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Abstract  87 

Growing evidence supports the importance of quantifying tumor-immune cell interactions 88 
in the tumor microenvironment to enable precision cancer therapy.  However, most 89 
existing methods rely solely upon immune cell density or nearest neighbor-type analyses 90 
and fail to fully characterize spatial heterogeneity. Herein, we describe a computational 91 
algorithm, termed Tumor-Immune Partitioning and Clustering (TIPC), that jointly 92 
measures immune cell partitioning between tumor epithelial and stromal areas and 93 
immune cell clustering versus dispersion.  As proof of principle, we apply TIPC to two 94 
large colorectal cancer cohorts. TIPC identifies tumor subtypes with unique interaction 95 
signatures between tumor cells and T cells that harbor prognostic significance and are 96 
associated with distinct tumor molecular features.  We extend our findings by applying 97 
TIPC to additional immune cell types identified using morphology and supervised 98 
machine learning. Spatial heterogeneity quantification and novel tumor subtype 99 
identification by TIPC may inform precision cancer immunotherapy and deepen our 100 
understanding of tumor immunobiology.101 
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Introduction 102 

Increasing evidence suggests that not only immune cell abundance but also the 103 
spatial relationships between immune and tumor cells plays a crucial role in cancer 104 
pathogenesis, treatment responsiveness, and outcome1-3.  Recent advances in digital 105 
imaging, machine learning and multiplexed tissue-based biomarker assays can generate 106 
spatially resolved datasets characterizing the tumor microenvironment (TME) at single-107 
cell resolution4-11.  While these approaches provide highly granular data, optimal analysis 108 
methods for assessing tumor-immune cell interactions remain limited.   109 

 110 
Initial efforts to characterize immune cells in the TME focused primarily on 111 

measuring immune cell density5-7. However, in cancers such as melanoma12 and 112 
colorectal adenocarcinoma (CRC)13, it has long been recognized that immune cell 113 
densities are often higher at the tumor periphery.  Furthermore, in CRC, multiple patterns 114 
of lymphocytic response can be qualitatively identified and harbor prognostic 115 
significance14.  These findings suggest that immune cell spatial distribution, and not just 116 
density, may identify an effective anti-tumor response.  117 

 118 
Consequently, several approaches have been adapted from ecological studies 119 

and the field of spatial point pattern (SPP) analysis to better quantify immune cell spatial 120 
heterogeneity in the TME15-17.  These include direct nearest neighbor cell distance 121 
measurements as well as more sophisticated metrics such as the Morisita-Horn (M-H) 122 
index, an ecological measure adapted to quantify co-localization of immune and tumor 123 
cells based on subregion tessellation18, and the G-cross19 and L-cross SPP functions15, 124 
which estimate a cumulative nearest neighbor distance function or a neighborhood count 125 
function that reflect proximity between cell types. While these spatial measures have been 126 
used to identify tumor subtypes with prognostic associations, these methods have 127 
significant drawbacks including confounding by immune cell density, which often harbors 128 
independent prognostic significance, and variable tumor morphology, particularly with 129 
respect to degree of differentiation, which also has prognostic significance for many 130 
tumors. Additionally, by compressing an often-heterogeneous tumor-immune spatial 131 
relationship into a single numerical value, these approaches may discard key information 132 
(Fig. 1, Supplementary Table 1).  133 

 134 
To circumvent these limitations, we developed a novel computational algorithm, 135 

termed Tumor-Immune Partitioning and Clustering (TIPC), that enables discovery of 136 
tumor-immune spatial distribution patterns, and which operates in a manner agnostic to 137 
cell density and tumor morphology.  As proof of principle, we apply TIPC to two large U.S. 138 
nationwide prospective CRC cohorts using spatially resolved, in situ T-cell data.  We 139 
extend our approach by applying TIPC to neutrophils and eosinophils identified by 140 
morphology and machine learning20.  We also compare the performance of TIPC to 141 
existing immune cell characterization methods, including density, G-cross and L-cross 142 
functions, and the Morisita-Horn index.   143 
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Results  144 

TIPC requires a dataset specifying the location of individual tumor cells and an 145 
immune cell type of interest using cartesian coordinates within a region of interest (ROI).  146 
A hexagonal tessellation approach is applied to the ROI and the number of tumor cells 147 
and immune cells within each hexagon subregion is calculated (Fig. 2).  By comparing 148 
the cellular composition of each hexagon to a global null distribution representing a 149 
uniform distribution of immune cells, TIPC simultaneously measures the degree of 150 
immune cell partitioning between tumor epithelial and stromal areas as well as the degree 151 
of immune cell clustering versus dispersion.  These data are summarized as a six-152 
element numerical vector for each ROI (Supplementary Table 2).  This approach enables 153 
straightforward comparison between tumors and provides data that is readily amenable 154 
to spatial pattern discovery using unsupervised clustering approaches.   155 

Characterization of CD3+ T-cell spatial distribution in the CRC tumor 156 
microenvironment using TIPC 157 

Case-level analysis using TIPC only requires selection of an immune cell of 158 
interest and a granularity or subregion size parameter. Selection of the optimal subregion 159 
size requires balancing the degree of resolution for immune cell partitioning between 160 
tumor epithelial and stromal areas against the probability of generating an excess number 161 
of uninformative subregions lacking immune cells (Supplementary Fig. 1). The optimal 162 
subregion size may therefore vary based upon the distribution of the immune cell type 163 
being studied.  For CD3+ T cells in CRC, evaluation of normalized counts across a range 164 

of subregion sizes showed that hexagons with a length of 70-80 pixels (35-40 µm) 165 
provided the most balanced distribution across the six TIPC subregion types 166 
(Supplementary Fig. 1). 167 
 168 

To perform spatial pattern discovery using unsupervised clustering across a cohort, 169 
an optimal cluster number must also be determined. We chose an empiric approach that 170 
jointly tested cluster number and subregion size to minimize selection bias and provide 171 
information about the robustness of any given TIPC solution.  This approach indicated 172 
that a 70-pixel subregion size was optimal (Supplementary Fig. 2).  Using this size, the 173 
relative change in the area under the cumulative distribution function curve (Fig. 3a) 174 
showed that stable clustering could be achieved using four or more clusters.  We next 175 
constructed a tracking plot to evaluate the relationship between cluster number, 176 
granularity and stability (Fig. 3b).  To balance statistical power with granularity, we 177 
selected a 9-cluster solution wherein 927 of 931 tumors fell within six clusters (Fig. 3c). 178 
Visual inspection of representative tumors from these six clusters revealed discrete 179 
patterns of tumor-immune cell organization (Fig. 3d).  Tumors with abundant T cells 180 
comprised four clusters.  One cluster, termed “hot and disperse”, contained tumors with 181 
a disperse distribution of immune cells across tumor and stromal regions.  Three other 182 
clusters containing tumors with abundant immune cells were characterized by significant 183 
immune cell clustering as opposed to a disperse distribution and could be distinguished 184 
based upon whether immune cells clustered in tumor intraepithelial regions (“hot, tumor-185 
centric clustering”), stromal regions (“hot, stroma-centric clustering”) or both regions (“hot 186 
and clustered).  Finally, tumors with uniformly few T cells fell into two clusters 187 
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distinguished by whether tumor regions or stromal regions were predominant and 188 
accordingly designated “cold, tumor-rich” or “cold, stroma-rich”.  189 

