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Abstract  17 

Achieving systemic tumor control across metastases is vital for long-term patient survival but remains 18 

intractable in many patients. High intrapatient heterogeneity persists, conferring many dissociated 19 

responses across metastatic lesions. Most studies of metastatic disease focus on tumor molecular and 20 

cellular features, which are crucial to elucidating the mechanisms underlying intrapatient heterogeneity. 21 

However, our understanding of intrapatient heterogeneity on the macroscopic level, such as lesion 22 

dynamics in growth, response, and relapse during treatment, remains rudimentary. This study investigated 23 

intrapatient heterogeneity through analyzing 116,542 observations of 40,612 lesions in 4,308 metastatic 24 

colorectal cancer (mCRC) patients. Despite significant differences in their response and relapse dynamics, 25 

metastatic lesions converged on four phenotypes that varied with anatomical site. Importantly, we found 26 

that organ-level relapse sequence was closely associated with patient survival, and that patients with the 27 

first relapses in the liver often had worse survival. In conclusion, our study provides insights into 28 

intrapatient response heterogeneity in mCRC and creates impetus for metastasis-specific therapeutics.  29 
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Introduction 30 

Metastasis is the leading cause of cancer mortality1. Unfortunately, antitumor therapies are still designed 31 

mostly based on the biology of primary tumors, with little consideration of metastases2,3. Achieving 32 

systemic tumor control across metastases is critical for long-term survival but remains intractable in many 33 

patients. Some metastases respond highly to treatment while others do not at all, resulting in many 34 

dissociated and heterogeneous responses within patients4–7. Lesion-level response and relapse 35 

heterogeneity are common in many cancer types, but our understanding of such intrapatient heterogeneity 36 

and its relevance to prognosis remains rudimentary.  37 

       Most investigations of intrapatient lesion heterogeneity focus on tumor genetic mutations, clonal 38 

compositions, or transcriptomics 8–10. These molecular and cellular characterizations are critical to 39 

elucidating the underlying mechanisms of intrapatient response heterogeneity11,12. However, it is 40 

equivalently critical to study intrapatient heterogeneity on the macroscopic level, such as distinct lesion 41 

dynamics in growth, response, and relapse during treatment, as well as their potential phenotypic 42 

convergence anatomically. These phenotypes would complement molecular and cellular analyses for a 43 

holistic view of intrapatient heterogeneity. This study sought to investigate intrapatient response 44 

heterogeneity through mapping lesion-specific response and relapse dynamics in metastatic CRC 45 

(mCRC).  46 

     Colorectal cancer (CRC) is the third leading cause of cancer-related death13. About 20% of CRC 47 

patients have distant metastases at diagnosis; the five-year relative survival rate is only 14% for these 48 

patients14,15. Intrapatient response heterogeneity is common in CRC patients treated with either standard 49 

chemotherapy alone or in combination with targeted therapy16. We, along with others, have found that 50 

high intrapatient response heterogeneity is associated with worse survival16–19. Importantly, we also found 51 

favorable responses in liver metastases predicted longer patient survival, compared to lesions in the lungs 52 

and lymph nodes (LN)16. Characterizing intrapatient response heterogeneity in mCRC is valuable for 53 

prognosis and therapies.  54 
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    The local microenvironment selects tumor phenotypes in response to treatment, leading to 55 

heterogeneity across anatomically distinct lesions in terms of response and relapse dynamics20,21. 56 

Characterizing their phenotypic differences (divergence) or similarities (convergence) could yield insights 57 

into tumor ecological features and systemic resistance. To map the lesion-level response and relapse 58 

patterns in mCRC, we first applied a mathematical model to capture tumor growth dynamics in 4,308 59 

mCRC patients. Next, individual lesion-specific response and relapse probabilities were mapped to 60 

predict their phenotypic divergence and convergence across anatomical sites. Last, we applied a machine 61 

learning approach to analyze the relapse sequence across lesions and its relevance to long-term patient 62 

survival. Our study provides insights into intrapatient phenotypic heterogeneity in mCRC and yields 63 

substantial implications for designing metastasis-specific therapeutics.  64 
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Results 65 

Data Sources and Structure 66 

To evaluate lesion-level response and relapse dynamics in mCRC, we collected longitudinal 67 

radiographical measurements of metastatic lesions in colorectal cancer (CRC) patients from Project Data 68 

