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Abstract 10 

The tumor microenvironment (TME) harbours multiple cell-types whose functional contributions 11 

collectively determine the overall tumor phenotype as well as intra-tumor heterogeneity. These 12 

cell types undergo functional and phenotypic transitions that have important implications for 13 

cancer progression and therapy response. Intra-tumor functional plasticity has been mapped 14 

primarily within individual cell types and these studies, across different cancers, have identified 15 

common as well as cancer-specific programs. However, our understanding of less frequent 16 

transitory cell states within the TME and their role in cancer progression remains limited. In 17 

addition, the landscape of functional plasticity between different cell types within a tumor remains 18 

largely unexplored. In the present work, by analysing tumor functional states in lung 19 

adenocarcinoma and colorectal cancer, we uncover the occurrence of transitory functional states 20 

in myeloid cell populations. These transitory myeloid states occurred preferentially in tumor 21 

samples compared to adjacent normal samples and were associated with signatures of immune 22 

suppression. We also observed widespread functional plasticity within the TME as different cell 23 

types converged to similar functional states across different patients. Taken together, our work 24 

illustrates the landscape of functional transition and plasticity within the TME. The discovery of 25 

transitory cell states could have important implications for cancer progression and 26 

immunotherapy.  27 

 28 
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Introduction 36 

The tumor microenvironment (TME) is a complex ecosystem where malignant cells coexist with 37 

non-malignant epithelial, stromal and tumor infiltrating immune cells (Anderson and Simon, 2020; 38 

de Visser and Joyce, 2023). Different cell types in the TME perform a diverse array of functions 39 

and their interactions with the malignant cells have important influence on tumor growth, 40 

microenvironmental regulation and immune evasion (Quail and Joyce, 2013; de Visser and Joyce, 41 

2023). The cellular composition and spatial organization of the TME varies between patients of a 42 

cancer type and also evolves with cancer progression. Further, the cells in the TME show 43 

widespread functional plasticity in response to environmental signals (Yuan et al., 2019; Pérez-44 

González et al., 2023). Collectively, functional diversity and plasticity in the TME have major 45 

implications for tumor growth, cancer progression and metastasis, and anti-cancer therapy 46 

response (Klemm and Joyce, 2015; Pérez-González et al., 2023).       47 

  48 

Functional diversity has been shown to emerge even before cancer initiation (Bala et al., 2023), 49 

and to persist with cancer progression and metastasis (Marjanovic et al., 2020; Moorman et al., 50 

2025; Buissant des Amorie et al., 2026). Several recent studies have focused on understanding 51 

such diversity of functional programs using bulk, single-cell and spatial transcriptomic datasets 52 

(Neftel et al., 2019; Hausser et al., 2019; Kinker et al., 2020; Barkley et al., 2022; Gavish et al., 53 

2023; Han et al., 2024). Among these, single-cell studies have elucidated occurrence of a diverse 54 

set of functional programs in malignant as well as non-malignant cells (Neftel et al., 2019; Barkley 55 

et al., 2022; Gavish et al., 2023). Some of these programs were found across different cancer 56 

types, whereas some were cancer-specific (Barkley et al., 2022; Gavish et al., 2023). Further, 57 

some functional programs in malignant cells cooccurred with specific functional programs in other 58 

cell types in the TME, suggesting close functional interaction between these cell types (Barkley 59 
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et al., 2022; Gavish et al., 2023). The functional states and their interactions were also associated 60 

with patient survival and therapy response (Kinker et al., 2020; Gavish et al., 2023; Sun et al., 61 

2025).  62 

 63 

Functional diversity described in these studies mostly reflect stable cell states within individual 64 

cell types and are often represented by a substantial number of cells within the TME. Beyond 65 

these, there are likely to be less frequent transitory functional states that could also have important 66 

implications for cancer progression and therapy response (Emert et al., 2021; Schaff et al., 2026).  67 

In addition, functional diversity and plasticity can also arise through differentiation or 68 

dedifferentiation of cell types in presence of specific signals in the TME (Yuan et al., 2019, 69 

Sanseviero et al., 2026). However, our understanding of the less frequent or rare functional states 70 

remains limited. In addition, it is not clear how functional transitions and plasticity within and 71 

across cell types evolve with cancer progression.  72 

 73 

In the present work, we characterized the intra-tumor diversity of functional programs in lung 74 

adenocarcinoma (LUAD) and colorectal cancer (CRC) patients. We found functional diversity 75 

within individual cell types and observed a change in utilization of functional programs with cancer 76 

progression. Further, we uncovered transitory functional states – specifically in myeloid cells - 77 

that occurred preferentially in tumor samples compared to adjacent normal samples in both LUAD 78 

and CRC. These transitory myeloid cells had lower expression of genes associated with antigen 79 

presentation, but lacked the expression signatures of typical myeloid- derived suppressor cells. 80 

Occurrence of transitory myeloid cell states in patient samples was associated with signatures of 81 

immune suppression. In addition, our analysis revealed widespread intra-sample and inter-82 

sample functional plasticity where different cell types converged to similar functional states within 83 

and between samples. Taken together, our work uncovers the overall landscape of functional 84 

diversity, transition and plasticity in cancer samples. Further, the elucidation of transitory 85 

functional states and their association with immune microenvironment have important implications 86 

for cancer progression and therapy response.  87 

  88 
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Results 89 

 90 

A Pareto front framework integrated with cell-state stability analysis reveals functional 91 

diversification within the tumor microenvironment  92 

 93 

To investigate the occurrence of transitory functional cell states and functional plasticity in cancer, 94 

we analysed single-cell transcriptomic datasets from lung adenocarcinoma (LUAD) (Kim et al., 95 

2020) and colorectal cancer (CRC) patients (Lee et al., 2020) of different stages along with 96 

adjacent normal samples (Table S1). Briefly, we analysed 26 patient samples in LUAD, 97 

comprising of 15 tumor samples (8 Stage I, one stage II, two stage III and four stage IV samples) 98 

and 11 adjacent normal samples (henceforth termed as normal samples). In CRC, we analysed 99 

23 tumor samples (two stage I, four stage II, 15 stage III and two stage IV samples) and 9 normal 100 

samples. In LUAD samples, we considered epithelial, myeloid and T/NK cells for analysis 101 

whereas in CRC, we considered epithelial, myeloid, T and stromal cells for analysis, as there 102 

were enough number of cells (>100) across majority of the samples for drawing meaningful 103 

inferences.  104 

 105 

For mapping functional diversity, transitions and plasticity in the tumor microenvironment (TME), 106 

we set up a framework consisting of a pareto front analysis coupled with density-based 107 

identification of cell-state stability (Fig. 1). In the first step, for each sample, we performed a pareto 108 

front analysis on standardized single-cell RNA sequencing data on all cells in the sample using 109 

the ParTI framework (Hart et al., 2015). This enabled us to identify the major functional archetypes 110 

(specialists and generalists) in the tumor cell population (Fig. 1A). Subsequently, we employed a 111 

distance-to-archetype distribution calculation to assign cells to specific archetypes (Fig. 1B). We 112 

analysed the gene expression patterns of the specialists and generalist archetypes to check 113 

consistent expression pattern within individual archetypes and distinct patterns among 114 

archetypes. In the next step, we applied a density-based cell state analysis using Mellon (Otto et 115 

al., 2024) that enabled identification of stable functional states (Fig. 1C). Majority (>90%) of the 116 

cells across samples belonging to specialist and generalist archetypes appeared in stable 117 

functional states (Fig. S1), further supporting the identity of the functional archetypes (Fig. 1D).  118 

 119 
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Figure 1 – Analysis of intra-tumor functional states reveal functional diversification and 121 

functional transformation with cancer progression. (A) Single-cell gene expression data from 122 

individual tumor or adjacent normal sample was first subjected to Pareto front analysis (using ParTI) 123 

which enabled identification of functional archetypes within a sample. (B) Each cell was assigned an 124 

archetype (a specialist) or considered a generalist based on a distance to archetype calculation and 125 

filtering by a distance cut-off. The expression patterns of cells in each archetype were checked and in 126 

case of a heterogeneous expression pattern, re-clustering of cells and remapping to specialist clusters 127 

were done. (C) In the next step, a density-based cell-state stability analysis (using Mellon) was 128 

performed to identify cells in stable functional states. (D) The cells were assigned archetypes from 129 

stability analysis and the expression patterns within each archetype was checked by heatmap. (E) 130 