Prognostic significance for distinct CD3+ T-cell patterns identified by TIPC 190 

Given that T cells generally need to be near tumor cells in order to exert their anti-191 
tumor effect, we hypothesized that different TIPC clusters represent anti-tumor immune 192 
responses with varying degrees of effectiveness and may therefore harbor prognostic 193 
significance.  Survival analysis showed that TIPC spatial subtypes were significantly 194 
associated with 10-year CRC-specific survival (log-rank p<0.001; Fig. 4a-c).  In both 195 
univariable and multivariable Cox proportional hazard regression analyses, using the 196 
“cold, tumor-rich” cluster as the reference, the “hot and disperse”, “hot and clustered”, 197 
and “hot, tumor-centric clustering” clusters demonstrated longer CRC-specific survival 198 
(Fig. 4b-c and Fig. 5a).  Notably, while the “hot and disperse” cluster had a median T-cell 199 
density 3.6-fold higher than the “hot and clustered” cluster (Fig. 4a), both clusters 200 
exhibited similar survival associations (Fig. 4b-c).  We verified this assertion by 201 
conducting a chi-square test which showed no significant differences between these two 202 
subtypes for 5-year CRC-specific survival (p>0.05). 203 

Comparing TIPC with existing methods using CD3+ T-cell data 204 

We compared the performance of TIPC with multiple methods that have been 205 
previously used to measure immune cell spatial distributions.  The previously defined 206 
Morisita-Horn index was used to quantify the degree of co-localization between T cells 207 
and tumor (or stromal) cells.  Overall, very few combinations of grid sizes and co-208 
localization cut-offs yielded significant and robust associations with CRC-specific survival 209 
(Supplementary Fig. 4).  Examination of the overall performance of the M-H index did not 210 
reveal clear trends in significance aside from a decrease in false discovery rate (FDR) at 211 
higher index values.  While the prognostic significance of tumor subtypes identified by the 212 
M-H index was confounded by T-cell density (Fig. 4d, Supplementary Fig. 5), prognostic 213 
utility could be improved by adjustment for T-cell density (Supplementary Table 3). 214 

 215 
A separate spatial point pattern metric, the G-cross function, evaluates the 216 

likelihood of a tumor cell having at least one T cell within a specified radius.  Using a Cox 217 
regression model, we found that larger area under the curve (AUC) for the G-cross 218 
function was associated with better CRC-specific survival (Fig. 4h-i, Supplementary Fig. 219 
6).  While G-cross-defined subtypes were also significantly confounded by T-cell density 220 
(Fig. 4g, Supplementary Fig. 6), unlike the M-H index, they did not harbor prognostic 221 
significance after adjustment for T-cell density in a multivariable Cox regression model 222 
(Supplementary Table 3).  A related measure, the L-cross function, measures the 223 
expected number of T cells within a specified radius of a tumor cell.  Analysis of L-cross 224 
AUCs did not identify prognostic significance (Fig. 4k-l, Supplementary Fig. 7) using all 225 
available L-cross estimators (isotropic, translation, and border) (results not shown).  L-226 
cross AUCs exhibited lower correlation with T-cell density (Fig. 4j, Supplementary Fig. 7).  227 
In contrast to the M-H index and G- and L-cross functions, TIPC subtypes harbored 228 
prognostic significance that was minimally confounded by T-cell density (Supplementary 229 
Table 4).  Moreover, multivariable Cox regression analyses suggested that TIPC 230 
subtypes are more robust than tumor subtypes identified by the M-H index and G- and L-231 
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cross functions (Supplementary Table 4) in that they are less confounded by other 232 
clinicopathologic features and remain stable when hexagon sizes and cluster number 233 
vary (Fig. 5a-b).   234 

Clinicopathologic correlates of TIPC subtypes for CD3+ T cell 235 

Beyond prognostic utility, correlating tumor-immune cell spatial distributions with 236 
pathologic and molecular features may help to refine tumor subtypes and our 237 
understanding of tumor biology, potentially improving treatment decisions. We found that 238 
TIPC tumor subtypes were associated with multiple histologic and molecular features 239 
including qualitatively assessed lymphocytic reaction patterns, AJCC stage, and MSI-high 240 
status (Fig. 5c, Supplementary Fig. 8).  While tumors in both the “hot and disperse” and 241 
“hot, tumor-centric clustering” clusters had similarly high rates of microsatellite instability, 242 
these tumors differed in both T-cell spatial distribution and showed a 4.7-fold difference 243 
in median T-cell density, uncovering significant T-cell heterogeneity amongst highly 244 
immunogenic MSI-high tumors.  TIPC subtypes also showed a strong association with 245 
the level of tumor-infiltrating PDCD1 (PD-1)-positive cells and tumor PDCD1LG2 (PD-L2) 246 
expression, suggesting immune checkpoint-related mechanisms may be involved in 247 
sculpting T-cell spatial distributions.  Finally, differential tumor expression of CDH1 (E-248 
cadherin), an adherens junction protein that is critical for maintaining epithelial cell-cell 249 
contacts, was observed between tumor subtypes with nearly the same T-cell density but 250 
different spatial patterns, raising the possibility that physical interactions between tumor 251 
cells, which manifest as tumor morphology, may shape tumor-immune spatial interactions.  252 

Cytotoxic memory T cell spatial characterization using TIPC 253 

T cells in the CRC TME comprise numerous, functionally distinct subsets.  By 254 
incorporating additional markers profiled in our multiplex immunofluorescence (mIF) 255 
assay, we used TIPC to explore the spatial distribution of cytotoxic memory T cells 256 
(CD3+CD8+CD45RO+), one of the most biologically important T-cell subsets.  This 257 
analysis grouped the 930 tumors into six subtypes (n=47-451 per subtype) with varying 258 
degree of immune cell infiltration, predominance of tumor or stromal regions and degree 259 
of immune cell clustering or dispersion (Fig. 6a).  These clusters exhibited variable yet 260 
overlapping cytotoxic memory T-cell densities (Fig. 6b) and only the “hot and disperse” 261 
cluster could have been identified using density alone.  Survival analysis showed that 262 
cytotoxic memory T-cell spatial distribution was associated with 10-year CRC-specific 263 
survival. Using the “cold, tumor-rich” subtype as a reference, univariable Cox regression 264 
analysis revealed better CRC-specific survival for the “hot, tumor-centric clustering”, “hot 265 
and disperse”, and “hot and clustered” subtypes (Fig. 6c, Supplementary Fig. 9-11).  Like 266 
the TIPC analysis of CD3+ T cells, the “hot and disperse” and “hot and clustered” subtypes 267 
demonstrated equally favorable clinical outcomes, as depicted by overlapping Kaplan-268 
Meier curves and an insignificant difference in 5-year CRC-specific survival (chi-square 269 
test, p>0.05), despite a 6.4-fold higher CD3+CD8+CD45RO+ cell density in the “hot and 270 
disperse” subtype.  271 

