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Abstract 

Interactions between different tumors within the same organism have major clinical 

implications, especially in the context of surgery and metastatic disease. Three main 

explanatory theories (competition, angiogenesis inhibition and proliferation inhibition) 

have been proposed but precise determinants of the phenomenon remain poorly 

understood. Here we formalized these theories into mathematical models and 

performed biological experiments to test them with empirical data. In syngeneic mice 

bearing two simultaneously implanted tumors, growth of only one of the tumors was 

significantly suppressed (61% size reduction at day 15, p<0.05). The competition 

model had to be rejected while the angiogenesis inhibition and proliferation inhibition 

models were able to describe the data. Additional models including a theory based 

on distant cytotoxic log-kill effects were unable to fit the data. The proliferation 

inhibition model was identifiable and minimal (4 parameters), and its descriptive 

power was validated against the data, including consistency in predictions of single 

tumor growth when no secondary tumor was present. This theory may also shed new 

light on single cancer growth insofar as it offers a biologically translatable picture of 

how local and global action may combine to control local tumor growth, and in 

particular, the role of tumor-tumor inhibition. This model offers a depiction of 

concomitant resistance that provides an improved theoretical basis for tumor growth 

control and may also find utility in therapeutic planning to avoid post-surgery 

metastatic acceleration. 

Major findings 

In mice bearing two tumors implanted simultaneously, tumor growth was suppressed 

in one of the two tumors. Three theories of this phenomenon were advanced and 
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assessed against the data. As formalized, a model of competition for nutrients was 

not able to explain the growth behavior as well as indirect, angiogenesis-regulated 

inhibition or a third model based on direct systemic inhibition. This last model offers a 

depiction of concomitant resistance that provides an improved theoretical basis for 

tumor growth control and may also find utility in therapeutic planning to avoid post-

surgery metastatic acceleration. 
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Quick guide to equations and assumptions 

Volumes of the two tumors at time � were denoted �#(�) and �&(�) and differential 

equations were derived for the rate of change of these quantities.  

For biological relevance, we required that the model(s) comply with the following 

conditions: 1) in the absence of a second tumor, the model had to be able to fit 

single-tumor growth curves, 2) the shape of the inhibition effect had to be identical 

from tumor 1 on tumor 2 as from tumor 2 to tumor1 (structural symmetry) and 3) the 

parameters had to be identical for the two tumors (parametrical symmetry). 

The source of the observed difference between the two growing tumors was 

assumed to result from an initial (small) discrepancy in the number of cells that take 

during the tumors grafts, respectively denoted �',# and �',&. After investigation of the 

sensitivity of several models to these quantities and their ratio, we considered more 

relevant for robustness of the results to fix their ratio for all the animals. It was set to 

a twenty-five percent higher cell loss in the inhibited tumor, as compared to the non-

inhibited one. We thus fixed �',# = 1 mm3 (≃ 106 cells (1)) and �',& = 0.75 mm3. 

Our main model is based on experimental evidence from (2,3) demonstrating that a 

tumor produces inhibitory factors (IF), such as meta- and ortho-tyrosines, that induce 

a cell cycle arrest (Figure 1).  

The model assumptions are: 

• Proportionality between volume and number of cells, using the well-

established conversion rule 1 mm3 ≃ 106 cells. 

• Each tumor volume is divided into two compartments: proliferative cells (�- 

with � the tumor index) and non-proliferative tissue (�-). 
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• Proliferative cells have a constant length of the cell cycle �. The proliferation 

rate =
12 &

3
 is denoted � (day-1). 

• Proliferative cells release IFs with a rate proportional to their number. The 

proportionality coefficient is denoted �' and is expressed in mol × mm-3 × day-

1. There is a local elimination of IFs with rate �89: (day-1) and the concentration 

is assumed to be at steady state. 

• A fraction � of these factors is released into the systemic circulation. 

• In the blood, IFs are subject to a first order elimination process with rate � 

(day-1). We assume that the time scale of the blood distribution is faster than 

the tumor growth and thus consider the blood concentration at steady-state. 

Assuming that a fraction � reaches the distant site, the concentration of IFs at 

the distant site is therefore �
=>?

@
�-. At the local site it is 

=>(#A?)

@BCD
�-. 

• At each local site, the IFs induce a proliferation arrest, making cells go from a 

proliferative state to a quiescent state. A given amount of these molecules 

provokes cell cycle arrest of a constant number of proliferative cells (in 

contrast to a constant fraction in the log-kill law usually employed for cytotoxic 

agents (4)), with rate �# (mol-1 × mm3 × day-1). Denoting � =
=>(#A?)