Heatmap showing the number of archetypes for which each cell type (Epithelial, T/NK and Myeloid) was 131 

part of in the LUAD patient samples, thereby, depicting their functional diversity. (F) Heatmap showing 132 

changes in utilization of functional metaprograms (as defined by Gavish et al., 2023) in epithelial cells 133 

in LUAD samples with cancer progression. The metaprograms highlighted in red show some malignant 134 

metaprograms whose utilization increased with cancer progression. The colour bar at the bottom of the 135 

heatmap show stages for cancer samples along with adjacent normal samples. (G) Heatmap showing 136 

changes in utilization of functional metaprograms in T/NK cells in LUAD samples with cancer 137 

progression. The metaprograms in purple show functions associated with regulatory T cells and T cell 138 

exhaustion.  139 

 140 

Next, we assigned functional identity of all specialist archetypes in a sample through a functional 141 

enrichment analysis. Briefly, we tested for enrichment of metaprograms, as defined by Gavish et al. 142 

(2023), individually for all archetypes. For each archetype and for every metaprogram, we compared 143 

the expression of genes associated with the metaprogram in the cells of the archetype and the rest of 144 

the cells in the sample (see Methods). Functions with significant enrichment in the archetype (p-adjusted 145 

<0.1 after FDR correction) were ranked according to significance and these programs defined functional 146 

state of the cells in the archetype.   147 

 148 

Individual cell types harbour distinct functional clusters and show signatures of functional 149 

transformation with cancer progression  150 

 151 

In all cell types across LUAD and CRC, we observed substantial functional diversity and each cell type 152 

was part of multiple specialist archetypes across a majority of patient samples (Figures 1E and S2). We 153 

did not observe any cancer stage-specific bias in functional diversity and cell types displayed 154 

widespread functional diversity even in normal samples in both LUAD and CRC (Figures 1E and S2).  155 

  156 
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However, the relative ranking of the enriched functional programs within samples and cell types changed 157 

with cancer stages in both LUAD and CRC (Figures S3A-C and S4A-D).  In epithelial cells in LUAD, the 158 

top ranked malignant programs included the metaprograms related to epithelial senescence (‘Malignant 159 

metaprogram 19 epithelial senescence’), and epithelial secretion (‘Malignant metaprogram 23 secreted 160 

2’) (Fig. S3A). In CRC, the metaprograms linked to epithelial Myc (‘Metaprogram epithelial MYC’) and 161 

‘Metaprogram epithelial respiration’ were among the top ranked metaprograms in the cancer samples 162 

but not in adjacent normal samples (Fig. S4A). We observed similar patterns in other cell types. Notably, 163 

some of the CD8 T cells programs in T/NK cells in LUAD (Fig. S3C), several macrophage-associated 164 

metaprograms (‘Macrophages MAC3’, ‘Macrophages MES glycolysis’, ‘Macrophages monocyte 165 

secreted’) in myeloid cells in CRC (Fig. S4B), and several malignant metaprograms (including the 166 

metaprogram associated with EMT) in stromal cells in CRC (Fig. S4D) were among the top-ranked 167 

programs that were preferentially enriched in cancer samples.  168 

 169 

We also observed changes in utilization of functional metaprograms in individual cell types with cancer 170 

progression (Figures 1F,G and S5) by quantifying the percentage of specific cell types carrying signature 171 

of individual metaprograms. In epithelial cells of both LUAD and CRC, the utilization of several malignant 172 

programs increased from normal to tumor samples (Figures 1F and S5A), highlighting the functional 173 

transformation of the epithelial cells in the TME. In T/NK cell population in LUAD, the metaprograms 174 

associated with T cell exhaustion and regulatory T cells showed increased utilization in cancer samples 175 

compared to normal samples (Fig. 1G).  In T cells in CRC, the metaprograms associated with T cell 176 

exhaustion and regulatory T cells also increased in stage II and III cancer samples compared to normal 177 

(Fig. S5B), but were not seen in stage IV samples in this dataset. Taken together, these results 178 

highlighted the functional transformation of tumor with cancer stage.  179 

 180 

Cell-state stability analysis reveals existence of transitory functional states in both LUAD and 181 

CRC  182 

Density-based cell-state stability analysis enabled us to identify low-frequency transitory functional 183 

states - that were represented by low-density regions - in each tumor sample. For each cell in transitory 184 

state, we assigned the two nearest archetypes based on Euclidean distance to archetypes in Pareto 185 

front map (Fig. 2A), and considered these cells to be of intermediate functional phenotype. The transitory 186 

functional states were more abundant in tumor samples compared to normal samples in both LUAD and 187 

CRC. In LUAD, ~87% of the tumor samples harboured transitory states compared to ~46% of normal 188 
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samples (Fig. 2B). Similarly, in CRC, ~91% tumor samples harboured transitory states compared to 189 

~44% normal samples (Fig. 2B).  190 

 191 

We also observed two types of transitory functional states. There were transitory states between 192 

archetypes harbouring the same cell type (within-cell type transitory states) and between archetypes 193 

harbouring different cell types (between-cell type transitory states) (Fig. 2B). Intriguingly, the transitory 194 

states between different cell types were more abundant in cancer samples compared to normal samples 195 

(Fig. 2B). In LUAD, ~80% tumor samples harboured between-cell type transitory states compared to 196 

~27% normal samples (Fig. 2B). Similarly, in CRC, ~74% tumor samples harboured between-cell type 197 

transitory states compared to ~33% adjacent normal samples (Fig. 2B).    198 

 199 

We also observed a bias in occurrence of transitory functional states between specific cell types. In both 200 

LUAD and CRC, the transitory states between archetypes harbouring predominantly myeloid cells 201 

(myeloid-dominant) and archetypes harbouring predominantly T/NK or T cells (T/NK- or T-dominant) 202 

were highly enriched in cancer samples (Fig. 2C). In LUAD, ~67% tumor samples harboured transitory 203 

functional states between myeloid-dominant and T/NK-dominant archetypes, whereas only ~18% 204 

normal samples harboured such transitory states. Similarly, in CRC, ~44% tumor samples harboured 205 

transitory states between myeloid and T/NK archetypes compared to ~11% normal samples (Fig. 2C). 206 

Further, transitory states between epithelial-dominant and T-dominant archetypes were observed in 207 

CRC where ~52% CRC tumor and ~22% normal samples harboured these transitory states (Fig. 2C). 208 

These results suggested a potential role of cells residing in between-cell types transitory states and 209 

specifically, between myeloid-dominant and T or T/NK-dominant archetypes in cancer progression.     210 

 211 

 212 

 213 

 214 

 215 

 216 

 217 

 218 

 219 
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 220 

Figure 2 – Transitory functional states are more prevalent in tumor samples compared to 221 

adjacent normal samples. (A) The cells in transitory functional states were identified from density-222 

based cell-state stability analysis using Mellon (Otto et al., 2024) where cells in low-density regions and 223 

not assigned any archetype in Pareto front analysis were considered to be in transitory states. For each 224 

transitory cell, the nearest two archetypes were identified from distance calculation to archetypes and 225 

the cell was considered to be of intermediate phenotype. (B) Percentage of samples harbouring 226 

transitory states, transitory states within cell types and transitory states between cell types in LUAD and 227 

CRC samples. (C) Heatmaps showing the percentage of samples harbouring different within cell type 228 

and between cell type transitory states.         229 

 230 
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Transitory myeloid states are characterized by distinct gene expression signatures  231 

As transitory functional states between myeloid-dominant and T/NK or T-dominant archetypes were 232 

enriched in tumor samples of both LUAD and CRC, we specifically investigated the molecular 233 

differences between the transitory and specialist myeloid cells. In LUAD, among eight samples with 234 

presence of the myeloid-T/NK transitory states, myeloid cells were in majority (>50% frequency in the 235 

transitory cell population) in eight samples, whereas T/NK cells were in majority in four samples (Fig. 236 

3A). Similarly, in CRC, among the samples with the presence of myeloid-T transitory states, myeloid 237 

cells and T cells were in majority in six and four samples, respectively (Fig. 3A).  In LUAD, the transitory 238 

myeloid cells ranged up to 5-10% of the total myeloid population of individual samples, with a couple of 239 

exceptions where the transitory myeloid cells were ~25-30% of the myeloid population (Fig. S6). In CRC, 240 

the transitory myeloid cells were up to 25% of the total myeloid population of individual samples (Fig. 241 