Validation of TIPC using morphologically identified eosinophils and neutrophils  272 

Although mIF enables highly accurate identification of many immune cell types, 273 
cost and assay complexity limit widespread adoption of this approach.  Our previous 274 
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studies have shown that morphologically distinct immune cells, such as eosinophils and 275 
neutrophils, can be identified using routine H&E-stained CRC tissue sections and 276 
machine learning at an accuracy like that of a gastrointestinal pathologist20.  Unlike T cells, 277 
the significance of different spatial distributions for myeloid cells in the TME is less well 278 
understood.  We therefore explored whether eosinophils and neutrophils exhibit distinct 279 
spatial distributions in the CRC microenvironment. Using TIPC to evaluate eosinophils or 280 
neutrophils both divided tumors into five major subtypes containing 34-362 tumors per 281 
subtype (Fig. 6d, g; Supplementary Fig. 12-17). 282 
 283 

Both analyses showed that TIPC could identify distinct distributions of neutrophils 284 
and eosinophils in tumors with overlapping immune cell densities (Fig. 6e, h).  Tumors 285 
with low neutrophil or eosinophil densities that fell into two TIPC subtypes, “cold, stroma-286 
rich” and “cold, tumor-rich”, exhibited differential associations with CRC-specific survival 287 
(Fig. 6f, i, Supplementary Fig. 9).  Using the “cold, stroma-rich” subtype as the reference, 288 
these analyses revealed that tumor subtypes with largely overlapping cell density 289 
distributions, including “hot and clustered, tumor-rich” and “cold, tumor-rich” (Fig. 6e, h), 290 
exhibited significantly better CRC-specific survival using a univariable Cox regression 291 
model (Supplementary Fig. 10; all p<0.001) and after adjusting for neutrophil or eosinophil 292 
density (Supplementary Table 5).  In addition, the “hot and disperse” tumors exhibiting 293 
relatively high neutrophil or eosinophil densities were associated with better CRC-specific 294 
survival, even after adjusting for immune cell density (Supplementary Table 5) or 295 
clinicopathologic features (Supplementary Figure 10) in multivariable Cox regression 296 
model. For neutrophils, this subtype remained significant after joint adjustment for both 297 
immune cell density and clinicopathologic features (Supplementary Figure 11), 298 
highlighting the prognostic value of neutrophil spatial distributions. 299 

Evaluation of TIPC result stability 300 

Modification of subregion size and cluster number can impact the spatial subtypes 301 
identified by TIPC.  To investigate clustering solution robustness and stability, we 302 
combinatorially tested a broad range of subregion sizes (hexagon side length 60-100 303 

pixels, equivalent to 2301 to 6392 µm2) and cluster numbers (4-10) in the CD3+ T-cell and 304 

H&E neutrophil datasets (Fig. 5b, Supplementary Figs. 18-19).  In both analyses, when 305 
compared to the TIPC subtype with the lowest median immune cell density, the “hot and 306 
disperse” subtype maintained prognostic significance across all 35 tested combinations.  307 
Additionally, the “cold, tumor-rich” subtype exhibited equally broad and robust prognostic 308 
significance for neutrophil analysis. Less broad, yet still robust associations were seen 309 
for the “hot, tumor-centric clustering” subtype identified using CD3+ T cells and the “hot 310 
and clustered, tumor-rich” subtype identified using neutrophils. 311 

 312 
 In general, a more granular characterization of the immune cell spatial landscape 313 
was achieved using a smaller subregion size and larger cluster number.  These results 314 
underscore the importance of stability or robustness analysis for TIPC parameter 315 
selection to avoid both a failure to detect informative, statistically significant subtypes and 316 
over-interpretation of unstable subtypes such as the “hot, stroma-centric clustering” 317 
subtype in neutrophil analysis (Supplementary Fig. 19). 318 
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Discussion  319 

Recent advances in digital imaging and multiplexed marker analysis by 320 
immunofluorescence have enabled deep phenotyping of immune cells in the TME.  321 
However, the optimal methods to analyze these data remain uncertain. Immune cell 322 
density is an easily defined and computed characteristic of immune cells in the TME and 323 
has proven prognostic significance in many cancers21, 22.  However, increasing evidence 324 
suggests that immune cells are not randomly scattered throughout the TME but are 325 
instead arranged in patterns that likely reflect their biologic function and interactions with 326 
numerous cell types, including tumor cells, stromal cells and other immune cells17.  327 
Identification and quantification of these patterns may therefore provide additional 328 
information about the significance and function of immune cells in a tumor beyond density 329 
measurements. 330 

 331 
To address this need, we developed a novel computational algorithm termed 332 

Tumor-Immune Partitioning and Clustering (TIPC).  Application of TIPC to mIF data 333 
derived from a large cohort of colorectal cancer demonstrated that discrete patterns of 334 
immune cell infiltration exist within the center regions of CRC.  These patterns can be 335 
distinguished based on the relative enrichment of immune cells in stromal versus 336 
epithelial regions and the degree of clustering versus dispersion of immune cells in the 337 
TME.  Of the six TIPC subtypes identified by CD3+ cell analysis, only the “hot and disperse” 338 
subtype could have been identified solely using CD3+ cell density.  Evaluation of the 339 
prognostic significance of TIPC subtypes defined by CD3+ cells revealed that three TIPC 340 
subtypes exhibited better CRC-specific survival when compared to the “cold, tumor-rich” 341 
subtype.  Within these three subtypes associated with better outcome, CD3+ cell densities 342 
differed more than 3.5-fold, indicating that immune spatial configuration and not just 343 
density harbors prognostic significance.  While the prognostic significance of TIPC 344 
subtypes was partially attenuated when CD3+ density itself was included in a multivariable 345 
Cox regression analysis, two subtypes remained significant at an α level of 0.05.  346 
Comparison of TIPC to other approaches showed that TIPC achieves equal or superior 347 
prognostic power.  Furthermore, by representing the immune cell spatial distribution of 348 
each tumor as a six-element vector rather than compressing this information into a single 349 
aggregate value, as done by other algorithms, TIPC can capture and convey more 350 
information about any given immune cell distribution.  Finally, since TIPC does not rely 351 
upon direct distance measurements between tumor and immune cells, it is likely to be 352 
less confounded by differences in tumor morphology.  In contrast, spatial point pattern 353 
functions such as G-cross and L-cross treat every tumor cell as an isolated entity without 354 
recognizing that tumor cells themselves are non-randomly distributed and often exist in 355 
clustered glandular units15, 23. 356 