Sphere. In total, 4,308 patients with 40,612 lesions from eight Phase III trials were included. The 69 

inclusion and exclusion criteria are presented in Fig. 1a.  The distribution of lesion number across organs 70 

is shown in Fig. 1b. The total target lesions were 19,180 with 94,174 radiographic measurements, and 71 

there were 18,594 nontarget lesions and 2,838 new lesions with response status over time. Additional 72 

information including patients’ demographic and clinical characteristics (e.g., age, gender, race, body 73 

mass index [BMI], tumor type, treatment history, RECIST response, and KRAS status), progression-free 74 

survival (PFS) and overall survival (OS) are reported in Table 1.  We also included the tumor 75 

longitudinal measurements in a head and neck squamous cell carcinomas (mHNSCC) trial for external 76 

validation. The data was also from Project Data Sphere with similar criteria as CRC data 77 

(Supplementary Fig. 3a). 78 

Model recapitulated tumor growth dynamics of individual lesions 79 

The tumor growth dynamics of 19,180 target lesions with 94,174 radiographical measurements were 80 

recapitulated with a widely adopted growth model22. The three dynamic parameters in the model are the 81 

regression rate Kd, the fraction of non-responding cells F, and the progression rate Kg (Fig. 2a). The 82 

model was optimized using a nonlinear mixed effect (NLME) modeling approach, which allows the 83 

estimation of three dynamic parameters at the individual level and their inter-lesion variance in the 84 

population. Overall, the model adequately recapitulated the longitudinal profiles of tumor radiographic 85 

measurements for each lesion. The goodness-of-fit and model visual predictive check plots, as well as 86 

representative individual fittings, show good model predictive performance (Supplementary Fig. 1).  87 
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     Population estimates and inter-lesion variances in tumor dynamic parameters are summarized in 88 

Supplementary Table 1. The parameters for individual lesions significantly differed across organs (p < 89 

0.0001, Fig. 2b). Among all metastases, lesions in the bone exhibited the lowest response depth (1-F), 90 

while lesions in the genitourinary and reproductive (GR) system had the fastest progression rates (Kg), 91 

and kidney lesions showed the lowest regression rates (Kd). Among three most abundant metastatic sites 92 

(liver, lung, and LN), lesions in the liver showed the highest response depth but the fastest progression 93 

rates, suggesting the unique growth feature of liver lesions.  94 

     Higher treatment-resistant cell fraction F is associated with slower rates of regression (Kd, r = -0.69, p 95 

< 0.005) and faster rates of progression (Kg, r = 0.53, p < 0.05, Fig. 2c). Progression rates seemed to be 96 

independent of regression rates (Fig. 2c). Remarkably, no significant correlations were observed between 97 

baseline tumor burden and all tumor dynamic parameters (Fig. 2d). Large tumor burden, on the individual 98 

lesion level, did not necessarily confer slow regression rates, high treatment-resistant fractions, or slow 99 

progression rates, implying that tumor burden at baseline is not a robust prognostic factor in mCRC23–25. 100 

Notably, metastatic lesions under antibody targeted therapy (bevacizumab and/or panitumumab) plus 101 

chemotherapy (FOLFOX or FOLFIRI), compared to standard chemotherapy alone, showed significantly 102 

deeper response (effect size = 0.43) and lower progression rates (effect size = 0.26), but had a moderate 103 

effect on tumor regression rates (effect size = 0.06, Supplementary Fig. 2).  104 

Response and relapse dynamics suggest phenotypic convergence on organ level 105 

The tumor growth model predicted the longitudinal profiles of response and relapse for each target lesion. 106 

Response and relapse times were then derived as the duration from the start of treatment to the time of 107 

response or relapse per RECIST v1.126, respectively. We integrated the response time for both target and 108 

non-target lesions and the relapse time for all lesions, including the new ones, into random effect Cox 109 

proportional models27. The Cox model predicted the relative probabilities of lesion response or relapse at 110 

the organ level. Of note, treatment effects from either chemotherapy or combination therapy were 111 

included as a confounding factor in the Cox regression model. With that, we could focus on the organ-112 



7 

 

intrinsic response and relapse characteristics. The hazard ratios for the response and relapse across organs 113 

are shown in Fig. 3a and Fig. 3b.  114 

     With abdominal lesions as the reference, metastatic lesions in the liver were most likely to respond to 115 

treatments, whereas lesions in the brain/central nervous system (CNS) were least likely (Fig. 3a). Lesions 116 

in the gastrointestinal (GI) system, skin, and bone were significantly less likely to respond than abdominal 117 

lesions. Lesions in the spleen, lung, and peritoneum showed comparable responses. The probability of 118 

relapse also differed greatly across anatomical sites (Fig. 3b). The metastatic lesions with the highest 119 

likelihood of relapse were those in the brain/CNS, GR system, and liver, while lesions in the GI system, 120 

and regional and distal LNs were least likely. 121 

     We then integrated organ-specific response and relapse probabilities to investigate their potential 122 

phenotypic convergence across anatomical sites. As in Fig. 3c, an anatomical chart of organ-specific 123 

response and relapse probabilities was created based on their relative hazards in the Cox model. Four 124 

types of phenotypic features emerge in CRC-metastatic organs defined by their associated lesions’ 125 

likelihood of response and relapse. Notably, bone and brain lesions had low response and high relapse 126 

probabilities (low-high phenotype), while liver lesions had high probabilities of both response and relapse 127 