@BCD
�# (day-1) 

and � = �
=>?

@
�# (day-1) the number of cells going from a proliferative state to a 

quiescent state within the tumor � is thus ��- + � �- + �G . Note that this 

includes both local inhibition and global inhibition, which accounts for factors 

released by the other tumor (tumor �) but also tumor � itself. 

The model then writes: 
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��#

��
= ��# − (��# + �(�# + �&))1LMN', 						 �# � = 0 = �',#

��#

��
= (��# + �(�# + �&))1LMN', 					 	�# � = 0 = 0

��&

��
= ��& − (��& + �(�# + �&))1LQN', 						 �& � = 0 = �',&

��&

��
= (��& + �(�# + �&))1LQN', 						 �& � = 0 = 0

 

�# = �# + �#, 													�& = �& + �&. 

(1)  

The Heaviside functions 1LMN' and 1LQN' (equal to one if �- > 0 and zero elsewhere) 

stand for the fact that when factors are present but no proliferative cells exist, no cells 

go to quiescence. In particular, they ensure that the solutions (understood in the 

weak sense due to the discontinuous nature of the Heaviside function) remain 

positive. 
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Introduction 

Concomitant tumor resistance (CR) is a phenomenon by which the presence of a 

tumor negatively influences the appearance and growth of another implant (see (5) 

for a review). It has been reported in numerous experimental studies spanning over 

century, and implementing a large variety of animal models (6–16). These studies 

investigated either the concomitant or subsequent implantation of a second graft after 

a primary injection (7,9,10,12,13,16), or the inhibition of secondary tumors arising 

from the primary (metastases)  (8,17–20). They consistently evidenced a systemic 

growth suppression effect, demonstrated by the occurrence of post-removal growth 

acceleration (9,10,14,17,18,20–23). In the clinic, suppression of the growth of 

metastases by the presence of the primary tumor has yet to be appreciated in 

general therapeutic planning, although it has been reported in patients (21,24–26). 

Despite the abundance of reports of this phenomenon, the precise determinants of 

CR remain poorly understood and only qualitative theories have been advanced. 

CR is of direct clinical relevance insofar as it implies that removal of a primary tumor, 

with the resultant release of its inhibitory pressure on occult secondary sites, could be 

followed by post-surgery metastatic acceleration (PSMA). PSMA has been 

demonstrated to occur in numerous animal experiments (9,10,17,20,23), as well as in 

clinical case reports (24,25,27). Further support for the occurrence of PSMA in a 

notable fraction of patients was also provided by the observation of two peaks in the 

hazard relapse rate of a large cohort of breast cancer patients (28,27,26,29). 

Several hypotheses have historically been proposed for the explanation of the 

underlying mechanism of CR. The first was due to P. Ehrlich and consisted in 

athrepsia, i.e. that two (or more) tumors in the same organism would compete for 
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nutrients and that the growth of one tumor would leave less nutrients available for the 

other (11,30). However, this was challenged by the observations that CR was 

decreased when the number of inoculated cells was increased (13). Another popular 

theory, first introduced by Bashford in 1908, was based on immunologic mechanisms 

and stipulated that the presence of a first tumor would activate an immune response 

preventing the second graft to take or grow (7,11). However, several studies 

demonstrated the occurrence of CR in tumor models with no or weak 

immunogenicity, or in immune-deprived mice, thus challenging this explanation 

(8,11–13). This implies that, although immunologic factors might contribute to CR, 

they cannot explain it entirely.  

In the 1990’s, a team led by J. Folkman discovered endogenous inhibitors of 

angiogenesis (such as endostatin or angiostatin) by demonstrating that injection of 

these factors could substitute for the suppressive effect on lung metastases exerted 

by the primary tumor (18,31). This led the investigators to link CR to distant systemic 

inhibition of angiogenesis. Their theory is based on the fact that locally produced 

angiogenesis inhibitors would spread systemically using the vascular system, reach 

secondary lesions and impair angiogenesis at the distant sites (15,16,21,32), 

eventually overcoming the influence of angiogenesis stimulators also produced by 

the tumors. This idea is supported by the fact that endogenous angiogenesis 

inhibitors have long half-lives compared to stimulators, which allows them to diffuse, 

reach the vascular system and accumulate (18,33). 

