃𝑃,𝑋𝑋�𝑃𝑃� ⇔ argmax
𝐶𝐶𝑇𝑇𝐶𝐶=1,𝑃𝑃𝑇𝑇𝑃𝑃=1

𝐶𝐶𝐶𝐶𝐶𝐶�𝑋𝑋𝑋𝑋,𝑋𝑋�𝑃𝑃�                                             (4) 344 

Considering that 𝑋𝑋 and 𝑉𝑉 are unrelated and 𝐶𝐶𝐶𝐶𝐶𝐶(𝑋𝑋𝑋𝑋,𝑉𝑉𝑉𝑉) ≈ 0 for arbitrary P and C, the straightforward 345 

manipulation of Eq (4) provides 346 

𝑃𝑃 = argmax
𝐶𝐶𝑇𝑇𝐶𝐶=1,𝑃𝑃𝑇𝑇𝑃𝑃=1

(𝐶𝐶𝐶𝐶𝐶𝐶�𝑋𝑋𝑋𝑋,𝑋𝑋�𝑃𝑃�+ 𝐶𝐶𝐶𝐶𝐶𝐶(𝑋𝑋𝑋𝑋,𝑉𝑉𝑉𝑉)) 347 

= argmax
𝐶𝐶𝑇𝑇𝐶𝐶=1,𝑃𝑃𝑇𝑇𝑃𝑃=1

𝐶𝐶𝐶𝐶𝐶𝐶(𝑋𝑋𝑋𝑋,𝑌𝑌𝑌𝑌)                                                                          (5) 348 

The solution of Eq (5) can be achieved by partial least squares (PLS), and C and P denote the PLS loading 349 

matrices of X and Y, respectively. Furthermore, the cost function can be expressed as 350 
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max
𝑃𝑃𝑇𝑇𝑃𝑃=1,  𝐶𝐶𝑇𝑇𝐶𝐶=1

�𝑉𝑉𝑉𝑉𝑉𝑉(𝑋𝑋𝑋𝑋)𝑉𝑉𝑉𝑉𝑉𝑉(𝑌𝑌𝑌𝑌)𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝑋𝑋𝑋𝑋,𝑌𝑌𝑌𝑌). The estimation of 𝑃𝑃 also accounts for the maximization of 351 

the correlation between the two groups of cells, which may account for the mismatch between 𝑋𝑋� and 𝑋𝑋. Hence, 352 

cell state dynamics can be achieved by maximizing the covariance between cell states from various conditions 353 

(Figure 1a). 354 

 355 

A three-step scSTAR procedure 356 

In more realistic scenarios, variation V includes not only signals of interest but also noise. During a dynamic 357 

process, the variation 𝑉𝑉  contained in each cell can be considered a linear combination of the following 358 

components [20, 25]: 359 

𝑉𝑉 = 𝑉𝑉𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏ℎ + 𝑉𝑉𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑟𝑟+𝑏𝑏 + 𝑉𝑉𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠                                                         (6) 360 

where 𝑉𝑉𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏ℎ indicates the batch effect, and 𝑉𝑉𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑟𝑟+𝑏𝑏  consists of random (including technical) (r) and biological 361 

(b) noise and indicates the interferences unrelated to the discrimination between the two groups. 𝑉𝑉𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 362 

represents the gene expression differences between the paired conditions studied. 363 

The proposed scSTAR algorithm is designed to extract 𝑉𝑉𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 by dissecting different components in V in 364 

separate steps: first, removing 𝑉𝑉𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏ℎ, then extracting 𝑉𝑉𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠. As 𝑉𝑉𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏ℎ may have some statistical similarity 365 

with 𝑉𝑉𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠, e.g., both are associated with group discrimination, 𝑉𝑉𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏ℎ is identified and removed first using 366 

the method described in the following section: Step 1. Then, as noise is usually not correlated with group 367 

discrimination, 𝑉𝑉𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 can be extracted using the method presented in the following section: Step 2. 368 