(high-high phenotype). Patients with these metastases, particularly those with low-high phenotype, had 128 

much worse survival outcomes (OS median 378 days vs. 561 days, p<0.0001, Supplementary Fig. 3a). 129 

On the other side, metastatic lesions in the lung and LN showed high response and low relapse 130 

probabilities (high-low phenotypes). Patients who have metastases in high-low phenotype organs only 131 

tend to have a better prognosis than patients with other phenotypic metastases do (OS median 770 days 132 

vs. 524 days, p<0.0001, Supplementary Fig. 3b).  133 

     Interestingly, most metastatic lesions with high relapse probabilities tend to occur in organs known to 134 

have immunosuppressive microenvironments, such as the liver, bone, and brain/CNS28–31. To discern the 135 

influence of local tissue environment on tumor response phenotype, we performed the same analyses in 136 

head and neck squamous cell carcinomas (mHNSCC) to see whether a similar anatomical chart exists 137 
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(Fig. 3d). A total of 393 patients with 1,892 lesions were analyzed, including eleven metastatic organs 138 

(Supplementary Fig. 4a and 4b). Patients’ demographics are reported in Supplementary Table 2. The 139 

organ-specific hazard ratios for relapse and response were ranked, as we did in mCRC (Supplementary 140 

Fig. 4c and 4d). In mHNSCC, metastases in the liver, bone, and brain also showed high relapse potential, 141 

in line with what we observed in mCRC. Metastatic lesions in the LNs exhibit a high-low phenotype, 142 

consistent with mCRC. Similar anatomical charts across cancer types suggest that organ-intrinsic 143 

microenvironmental factors, such as the local physical and immunological components, could be key 144 

modulators to the mechanisms underlying the probabilities of tumor response and relapse.   145 

     Treatment effects on organ-specific responses were also investigated. For simplicity, treatments were 146 

divided into two groups, chemotherapy alone and in combination with antibody targeted therapy. The 147 

combined antibody targeted therapies are either panitumumab or bevacizumab, or both. Surprisingly, 148 

combination with the antibody targeted therapies did not significantly influence organ-specific response 149 

probabilities (Fig. 3e), suggesting low direct cytotoxic effects of antibody-based therapies. Notably, the 150 

primary therapeutic benefit of antibody targeted therapies was to decrease relapse potential (Fig. 3f). 151 

Relapse hazards significantly decreased in most metastatic organs except for the skin, brain/CNS, spleen, 152 

and kidney. Taken together, antibody targeted therapies had the primary effect of decreasing lesion 153 

relapse probability but had limited influence on the lesion response probability. Interestingly, high-relapse 154 

organs in Fig. 3c also had high relapse probability during cytotoxic chemotherapies in Fig. 3f, suggesting 155 

a critical role for local tissue environments in long-term tumor control. 156 

Relapse sequence across organs predicts patient survival 157 

We built a k-means unsupervised clustering model to cluster patients based on their organ-level lesion 158 

relapse sequence to investigate their relevance to patient survival. Elbow sum of square32 159 

(Supplementary Fig. 5a) and Silhouette score33 (Supplementary Fig. 5b) were calculated to determine 160 

the optimal k (= 5) in the final classification. Five groups of patients were identified with distinct patterns 161 

of organ-specific relapse sequences and were stratified by relapsing organ number and first-relapsing 162 
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organ: Mono-Organ (n=1,425), Hetero-Organ (n=801), Lung-First (n=577), Liver-First (n=1,194), and the 163 

Other-First (n=888) groups. The clinical demographics and baseline information of each group are 164 

summarized in Supplementary Table 3. 165 

     Organ-level relapse sequence is significantly correlated with long-term patient survival (p < 0.0001, 166 