The idea of circulating inhibiting factors due to the presence of a primary tumor had 

been proposed and confirmed in earlier studies (5,8,11), but their precise mode of 

action has remained elusive. Distinct from the angiogenesis inhibitors previously 

mentioned, another research group identified other blood-borne factors with direct 
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anti-proliferative action, namely meta- and ortho-tyrosine, that would reduce 

proliferation by driving tumor cells into a G0-phase state of dormancy or induce an S-

phase arrest (2,3).  

So far, arguments and theories about CR have remained qualitative in nature. In the 

present study, comparing alternative mathematical formalisms, we demonstrate that 

a simplified model with well-motivated parameters that addresses concomitant 

resistance specifically was able to capture features of coupled tumor growth and may 

shed more light on the understudied subject of systemic controls in cancer, a 

potentially critical step toward eventually understanding metastatic control.  
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Materials and Methods 

Mice experiments 

Cell	culture	

Murine Lewis lung carcinoma (LLC) cells, originally derived from a spontaneous tumor 

in a C57BL/6 mouse (34), were obtained from American Type Culture Collection 

(Manassas, VA) in the period 2005-2006. The LLC cells were cultured under standard 

conditions (34) in high glucose DMEM (Gibco Invitrogen Cell Culture, Carlsbad, CA) 

with 10% FBS (Gibco Invitrogen Cell Culture) and 5% CO2. They were expanded 

through 4 passages (LLC p4) and then aliquoted and stored in liquid nitrogen. At that 

time, they underwent Molecular Diagnostics Infectious Disease PCR testing (Mouse 

Essential Panel) at Charles River Laboratories. An aliquot of the above LLC p4 cell line 

was thawed and tested for Mycoplasma at Bionique Laboratories for Mycoplasma 

testing. They were found to be Negative for Mycoplasma. The cells have not been 

characterized. An aliquot of LLC p4 was used in these experiments.  LLC p4 cells were 

thawed and passaged through an additional 2 cycles prior to injection into the mice. 

Tumor	Injections	

C57BL/6 male mice were used with an average lifespan of 878 days (35). At time of 

injection mice were 6 – 8 weeks old (Jackson Laboratory, Bar Harbor, Maine). 

Subcutaneous injections of 106 LLC cells in 0.2 ml phosphate-buffered saline (PBS) 

were performed on the caudal half of the back for the control group and on the two 

lateral sides of the caudal half of the back for the group bearing two tumors, in 

anesthetized mice. Tumor size was measured regularly with calipers to a maximum 

of 1.5 cm3 when mice were sacrificed. Animal tumor model studies were performed in 
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strict accordance with the recommendations in the Guide for Care and Use of 

Laboratory Animals of the National Institute of Health and according to guidelines of 

the Institutional Animal Care and Use Committee at Steward Research and Specialty 

Projects Corp. 

Statistical analysis 

Simulations of the mathematical models were performed using Matlab with statistics 

and optimization toolboxes (The Mathworks Inc., 2015). Fits of the models to the data 

were executed using an internally developed software that utilizes the function 

fminsearch for weighted least squares minimization. The objective function was 

computed using weights defined by an error variance model previously established 

on the same animal model and measurement technique (36). Statistical analyses of 

the fits (computation of the goodness-of-fit metrics and standard errors of the 

parameter estimates) were implemented in our software as previously described 

(36,37).  
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Results 

We studied the phenomenon of CR by combining experiments and mathematical 

modeling, informed by pre-existing theories in the literature. For the experiments, two 

groups were considered. The first group (control) consisted of twenty mice in which 

single implants were performed. In the second group (double tumors, abbreviated as 

DT) consisting of ten mice, two grafts with identical load (106 cells) were performed 

on day 0, at the same locations on opposite flanks of the mice. 

In a mouse bearing two tumors, one has normal kinetics 

and the growth of the other is suppressed 

We first performed a direct (i.e., not model-based) statistical analysis of the data. We 

compared control tumor growth kinetics in mice bearing single implants with the 

growth curves of tumors in a double-tumor bearing host (Figure 2). Observations of 

the kinetics of each tumor in the DT group suggested that in each mouse, one tumor 

was growing faster than the other, possibly inhibiting the second one (Figure 2A and 

supplementary Figure 1A-B). This behavior was observed consistently in all the 

animals of the DT group except in two of them (animals 2 and 9 in Figure 2A), and 

did not seem to result from the lateral location (left or right) of the tumors (Figure 2A). 