Similar to the normal scRNA-seq data analysis procedures, the scRNA-seq data were preprocessed with a 369 

gene filtering step. Here, we used the OGFSC [47] R package, where genes with variances smaller than the 370 

noise threshold curve defined by parameter α were removed. The default value of α is set to 0.5 to preserve the 371 

signal integrity to the maximum extent. 372 

 373 

Step 1: Removal of Vbatch 374 
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Let us define ‘anchor’ as the cells that can be paired between the two groups. A reasonable assumption is that 375 

the differences between a pair of anchor cells are only caused by the batch effect [16]. Here, the k-nearest 376 

neighbors (KNN) [48] method is used to identify the paired anchor cells, which should be mutually within the 377 

k nearest neighbors. By default, k is set to 3, and the similarity between cells is evaluated in terms of cosine 378 

metrics. Next, a first PLS model (PLS1) is constructed only on the anchor cells from both groups to 379 

characterize the batch effect. The component of the batch effect Vbatch is then removed using the PLS model 380 

and the minimum square error method as follows: 381 

𝑉𝑉𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏ℎ = 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃1 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝(𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃1)𝑌𝑌                                                           (7) 382 

𝑉𝑉′ = 𝑌𝑌 − 𝑉𝑉𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏ℎ                                                                       (8) 383 

where Y is the observed data vector of a cell. P is the PLS loading matrix of Y containing m PLS components. 384 

The value of m can be either manually defined or estimated by maximizing the goodness-of-prediction Q2 385 

calculated by the 10-fold cross-validation method [49]. 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝(𝑃𝑃) = (𝑃𝑃𝑇𝑇𝑃𝑃)−1𝑃𝑃𝑇𝑇  denotes the Moore-Penrose 386 

pseudoinverse derived by the minimum square error criterion. As P is constructed from the anchor cells, the 387 

term 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃1 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝(𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃1) only contains the variation components related to the batch effect. Therefore, the 388 

residual variations contained in 𝑉𝑉′ are dominated by 𝑉𝑉𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 and 𝑉𝑉𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛. The batch effect can be removed from 389 

the cells of both groups using Eqs. 7 and 8. 390 

 391 

Step 2: Extraction of cell state transfer Vsignal 392 

A second PLS model (PLS2) was constructed using all cells from both groups. As noise variations 𝑉𝑉𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 do 393 

not contribute to the discrimination of the two groups, PLS2 dedicatedly captures the variation of 𝑉𝑉𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠. 394 

Using the loading matrix 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃2 to estimate the virtual cell profiles, the signal can be extracted from 𝑉𝑉′: 395 

𝑉𝑉�𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃2 ∗ 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝(𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃2) ∗ 𝑉𝑉′                                                           (9) 396 

where 𝑉𝑉�𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 is the estimation of 𝑉𝑉𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠. As a result, irrelevant noise shrinks towards zero in 𝑉𝑉�𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠, while 397 

the expression values of DE genes are retained. 398 

All variation components irrelevant to the signal of interest are excluded from 𝑉𝑉�𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠, and the remaining 399 

amplitudes represent the differential expression (DE) between two conditions. Now, the heterogeneities 400 

between cells indicate the diverse dynamic patterns of those cells when conditions change. 401 
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 402 

Step 3: DE gene identification 403 

Based on the obtained 𝑉𝑉�𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠, we designed a procedure to extract such DE gene heterogeneity. First, all cells 404 

from both groups were clustered using the Seurat R package based on their 𝑉𝑉�𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠. Then, the ‘FindAllMarkers’ 405 

function was applied to identify the genes specifically highly expressed (FDR<0.05) in each cluster. As non-406 

DE genes in 𝑉𝑉�𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 tend to shrink to zero, the highly expressed genes identified by ‘FindAllMarkers’ should 407 

be upregulated DE genes contained in each cell cluster. A hypergeometric test is then applied to associate each 408 

cell cluster with group information. We defined the highly expressed genes of one cluster as upregulated in a 409 

group if the cells from the group dominated the cluster, as indicated by hypergeometric test p<0.05. 410 