Fig. 4b). As expected, patients with multiple organ relapses had worse survival than patients with only 167 

one organ relapse (OS median Hetero-Organ 385 days vs. Mono-Organ 653 days). Remarkably, despite 168 

comparable number of baseline metastases, patients whose first relapses were in the liver had a much 169 

worse prognosis than those whose first relapses were in lungs or other sites (OS median Liver-First 450 170 

days vs. Lung-First 679 days vs. Other-First 581 days, Fig. 4b). This is consistent with earlier 171 

observations (Fig. 3c) that lesions in the lung had high-low phenotype that is often associated with good 172 

patient prognosis. Patients with relapse first in the liver had faster subsequent relapses than patients whose 173 

relapses occurred in lungs or other sites, suggesting that relapsing lesions in the liver have high systemic 174 

consequences (p<0.0001, Fig. 4c). It also aligns with our previous finding that the response of liver 175 

lesions to treatments strongly predicted patient survival16.  176 

      Next, we performed k-means unsupervised clustering in the Hetero-Organ group to further investigate 177 

relapse patterns in patients with extensive metastases and relapses. Four groups of patients were optimally 178 

clustered (Supplementary Fig. 5c and 5d), and one distinctive feature among these clusters was the 179 

relapse order of liver lesions (Supplementary Fig. 6a). Despite similar metastases, patients with first or 180 

second relapse occurring in the liver had worse survival than those with early relapses occurring in other 181 

organs (Supplementary Fig. 6b and 6c). This observation further underlines the importance of liver 182 

lesions to systemic response and resistance.  183 

Targeted antibody therapies minimally influence lesion relapse sequence  184 

We compared the relapse sequence in patients under different treatments (chemotherapy alone vs. 185 

combination with antibody targeted therapy). In patients with Liver-First, Lung-First or Other-First 186 
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relapse patterns, antibody targeted therapies significantly improved patient overall survival (p < 0.0001, 187 

Fig. 5a). However, neither the proportion of patients with each relapsing pattern (Fig. 5b) nor the 188 

sequence of relapse across metastatic organs were significantly different (Fig. 5c-5e). Relapses in the GR 189 

and pancreas occurred slightly earlier in antibody targeted therapy, which did not seem to translate 190 

meaningful difference in patient survival. Despite the similar sequence, patients under antibody targeted 191 

therapies had significantly slower first and second relapses, but had non-significant difference in the third 192 

or later relapses (Fig. 5f-5g). The average relapse times were much longer in combination therapy 193 

compared to chemotherapy alone. 194 

     In patients with the Hetero-Organ pattern, antibody targeted therapies did not meaningfully improve 195 

overall survival (Supplementary Fig. 7a) compared to chemotherapy alone, and the proportions of 196 

patients in each subcluster were similar between the two treatment groups (Supplementary Fig. 7b). 197 

Patients’ relapse patterns and lesion relapse time were largely comparable, especially for those who had 198 

early liver lesion relapse (Supplementary Fig. 7c-h). Similarly, antibody targeted therapies did not 199 

influence lesion relapse sequence. Overall, the primary therapeutic benefit of antibody targeted therapies 200 

was to delay relapse in patients with few (< 4) metastatic organs, but not in those with broad metastases.  201 

Machine learning model predicts lesion relapse sequence.  202 

In order to predict patient relapse sequence at the time of diagnosis, we built a gradient boosting model 203 

using patient baseline characteristics and metastases profiles34. The model parameters are in 204 

Supplementary Table 4. The area under the receiver operating characteristic (ROC) curve of the testing 205 

data was 0.91, which indicated fair performance (Supplementary Fig. 8a). The model could predict 206 

Mono-Organ and Hetero-Organ groups better than Lung-First, Liver-First, and Other-First groups with 207 

higher area under the ROC curve. This indicates that more follow-up information is imperative to 208 

accurately predict the relapse sequences of the latter three groups (Supplementary Fig. 8b). 209 
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Discussion 210 

Metastasis is responsible for the majority of cancer-related mortality. Unfortunately, systemic tumor 211 

control across metastases remains intractable in many patients. This study investigated inter-lesion 212 

heterogeneity by analyzing response dynamics of 40,612 lesions in 4,308 mCRC patients. Unlike most 213 

molecular characterizations of metastases, we focused on the phenotypic features associated with lesion 214 

response and relapse dynamics as well as the anatomical divergence and convergence of these features. 215 