Intriguingly, the two mice where the phenomenon was not observable were found to 

have a connecting blood vessel joining the two tumors and were the only ones to 

exhibit this macroscopic vascular structure. Direct sharing of same vasculature 

seemed to equilibrate tumor expansions. One possible explanation for the absence 

of cross growth suppression could be that the production of inhibitors was negligible 

in these tumor-host systems. This could also explain the formation of the connecting 
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blood vessel due to increased neo-angiogenesis (under the theory of angiogenesis 

inhibition-driven growth suppression). 

In order to statistically confirm that this observation was not purely due to intrinsic 

randomness in experimental conditions (such as the number of initial cells that “take” 

from the injection) that would by themselves generate different growth curves for the 

two implants in the same mice, we performed a statistical analysis. It aimed at testing 

the null hypothesis that both tumors would be identically and independently growing 

(i.i.g.). We artificially generated 10 couples of i.i.g. tumors by subdividing the control 

group of 20 animals into two groups of 10, randomly picking tumors from each 

subgroup and pairing them together. We then picked each small tumor from these 

pairs (and similarly, each large tumor), by choosing the one with smallest final 

volume. This yielded two samples of 10 “control small” and “control large” tumors that 

can be considered as what would have emerged from randomness only in initiation 

and growth. These two samples could then be statistically compared to the 

experimental samples of small and large tumors from the DT group. We observed 

significant differences between the small tumors from the DT group and the “control 

small” tumors from day 12 until the end (p<0.05, Student’s t-test), with the exception 

of days 18 and 19 where differences were not significant due to large variability 

(Figures 2B and 2C). On the other hand, no statistical difference was observed 

between the large tumors from the DT group and their control counterparts. 

These results demonstrate that in a mouse where two tumors are simultaneously 

growing, the larger tumor is growing at the same speed as would a single tumor, 

while the other has significantly slower kinetics. 
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First insights from modeling: single tumor growth models 

To investigate what caused the behavior established in the previous section, we fitted 

various growth models previously shown able to describe syngeneic LLC single 

tumor growth with identifiable parameters (36). Models that were considered here 

were:  exponential growth (with free initial volume �'), i.e. 
ST

SU
= ��, � � = 0 = �', 

power law, i.e., 
ST

SU
= ��W , � � = 0 = 1, and Gompertz, i.e. 

ST

SU
= �' −

� ln
T

#'Z[
�, � � = 0 = 1. For the two last ones, for identifiability reasons the initial 

volume was fixed to the number of injected cells (106 cells ≈ 1 mm3). The objective 

was to see if any of these models was able, through estimation of its coefficient, to 

elucidate the observed differences in the growth of the two tumors in the same 

animal. In this first context, each tumor was fitted independently, resulting in one 

parameter set per tumor, and we looked for statistically significant differences in the 

parameters between the group of small (or large) tumors and the group of small (or 

large) tumors built from pairings of tumors from the single tumor control group. 

As expected from their accurate descriptive power, all the models performed well in 

terms of goodness of fit and were able to reproduce the tumor growth curves 

(supplementary Figures 2-4). 

Parameter estimates are reported in Figure 3. The only parameter that exhibited 

significant difference between the simultaneous and control groups was the 

proliferation rate � of the exponential model. This suggests an alteration of 

proliferative abilities in the altered tumor due to the presence of the other one. On the 

other hand, the time �\ to reach a given volume �\ (of 100 mm3 for instance) was 

steadily found significantly larger in the small tumors of the two-tumors animals, as 

compared to the small control tumors (supplementary Figure 5).  
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In summary, single tumor growth models were able to give an appropriate description 

of the growth curves taken independently and suggest alteration of the proliferative 

abilities in the small tumors group. However, they don’t offer any insight on the 

dynamics of interactions between the two implants.   

A dynamical benchmark of models of concomitant 

resistance 

To next study and quantify the possible underlying mechanisms of tumor-tumor 

interactions leading to the growth kinetics differences that were observed, we 

investigated models of simultaneous growth of two tumors in the same organism. A 

virtually infinite number of models can be conceived for description of CR, both in 

terms of structural shape (equations) and values of the parameters. We report here 

only on the results from analysis of 5 informative models. Supplementary table 1 

details the equations of these models. Interestingly, several models were found 

unable to fit the data, suggesting rejection of (at least one of) the hypotheses that 

they rely on. These include a model for the athrepsis theory (competition for 

nutrients), as shown in supplementary Figure 6. The other models were based on 

either systemic inhibition of angiogenesis (SIA) – formalized using a model of 

interaction between tumor growth and vascular support (38)  – or induction of 

quiescence due to a cytostatic seric factor, as experimentally evidenced by Ruggiero 

et al. (3,13). We termed the models based on this last theory proliferation inhibition 