    357 
Beyond harboring prognostic significance, TIPC subtypes were associated with 358 

numerous histologic and molecular features.  Strong, yet heterogeneous associations 359 
with the four qualitative lymphocytic reaction patterns as judged by H&E-based whole 360 
slide analysis support the notion that lymphocyte distribution at the tumor-wide level is 361 
linked to smaller-scale lymphocyte distribution as assessed by TIPC.  While several TIPC 362 
subtypes were significantly associated with MSI status, no individual subtype was 363 
associated with neoantigen load.  Given that high level microsatellite instability and high 364 
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neoantigen loads are both associated with higher T cell density, the relatively modest 365 
overall associations we observe with TIPC subtypes suggest that immune cell spatial 366 
distributions are shaped by factors beyond mutations in tumor cells. In support of this 367 
concept, markers of multiple biologic processes known to be central to CRC biology, 368 
including cell adhesion (CDH1), Wnt signaling (CTNNB1), prostaglandin signaling 369 
(PTGER2), and autophagy (SQSTM1), were more strongly associated with TIPC 370 
subtypes.  Beyond tumor cell-intrinsic markers, we found that expression of PDCD1 (PD1) 371 
by non-tumor cells was highly associated with multiple TIPC subtypes, hinting at 372 
regulation of immune cell spatial distributions by PD1/PD-L1 signaling between different 373 
immune cell populations. 374 

 375 
 Many different immune cell populations are present in the TME and can be 376 
detected using morphology, immunohistochemistry or mIF.  We therefore designed TIPC 377 
to function independently of immune cell identification method and confirmed 378 
prognostically informative application of TIPC to datasets comprising T lymphocytes 379 
detected by a single marker (CD3), cytotoxic memory T cells detected by a triple marker 380 
combination (CD3+CD8+CD45RO+) and neutrophils and eosinophils detected by 381 
morphology alone.  Additionally, the data requirements to run TIPC are modest and 382 
encompass only the locations of the tumor cells and an immune cell type of interest in a 383 
format that is readily generated by many digital image analysis software systems.  TIPC 384 
can also be used to jointly analyze a cohort of cases to identify subtypes with shared 385 
patterns of immune infiltration or it can be run at the single-case level to generate 386 
interpretable spatial immune characteristics.  This combination of requirements, along 387 
with low computational overhead, position TIPC as an algorithm that could be readily 388 
implemented as part of a routine H&E-based digital workflow in a clinical surgical 389 
pathology environment.   Finally, TIPC incorporates methods that enable investigation of 390 
the stability and robustness of solutions relating to subregion tessellation size and cluster 391 
number for cohort analyses, thereby minimizing the chance of false discovery for 392 
associations with immune cell spatial configuration. 393 
 394 

Our study has several limitations.  First, due to the unavailability of treatment 395 
information, we are unable to account for potential confounding in outcome analyses.  396 
However, it is unlikely that treatment decisions were influenced by immune cell spatial 397 
configuration. Second, like other unsupervised clustering approaches, the consensus 398 
hierarchical clustering algorithm used by TIPC requires a sufficiently large sample size 399 
for the identification of robust spatial subtypes that offer prognostic utility and biologic 400 
insight. Additionally, TIPC is currently limited to analysis of only one immune cell type at 401 
a time and requires information about tumor cell and immune cell location.  Nevertheless, 402 
we show that different immune cell types from the same data set can be studied in parallel 403 
using TIPC and that TIPC can use data from multiple tissue analysis software packages. 404 
Finally, our study was limited to tumor regions selected from the centers of CRCs, 405 
precluding evaluation of the prognostic significance and clinicopathologic correlates of 406 
immune cell spatial configuration at the invasive margin24.  Further validation of TIPC 407 
using different patient cohorts, cancer types and tissue sampling strategies is needed.  408 
 409 
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In conclusion, TIPC provides a novel approach for measuring immune cell spatial 410 
configuration in the tumor immune microenvironment in a manner that is compatible with 411 
any tissue image data source that provide single-cell-level positional information.  TIPC 412 
is specifically designed to measure immune cell partitioning and clustering, two features 413 
that are prognostically significant and biologically relevant, yet cannot be inferred from 414 
immune cell density alone.  We therefore anticipate that incorporation of TIPC into studies 415 
of the tumor immune microenvironment will enable more comprehensive characterization 416 
of the cell-cell interactions that govern the anti-tumor immune response, ultimately leading 417 
to improvements in patient care driven by an improved understanding of tumor 418 
immunobiology. 419 

Online Methods 420 

Patient selection 421 

We collect data from two prospective cohort studies in the U.S., the Nurses’ Health 422 
Study (NHS, 121,701 women aged 30-55 years followed since 1976) and the Health 423 
Professionals Follow-up Study (HPFS, 51,529 men aged 40-75 years followed since 424 
1986).25  Every two years, study participants have been followed with questionnaires to 425 
collect information on lifestyle factors and medical history including colorectal cancer.  426 
The National Death Index was used to ascertain deaths of study participants and identify 427 
unreported lethal colorectal cancer cases.  Participating physicians reviewed medical 428 
records to confirm diagnoses of colorectal cancer, and to record data on tumor 429 
characteristics including anatomic location and disease stage based on the American 430 
Joint Committee on Cancer TNM classification.  Formalin-fixed paraffin-embedded 431 
(FFPE) tissue blocks were collected from hospitals where participants diagnosed with 432 
colorectal cancer had undergone tumor resection.  We included 931 patients with 433 
available colorectal carcinoma tissue microarray (TMA) data diagnosed up to 2008.  Our 434 
TMAs included up to four cores from colorectal cancer and up to two cores from normal 435 
tissue blocks, as described previously.26   We included both colon and rectal carcinomas, 436 
on the basis of the colorectal continuum model.27  A single pathologist (S.O.), who was 437 
unaware of other data, conducted a centralized review of hematoxylin and eosin-stained 438 
tissue sections of all colorectal carcinoma cases, and recorded pathological features 439 
including tumor differentiation and lymphocytic reaction patterns [tumor-infiltrating 440 
lymphocytes (TILs), intratumoral periglandular reaction, peritumoral lymphocytic reaction, 441 
and Crohn's-like lymphoid reaction].14  As previously described, each of four lymphocytic 442 
reaction components was graded as absent/low, intermediate, or high.14  Informed 443 
consent was obtained from all participants at enrolment.  Tumor differentiation was 444 
categorized as well to moderate or poor (> 50% vs. ≤ 50% glandular area, respectively).  445 
This study was approved by the institutional review boards at Harvard T.H. Chan School 446 
of Public Health and Brigham and Women’s Hospital (Boston, MA). 447 