Our analyses yielded several intriguing findings. First, metastases differed considerably in their response 216 

to treatment, with depth of response positively correlating with regression rate and negatively correlating 217 

with progression rate. Second, metastatic lesions within the same organ exhibited congruent response and 218 

relapse dynamics, converging upon four organ-level phenotypes. Metastatic lesions in the liver exhibited 219 

high response and high relapse probabilities (high-high phenotype), while lesions in the bone and 220 

brain/CNS had low response and high relapse probabilities (low-high phenotype). These phenotypes 221 

appear to be consistent across cancers. Third, we found that organ-level relapse sequence was closely 222 

associated with patient survival, and patients with the first relapse in the liver had worse survival 223 

outcomes compared to patients with first relapse in other sites.  224 

      This study quantified the degree of inter-lesion heterogeneity by modeling tumor regression and 225 

progression dynamics. By assuming first-order regression of drug-sensitive cancer cells (log-kill 226 

hypothesis), the empirical model adequately recapitulated the longitudinal size measurements on the 227 

lesion level. The first-order regression implies that drug-sensitive cancer cells may have only one rate-228 

limiting step on the path to cell death35. Baseline tumor burden did not correlate with regression rates in 229 

our analyses, restating the first-order regression. Large tumors are often expected to have tumor 230 

regression potentially deviating from strict first-order kinetics because of their non-uniform drug 231 

distributions inside the tumor or only the surface tumor cells being actively proliferating and sensitive to 232 

treatment36–38. Our analyses did not find evidence to support these speculations. In contrast, despite large 233 
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sizes, metastatic lesions in the liver had relatively high regression rates compared to lesions at other organ 234 

sites.  235 

      The progression rates of drug-resistant tumor cells varied more between lesions than their associated 236 

regression rates and accounted the majority of intrapatient heterogeneity. Lesion relapse time was more 237 

closely associated with the progression rates than with the regression rates, in line with Stein et al., who 238 

reported that progression rates were a stronger predictor of patient survival39. If validated prospectively, 239 

the progression rates would offer more appropriate efficacy endpoints in clinical trials than the current 240 

ones that focus on the early response and regression, such as response rate and best of response. 241 

     Antibody therapies significantly increased response depths and decreased progression rates, but did not 242 

considerably affect regression rates. These observations indicate that the primary therapeutic benefit of 243 

combined antibody therapies is from growth suppression rather than direct cytotoxicity. In renal cell 244 

carcinomas, bevacizumab significantly reduced the growth rate constants, and the effect could become 245 

more apparent after relapse, in line with our observations in mCRC40. Interestingly, despite the broad 246 

evidence of its antibody-dependent cellular cytotoxicity (ADCC)41 or complement-dependent cytotoxicity 247 

in vitro systems42, the other antibody panitumumab in our analyses did not significantly affect tumor 248 

regression rates either, suggesting its low direct cytotoxicity in patients. In fact, the magnitude of the 249 

ADCC elicited by EGFR-targeting antibodies in patient remains hard to define, especially considering the 250 

restricted and highly varying infiltrations of effector cells in tumor beds43,44. Panitumumab (IgG2), 251 

compared to another EGFR-targeting antibody cetuximab (IgG1) showed reduced ADCC-dependent 252 

therapeutic effect, probably related to the reduced avidity of IgG2 for CD16, as compared to IgG145,46. 253 

Unfortunately, our analyses did not include patients under cetuximab treatment, precluding direct 254 

comparison.  255 

      Metastatic lesions with lower fractions of resistant cells also had slower progression rates, suggesting 256 

consistent fitness of resistant cells before treatment and after relapse. However, metastatic lesions in the 257 

liver appear to behave differently; they had higher probability to respond, but also faster progression rates 258 



13 

 

than lesions in the LN and lungs, suggesting unique ecological properties of liver lesions. Our analyses 259 

highlight the importance of tissue microenvironments to metastatic phenotypes. Metastatic lesions with 260 

higher responses were typically found in the liver, spleen, LN, and lungs. These organs have 261 

discontinuous or fenestrated endothelial membranes, which may lead to higher drug exposure, potentially 262 

conferring high treatment responses47,48. In contrast, the organs bearing poorly-responding lesions are 263 

usually those with continuous endothelial membranes and thus more limited drug distribution, such as the 264 

muscle and brain/CNS49–52. Some organs that bear poorly-responding metastatic lesions, such as kidney 265 

and muscle, have relatively dense tissue matrices. This could limit the growth rate of metastatic lesions 266 

within these organs53,54 and render them less responsive to cytotoxic chemotherapy55,56.  267 