(PI) models. The SIA model was able to give a reasonably accurate description of our 

data (supplementary Figure 7). For PI models, which have similar structures as 

equation (1), three hypotheses were investigated (see supplementary Table 1 for the 

detailed expressions of the models): 1) direct effect (a given quantity of IFs induces a 



 16 

given number of cells going to quiescence) (equation (1)), 2) log-kill effect (a given 

quantity of IFs induces a given fraction of cells going to quiescence) and 3) total 

number of cells (�- + �-) as a source of IFs. Notably, models 2) and 3) were unable to 

fit the data and had to be rejected (supplementary Figures 8, 9). Residuals analysis 

supporting these results are shown in the supplementary Figure 10A-D. On the other 

hand, the model 1) gave a particularly good fit to the data (Figures 4A and B). Table 

1 summarizes statistical quantitative metrics of goodness-of-fit the models that allow 

comparison of their descriptive power, while Figure 4C shows the distribution of the 

residuals. Table 2 reports the parameter values of all the models estimated from the 

best fits, together with their inter-animal variability (parameters were individually fitted 

for each mouse) and standard errors for the estimates. 

These results demonstrate that a mathematical modeling approach was able, by 

confrontation of the best-fits of the model, to discriminate among qualitatively equally 

likely theories of CR and suggest a PI model, having attributes that may explain (or at 

least describe) this particular phenomenon.  

Validation of a simple and biologically-based mathematical 

model of CR 

Double	tumor	growth	

The PI model 1), formalized by equations (1), consists in assuming a direct and 

mutual growth rate decrease between the two tumors, due to passage to quiescence 

(Figure 1). Goodness of fit was found excellent (Figure 4), as well as identifiability of 

the parameters (see standard errors in Table 2). Notably, while being fitted directly on 

the two tumors growths, the predicted behavior when simulating no interactions was 

in full agreement with the control growth curves. Indeed, the dashed lines in Figure 
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4A are close to the growth curves of the large tumors, which were found to be not 

significantly different from “naturally happening” large tumors. Hence the model was 

able to learn and identify the unaltered growth part from altered growth curves, 

highlighting its reliability. 

In mouse number two (second plot in the top row of Figure 4A), consistently with the 

observation of identical growth kinetics between the two tumors, the model identified 

a value of parameter � not significantly different from zero. On the other hand, the 

model did identify interactions between the two tumors in the other animals, as 

emphasized by 95% confidence intervals of parameter � inferred from the parameter 

estimation process that did not contain 0 ((0.0374, 0.0436) in our estimation). In turn, 

this translated into substantial differences in the kinetics (see Figure 4A where growth 

curves are plotted with or without interactions). Of important note, this difference in 

the kinetics was mostly due to the interaction between the two tumors, rather than the 

initial difference in cell loss. This is demonstrated in Figure 4A where it can be 

observed that the growth curves of the small tumors with only a different initial 

volume (dashed curves) were considerably higher than the curves where interaction 

was taken into account. Moreover, these curves were both close to the large tumor 

growth curves, indicating that the difference in �' had only a negligible impact on the 

difference between the two growth curves, the major determinant being the tumor-

tumor cross inhibition effect. Critically, the differences for the large tumor curves were 

much smaller than for the small tumor curves (while the interaction parameter was 

the same for both tumors), indicating that the model gives a valid quantitative theory 

of why only one tumor was affected by CR.  
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Together, our results provide a biologically-based and minimally parameterized 

mathematical model for tumor growth kinetics interactions in a two-tumors bearing 

host. The model confirmed a significative non-zero value for the interaction 

parameter in 9/10 mice, which gave a quantitative measure of the phenomenon. 

Asymmetry between the two tumors was explained by an initial difference in the take 

between the two implants. 