Immunohistochemical analyses 448 

Immunohistochemical analyses of CDH1 (E-cadherin), nuclear CTNNB1 (beta-449 
catenin), PDCD1 (programmed cell death 1, PD-1), and PDCD1LG2 (programmed death 450 
1 ligand 2, PD-L2), PTGER2 (prostaglandin E receptor 2), SQSTM1 (p62), and YAP1 451 
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were performed using an anti-CDH1 antibody (mouse monoclonal, Dako, Carpinteria, CA), 452 
anti-CTNNB1 antibody (clone 14, BD Transduction Laboratories, Franklin Lakes, NJ), 453 
anti-PDCD1 antibody (clone EH33), anti-PDCD1LG2 antibody (clone 366C.9E5), anti-454 
PTGER2 (rabbit polyclonal anti-EP2 receptor, Cayman Chemical, Ann Arbor, MI), anti-455 
SQSTM1 (clone 2C11, Abnova, Taipei, Taiwan;), and anti-YAP1 antibody (rabbit 456 
polyclonal, Cell Signaling, Danvers, MA), respectively.28-33  Anti-PDCD1 and anti- 457 
PDCD1LG2 antibodies were generated in the laboratory of G.J. Freeman at the Dana-458 
Farber Cancer Institute.30 459 

Evaluation of Tumor Molecular Characteristics 460 

Genomic DNA was extracted from colorectal carcinoma tissue in whole-tissue 461 
sections of archival FFPE tissue blocks using QIAamp DNA FFPE Tissue Kit (Qiagen, 462 
Hilden, Germany).  MSI status was determined using polymerase chain reaction (PCR) 463 
of 10 microsatellite markers (D2S123, D5S346, D17S250, BAT25, BAT26, BAT40, 464 
D18S55, D18S56, D18S67, and D18S487), and MSI-high was defined as presence of 465 
instability in ≥ 30% of the markers, as previously described.26  The methylation status of 466 
eight CpG island methylator phenotype (CIMP)-specific promoters (CACNA1G, CDKN2A, 467 
CRABP1, IGF2, MLH1, NEUROG1, RUNX3, and SOCS1) and long-interspersed 468 
nucleotide element-1 (LINE-1) was determined using the MethyLight assay on bisulfite-469 
treated DNA.27  CIMP-high was defined as ≥6 methylated promoters while CIMP-470 
low/negative was defined as 0-5 methylated promoters, as previously described.27  PCR 471 
and pyrosequencing were performed for KRAS (codons 12, 13, 61, and 146), BRAF 472 
(codon 600), and PIK3CA (exons 9 and 20), as previously described.27  Whole exome 473 
sequencing was performed using DNA from tumor and matched normal tissue pairs, as 474 
previously described.34  Using a neoantigen prediction pipeline for somatic mutations, the 475 
neoantigen load (i.e., the number of proteins that likely give rise to immunogenic peptides 476 
in the tumor microenvironment) was estimated by counting peptides that bind to personal 477 
HLA (human leukocyte antigen) molecules with high affinity (<500 nM).  Using 478 
NetMHCpan (version 2.4),35 we predicted the binding affinities of all possible 9- and 10-479 
mer mutant peptides to the corresponding HLA alleles inferred by the POLYSOLVER 480 
algorithm, as previously described.34 481 

T-cell multiplex immunofluorescence staining 482 

Deparaffinized 4 µm sections from TMA blocks were incubated with the primary 483 
antibody, then treated with anti-mouse/rabbit horseradish peroxidase conjugated (HRP) 484 
secondary antibody (Opal Polymer; PerkinElmer, Hopkinton, MA), and finally incubated 485 
with the fluorophore amplification reagent (PerkinElmer) for tyramide signal amplification.  486 
The slides were sequentially stained using the following antibodies/fluorescent dyes, in 487 
order: anti-CD3 antibody (clone F7.2.38; Dako; Agilent Technologies, Carpenteria, 488 
CA)/Opal-520, anti-FOXP3 (clone 206D, Biolegend, San Diego, CA)/Opal-540, anti-489 
CD45RO (clone UCHL1, Dako)/Opal-650, anti-CD8 (clone C8/144B, Dako)/Opal-570, 490 
anti-CD4 (clone 4B12, Dako)/Opal-690, anti-KRT (Keratins, pan-keratins)(clone AE1/AE3, 491 
Dako) in combination with anti-KRT (clone C11, Cell signaling, Denvers, MA)/Opal-620.  492 
Each slide was then treated with a nuclear counterstain 14’,6-diamidino-2-phenylindole 493 
(DAPI) (FP1490, PerkinElmer).36   494 

 495 
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Digital images were acquired using a Vectra 3.0 quantitative pathology imaging 496 
system (PerkinElmer) equipped with a 20× objective.  Large areas with necrosis, artefact, 497 
or excessive tissue folding were excluded from analysis.  Demultiplexed images of each 498 
tumor first underwent tissue segmentation to identify regions of tumor epithelium and 499 
peritumoral stroma based on cytokeratin expression using CRC-specific supervised 500 
machine learning algorithm executed within inForm 2.4.1 (PerkinElmer).  Following tissue 501 
segmentation, cell enumeration was performed using the DAPI signal to define nuclei.  502 
Each cell was further segmented into nuclear, cytoplasmic, and membranous 503 
compartments.  A separate supervised machine learning algorithm was used to identify 504 
T cells based upon a combination of cytomorphology and subcellular T-cell marker 505 
expression patterns.  These single cell data were then used to calculate T-cell 506 
subpopulation densities within separate regions.  Aggregate tumor-level densities were 507 
then determined by calculating the average density for each T-cell subset across all cores 508 
from each tumor.   509 

Hematoxylin and eosin-based eosinophil and neutrophil phenotyping 510 

We used QuPath (v0.1.2), an open source software platform for whole slide image 511 
analysis, to identify tumor cells, eosinophils and neutrophils in images of H&E-stained 512 
colorectal cancer tissue.37  The H&E stained sections were scanned using the brightfield 513 
mode of a Vectra 3.0 quantitative pathology imaging system (PerkinElmer) equipped with 514 
a 20× objective.  The following image analysis steps were performed in a sequential 515 
fashion across all images: (1) estimate stain vectors to extract the H&E stain vectors and 516 
background values from the images; (2) simple tissue detection to discriminate the tissue 517 
region from the white background; (3) cell detection to detect cells based on the size, 518 
shape, and optical density of nuclei in the hematoxylin layer and to calculate features of 519 
the cells including nuclear area and circularity; (4) add smoothed features to calculate 520 
Gaussian-weighted means of the cell measurements in the neighboring cells; and (5) 521 
create detection classifier to train a random forests classifier using a 150 image subset to 522 
identify the cell types of interest.   523 