      On the other hand, organ-specific relapse probabilities seem to closely relate to the local immune 268 

microenvironments. Metastatic lesions with higher relapse potentials were found in the liver, bone, and 269 

brain/CNS, which either are immune-privileged or tolerogenic organs 20,21,28–31. Interestingly, high 270 

relapses in these organs also occurred during cytotoxic chemotherapies that primarily work through DNA 271 

damage-induced cell death (Fig. 3f). Higher containment of tumor relapses in immunocompetent organs 272 

highlights the critical role anticancer immunity plays in long-term tumor control. Patients with highly 273 

relapsing lesions, such as lesions in the liver and bones, had much worse survival outcomes and likely 274 

require more effective and targeted therapeutics.   275 

     Tumor relapse is a serious impediment to cancer treatment, but organ-level relapse patterns remain 276 

poorly characterized. We found that early relapses in the liver, compared to early relapses in other sites, 277 

predicts worse patient survival and more rapid subsequent relapses. The liver’s anatomical location, as a 278 

trafficking hub for CRC cells to spread to other organs, possibly underlies this finding57. By modeling 279 

large autopsy data sets in mCRC, Newton et al. highlighted that liver metastases could serve as tumor 280 

“spreaders” 58, and that there are multidirectional paths of tumor spread during progression58,59. Although 281 

we did not estimate transit probabilities from site to site, we speculate it is likely that early relapses in 282 

liver metastases could lead to more resistant cells spreading throughout the body and cause more frequent 283 
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subsequent relapses. Our population-level analysis supports this speculation and shows that liver 284 

metastases were often associated with a more pronounced tumor spread in the body.  285 

      The primary therapeutic benefit of antibody targeted therapies was to delay tumor progression and 286 

systemic relapses, without strong preferential effect on any organ-specific metastases. As such, antibody 287 

therapies did not affect relapse sequences, and the fraction of patients with the first relapse in the liver 288 

were largely comparable to chemotherapy alone. Unfortunately, in patients with multiple relapsed 289 

metastases (> 4 relapsed organs), the therapeutic benefit of antibody therapies is minimal, and more 290 

effective treatments remain sorely needed to treat patients with broad metastases.  291 

      In conclusion, we quantified intrapatient heterogeneity by modeling the longitudinal size 292 

measurement of metastatic lesions. This study provided a broad characterization of the phenotypic 293 

heterogeneity across metastatic lesions in mCRC, which could complement conventional molecular and 294 

cellular analyses to promote a more comprehensive view of intrapatient heterogeneity and yield 295 

substantial implications for metastasis-targeting therapies.   296 
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Methods 297 

Data  298 

Multiple mCRC and mHNSCC studies with longitudinal measurements of individual metastatic tumor 299 

information were included for the analyses. All datasets are accessible in Project Data Sphere 300 

(https://www.projectdatasphere.org/). Patients under one of the following conditions were excluded: (1) 301 

no target lesion longitudinal measurements; (2) baseline tumor size measured more than 12 weeks before 302 

the treatment. Patients’ demographics and survival information were collected if applicable. The size and 303 

anatomical site about target/non-target lesion and occurring time and anatomical sites of new lesions were 304 

all recorded and analyzed if any.  305 

      All study protocols were approved by institutional review boards at each participating center. All 306 

patients have been provided written informed consent before study-related procedures were performed. 307 

All data sharing plans have been approved by the data sponsors.   308 

Lesion-specific tumor growth dynamics  309 

The longest diameter was converted to volume assuming the ellipsoidal shape of tumor (Equation 1) and 310 

the ratio of the tumor long versus short axis as 1.3160. An empirical tumor growth model (Equation 2) was 311 

used to recapitulate lesion-specific tumor growth dynamics.  312 

𝑉 = (𝑙𝑜𝑛𝑔 𝑎𝑥𝑖𝑠)×(𝑠ℎ𝑜𝑟𝑡 𝑎𝑥𝑖𝑠)22  (Equation 1) 313 

𝑉 = 𝑉0 ∙ [ 𝐹 ∙ 𝑒𝐾𝑔∙𝑡 + (1 − 𝐹) ∙  𝑒−𝐾𝑑∙𝑡] (Equation 2) 314 

V is the tumor volume, V0 is the tumor baseline volume, t is the time. The model has three parameters for 315 

estimation: F is the fraction of non-responding tumor cells, with 1-F as the response depth; Kg is the 316 

progression rate and Kd is the regression rate. We fitted the model for all target lesions simultaneously 317 

using the Non-Linear Mixed Effect (NLME) method in Monolix2020R1. Stochastic approximation 318 

expectation-maximization (SAEM) algorithm was applied to search global optimum in the estimation. M3 319 
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method61 was applied for quantifying size below the quantification of limit (< 200 mm3)62. In the NLME 320 