Single	tumor	growth	

In addition to being able to describe double tumor growth and CR, the elementary 

model that we propose also offers a simple formalism for single tumor volume 

growth. The model consists in the division of the cancer cells into two sub-

populations: proliferative and quiescent cells (which could also account for necrotic 

tissue still present in the total volume measurement). Indeed, in the absence of a 

secondary tumor, the model (1) becomes: 

��

��
= (� − � − �)�, 						 � � = 0 = �'

��

��
= (� + �)�, 					 	� � = 0 = 0

 

This provides a valid and simple mathematical construct able to describe the growth 

of single tumors (Figure 5A-B, supplementary Figure 11). It sheds new lights on 

general tumor growth laws as it demonstrates that classical Gompertzian growth -- 

which is able to describe accurately Lewis Lung tumor growth curves (36) -- can be 

reproduced by these equations, with no significant differences (i.e. a difference in 

Akaike Information Criterion less than 2, see supplementary Table 2). Indeed, it had 

remained elusive why the Gompertzian curve, which was originally designed not 

even for growth processes (39), describes tumor growth curves and their consistent 

relative growth rate decrease with such important accuracy, while being only 
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phenomenological and not biologically grounded. Interestingly, we obtained that a 

model where growth deceleration was assumed to result (only) from passage to 

quiescence due to the production of factors by the proliferative tumor cells 

themselves was able to explain single tumor growth curves as accurately as the 

Gompertz model, or other models such as the power law (Figure 5A-B).  Parameters 

identifiability of this new model was also very good (supplementary Table 3).



 20 

Discussion 

To quantitatively inform on CR, we performed an integrative study that combined 

experimental and theoretical investigations. At the experimental level, we found that 

when two identical tumors were implanted in the same organism, distant interactions 

occurred. Specifically, in one (and only one) of the two tumors, growth was 

suppressed, while the other remained unaltered. Several theories formalized by 

mathematical models were assessed against the data by means of appropriate 

mathematical constructs. Our findings revealed that direct inhibition of proliferation 

was able to appropriately describe the data. Under this hypothesis, both tumors 

release systemic factors that mutually induce quiescence in the other tumor, which is 

in line with experimental results identifying these factors as meta- and ortho-tyrosine 

(2,3). In our study, the origin of the asymmetry between the two tumors was 

hypothesized to emerge from stochastic fluctuations in the initial number of cells that 

take between the two tumors, with variations of about twenty-five percent between 

the two. Critically, while simulating this difference in initial condition resulted in only 

small changes when no interaction was taken into account, it generated substantial 

discrepancies when it was. Our model thus gives a dynamical explanation of the 

observation of one tumor “winning on the other”, since one and only one of the two 

tumors gets substantially suppressed despite equal growth and interaction 

parameters. Notably, within the context of proliferation inhibition, other models such 

as a cytotoxic (log-kill) effect or production of inhibitory factors by the entire tumor 

burden had to be rejected. This suggests experimentally testable predictions in the 

mode of production (only by proliferative cells) and action of the inhibitory factors. 
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Arguments disregarding the competition theory had already been put forward by 

others (7,11,40). For example, Gorelik had argued that under this theory, the intensity 

of CR should be an increasing function of the amount of cells implanted in a 

subsequent graft, in contradiction with experimental findings, thus disqualifying the 

theory (11). However, these arguments had remained qualitative. Our formal study 

adds a quantitative basis to these considerations by showing that, under the 

modeling assumptions we operated, this theory was unable to accurately describe 

our data (supplementary Figures 6 and 10A). 

More elusive in the literature had remained the question to discriminate between 

angiogenesis inhibition, as evidenced by the work of Folkman and colleagues 

(18,32), and direct induction of quiescence by seric factors, as proposed by Ruggiero 

and colleagues (2,3,13). Our results suggest that the latter theory, when considered 

alone, could be sufficient to drive CR, insofar as it exhibited good match to the data. 

However, this does not preclude systemic inhibition of angiogenesis (SIA) to occur, 

since the two theories are not mutually exclusive. Mutual non-exclusivity also applies 

to the competition theory: it cannot be completely disregarded that a combination of 

the three phenomena happens in the occurrence of CR. However, it is beyond the 

scope of the current study to be able to disentangle between a combination of the 

phenomena and one phenomenon alone.  

In our analysis, we did not address the implication of the immune system in CR, 

despite the reasonable belief that immune players could be involved. In fact, CR was 

originally termed "concomitant immunity", because it was believed that CR occurred 

principally by triggering an immune response from the presence of the first tumor (7). 