S6).     242 

     243 

To better understand the functional role of the transitory myeloid cells in the tumor microenvironment, 244 

we specifically looked for unique gene expression signatures of the transitory myeloid cells compared 245 

to specialist myeloid cells. To do so, we deployed explainable machine learning models to classify 246 

myeloid cells into transitory and specialist myeloid states and identified the underlying gene expression 247 

signatures that contributed to the classification. Briefly, we started with data containing functional state 248 

identity (transitory or specialist myeloid) of the cells and expression data of ~26,000 genes in each cell. 249 

We then performed down-sampling of overrepresented classes to reduce data imbalance and 250 

subsequently, divided the full data into training (75%) and test (remaining 25% of the full data) data (Fig. 251 

3B).  We applied four machine learning models (viz. Logistic Regression, Random Forest, XGBoost and 252 

Light GBM) and selected the model with the highest accuracy for subsequent inferences (Fig. 3B).     253 

 254 

 255 

 256 
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 257 
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Figure 3 – Transitory myeloid cells show distinct expression patterns compared to specialist 258 

myeloid cells. (A) Bar plots showing percentage of different cell types in transitory cell populations 259 

between myeloid-dominant and T/NK-dominant archetypes (in LUAD) or myeloid-dominant and T-260 

dominant archetypes (in CRC) in individual samples. The colour bar at the bottom of the heatmap show 261 

stages for cancer samples along with adjacent normal samples. (B) The explainable machine learning 262 

framework for classification of transitory and specialist myeloid cells and for identification of key feature 263 

genes that enable this classification. (C) Accuracy in classification of transitory and specialist myeloid 264 

cells in LUAD and CRC by Logistic regression, XGBoost, Random Forest and LightGBM models. (D) 265 

The overlap between the top 50 feature genes identified by machine learning models in LUAD and CRC. 266 

(E) Enriched functional classes in the top 50 feature genes in LUAD and CRC along with their log2 Fold 267 

enrichment (x-axis). The colour indicates the -log10(p-adjusted) value (obtained after FDR correction) 268 

for the functional class. (F) Heatmaps showing expression of some of the feature genes and some well-269 

known marker genes in specialist and transitory myeloid cells in LUAD and CRC.   270 

 271 

In LUAD and CRC, the machine learning models were able to classify cells between transitory and 272 

specialist myeloid cells with ~79% and ~73% accuracy with XGBoost and LightGBM models showing 273 

the highest accuracy, respectively (Fig. 3C). These results indicated that the transitory myeloid cells 274 

share some specific characteristics that differentiate them from specialist myeloid cells but also harbour 275 

heterogeneity among themselves. To better understand the key characteristics of transitory cells, we 276 

further analysed these models to identify the key molecular features that distinguish them from specialist 277 

myeloid cells. To do so, we evaluated each molecular feature through Shapley Additive Explanations 278 

(SHAP) framework (Lundberg and Lee, 2017) where higher SHAP value of a feature indicated higher 279 

contribution towards distinguishing functional states (Fig. 3C, D). Functional enrichment of the top 50 280 

feature genes (Table S2) identified several gene ontology functions that were enriched in both LUAD 281 

and CRC (p-adjusted < 0.05 after FDR correction). The functions associated with immunoglobulin 282 

receptor binding, immune response, and signalling receptor binding were highly enriched with log2 Fold 283 

enrichment > 1 (p-adjusted < 0.05) (Fig. 3E). A large majority of these feature genes were 284 

downregulated in transitory myeloid cells compared to special myeloid cells (Fig. 3F). Thus, the 285 

transitory myeloid cells were likely to have poorer ability in presenting antigens, binding immune 286 

receptors and activating immune system.    287 

 288 

Occurrence of transitory myeloid states is associated with signatures of T cell exhaustion and 289 

immune suppression  290 

 291 

To better understand the functional implications of the transitory myeloid states on the tumor 292 

microenvironment, we specifically tested whether these cells represented myeloid-derived suppressor 293 
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cells (MDSCs) and analysed expression signatures of well-known MDSC marker genes. More 294 

specifically, we looked for signatures of monocytic MDSC (M-MDSC) (CD11b+CD14−CD15+ (or 295 

CD66b+)), polymorphonuclear MDSCs (PMN-MDSCs) (CD11b+CD14+HLA-DRlow/− CD15−) and early-296 

stage MDSCs (Lin−(CD3/14/15/19/56)/HLA-DR−/CD33+) (Bronte et al., 2016). However, we did not find 297 

any match for these expression signatures in neither the transitory nor the specialist myeloid cells (Fig. 298 

4A-C).   299 

 300 

In LUAD and CRC, expression of ITGAM (encoding for CD11b) and CD14 genes were lower (~19-41% 301 

and ~13-44% respectively for mean TPM value) in the transitory myeloid cells compared to specialist 302 

myeloid cells (Fig. 4A), whereas expression of FUT4 (encoding for CD15) and CEACAM8 (encoding for 303 

CD66b) were extremely low and very similar in transitory and specialist myeloid cells (Fig. 4A). Thus, 304 

the gene expression signature for M-MDSCs were not present in the transitory and specialist myeloid 305 

cells in LUAD or in CRC. The difference in expression of HLA-DR genes varied in LUAD and CRC (Fig. 306 

4B). While the expression of HLA-DRA was marginally higher (~2%) in transitory myeloid cells in LUAD, 307 

it was marginally lower (~6%) in transitory myeloid cells in CRC, compared to specialist myeloid cells 308 

(Fig. 4B). Thus, these expression patterns also ruled out similarities of transient myeloid cells with PMN-309 

MDSCs. The expression of CD33 gene was similar between transitory and specialist myeloid cells in 310 

LUAD cells, but its expression was very low in myeloid cells in CRC (Fig. 4C). This observation, 311 

combined with expression of other marker genes ruled out the presence of signatures of e-MDSCs in 312 

the transitory or the specialist myeloid cells (Fig. 4C). Thus, we did not find the presence of signatures 313 

of any traditional MDSCs in LUAD and CRC samples included in our analysis. We also noted that the 314 

differences in expression of CD14 and CD11b (ITGAM) were not due to inherent differences in the 315 

overall expression levels of these genes between the samples, which were largely similar across 316 

adjacent normal and tumor samples (Figures S7 and S8).  We also tested for other markers of MDSCs 317 

reported specifically for non-small cell lung cancer (NSCLC) and colon cancer. However, none of these 318 

marker combinations could describe the transitory myeloid cells identified in our analysis neither for 319 

LUAD nor for CRC (Figures S9 and S10).   320 

 321 

Among the top 50 feature genes identified from the machine learning models, four genes – APOC1, 322 

CTSL, CD163 and JCHAIN – were shared between LUAD and CRC data. The genes APOC1, CTSL, 323 

and CD163 were all downregulated in the transitory myeloid cells compared to specialists, whereas 324 

JCHAIN was upregulated in transitory myeloid cells in both LUAD and CRC (Fig. 4D). Intriguingly, the 325 

expression of the LYZ gene – encoding for lysozyme and a typical marker of myeloid cells – was also 326 

lower in the transitory cells (~27% lower in LUAD and ~22% lower in CRC) (Fig. 4E). LYZ has an 327 
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important role in immune-modulation (Wang et al., 2026) and thus, decreased expression of this gene 328 

can lower immune activity. In addition, we observed downregulation of genes encoding for the 329 

complement C1Q complex in transitory myeloid compared to specialist myeloid cells (Fig. 4F). C1Q 330 

complex has been associated with antigen presentation in myeloid cells and also has an important role 331 

in modulation of innate immune memory (van Montfoort 2007; Jonkman et al., 2025). In contrast, the 332 

expression of CXCR4 receptor – whose downregulation is associated with increased antitumor immunity 333 

(Yang et al., 2018) – showed ~34-54% higher expression in transitory myeloid cells compared to 334 

specialists (Fig. 4G). These results hinted at a potential influence of the transitory myeloid cells on the 335 

tumor immune microenvironment in both LUAD and CRC.  336 

 337 

We further analysed the activity of transcription factors in transitory myeloid cells to identify potential 338 

drivers of transitory functional states in LUAD samples. Briefly, we reconstructed the gene regulatory 339 

network for transitory myeloid cells and specialist myeloid cells within individual samples following an 340 

approach by Ray et al. (2026). For each cell population (transitory or specialist myeloid), we calculated 341 

a pair-wise correlation between all genes, performed a filtering of connections from a validated TF-target 342 

map, and identified all active regulatory connections through a threshold-based analysis (see Methods). 343 