Tumor-Immune Partitioning and Clustering (TIPC) analytical approach 524 

Tumor-Immune Partitioning and Clustering (TIPC) is a computational method that 525 
utilizes hexagonal tessellation and a classifier that evaluates multiple spatial parameters 526 
against a tumor region-specific null model representing a state of neutral tumor-immune 527 
cell interactions.  Fig. 2 depicts the key components of a TIPC analysis using an example 528 
multiplexed immunofluorescence (mIF) image.  The TIPC R package is freely available 529 
on the web https://github.com/MPE-Lab/TIPC.   530 

 531 
In a region of interest (ROI), the locations of individual tumor cells, stromal cells 532 

and an immune cell type of interest need to be represented using Cartesian coordinates. 533 
Using these input data, TIPC divides the ROI into a hexagonal grid of subregions (spatstat 534 
R package (v1.62-2)38) of the specified subregion size, and calculates two global ratios 535 
using the total number of immune, tumor and stromal cells representing a state of neutral 536 
tumor-immune cell interactions.  The subregions are subsequently classified into six 537 
different categories, namely tumor-only, immune-to-tumor low (I:T low), immune-to-tumor 538 
high (I:T high), stroma-only, immune-to-stroma low (I:S low), and immune-to-stroma high 539 
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(I:S high), based on comparing the immune, tumor and stromal cell content of each 540 
subregion to the global I:T and I:S ratios (Supplementary Table 2). If a subregion contains 541 
only tumor cells, it is categorized as tumor-only, whereas if any immune cells are found 542 
in that subregion is classified as I:T high or I:T low depending upon whether the I:T ration 543 
of the subregion is greater or less than the global I:T ratio. The three stromal categories 544 
are defined in a similar way.  The number of subregions in each category are then 545 
normalized using the total number of subregions containing cells of any type.  The 546 
resultant six-element numerical vector (hereafter called TIPC spatial parameters) 547 
encodes the tumor-immune spatial organization of the tumor microenvironment (TME) for 548 
an ROI.   549 

 550 
As a rule of thumb, an optimal subregion size balances the degree of resolution 551 

for immune cell partitioning between tumor epithelial and stromal areas against the 552 
probability of generating an excess of uninformative subregions that do not contain 553 
immune cells.  For instance, an undersized subregion overlooks important cell 554 
interactions with an under-representation of immune-containing subregion categories 555 
including I:T low and high, and I:S low and high.  In contrast, an oversized subregion 556 
generates spurious and noisy cell interactions with an over-representation of I:T low and 557 
I:S low subregion categories.  To examine the effect of subregion size on spatial 558 
measures, the TIPC R package incorporates three auxiliary functions. The 559 
multiple_hexLen_tessellation and multiple_hexLen_count_TIPC_cat function calls 560 
perform hexagonal tessellation of the Cartesian space and calculate the six-element 561 
numerical vector at a range of subregion sizes (default: 40 to 60 pixels at 10-pixel 562 
intervals), respectively. The trend_plot_hexLen function generates a trend plot of the six 563 
TIPC spatial measures as a function of subregion size.  To further test the robustness 564 
and stability of TIPC solutions, the multiple_hexLen_tessellation and 565 
multiple_hexLen_count_TIPC_cat functions measure five sets of the six-element TIPC 566 
spatial parameters by slightly shifting the hexagonal grid from the center (default) to the 567 
left, right, upper, and lower directions at a distance equal to half of the hexagon length.  568 
A trend plot of the size TIPC spatial measures as a function of shifting direction can be 569 
generated by trend_plot_shiftDirection. 570 

 571 
The six-element numerical vectors of multiple tumors can be readily compared, for 572 

instance using a Pearson correlation distance, enabling spatial pattern discovery across 573 
a cohort. TIPC employs an unsupervised hierarchical clustering algorithm 574 
(consensus_clustering function from ConsensusClusterPlus R package) to group tumors 575 
with similar immune spatial organization as encoded by TIPC measures into unique 576 
subtypes.  consensus_clustering involves several clustering parameters, (1) the distance 577 
function (default: Pearson correlation); (2) number of clusters k (default: 2 to 6); (3) 578 
number of repeated clustering for achieving a consensus grouping (default: 50); and (4) 579 
proportion of randomly selected cases to be included in each repeat (default: 80%).  580 
Specifically, a consensus clustering solution is obtained by repeating the clustering 581 
process for a specified number of times (default: 50) based on which a cumulative 582 
consensus matrix is determined.  The cumulative consensus matrix is an n-by-n matrix 583 
(n: number of tumors) wherein the element ij represents the number of times tumor i is 584 
assigned to the same cluster as tumor j.  The final clustering assignment is determined 585 
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through applying a hierarchical agglomerative clustering with complete linkage to the 586 
cumulative consensus matrix.  The choice of hierarchical agglomerative clustering in 587 
place of other clustering algorithms (e.g., k-means) facilitates inspection of clustering 588 
quality (for instance, identification of noisy patterns) as well as interpretation of tumor-589 
immune spatial patterns (See Supplementary Table 6). 590 

 591 
To identify stable and robust spatial patterns from a cohort of tumors, an optimal 592 

cluster number must be determined.  TIPC employs an empiric approach that jointly tests 593 
cluster number and subregion size to minimize selection bias and provide information 594 
about the robustness of any given TIPC clustering solution.  Based on the consensus 595 
cumulative distribution function (CDF) delta curve generated by consensus_clustering, 596 
the minimal number of clusters corresponding to a robust clustering solution occurs at the 597 
k value beyond which there is no additional significant gain in clustering consensus (i.e., 598 
the relative change in the area under the CDF curve is close to 0).  A companion tracking 599 
plot also generated by consensus_clustering allows for further examination and 600 
identification of larger cluster numbers that yield stable cluster assignments.   601 

   602 
Small clusters (hereafter called outlier clusters) can be produced because of a 603 

suboptimal choice of subregion size and number of clusters, or in the presence of rare 604 
spatial patterns generated from technical artefact or true yet rare biologic processes. An 605 
outlier cluster may be underpowered for downstream analysis.  The 606 
trend_plot_tinyClusters function generates two visualization plots depicting the effect of 607 
subregion size and cluster number on the number of outlier clusters. Survival analysis 608 
based on postTIPC_SurvivalAnalysis excludes clusters contain less than 30 tumors by 609 
default.  Association analyses results reported in this work excluded clusters comprising 610 
fewer than 30 tumors, although it is likely that this number needs to be modified for other 611 
studies with different cohort sizes.  Overall, an optimal choice of subregion size and 612 
number of clusters depends on the cancer types and immune cell of interest under study. 613 