method, the model parameters are described in Equation 3-5. 321 

ln(𝐾𝑔𝑗) = ln(𝜃𝐾𝑔) + 𝜂𝐾𝑔𝑗 (Equation 3) 322 

ln(𝐾𝑑𝑗) = ln(𝜃𝐾𝑑) + 𝜂𝐾𝑑𝑗 (Equation 4) 323 

logit(𝐹𝑗) = logit(𝜃𝐹) + 𝜂𝐹𝑗 (Equation 5) 324 

where 𝜃 is the population typical value, and η is the random effect with a log-normal distribution 325 

describing the difference between individuals and population average for each lesion j. Proportional error 326 

model was assumed. The initial values of Kg, Kd and F were 0.01 day-1, 0.01 day-1, and 0.1 (unitless). 327 

Tumor response and relapse times 328 

Tumor growth dynamic parameters were further taken to predict the longitudinal profiles of response and 329 

relapses for each target lesions. The longitudinal response and relapse status for each target or non-target 330 

lesion were determined per RECIST V1.126. Target lesion response time (when the lesion size decreases 331 

≥20% from baseline) and relapse time (when the lesion size increases ≥30% from tumor nadir or at least 332 

200 mm3 increase from nadir) were derived using tumor growth model with NLME-estimated parameters 333 

on the individual lesion level. Non-target lesions responded when “partial response” or “complete 334 

response” was firstly observed during the treatment and relapsed when “progressive disease” appeared in 335 

tumor evaluation. The relapse time for new lesions were defined as the detection time.  336 

Cox proportional regression model 337 

Cox proportional models were built to estimate lesion response and relapse probabilities across organs 338 

and treatments in R-4.1.0 and RStudio “coxme” package. Inter-patient variability was adjusted in the Cox 339 

models as random effect. Lesions without relapse or response during the treatment were labeled as 340 

censored by the last day of that patient in the trial. New lesions were considered only in the relapse hazard 341 

estimation. 342 
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Relapse pattern classification and prediction 343 

We used the k-means machine learning algorithm to classify all the patients based on their organ relapse 344 

sequence in Spyder (Python 3.8) in Anaconda using the SCIKIT-LEARN 1.0.2 software package. Elbow 345 

method and Silhouette score were applied to find optimal k. The relapse patterns of patients clustered 346 

with different k were compared to help determine the choice of k in the final classification.  347 

Gradient Boosting algorithm was applied to build a relapse pattern predictive model in Spyder (Python 348 

3.8) in Anaconda using the SCIKIT-LEARN 1.0.2 software package. The research samples were 349 

randomly divided into a training and testing groups at a ratio of 4:1. The initial value of the 350 

hyperparameters used in this model was determined by parameter grid search, using 5-fold cross-351 

validation and F1-score as a metric (Supplementary Table 4). The model outcome is the patient relapse 352 

sequence classified in k-means algorithm. Model predictors included patient clinical and demographic 353 

characteristics, as well as the baseline metastatic profiles, including the metastatic organs, metastatic 354 

numbers, metastatic target lesion baseline volume. Continuous predictors were normalized and 355 

categorical predictors were transformed to dummy variables. Performance index accuracy, precision, 356 

recall rate and area ROC curves were used to evaluate model performance.  357 

Statistical analysis 358 

Comparisons of continuous variables were performed using the two-tailed Mann–Whitney test or 359 

Kruskal–Wallis test. Multiple comparisons were adjusted by Dunn’s test. PFS (defined as the start of 360 

therapies until RECIST-defined progression or death) and OS (defined as the start of therapies until 361 

patient death) among the groups were depicted using Kaplan–Meier curves and compared using log-rank 362 

tests. All the statistical tests were performed in GraphPad Prism 9.   363 
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Tables 519 

Table 1. Demographic information of colorectal cancer patients. 520 

Variable 
 

Age, years (mean, sd) 60.2 (10.8) 

Gender (n, %) 
 

           Male 2538 (58.9) 

           Female 1770 (41.1) 

Race (n, %) 
 

          White/Caucasian 3883 (90.1) 

          Black/African American 104 (2.4) 

          Asian 142 (3.3) 

          Other 179 (4.2) 

Body Mass Index, kg/m2 (mean, sd) 26.2 (5.1) 

Tumor Type (n, %)  

           Colon 2581 (59.9) 

           Rectal 1359 (31.5) 

           Unspecified 368 (8.5) 

Prior Surgery (n, %)  

           Yes 2993 (69.5) 

           No 1315 (30.5) 

Prior Radiation (n, %)  

          Yes 445 (10.3) 

          No 3345 (77.6) 

          Unknown 518 (12.1) 
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Treatment1 (n, %)  