Subsequently, we evaluated the activity of all TFs in individual cells by scoring the activity of the TF-344 

associated regulons using AUCell (Aibar et al., 2017) and identified the top ranked TFs in each 345 

subpopulation by their AUCell scores. The transitory and specialist myeloid cells within a sample showed 346 

a substantial overlap between the key TFs and their importance (Fig. 4H), but we also found a few TFs 347 

which were only active in transitory myeloid cells (Fig. 4H). In addition, comparison of active TFs in 348 

transitory myeloid cells across samples revealed minimal overlap between the sets of active TFs in 349 

different samples (Fig. 4I). However, a few TFs - including ZNF143, ZBTB4, ZBTB33 and IRF4 - were 350 

among the most active TFs in transitory myeloid cells of more than four LUAD samples (Fig. 4I).   351 

 352 

To further understand the influence of the transitory myeloid cells on the tumor immune 353 

microenvironment, we tested for differences in expression patterns of T/NK cells (or T cells in CRC) in 354 

samples harbouring transitory myeloid cells and those without using two complementary approaches. 355 

First, we built machine learning models for classification of T/NK (or T) cells into two classes – with and 356 

without transitory myeloid states (Fig. 5A). The machine learning models – specifically, XGBoost, and 357 

LightGBM – were able to classify the T cells into two classes with ~85% accuracy in both LUAD and 358 

CRC (Fig. 5A), suggesting distinct molecular differences between T/NK or T cell phenotype between 359 

the samples that harboured transitory myeloid states and the samples that did not. 360 
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 361 

Figure 4 – Transitory myeloid cells do not possess the molecular signatures of traditional 362 

myeloid derived suppressor cells (MDSCs).  (A) Boxplot showing expression of signature genes of 363 

monocytic MDSCs (M-MDSCs) in transitory and specialist myeloid cells in LUAD and CRC samples. (B) 364 

Boxplot showing expression of signature genes of polymorphonuclear MDSCs (PMN-MDSCs) in 365 

transitory and specialist myeloid cells in LUAD and CRC samples. (C) Boxplot showing expression of 366 

signature genes of early-stage MDSCs (e-MDSCs) in transitory and specialist myeloid cells in LUAD 367 

and CRC samples. (D) Boxplots showing expression of four feature genes that were identified by 368 

machine learning models and shared between LUAD and CRC samples (APOC1, CTSL, CD163 and 369 

JCHAIN). (E) Expression of the myeloid marker gene LYZ in transitory and specialist myeloid cells. (F) 370 

Expression of C1Q complex genes (C1QA and C1QC) in transitory and specialist myeloid cells. (G)  371 

Expression of the gene encoding for CXCR4 receptor in transitory and specialist myeloid cells. (H) The 372 
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activity of the top ranked active TFs – as identified by gene regulatory network reconstruction and AUCell 373 

scores – in transitory and specialist myeloid cells of LUNG_T25 (Stage 1), LUNG_T09 (Stage 2), 374 

LUNG_T28 (Stage 3) and EBUS_06 (Stage 4) samples. (I) Comparison of the activity of the top 10 375 

active TFs in transitory myeloid cells across LUAD samples.  376 

 377 

In the next step, we performed differential gene expression analysis between T/NK (or T) cells from 378 

samples with and without transitory myeloid states using the MAST framework (Finak et al., 2015). In 379 

LUAD, we observed upregulation of 118 genes and downregulation of 128 genes in T/NK cells from 380 

samples harbouring transitory myeloid states compared to the T/NK cells from samples without 381 

transitory states (Fig. 5B) (Table S3). In CRC, we observed upregulation of 38 genes and 382 

downregulation of 17 genes in T cells from samples harbouring transitory myeloid states compared to 383 

the T cells from samples without transitory states (Fig. 5B) (Table S4). Among the upregulated genes, 384 

7 were shared and among the downregulated genes, 9 were shared between LUAD and CRC (Fig. 385 

5B,C). In LUAD, the top upregulated gene Regulator of G-receptor signalling 1 (RGS1) has been shown 386 

to promote immune evasion in cancer upon upregulation (Huang et al., 2021) and the top downregulated 387 

gene – GNLY, encoding for granulysin, is a well-known component of cytotoxic activity of T and NK cells 388 

(Huang et al., 2007; Tewary et al., 2010) (Fig. 5D). Similarly, in CRC, the top upregulated gene – 389 

HSPA1A, a heat-shock protein, has been linked to poor patient survival in colon cancer (Guan et al., 390 

2021), whereas the top downregulated gene – CREM – is linked with immune modulation in NK cells 391 

(Rafei et al., 2025) (Fig. 5D).   392 

 393 

Among the downregulated genes, we observed significant enrichment of the functions associated with 394 

oxidative phosphorylation and electron transport chain in both LUAD and CRC (log2 Fold enrichment > 395 

1 and p-adjusted <0.05 after FDR correction) (Fig. 5E,F). In addition, in LUAD, we specifically observed 396 

downregulation of functions associated with cell killing, T cell activation and immune response (Fig. 5E). 397 

In CRC, we observed downregulation of immunoglobulin receptor binding activity (Fig. 5F). 398 

Downregulation in activation of oxidative phosphorylation genes in T cells has been linked to T cell 399 

exhaustion (Vardhana et al., 2020).  400 

 401 

 402 

 403 
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 404 

Figure 5 – Tumor samples harbouring transitory myeloid cells show signatures of higher T cell 405 

exhaustion and immune suppression.  (A) Accuracy of classification between T/NK (or T) cells from 406 

samples harbouring transitory myeloid states and T/NK (or T) cells from samples without any transitory 407 

myeloid states by machine learning models (Logistic Regression, XGBoost, Random Forest, and 408 

LightGBM). (B) Number of up- and down-regulated genes in T/NK (or T) cells from samples harbouring 409 

transitory myeloid states compared to T/NK (or T) cells from samples without transitory myeloid states 410 

identified through differential gene expression analysis in LUAD and CRC. (C) Heatmaps showing 411 

expression of up- and down- regulated genes shared between LUAD and CRC samples. (D) Expression 412 

(TPM) of the top-ranked up- and down-regulated genes in T/NK (or T) cells in samples without transitory 413 

myeloid (NoTransMyl) and with transitory myeloid (WithTransMyl) cells in LUAD and CRC. (E) Enriched 414 

functional classes along with their log2 Functional enrichment (x-axis) among the genes downregulated 415 

in T/NK cells in samples with TransMyl in LUAD. (F)  Enriched functional classes along with their log2 416 

Functional enrichment (x-axis) among the genes downregulated in T cells in samples with TransMyl in 417 
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CRC. (G) Enriched functional classes along with their log2 Functional enrichment (x-axis) among the 418 

genes upregulated in T/NK cells in samples with TransMyl in LUAD. (H) Enriched functional classes 419 

along with their log2 Functional enrichment (x-axis) among the genes upregulated in T cells in samples 420 

with TransMyl in CRC. The colour of the bars in plots F to H indicate -log10(p-adjusted) values obtained 421 

after FDR correction.  422 

 423 

Among the upregulated genes in T cells in samples with presence of transitory myeloid states, we 424 

observed significant enrichment of function associated with programmed cell death and apoptosis in 425 

both LUAD and CRC (log2 Fold enrichment > 1 and p-adjusted <0.05 after FDR correction) (Fig. 5G,H). 426 

In addition, in LUAD, we observed upregulation of pathway related to PD-L1 expression/PD-1 427 

checkpoint pathway and T-cell differentiation (Fig. 5G). In CRC, we observed upregulation of pathway 428 

linked to unfolded protein response and heat response (Fig. 5H). Collectively, these results pointed to 429 

a more immunosuppressive microenvironment in tumor samples that harboured transitory myeloid 430 

states.    431 

 432 

Different cell types across patients show functional plasticity and convergence   433 

Our analysis so far focused on functional archetypes and transitory states for individual patient samples. 434 