 614 

Statistics and existing spatial analysis algorithms 615 

All analyses were conducted using the R software environment for statistical 616 
computing (version 3.6.1).  Statistical significance was judged using the two-sided α level 617 
of 0.05.  Box plots of immune cell densities were defined by the 25th percentile (lower 618 
box boundary) and 75th percentile (upper box boundary) with lower and upper whiskers 619 
marking the minimum (lower) and maximum densities (upper); jittered dots represent 620 
individual case values.  In forest plots of CRC-specific survival for tumor subtypes, 621 
whiskers depict the magnitude of the confidence interval: lower 95% (left) and upper 95% 622 
(right).   623 

 624 
Prognostic analysis was performed based on 10-year colorectal cancer-specific 625 

survival outcome using either Kaplan-Meier estimates with a log-rank test (survminer R 626 
package), or a univariable or multivariable Cox proportional hazards (PH) regression 627 
model (survival R package).  Both immune density quartiles and tumor spatial subtypes 628 
were analyzed as categorical covariates in these models, where the 1st quartile of immune 629 
density and the spatial subtype with the lowest average immune cell density were used 630 
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as references, respectively.  Note that in these analyses of colorectal cancer-specific 631 
mortality, deaths resulting from other causes were censored.   632 

 633 
In the multivariable Cox PH regression analyses, covariates assessed as potential 634 

confounding factors included sex (female vs. male), age at diagnosis (continuous), year 635 
of diagnosis (continuous), family history of colorectal cancer in any first-degree relative 636 
(present vs. absent), tumor location (proximal colon vs. distal colon vs. rectum), tumor 637 
differentiation (well to moderate vs. poor), disease stage (I/II vs.  III/IV), MSI status (MSI-638 
high vs.  non-MSI-high), CIMP status (high vs. low/negative), LINE-1 methylation level 639 
(continuous), KRAS mutation (mutant vs. wild-type), BRAF mutation (mutant vs. wild-640 
type), and PIK3CA mutation (mutant vs.wild-type).  Cases with missing data were 641 
included in the majority category of a given categorical covariate to limit the degrees of 642 
freedom: family history of colorectal cancer in a first-degree relative (0.4%), tumor location 643 
(0.4%), tumor differentiation (0.1%), disease stage (7.2%), MSI (2.9%), CIMP (7.1%), 644 
KRAS (2.9%), BRAF (2.0%), and PIK3CA (8.7%).   For the cases with missing LINE-1 645 
methylation data (2.8%), we assigned a separate indicator variable. To confirm 646 
appropriate covariate selection, we also performed feature selection for confounding 647 
factors by fitting a generalized linear model (using Cox regression model as the link 648 
function) with Lasso regularization (glmnet R package), whereby the optimal 649 
regularization parameter lambda was selected from a 5-fold cross validation test.  Our 650 
data showed that similar p-values, HRs, and CIs were obtained as that of a multivariable 651 
Cox regression model without selection (data not shown). 652 
 653 

We employed the Cochran-Armitage trend test39, 40 to examine associations 654 
between TIPC spatial subtypes (categorical variable) and clinicopathologic and molecular 655 
features (ordinal variables), including 5-year CRC-specific survival, microsatellite 656 
instability (MSI) status, CpG island methylator phenotype (CIMP) status, lymphocytic 657 
reaction patterns14, neoantigen load34, and immunohistochemistry (IHC)-based protein 658 
expression of CDH1, CTNNB1, PDCD1, PDCD1LG2, PTGER2, SQSTM1, and YAP1. 659 

 660 
We compared the performance of TIPC with existing spatial analysis methods, 661 

including the G-cross function, L-cross function, and Morisita-Horn (M-H) index, using 662 
CD3+ T-cell data.  The M-H index (spaa R package), which allows direct quantification of 663 
the degree of co-localization of tumor cells and CD3+ T cells, uses a rectangular grid in 664 
which the number of subregions containing both tumor cells and immune cells of interest 665 
are counted. Within each ROI, using the total number of subregions as the denominator, 666 
a normalized fractional value is calculated.  In this work, we tested four rectangular 667 
subregion sizes of 9-by-9, 10-by-10, 11-by-11, and 12-by-12 pixels (spatstat R package).  668 
Of note, 10-by-10 pixel rectangular grids yielded 100 subregions and were close in scale 669 
to those generated by the TIPC hexagonal grid using a subregion size of 70 pixels.  670 
Adopting the approach proposed in the original work18, 931 tumors in the cohort were 671 
randomly divided into two equal portions serving as the discovery and validation datasets.  672 
Subsequently, 13 cut-off values equally spaced from the 20th to 80th percentiles, using a 673 
5-percentile step size, were tested.  Tumors in the discovery subset were dichotomized 674 
into two tumor subtypes characterized by a low or high degree of co-localization between 675 
CD3+ T cells and tumor cells or stromal cells.  At each of these cut-off values, a univariable 676 
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Cox PH regression analysis was conducted to assess if the M-H high tumor subtype was 677 
prognostically different from the M-H low subtype within the discovery subset.  Using the 678 
same cut-off value, the validation subset was dichotomized in a similar way into low and 679 
high and tested for prognostic significance.  Cases lacking CD3+ T cells were excluded 680 
from the survival analysis.  The Benjamini and Hochberg method was employed to control 681 
for false discovery due to multiple comparisons across the 13 cut-off values.   682 

 683 
The G-cross19 and L-cross15 functions are generalizations of the single point-type 684 

G- and L-functions to encompass two different point types, or cells of interest in the 685 
context of this study.  These functions are based on the theory of point processes. We 686 
used the G-cross function to estimate the probability of finding at least one CD3+ T-cell j 687 
within a r radius of any tumor cell i.  In contrast, the L-cross function measures the 688 
expected number j of CD3+ T-cells within a distance r of a randomly chosen tumor cell i.  689 
Considering that tumor cell proximity is likely less important for T cells already within 690 
intraepithelial areas, we confined our analyses to T cells located only in tumor stromal 691 
regions.  Estimation of G-cross and L-cross functions is impeded by edge effects due to 692 
the unobservable points outside the data window and can be accounted for through edge 693 
correction.  There are several edge correction methods incorporated in the spatstat R 694 
package.  In this study, we reported the G-cross function results based on Kaplan-Meier 695 
(km) estimation as the other two estimators (reduced sample (rs) and Hanisch-style (han)) 696 
failed to model some of the cases (data not shown).  For L-cross function analysis, we 697 
reported the results based on border estimation, although all three estimators (isotropic, 698 
translation, and border) were tested.  To quantify the degree of infiltration of CD3+ T cells 699 
into tumor epithelium, the area under the curve (AUC) of G-cross and L-cross functions 700 
was computed from r = 0-20 micrometers (equivalent to 0 to 40 pixels at 20x 701 
magnification). For survival analyses, tumors were grouped into AUC quartiles (Q1-Q4) 702 
representing increasing degrees of T-cell co-localization with tumor epithelial cells. 703 
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Figure 1. Demonstration of the limitations of existing spatial analysis methods, namely G-cross function 

and Morisita-Horn index.  Distinct spatial organization of CD3+ T cells in two representative tumor 

morphologies characterized by (a) stromal-predominant infiltrate, and (c) variable stromal and epithelial 

infiltrate, respectively, were simulated.  In each tumor morphology, same amount of T cells either 

clustered within a small area (left panel, labelled as “Clustered”) or dispersed across the entire area 