On some occasions, a cell cluster may fail to be associated with any group, which implies that this cluster 411 

of cells tends to be stable during condition changes. 412 

 413 

Simulation datasets 414 

To evaluate the proposed algorithm, we used the protocol presented in Haghverdi et al.[16] to create simulated 415 

datasets and mimic case-control studies, which contain batch effects and random and biological factors. In the 416 

simulated dataset, there were 1000 cells in each group, and each cell had 100 genes. The control group 417 

contained batch and random factors only, and various numbers of subclusters with different proportions were 418 

simulated in the case group by manipulating the fold changes (FCs) of randomly selected differentially 419 

expressed (DE) genes. FC was positively correlated with the strength of the signal. Each subcluster contained 420 

25 DE genes, and each simulated dataset was generated 30 times. The number of PLS components in scSTAR 421 

was estimated automatically. 422 

The simulated data contained batch effects, random noise and biological signals (with diverse patterns) at 423 

FC = 1.3, 1.5, and 2 to mimic case-control studies. In the case group, 2 to 4 subclusters were generated to 424 

represent cell heterogeneity. For the 2-subcluster datasets, two types of subcluster proportions are generated, 425 

i.e., 1:2 and 1:1. For the 3- and 4-subcluster datasets, the proportions of subclusters are equal. The batch effect 426 

and random noise are generated using the default parameters presented in [16]. The ARI (see Evaluation 427 
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metrics for definition), between 0 and 1, indicates the consistency between the true cell subtype annotation 428 

and the clustering results. 429 

 430 

Evaluation metrics 431 

The results obtained by different clustering methods on the simulated data were evaluated by the adjusted 432 

Rand index (ARI) 433 

ARI =
∑ �

𝑛𝑛𝑖𝑖𝑖𝑖
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�𝑗𝑗 �−�∑ �𝑎𝑎𝑖𝑖2 �𝑖𝑖 +∑ �𝑏𝑏𝑗𝑗

2
�𝑗𝑗 �/�𝑛𝑛2�

                                                    (11) 434 

where 𝑛𝑛𝑖𝑖𝑖𝑖 are contingency table entry values and 𝑎𝑎𝑖𝑖 and 𝑏𝑏𝑗𝑗 are the sums of the 𝑖𝑖th row and the 𝑗𝑗th column of the 435 

contingency table, respectively. The closer the ARI value is to 1, the closer it is to the true cluster. 436 

 437 

Experimental Datasets 438 

To illustrate the capability of scSTAR in discovering novel cell subtypes, three datasets were adopted: a human 439 

hepatocellular cell carcinoma tissue dataset (GSE140228), a human lung squamous cell carcinoma tissue 440 

dataset (GSE99254) and a mouse lung cancer model dataset (GSE129914). Validations of scSTAR by 441 

revealing new discriminatory patterns, clearer progression trajectories, etc. were adopted from a mouse 442 

immunosenescence study dataset (E-MTAB-4888). The potential clinical application of scSTAR was 443 

demonstrated on a melanoma immunotherapy treatment dataset (GSE120575). 444 

 445 

Multicolor IHC for HSPA5+ eTreg cell validation 446 

The clinical specimens obtained with IHC in this study were collected with informed consent for research use 447 

and were approved by the Medical Ethics Committee of Henan Provincial People's Hospital (2019(44)) 448 

according to the Declaration of Helsinki. The samples consisted of a patient with esophageal squamous cell 449 

carcinoma and a patient with kidney cancer. 450 
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Human tissue specimens were collected within 30 minutes after tumor resection and fixed in formalin for 451 

48 h, followed by dehydration and embedding. The paraffin tissue was cut into 4 μm sections and fixed on 452 

glass slides. The slide was placed in a 40°C oven for 30 minutes to dry the fixed tissue. The sample was 453 

deparaffinized in xylene 3 times for 10 minutes each and then successively rehydrated in 100%, 95%, and 70% 454 

alcohol for 3 minutes each. Antigen was recovered by immersion in boiling EDTA buffer (pH 9.0) for 15 455 

minutes. Then, the slide was blocked with Antibody Diluent/Block to avoid nonspecific sites for 10 minutes 456 

and incubated with primary antibodies in a humidified chamber for 1 h at room temperature (RT). The sections 457 

were washed with TBST 3 times for 2 minutes each and incubated with HRP-conjugated secondary antibody 458 

for 10 min at RT. Next, the sections were washed with TBST for 2 minutes 3 times and incubated with an Opal 459 