However, it was not clear whether different cell types across patients of a cancer type largely align 435 

together and whether different cell types can perform similar functional role across patients. Thus, to 436 

investigate the landscape of functional plasticity across patients we performed a global alignment of 437 

functional archetypes and calculated pairwise similarity scores for all archetypes from all patients. The 438 

similarity score between two archetypes reflected the extent of similarity between the enriched 439 

metaprograms between them. In both LUAD and CRC, we observed distinct functionally similar clusters 440 

among archetypes (Figures 6A and S11).  441 

 442 

Intriguingly, we found some functional archetypes where more than one cell type was present (Figures 443 

6B and S11B), suggesting functional plasticity and convergence of sub-populations of different cell types 444 

within individual samples (intra-sample plasticity). Further, we also observed functional alignment of 445 

archetypes represented by different cell types across different samples, suggesting functional 446 

convergence across cell types (inter-sample plasticity) (Fig. 6B and S11B). Ranking of metaprograms 447 

within one such cluster each in LUAD and in CRC revealed similar importance (and ranking) of 448 

metaprograms within the archetypes (Fig. 6C and S11C).  449 
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 450 

Figure 6 – Intra- and inter-sample functional plasticity and functional convergence of different 451 

cell types is driven by distinct regulatory modules. (A) Heatmap depicting pairwise similarity scores 452 

between archetypes of all samples obtained after alignment. (B) Percentage of different cell types in 453 

archetypes that show high similarity scores in LUAD samples. (C) Heatmap showing the importance 454 

rank of functional metaprograms within the archetypes in (B) that show high similarity score. (D) The 455 

top-ranked TFs and their activity (as defined by their AUCell scores) in different cell types within 456 

individual archetypes in different LUAD samples (Intra-sample plasticity). (E) Heatmap showing the top-457 

ranked TFs and their activity in archetypes across different samples that show high similarity score (as 458 

identified in (B)).  459 

 460 
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To test whether intra-sample and inter-sample functional plasticity were driven by similar gene 461 

regulatory modules across different cell types, we reconstructed the gene regulatory network for each 462 

functional types within each archetype in LUAD samples following an approach by Ray et al. (2026) and 463 

evaluated the activity of all TFs and their regulons in each cell within the archetype by AUCell and ranked 464 

the top transcription factors based on AUCell scores. Intriguingly, the top 10 TFs among different cell 465 

types within an archetype showed no or minimal overlap (Fig. 6D), suggesting functional convergence 466 

driven by different regulatory modules. Further, the top ranked TFs driving inter-sample functional 467 

plasticity and convergence also showed minimal overlap among different cells even among the same 468 

cell types (Fig. 6E). Collectively, these results highlighted existence of intra- and inter-sample functional 469 

plasticity and convergence that were driven by distinct regulatory programs in individual patients.  470 

 471 

Discussion 472 

Taken together, the present work elucidates the landscape of functional diversity, transition and 473 

plasticity in cancer samples. We observed wide-spread functional diversity within individual cell types, 474 

in line with earlier findings (Barkley et al., 2022; Gavish et al., 2023). We also observed intra-tumor 475 

functional transformation with cancer progression which was reflected in altered utilization of some of 476 

the metaprograms in tumor and immune cells. In addition, our work uncovered functional plasticity and 477 

convergence among different cell types within and between tumor samples, and showed that distinct 478 

regulatory programs can also drive functional convergence between different cell types.  479 

 480 

A key finding of our work is the discovery of transitory functional states that were more frequent in tumor 481 

samples compared to normal samples. The transitory functional states were observed specifically in 482 

myeloid cells in both LUAD and CRC, and these transitory myeloid cells had distinct expression 483 

signatures compared to specialist myeloid cells. These cells had lower expression of genes associated 484 

with receptor binding and immune response. In addition, occurrence of transitory myeloid cells in tumor 485 

samples was associated with a signature of T cell exhaustion and immune suppression in both cancer 486 

types. However, these cells did not carry the gene expression signatures of well-known myeloid-derived 487 

suppressor cells (MDSCs). Thus, these myeloid cells likely represent a novel or atypical class of myeloid 488 

suppressors. These results also revealed the finer differences between adjacent normal and tumor 489 

samples, as transitory myeloid cells occurred preferentially in tumor samples.  490 

 491 

The gene expression signatures of transitory myeloid cells differed substantially between LUAD and 492 

CRC samples with only four shared genes among the top 50 features (Fig. 4D). This points to diverse 493 
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molecular origins of the transitory cells in LUAD and CRC. In addition, the molecular origins of transitory 494 

cells are likely to be different from one patient to another within a cancer type and thus, the transitory 495 

states could actually be an ensemble of many rare states. This was supported by the observation that 496 

the transitory myeloid cells in different samples showed diverse active gene regulatory programs and 497 

transcription factors with minimal overlap between samples. However, the resolution of our datasets did 498 

not allow us to look more deeply into the multitude of transitory states, and analysis of larger samples 499 

of single-cell data will be necessary for a better understanding. Moreover, it remains to be seen whether 500 

the transitory myeloid cell states carry a unifying set of markers that could be observed across patients 501 

and different cancer types, similar to the traditional myeloid-derived suppressor cells. Further, the 502 

occurrence of transitory myeloid states was associated with signatures of immune suppression but this 503 

association does not establish a causal role. Thus, more in-depth work is required to establish the 504 

mechanistic link between the presence of transitory myeloid cells in cancer samples and T cell 505 

exhaustion and immune suppression.   506 

 507 

Despite these limitations, our work elucidated the landscape of intra-tumor functional transitions and 508 

transformation with cancer progression. Our work uncovered rare functional states in the tumor 509 

microenvironment in patient samples from two different cancer types and linked them to immune 510 

suppression in both of them. These results suggest important implications of these transitory functional 511 

states for cancer progression and therapy response.  However, understanding their exact role in cancer 512 

microenvironment will require more in-depth studies. Although rare cell states have been found to be 513 

important for determining therapy response (Emert et al., 2021), most studies have been done in cell 514 

culture experiments which fail to capture the complexity of the tumor microenvironment. Thus, future 515 

work linking the occurrence of transitory myeloid cells with therapy response in patient samples will be 516 

necessary to establish the role of these functional states in determining cancer progression and therapy 517 

outcome. Further, analysis across a more diverse cohort of cancer types will reveal a more global picture 518 

of the transitory functional states and will enable us to gauge their importance in cancer.  519 

    520 

Methods  521 

Datasets 522 

To investigate functional transition and plasticity in the tumor microenvironment with cancer progression, 523 

patient derived single cell transcriptomic dataset with cancer stage information as well as cell type 524 

information was required. In addition, multiple samples per stage were preferred for more robust 525 

inferences.  526 
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One such dataset of lung adenocarcinoma (LUAD) was obtained from Kim et al. (2020) (NCBI GEO 527 

accession number: GSE131907). The dataset contained single-cell RNA sequencing data of 208,506 528 

cells derived from 58 samples of 44 patients. Among 58 samples, 26 samples of adjacent normal, early-529 

stage, and advanced-stage lung adenocarcinoma from primary sites of the lung were chosen for our 530 

analysis. Single-cell RNA sequencing data from cells that are located in the brain, lymph node, or pleural 531 

fluids were excluded from this study. This was because gene expression is influenced by the metastasis 532 

process as well as by distinct tissue environments, which could confound our analysis. The dataset also 533 

contained information on different cell types including Myeloid, Epithelial, B cells, T/NK cells, Fibroblasts, 534 

Endothelial and Mast cells. However, some cells in this dataset were unannotated. Thus, the cell type 535 

of these cells was predicted by Seurat v4 (Hao et al., 2021) and SciBet (Li et al., 2020), as discussed in 536 

Ray et al. (2026). For this study, Epithelial, Myeloid, and T/NK cells were used as they were present in 537 

substantial numbers across all 26 patient samples which was required to identify functional 538 

specializations (Fig. S12A). Out of the 26 samples collected from lung cancer patients, there were 11 539 

adjacent normal samples, 7 stage I samples, 1 stage II sample, 2 stage III samples, and 4 stage IV 540 

samples. “LUNG_T06”, “LUNG_T08”, “LUNG_T18”, “LUNG_T19”, “LUNG_T20”, “LUNG_T25”, 541 

“LUNG_T30” and “LUNG_T34” were Stage I samples, “LUNG_T09” was Stage II sample, “LUNG_T28” 542 

and “LUNG_T31” were Stage III samples and “EBUS_06”, “EBUS_28”, “EBUS_49” and 543 