(right panel, labelled as “Disperse”).  In both simulated tumor morphologies (a, c), the two spatially 

distinct T-cell organizations demonstrate indistinguishably close (b, d) Morisita-Horn (M-H) indices and 

G-cross function AUCs. M-H index was computed based on a 10-by-10 pixels (i.e., 5-by-5 µm) 

rectangular grid; G-cross AUC was measured at 40 pixels i.e., 20 µm.

a

Tumor cell        CD3+ cell        Other / stromal cell× ×

Stromal-predominant infiltrate

Variable stromal and epithelial infiltrate

b

c d

Clustered Disperse

Clustered Disperse

0

500

0

330

CD3+ cells
(per mm2)

CD3+ cells
(per mm2)

0.0

0.1

0.2

0.3

0.00

0.01

0.02

0.03

0.04

M-H
Index

M-H
Index

Clustered        Disperse

0

100

200

0

100

200

300

NND

NND

0

2

4

6

0.0

0.3

0.6

0.9

G-cross
AUC

G-cross
AUC

Clustered        Disperse
Tumor cell        CD3+ cell        Other / stromal cell× ×



Figure 2. Implementation of Tumor-Immune Partitioning and Clustering (TIPC) which is a 

computational method that utilizes hexagonal tessellation and a classifier that evaluates multiple 

spatial parameters against a tumor region-specific null model representing a state of neutral tumor-

immune cell interactions. In the region of interest (ROI), i.e., a multiplexed immunofluorescence-

stained image, the null model is represented by two global ratios using the total number of immune, 

tumor (global I:T) and stromal cells (global I:S). Using the Cartesian coordinates of tumor cells, 

stromal cells and an immune cell type of interest, TIPC divides the space into a hexagonal grid of 

subregions of specified subregion size and calculates two local ratios namely I:T and I:S for each 

subregion. The subregions are then classified into six different categories based on comparing the 

local to the global I:T and I:S ratios. In this example, there were 19 “Tumor only” subregions which 

contained only tumor cells; 25 “I:T low” subregions each of whose local I:T ratio is less than the global 

I:T ratio; and 31 “I:T high” subregions whose local I:T ratio is greater than the global I:T ratio. The 

three stromal categories were counted in a similar way.  The number of subregions in each category 

are then normalized using the total number of subregions containing cells of any type.  The resultant 

six-element numerical vector encodes the tumor-immune spatial organization of the tumor 

microenvironment for an ROI.  Abbreviations: I:T = immune:tumor, I:S = immune:stroma.
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Figure 3. Characterization of CD3+ T-cell spatial distribution in the CRC tumor microenvironment using TIPC. 

At a 70 pixel (35 µm) subregion size, the optimal cluster number was jointly determined using (a) the 

consensus cumulative distribution function (CDF) delta plot (k ³ 4) and (b) tracking plot (k = 9). The resulting 

TIPC tumor subtypes and their spatial patterns are represented in (c) a heat-map with corresponding CD3+ T-

cell density. (d) Representative cases with similar CD3+ T-cell densities (all within the 3rd quartile) were 

selected from each of the six main TIPC subtype clusters to illustrate the distinct spatial organization of CD3+

T cells in CRC. TIPC spatial parameter values are depicted on a linear scale showing ordered from left to 

right: tumor-only, I:T low, I:T high, stroma-only, I:S low, I:S high subregion categories. Abbreviations: I:T = 

immune:tumor, I:S = immune:stroma, CSR = cold, stroma-rich, CTR = cold, tumor-rich, HTCC = hot, tumor-

centric clustering, HD = hot and disperse, HSCC = hot, stroma-centric clustering, HC = hot and clustered, 

and O = outliers.
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Figure 4. Relationships between tumor subtypes, identified using different spatial metrics applied to CD3+ T cell 

data, namely (a-c) TIPC, (d-f) Morisita-Horn tumor cell:CD3+, (g-i) G-cross tumor cell:CD3+, (j-l) L-cross tumor cell:CD3+, with 

(a,d,g,j) overall CD3+ T-cell density and (b,c,e,f,h,i,k,l) CRC-specific survival. G-cross and L-cross AUC 

quartiles were measured using 40-pixel (20 µm) radii; the Morisita-Horn index was calculated using a 10-by-10 

pixel (5-by-5 µm) rectangular grid and 80th percentile dichotomization cut-off; TIPC used a subregion 70-pixel (35 

µm) subregion size with nine clusters.  G-cross and L-cross analyses were limited to stromal CD3+ cells. 

Abbreviations: CSR = cold, stroma-rich, CTR = cold, tumor-rich, HTCC = hot, tumor-centric clustering, HD = hot 

and disperse, HSCC = hot, stroma-centric clustering, and HC = hot and clustered
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Figure 5. Prognostic and molecular associations TIPC subtypes identified using CD3+ T-cells in CRC, at a 

70-pixel (35µm) subregion size with nine clusters. (a) Forest plots of hazard ratios and confidence intervals 

based on univariate and multivariate Cox regression models; symbols *** p < 0.001, ** p < 0.01, * p < 0.05, 

not significant (ns) p > 0.05. (b) Effect of subregion sizes and cluster number on spatial subtype 

identification and prognostic significance based on univariate Cox PH regression model (see 

Supplementary Fig. 17 for full data). (c) Associations between TIPC subtypes and clinicopathologic data 

were computed using an extended Cochran–Armitage test. Abbreviations: CSR = cold, stroma-rich, CTR = 

cold, tumor-rich, HTCC = hot, tumor-centric clustering, HD = hot and disperse, HSCC = hot, stroma-centric 

clustering, and HC = hot and clustered
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Figure 6. TIPC spatial subtypes identified using (a-c) cytotoxic memory T cells, (d-f) eosinophils, and (g-i) 

neutrophils in CRC. TIPC identified distinct immune cell organization as presented in heat-maps (a,d,g) which 

demonstrate variable but overlapping immune cell densities (b,e,h). (c,f,i) Kaplan-Meier curves demonstrate 

TIPC spatial subtype associations with CRC-specific survival (see Supplementary Fig. 3 for the 

corresponding risk tables). Abbreviations, CSR = cold, stroma-rich, CTR = cold, tumor-rich, HD = hot and 

disperse, HTCC = hot, tumor-centric clustering, HSCC = hot, stroma-centric clustering, HC = hot and 

clustered, HCTR = hot and clustered, tumor-rich, HCSR = hot and clustered, stroma-rich.
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