However, several subsequent studies demonstrated that the phenomenon of CR 

could occur in a broad range of situations where the immune system could not be the 
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main driver, including studies using the animal model employed here (8,11–13). For 

example, in (11), the authors demonstrated that, in T-cell-depleted mice bearing 

Lewis Lung Carcinoma, the CR effect was equally effective as in normal mice, and it 

was tumor-non-specific. Similar results were obtained when studying CR in mice with 

functions of macrophages and natural killer cells suppressed (12). Therefore, given 

the amount of evidence that non-immunological phenomena are involved in the 

generation of concomitant resistance, and for the sake of simplicity, we decided to 

focus here on theories that did not require the intervention of immune players and 

postpone this to future work. 

Our findings not only shed light on the dynamics of CR but also proposed a simple 

and biologically-based model of (double and) single tumor growth able to describe 

the ubiquitously observed growth retardation with larger volumes (41–44), usually 

modeled by means of the Gompertz equation (41,45). Although several attempts of 

deriving the Gompertz equation from basic principles have been performed in the 

literature (46,47), the model we propose here benefits from its simplicity. It has only 

two (aggregated) parameters, which quantify two phenomena: 1) proliferation of the 

active cancer cells and 2) production by these active cells themselves of factors that 

drive them to quiescence. Interestingly, this model brings new light on the so-called 

paradox of CR (40), which can be expressed as follows: if distant inhibition  occurs, 

potentially driving other tumors to dormancy, then why does the primary tumor 

continue growing? Our general model gives a way to quantitatively formalize this. 

Indeed, the same factors act as local and distant inhibitors and we showed that, 

under appropriate values of the parameters (but identical for the two tumors), one 

could obtain at the same time almost unaltered growth of the large (primary) tumor 

and significant suppression of the growth of the small (secondary) tumor. The 
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presence of endogenous molecules with inhibitory activity thus challenges a naïve 

view where growth retardation would only be due to interactions dictated by 

competition (for space or nutrients). Consistently, such a model (logistic growth), had 

already been shown unable to adequately fit experimental tumor growth curves (36). 

Considering the implications, the mere fact a tumor would produce both angiogenesis 

stimulators and inhibitors at the same time, with near and far ranges, does not readily 

reconcile with a purely localized purpose, but instead speaks to tumor control being 

manifestly a systemic phenomenon, quite distinct from the naïve concept of an entity 

governed by local conditions alone, independent of other tumor sites. Implicit in this, 

and as proposed by others (40,48), a vision of tumor growth as an integrated, organ-

like development could bring sense to this seeming paradox. 

Concomitant resistance and consequent post-surgery metastatic acceleration 

(PSMA) have important clinical implications (25–27). In some instances, surgery 

might not be the optimal therapeutic option and it might be more beneficial to try to 

control the patient total tumor burden (49). Additionally, it has been experimentally 

demonstrated that pre-operative administration of chemotherapy or radiotherapy 

could prevent this acceleration, thus giving a strong rationale for neo-adjuvant 

therapy (50). Although PSMA has been reported experimentally since more than one 

century (6), consideration of this phenomenon in the clinic has remained limited. After 

testing of more than thirty mathematical models of CR, we dispose now of a validated 

model for the interaction of two tumors. In parallel, we have developed since several 

years mathematical models for the systemic dynamics of metastases (51–54). Our 

next step is thus to integrate in these models the non-trivial interactions between the 

primary tumor and the metastases, or among the metastases themselves, as 

captured by the mathematical model defined here. When adequately validated, this 
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will provide a computational tool of valuable clinical interest, as it could lead to 

personalized quantification of the impact of CR in patients. In turn this will bring the 

opportunity to simulate various therapeutic scenarios and predict the potential 

occurrence of PSMA, paving the way to patient-specific adaptation of neo-adjuvant 

and adjuvant therapy. 
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Tables 

Table 1: Goodness-of-fit metrics of the two-tumors models 

Model SSE AIC RMSE R2 p<0.05 # 

Proliferation 

inhibition 

0.194(0.0319 - 0.713)[1] -12(-54 - 2.26)[1] 0.453(0.182 - 0.845)[1] 0.964(0.87 - 0.987)[2] 1/10 3 

Angiogenesis 

inhibition 

0.296(0.121 - 0.693)[3] -4.28(-32.2 - 2.31)[3] 0.557(0.355 - 0.844)[3] 0.965(0.924 - 0.985)[1] 1/10 4 

Proliferation 

inhibition 

(P+Q) 

0.328(0.144 - 0.822)[4] -3.86(-30.8 - 5.4)[4] 0.59(0.388 - 0.909)[4] 0.956(0.72 - 0.987)[4] 5/10 3 

Competition 0.666(0.141 - 2.2)[5] 0.71(-33.2 - 13.1)[5] 0.828(0.383 - 1.5)[5] 0.694(-0.0757 - 0.964)[5] 9/10 2 

Proliferation 

inhibition (log-

kill) 

0.721(0.308 - 2.04)[6] 2.92(-13.2 - 14.4)[6] 0.863(0.558 - 1.45)[6] 0.594(-0.135 - 0.937)[6] 9/10 3 

 

SSE = Sum of Square Errors, AIC = Akaike Information Criterion, BIC = Bayesian 

Information Criterion, R2 = coefficient of determination. # = number of parameters. 