“BRONCHO_58” were Stage IV samples. “LUNG_N01”, “LUNG_N06”, “LUNG_N08”, “LUNG_N09”, 544 

“LUNG_N18”, “LUNG_N19”, “LUNG_N20”, “LUNG_N28”, “LUNG_N30”, “LUNG_N31”, “LUNG_N34” 545 

were adjacent normal patient samples and were also analysed for comparison with tumor samples 546 

(Table S1).  547 

To test our pipeline, an independent single cell transcriptomic dataset of colorectal cancer (CRC) (Lee 548 

et al., 2020) (NCBI GEO id: GSE132465) was used. This dataset had a total of 33 samples among which 549 

10 adjacent normal (SMC01-N, SMC02-N, SMC03-N, SMC04-N, SMC05-N, SMC06-N, SMC07-N, 550 

SMC08-N, SMC09-N, SMC10-N), 2 stage I (SMC07-T, SMC24-T), 5 stage II (SMC01-T, SMC05-T, 551 

SMC09-T, SMC15-T, SMC18-T), 14 stage III (SMC02-T, SMC03-T, SMC04-T, SMC06-T, SMC08-T, 552 

SMC10-T, SMC11-T, SMC14-T, SMC16-T, SMC17-T, SMC19-T, SMC20-T, SMC22-T, SMC23-T) and 553 

2 stage IV (SMC21-T, SMC25-T) samples were present (Table S1). One sample (SMC02-N) failed sub-554 

sequent processing by our pipeline and was removed from our analysis. For this study, Epithelial, 555 

Myeloid, T and stromal cells were used as they were present in substantial numbers across all patient 556 

samples (Fig. S12B). 557 

 558 

 559 
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Identification of functional archetypes by Pareto front analysis 560 

The TPM normalized UMI count dataset of 26 lung adenocarcinoma (LUAD) patient samples were 561 

extracted. Pareto front analysis was performed to identify the functional archetypes using the ParTI 562 

framework (Hart et al., 2015). The single-cell RNA sequencing data of each sample was pre-processed 563 

as follows. Specifically, the TPM data of every sample was centred. This transformation represented the 564 

difference in the expression of a given gene in a cell compared to the average expression of that gene 565 

across all cells in a sample. For each sample, the centred data matrix was transposed and passed to 566 

ParTI, along with gene names and cell type information, for archetype detection. PCHA (Principal 567 

Convex Hull Algorithm) (Mørup & Hansen, 2012) was used by ParTI to identify archetypes for the best-568 

fit polytope. This algorithm finds the best-fit polytope whose vertices or archetypes are located on the 569 

convex hull of the data. Further, this algorithm constrains the vertices or archetypes as weighted or 570 

convex combinations of data points and the datapoints are then approximated as weighted average of 571 

archetypes. Along with the constraints imposed, this algorithm also allows some relaxation so that the 572 

archetypes can be located within a certain volume around the convex hull (Korem et al., 2015). Further, 573 

by comparing the convex hull to principal convex hull, ParTI determines how well this low dimensional 574 

shape fits the data and estimates the statistical significance of the low dimensional shape. Thus, it is 575 

important to identify the optimum number of archetypes that fits the data well. This was done prior to 576 

the final run of ParTI on each patient sample dataset.   577 

To determine the number of archetypes that can fit the data well, the cumulative variance explained 578 

(%EV) by the polytope was checked for different numbers of archetypes K, where K varied between 2 579 

and 8. The elbow curve between %EV vs K for 2-8 archetypes, and the cumulative variance explained 580 

up to 8 principal components for every sample was checked and was used to determine the optimum 581 

number of archetypes K* such that the variance explained by the additional archetypes was minimal. 582 

The significance or p-value for polytope with optimum number of archetypes for every sample was 583 

checked. Apart from two patient samples LUNG_T08 (P-value = 0.283) and EBUS_28 (P-value = 0.586) 584 

in lung adenocarcinoma (LUAD) dataset (Kim et al., 2020) and one sample SMC06-N (P-value = 0.416) 585 

in colorectal carcinoma (CRC) dataset (Lee et al., 2020), all samples showed polytope with strong 586 

statistical significance. However, the issue with these samples was addressed by a subsequent cell-587 

state density estimation which was integrated in our pipeline for a more robust framework.  588 

For ParTI analysis, the bin size was adjusted according to the total number of cells present in different 589 

patient samples in such a way that it lied between 50 to 100. This was done prior to the final run of 590 

‘ParTI’ function by changing the ‘binsize’ parameter value between 0-1. Here, the ‘binsize’ value 591 

indicated the fraction of datapoints in a single bin which was required to calculate feature enrichment. 592 
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For further analysis, information regarding principal components, archetype coordinates and cell 593 

coordinates were collected from the ParTI results.  594 

 595 

Identification of specialist and generalist populations using distance distribution 596 

In the next step, each cell was assigned an archetype (or considered a generalist) from a Euclidean 597 

distance calculation and filtering. Briefly, Euclidean distance between each cell and each archetype was 598 

calculated and the distance distribution of all cells for each archetype were obtained. An earlier study 599 

(Nath et al., 2021) had considered cells with archetype score – defined by inverse of Euclidean distance 600 

- above 80 percentile as specialists  whereas the rest were considered as generalists. Groves et al. 601 

(2022) used archetypal weight as a score (weighted average of archetypes measured by ParTI in such 602 

a way that the weights for each cell sum up to 1) for individual cells. Cells with a score greater than 0.95 603 

were considered specialists for a single archetype. But taking an arbitrary cut-off like this may not 604 

capture true specialists or generalists properly. In the one hand, this cut-off may miss out some crucial 605 

specialist cells and on the other hand, this can also include some generalists within specialist 606 

subpopulations. Thus, to circumvent this issue, specialist and generalist cell populations were 607 

segregated using Euclidean distance distribution as follows. 608 

Euclidean distance of all cells from each archetype was calculated and the overall distance distribution 609 

for each archetype was obtained. Subsequently, distance distributions were fitted with multimodal 610 

normal distribution. The “normalmixEM” function of “mixtools” package of R (Benaglia et al., 2009) was 611 

used to estimate the value of parameters used as initial guesses for automatically fitting distributions 612 

with the mixture models of normal distribution. Next, the function “curve_fit” of “scipy.optimize” library in 613 

python was used to fit multimodal distributions. A minimum of one mode and a maximum of four modes 614 

were observed (In CRC testing dataset, maximum 6 modes were observed in certain archetypes). 615 

Among all models starting from unimodal distribution to multimodal distribution, the model which showed 616 

the lowest AIC score was considered as the best fit. After model fitting, the specialists belonging to the 617 

archetypes and the generalists were identified as follows. For unimodal distributions, first mode – 1×s.d. 618 

(standard deviation) and for multimodal distributions, first mode + 1×s.d. were used as cut-off distance 619 

for separating specialists from generalists. Specialists that were distributed between two or more 620 

archetypes after distance threshold filtering, were not considered as specialists. After cell removal and 621 

specialist cell assignments in a sample, remaining cells were considered as generalist cells (Fig. S13). 622 

Next, hierarchical clustering was performed across all specialists and generalist in the sample to check 623 
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for similarity of expression pattern within specialist cells and distinct expression pattern among different 624 

specialists and generalist cell populations.  625 

 626 

Re-clustering of samples with mixed expression patterns within archetypes 627 

For some archetypes within some samples, the distance-based cut-off method failed to effectively 628 

capture the diverse specialist cell populations. Heatmaps of gene expression patterns of specialists 629 

revealed cases where one archetype harboured multiple distinct expression patterns as well as cases 630 

where specialists from one or more archetype(s) showed similar expression pattern as the generalists. 631 

Thus, for a more robust identification of specialist cell populations from specialists exhibiting mixed 632 

expression programs, a UMAP (Uniform Manifold Approximation and Projection) (McInnes et al., 2018) 633 

analysis with hierarchical density-based clustering (HDBSCAN) (McInnes et al., 2017) was performed. 634 

For the archetypes that showed multiple distinct gene expression patterns but did not resemble 635 

generalists, re-clustering was performed to identify multiple specialist sub-populations (Fig. S14). 636 

Samples that had sub-populations with similar expression pattern as the generalists, re-clustering was 637 

done to test whether these sub-populations clustered with generalists. For re-clustering, the TPM count 638 

data of the specialist populations under consideration and the generalist populations were first 639 

dimensionally reduced by UMAP followed by clustering by HDBSCAN. The “umap.UMAP” function of 640 