           Bevacizumab plus chemotherapy  376 (8.7) 

           Bevacizumab plus FOLFOX 640 (14.9) 

           FOLFIRI alone 1303 (30.2) 

           FOLFOX alone 762 (17.7) 

           Panitumumab plus Bevacizumab plus chemotherapy 372 (8.6) 

           Panitumumab plus FOLFOX 441 (10.2) 

           Panitumumab plus FOLFIRI 424 (9.8) 

Response (n, %)  

          Complete Response 118 (2.7) 

          Partial Response 1473 (34.2) 

          Progressive Disease 781 (18.1) 

          Stable Disease 1806 (41.9) 

          Not Evaluable 130 (3) 

Metastatic organ number (n, %)  

          1 553 (12.8) 

          2 1159 (26.9) 

          3 1146 (26.6) 

          ≥4 1450 (33.7) 

KRAS status (n, %)  

         Wild-Type 795 (18.4) 

         Mutant  593 (13.8) 

         Unknown 2920 (67.8) 

1FOLFOX is the combination of folinic acid, fluorouracil and oxaliplatin. FOLFIRI is the combination of 521 

folinic acid, fluorouracil and irinotecan. 522 
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Figures  523 

 524 

Fig. 1 Data source. a. CONSORT diagram of metastatic colorectal cancer data inclusion and exclusion 525 

criteria. b. The number of all lesions (target, non-target and new) and target lesions across organs. GR, 526 

Genitourinary and Reproductive; CNS, central nervous system; GI, Gastrointestinal tract; LN, lymph 527 

nodes.  528 
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 529 

Fig. 2 Tumor response dynamics were recapitulated by modeling. a. Schematic plot of tumor growth 530 

model. b. Box plots of model parameters Kd, F and Kg across organs. Significance was calculated using 531 

Kruskal-Wallis tests. The box extends from the 25th to 75th percentiles and the line in the middle is 532 

plotted as the median. The whiskers are drawn down to the 10th percentile and up to the 90th percentile. 533 

Points below and above the whiskers represent individual lesions. c. The correlations between model 534 

parameters. d. The correlations between model parameters and tumor baseline volume. The size of the 535 

dots represents lesion number (reported in panel b). The dashed lines with gray area are the linear 536 
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regression with 95% confidence interval. The correlation coefficients and significance were calculated 537 

using two-tailed Pearson correlation tests.   538 
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Fig. 3 Organ-level tumor response and relapse probabilities suggest phenotypic convergence. a and 540 

b rank the hazard ratio estimates with 95% confidence interval by organs on lesion response and relapse 541 

in colorectal cancer patients. c and d are the anatomical charts of organ-specific response and relapse 542 

hazard ratios in metastatic colorectal cancer (mCRC) and metastatic head and neck squamous cell 543 

carcinomas (mHNSCC). e and f are response and relapse hazard ratio with 95% confidence interval by 544 

organs stratified on treatments in mCRC. P-values were calculated by comparing the hazard ratios in 545 

antibody targeted therapies plus chemotherapy (TAR+Chemo) vs. chemotherapy alone (Chemo Alone) 546 

within each organ.   547 
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 548 

Fig. 4 Patient relapse sequence association with patient survival. a. Patients were clustered into five 549 

groups based on their lesion relapse sequence. The column labels are the relapse sequence. Color of the 550 

heatmap represents the log10 scale of patient number (all plus one to avoid zero values). b. Kaplan-Meier 551 

curves of clustered patients overall survival. c. The mean and standard deviation of the first lesion relapse 552 

time (1st), time between first and second relapse (2nd-1st), time between second and third relapse (3rd-553 

2nd), time between third and fourth relapse (4th-3rd), and the average relapse time in Lung-First (n=577), 554 

Other-First (n=639), and Liver-First (n=930).  555 
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Fig. 5. Targeted therapy decreases average time to relapse but has minimal effect on relapse 557 

sequence. a. Lung-First, Other-First and Liver-First patients overall survival stratified by treatments. b. 558 

Lung-First, Other-First and Liver-First patient proportions by treatments. c, d, and e are patient relapse 559 

sequences stratified by treatments. f, g, and h are the mean and standard deviation of the first lesion 560 

relapse time (1st), time between first and second relapse (2nd-1st), time between second and third relapse 561 

(3rd-2nd), time between third and fourth relapse (4th-3rd), and the average relapse time by treatments of 562 

the groups in c, d, and e. TAR+Chemo, antibody targeted therapies plus chemotherapy; Chemo Alone, 563 

chemotherapy alone. 564 
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