Multi-Color IHC Kit to amplify the signal. The images were captured, and analysis was conducted with 460 

Phenochart. The primary antibodies included FOX3P (Abcam, 1:200) (Opal 690), CD4 (CST, 1:200) (Opal520) 461 

and HSPA5 (CST, 1:200) (Opal570). 462 

 463 

Construction of the immunotherapy response predictive model 464 

The dataset contained 16291 CD45+ cells collected from 48 melanoma specimens, either at baseline and/or 465 

during treatment (anti-CTLA4 and/or PD-1) [15]. The 48 patients were classified into 31 nonresponders and 17 466 

responders. In the original study, CD8+ T cells were categorized into B and G subtypes, and the ratio of the 467 

two subtypes was shown to be predictive of immunotherapy response patterns. In this study, 5410 cells, which 468 

were provided in the published dataset (GSE120575) and annotated as CD8+ T cells in Table S2 of the original 469 

paper, were reanalyzed. The CD8+ T cells were from 18 patients, including 7 responders and 11 470 

nonresponders. There were 3067 cells collected from pretreatment specimens and 2343 from posttreatment 471 

specimens. The dataset was obtained using the full-length SMART-seq2 protocol. 472 

scSTAR was first applied to profile the cell dynamics between pre- and post-treatment CD8+ T cells. 473 

Then, based on the cell dynamic properties, i.e., scSTAR processed data, pre-treatment CD8+ T cells were 474 

categorized into a few clusters, each of which can be associated with responders or nonresponders (response 475 
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pattern). A prediction score was calculated for each patient as the ratio of the numbers of cells associated with 476 

nonresponders over responders. The following steps were performed: 477 

1) OGFSC was applied to perform gene filtering with the number of bins set to 30. 478 

2) scSTAR was applied to pre- and post-treatment CD8+ T cells with a predefined m number of PLS 479 

components. The processed pre-treatment CD8+ T cells were then categorized into a predefined 480 

K number of cell clusters using k-means. The optimization of m and K is described in the 481 

following step 5). 482 

3) A hypergeometric test was applied to associate each cell cluster with responders or 483 

nonresponders (p<0.05). 484 

4) For each patient, a prediction score was calculated as the ratio of the cells associated with 485 

nonresponders over responders. An AUC can be calculated based on the prediction scores. By 486 

evaluating the obtained AUC on a null hypothesis model obtained by randomly shuffling the 487 

responsive labels of all patients 100 times, a p-value was obtained. 488 

5) Different combinations of parameters m and K were tested using steps 2)-4), and their optimal 489 

values were chosen to achieve the maximum AUC. 490 
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Key Points 623 

 Cell-state transition can reveal additional information from single-cell RNA-sequencing data 624 

in time-resolved biological phenomena. 625 

 scSTAR constructs a paired-cell projection between biological conditions that is applicable 626 

to reveal insight into biological experiments even with a large time span. 627 

 Detailed cell dynamic heterogeneities and novel cell subtypes were revealed in various 628 

datasets, which improved the investigation of the biological questions of interest. 629 

 630 

Figure 2. scSTAR evaluation on simulated data. (a) The AUC obtained using the data processed 631 

by different methods for 2 clusters. (b-e) Clustering results evaluated by ARI with 7 632 

preprocessing and 3 clustering methods at FC=1.3. For 2 subclusters in the case group, (b) with 633 

ratio 1:2, (c) 1:1; (d) 3 subclusters in the case group with equal proportions; (e) 4 subclusters in 634 

the case group with equal proportions. (f-l) The distribution of cells on normalized average DE 635 

gene expression levels for 7 preprocessing methods. The correctly and incorrectly classified cells 636 

are indicated. (m-s) The umap scatter plots illustrate the separability of cell subclusters processed 637 

by different methods. As Combat only slightly modified the data, the scatter plots of original (n) 638 

and Combat (o) look very similar. 639 
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