“umap” library of python was used to perform UMAP operation with the parameter values “n_neighbors” 641 

= 30, “min_dist” = 0 and “random_state=42”. Followed by umap operation, “hdbscan.HDBSCAN” 642 

function of “hdbscan” library was used for HDBSCAN operation and “min_cluster_size” was set at 3% 643 

of the total cell population. Cells that were not part of any clusters (labeled as “-1”) were removed. The 644 

goodness of clustering was measured by calculating the “silhouette score” and a score of 0.4 or more 645 

was considered as good clustering. A final decision on cluster assignments and specialist cell 646 

identifications was verified by a final visual inspection of the expression patterns across specialists and 647 

generalist. Cases where specialist subpopulations and generalists were included in the re-clustering 648 

process and the silhouette score was less than 0.4, the specialist subpopulations were merged with the 649 

generalist cells and were considered as the total generalist population. However, in cases where re-650 

clustering showed a silhouette score of more than 0.4, cluster that contained the highest percentage of 651 

generalist cells was considered as generalist population.  652 

 653 

 654 
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Identification of stable functional states and comparison with pareto front analysis  655 

Although specialists and generalist cell populations were identified from distance-based distribution 656 

followed by re-clustering and showed distinct gene expression patterns, it was important to test whether 657 

these states represented stable functional states. Within the tumor microenvironment, some cells could 658 

be stable states, whereas some cells could be in transitory or transient states. A cell-density based 659 

analysis framework such as ‘Mellon’ (Otto et al., 2024) can effectively identify the stable and the 660 

transitory states. Mellon estimates cell state density from single-cell transcriptomic data using distance 661 

to its nearest neighbour for each cell in diffusion space and converts the distance to physical density 662 

using Poisson probability density function followed by maximum likelihood estimation. In this framework, 663 

high-density cell states represent stable functional states whereas low-density cell states represent 664 

transitory states. Such analysis could also enable a more robust identification of specialist and generalist 665 

cells for samples where we observed polytope with low significance in Pareto front analysis (LUNG_T08 666 

& EBUS_28 in LUAD and SMC06-N in CRC).  667 

In Mellon analysis, diffusion map and density estimation were performed. For the diffusion map, 668 

n_components = 20 was used. The ‘mellon.DensityEstimator’ function was used followed by the 669 

diffusion map. The ‘DensityEstimator’ class of Mellon was used to estimate the density of each cell, and 670 

UMAP was applied to visualize the density landscape on low-dimensional manifolds. After estimating 671 

the density for each cell, the distribution of density was checked in every sample. For unimodal density 672 

distributions, mean - 3 S.D. (standard deviation) was taken as cut-off, and for multimodal density 673 

distributions, mean - 1 S.D. from the first peak was considered as cut-off to separate high- and low-674 

density regions. Subsequently, high-density cells were mapped with specialist and generalist 675 

populations obtained from Pareto front analysis and percentage of mapped cells between two 676 

frameworks were also estimated for all archetypes. Next, hierarchical clustering was performed again 677 

across all specialists and generalist population for every sample to validate the purity and reliability of 678 

obtained specialists and generalist cell subpopulation in the tumor microenvironment. The specialist and 679 

generalist populations obtained from Mellon were considered the final specialist and generalist 680 

subpopulations in the tumor microenvironment and these were used for all subsequent analyses.  681 

 682 

Functional enrichment of meta-programs in archetypes  683 

To define the functional identity of specialist cells, functional enrichment of meta-programs - as defined 684 

in the MSigDB 3CA (Curated Cancer Atlas) database (Gavish et al., 2023) - in cells of each archetype 685 

was performed. For functional enrichment analysis, an approach similar to Gavish et al., 2023 was 686 



27 

 

followed. For an archetype, the average expression of genes belonging to each metaprogram in each 687 

cell belonging to that archetype was estimated. This information was transformed into a matrix where 688 

each row represented a cell, each column represented a metaprogram, and the values represented the 689 

average expression of the metaprogram in individual cells. The same matrix was created for rest of the 690 

population in the sample. In the next step, for every metaprogram, its average expression in the 691 

archetype of interest was compared with its expression in the rest of the population using a Mann-692 

Whitney U test. This analysis was performed for all metaprograms and the estimated p-values were 693 

corrected using Benjamini-Hochberg method and metaprograms with p-adjusted<0.1 were considered 694 

to be enriched. A positive log2 fold change in expression of the metaprogram in an archetype suggested 695 

enrichment of the metaprogram in the archetype, whereas a negative log2 fold change indicated 696 

enrichment of the metaprogram in the rest of the population. The enriched metaprograms within an 697 

archetype were ranked according to their p-adjusted values.  698 

   699 

Identification of transitory cell states 700 

In Pareto front analysis, many cells across samples fell between two archetypes and did not belong to 701 

any of the archetypes. Further, some of these cells also fell in low density regions in the Mellon analysis 702 

and were not considered as part of specialist or generalist populations. These cells, although small in 703 

number, represent phenotypically plastic states which could have important implications for cancer.  704 

To identify the transitory cells in the pareto front, cells that were not included in any specialist or 705 

generalist populations were analysed. To identify the archetypes between which these transitory cells 706 

were located, the weightage of all archetypes within the sample on those cells were calculated. The 707 

weightage of an archetype for a cell was taken as the inverse of the Euclidean distance of the cell to 708 

that archetype. The weights for a cell were normalized to have the sum of the weights as 1. Two 709 

archetypes with the top most weights on a cell were identified and they defined the archetypes between 710 

which the transitory state lied.  711 

As transitory cells were located in the low-density regions that were connected with two high density 712 

regions of two different archetypes (Fig. S15A,B), these cells can drive functional transition from one 713 

archetype to another. To understand the functional transitions from one archetype to another, 714 

archetypes between which significant numbers of transitory cells (at least 20 cells) present were chosen. 715 

‘Gene change analysis’ of Mellon was performed to do this so that genes driving the transition could be 716 

identified. Prior to performing ‘gene change analysis’, a pseudotime analysis using ‘Palantir’ was done 717 

(Setty et al., 2019) (Fig. S15B). To run ‘Palantir’, the expression matrix of two different specialist cell 718 
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populations and the transitory cells in between these specialists were arranged sequentially and 719 

diffusion map was run on the expression matrix using ‘palantir.utils.run_diffusion_maps’ and 720 

‘n_components = 5’. Next, ‘palantir.utils.determine_multiscale_space’ was used to calculate the 721 

multiscale representation of cell states using diffusion maps. Next, to identify the starting cell in an 722 

unbiased way for drawing the trajectory, cells with highest value along the first diffusion components 723 

were chosen. Next, ‘Palantir’ core pipeline was run using ‘palantir.core.run_palantir’ and 724 

‘num_waypoints=500’ was used. Palantir fate probabilities were checked using 725 

‘palantir.presults.select_branch_cells’ along different branches and visualized (Fig. S15C). For this, 726 

threshold quantile value (q) of 0.01 was used for ‘fate probability’ and eps = 0.01 was kept. 727 

Genes that showed high change in gene expression in the low-density region in between two high 728 

density regions were likely to be the drivers of functional transition along the trajectories. To identify 729 

those genes, first local gene variability scores were calculated using ‘palantir.utils.run_local_variability’. 730 

Next, ‘palantir.utils.run_low_density_variability’ function was run followed by 731 

‘palantir.utils.run_local_variability’ which aggregated the local gene expression variability within the low 732 

cell density region. This calculated the ‘gene change score’ of each gene along different branch of 733 

trajectories and ranked them based on their score. Genes that showed score more than 95 percentiles 734 

were consider as the driving genes for the functional transition from one archetype to another (Fig. 735 

S15D). 736 

 737 

Machine learning models for classification of transitory and specialist myeloid cells  738 

The transitory cells between myeloid dominant and T/NK dominant (or T dominant) archetypes were 739 

abundant in tumor samples in both LUAD and CRC, and these cells were predominantly composed of 740 

transitory myeloid cells. Thus, to test whether the transitory myeloid cells had distinct identity compared 741 

to specialist myeloid cells and to identify the key molecular features that distinguished them, machine 742 

learning models for classifying these two types of myeloid cells (classes) from their gene expression 743 

patterns were developed individually for LUAD and CRC. Single-cell gene expression data of all 744 

transitory myeloid cells and specialist myeloid cells from the samples with presence of transitory myeloid 745 

cells were collated. The data was cleaned to remove genes showing constant values across all cells. 746 

Since the specialist myeloid cells greatly outnumbered the transitory myeloid cells, this led to the 747 

problem of data imbalance in both LUAD and CRC. Thus, to minimize the effect of data imbalance on 748 

the performance of machine learning models, the majority class (specialist myeloid cells) was sampled 749 

to include the same number of cells as the transitory myeloid cells for each cancer type.  750 
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 751 

The sampled data were then divided into training (75%) and test (25%) datasets. The training data was 752 

used for hyperparameter tuning through GridSearch process with 5-fold cross-validation. Thus, the 753 

training data was divided into training and validation sets for the GridSearch. The training set was scaled 754 

and normalized, and subsequently, was used for feature selection using a three-step method. The first 755 

step used SelectKBest approach and selected the top 200 features (genes). In the second step, a 756 

logistic regression-based feature selection was used which identified the features with significant impact 757 

on prediction. In the final step, a recursive feature elimination with cross-validation (rfecv) based on 758 

logistic regression was used for selection of final set of features. These features were then used to build 759 

classification models using Logistic regression, XGBoost (Chen and Guestrin, 2016), Random Forest 760 

(Breiman, 2001) and LigtGBM (Ke et al., 2017) methods. The best set of hyperparameters were chosen 761 

by evaluating performance of the model on the validation set. The final accuracy for each model was 762 

reported for prediction on the test datasets. Since classification was done on sampled data, the process 763 

was repeated five times to ensure that the results obtained were not biased by the sampling step.  764 

 765 

The key features (genes) that helped in classification were identified by feature importance ranking using 766 

permutation importance approach as well as Shapley additive explanation (SHAP) (Lundberg and Lee, 767 

2017). The features with the highest SHAP scores were further tested for their expression pattern 768 

differences between transitory and specialist myeloid cells. The top 50 features were further used for 769 

functional enrichment analysis using the gProfiler webserver (Kolberg et al., 2023) with Gene Ontology 770 

(GO) terms for Biological Processes (BP) and Molecular Functions (MF) (Ashburner et al., 2000; The 771 

GO consortium, 2025) along with the KEGG pathways (Kanehisa et al., 2017).    772 

 773 

Gene regulatory network reconstruction and identification of active transcription factors  774 

The contribution of gene regulation programs and specific TFs towards generation of transitory myeloid 775 

states and functional plasticity were analysed through gene regulatory network reconstruction following 776 

an approach described in Ray et al. (2026) in LUAD samples.   777 

To identify the gene regulatory programs and the transcription factors (TFs) driving generation of 778 

transitory myeloid states and functional plasticity, the active gene regulatory network was reconstructed 779 

in each cell type within individual LUAD samples. In the first step of gene regulatory network 780 



30 

 

reconstruction, for each cell type within a sample, a pair-wise expression correlation between all genes 781 

were calculated. As expression correlation can also arise due to indirect regulatory connections, a high-782 

confidence TF-target map was used to filter out the correlation values. The TF-target map was 783 

constructed using published experimentally validated TF-target relations combined with a second-step 784 

screening for binding motifs of TFs on the target promoters. The TF-target correlation distribution for 785 

each cell type within each sample was further filtered using mean ± 2×s.d. cut-off values to identify only 786 

the active connections.   787 

In the next step, the activity of the identified TF-target connections in the subsets of cells of specific cell 788 

types were evaluated. For identifying the active regulons and the key TFs in transitory and specialist 789 

myeloid cells, the activity of regulons and TFs in these subpopulations were evaluated. For identifying 790 

the active regulons and the key driver TFs of intra-sample/inter-sample functional plasticity, the activity 791 

of the regulons was evaluated in the subpopulations of cells showing functional convergence.  792 

The regulon for each TF was constructed by considering all targets that were present in the TF-target 793 

map, and the activity of the regulon was evaluated in each cell of the population or subpopulation using 794 

the tool AUCell (Aibar et al., 2017). The TFs were then ranked according the AUCell score in the cell 795 

subpopulation, representing the most active TFs and regulon within the subset of cells.  796 

 797 

Differential expression analysis of T/NK or T cells between samples harboring transitory myeloid 798 

states (WithTransMyl) and samples without transitory myeloid states (NoTransMyl) 799 

To investigate the influence of the transitory myeloid cells on the tumor immune microenvironment, a 800 

two-pronged approach was taken. In the first approach, machine learning models were built to classify 801 

T/NK (or T) cells coming from samples with transitory myeloid states (WithTransMyl) versus the T/NK 802 

(or T) cells coming from samples without the transitory states (NoTransMyl). The T/NK (or T) cells 803 

belonging to these two different classes were collated individually for the two cancer types (LUAD and 804 

CRC), and machine learning models were built following the same steps as described for myeloid cell 805 

classification. Briefly, the datasets were divided into training (75%) and test (25%) datasets. The training 806 

data was used for hyperparameter training through 5-fold cross validation. All scaling, normalization, 807 

feature selection and model fitting (Logistic Regression, XGBoost, Random Forest, and LightGBM) were 808 

done on the training set and the best set of hyperparameters were chosen by evaluating performance 809 

of the model on the validation set. The final accuracy of each model was reported for prediction on the 810 

test datasets. Since classification was done on sampled data, the process was repeated five times to 811 

ensure that the results obtained were not biased by the sampling process.  812 
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 813 

In the second approach, differential expression analysis was performed between T/NK (or T) cells from 814 

WithTransMyl samples and the T/NK (or T) cells from NoTransMyl samples to identify the differences in 815 

biological processes operating in these two classes of cells. The R package MAST (Finak et al., 2015) 816 

was used to identify the differentially expressed genes. Briefly, MAST used a two-step generalized linear 817 

model to account for both the fraction of cells that express a gene and the change in expression levels 818 

of cells with non-zero expression. The genes with abs(coef) > 0.2 and p-adjusted <0.01 were considered 819 

as differentially expressed. The up-regulated (with coef > 0.2) and the down-regulated genes (coef < -820 

0.2) were checked for functional enrichment using gProfiler considering the Gene Ontology (GO) BP 821 

and MF terms and KEGG pathways.  822 

 823 

Archetype alignment analysis 824 

Analysis on archetype alignment can provide a global view of the functional diversity across patients 825 

within a cancer type and can identify the cases of intra-tumor and inter-tumor functional plasticity where 826 

different cell types can converge to similar functions. Thus, an alignment of all archetypes, based on 827 

their functional identity, across all patients within a cancer type was performed using the following steps. 828 

First, the functions that were significantly enriched at each archetype were collated for all patient 829 

samples within a cancer type. Next, a pairwise archetype similarity score was calculated between the 830 

pairs of archetypes where the values indicated the percentage of functions that were ranked similarly in 831 

both these archetypes. Functional enrichment analysis based on meta-programs (Gavish et al., 2023) 832 

were used for identifying enriched functions and ranking them. Compilation of all pairwise similarity 833 

score led to an archetype similarity matrix across the archetypes. The archetypes without any significant 834 

enrichment of functions were removed from the similarity matrix.  835 

 836 

Subsequently, a hierarchical clustering was performed on the similarity matrix where both rows and 837 

columns were clustered. This identified clusters of archetypes with distinct functional patterns 838 

representing functional convergence. Cell types representing those respective archetypes were also 839 

identified. Functional clusters where the heatmap showed more than one distinct pattern of small 840 

clusters, re-clustering were performed. Prior to perform hierarchical clustering again, row and columns 841 

linkage of dendrograms were identified and this information was used to identify the number of small 842 

clusters with distinct functional patterns within the bigger functional clusters. To identify the optimum 843 

number of smaller clusters within the big clusters, ‘fcluster’ package of ‘scipy.cluster.hierarchy’ was used 844 
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and silhouette score were calculated between the range of 2-20 clusters. Number of clusters for which 845 

the silhouette score was highest was considered as the optimum number of clusters for hierarchical 846 

clustering. The archetypes where multiple cell types were part of the archetypes were considered for 847 

further analysis of intra-sample functional plasticity. The archetypes across different samples where 848 

different cell types across these samples showed functional convergence were considered for further 849 

analysis of inter-sample functional plasticity.   850 

 851 
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