The numbers in parentheses indicate the (min - max) range of the values and the 

numbers inside the brackets are ranks of the models relatively to the criterion (in bold 

is the model ranking first). The “p<0.05” column contains number of animals for which 

the null hypothesis of a gaussian distribution of the residuals was rejected for either 

the large or the small tumor (Kolmogorov-Smirnov goodness-of-fit test). 
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Table 2: Two-tumors models’ parameter values 

Model Par. Unit Median value (CV) RSE (%) 

Proliferation 

inhibition 

α day−1 3.63 (58) 21.7 

 β day−1 3.29 (64.6) 25.9 

 γ day−1 0.0405 (61.2) 3.94 

Angiogenesis 

inhibition 

a day−1 3.06 (1.06e+03) 47.4 

 b day−1 0.57 (24.8) 3.02 

 d mm−2⋅ day−1 0.00368 (35.3) 20.4 

 e day−1 0.119 (43.5) 1.72 

Proliferation 

inhibition (P+Q) 

α day−1 0.701 (26.9) 3.61 

 β day−1 0.187 (50.1) 5.31 

 γ day−1 0.00754 (253) 9.45 

Competition a day−1 0.085 (30.9) 3.45 

 K mm3 8.36e+03 (2.17e+06) 15 

Proliferation 

inhibition (log-kill) 

α day−1 0.531 (33.8) 7.45 

 β day−1 7.72e-09 (1.1e+07) 9.41e+07 

 γ day−1 0.00168 (254) 13.4 

CV = coefficient of variation. RSE = relative standard error. 
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Figures legends 

Figure 1: Scheme of the proliferation-inhibition model 

Figure 2: Data of dynamics of simultaneous tumor growth 

A. Dynamics of the left and right tumors from mice inoculated with 1x106 LLC cells on 

the two lateral sides at day 0.  

B. Comparison of large and small tumors with large and small tumors extracted from 

artificially paired control tumor growth curves (see text for details). Mean ± standard 

error. Circles indicate statistically significant differences between the small tumors 

from the simultaneous group and the small control tumors (Student's t-test with 

unequal variance, p<0.05). 

C. Tumor sizes at day 15. Mean ± standard error. * = p<0.05, Student's t-test with 

equal variance. 

Figure 3: Single-tumor growth models’ analysis: parameter distributions 

Models for single tumor growth were independently fitted to the large and small 

growth curves from the two-tumor bearing animals and from the simulated double-

independent tumors from the control group. Shown is a comparison of the distribution 

of the inferred parameters. 

Exp = Exponential, Gomp = Gompertz 

Figure 4: Individual fits of the two-tumors proliferation-inhibition model 

A. Fits of all the animals. In each mouse the only difference between the two tumors 

lies in the number of tumor cells that take, i.e. parameter V0,2. Dashed lines are 

simulations of the model with no interactions between the two tumors (i.e. without 
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terms containing �& in the equations on  �# and  �# and conversely for the equations 

on  �& and  �&). 

B. Fitted values versus data points for all the two-tumors growth curves of A. The 

solid line is the identity function. 

C. Distribution of the residuals for the best-fits of the three two-tumors models. 

Figure 5: Individual fits of the single tumor proliferation-inhibition model 

A. Fits of the single tumor growth model corresponding to model (1) to 10 

representative tumor growth curves of the control group. 

B. Distribution of the residuals for the best-fits of the proliferation-inhibition model and 

two other classical models of tumor growth: the power law and Gompertz models. 
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Supplementary Figures

Supplementary figure 1: plot of all tumor volumes for double and single (control) tumor groups

Supplementary figure 2: single tumor model fit. Exponential model

Supplementary figure 3: single tumor model fit. Gompertz model

Supplementary figure 4: single tumor model fit. Power law model

Supplementary figure 5: single tumor growth models: delay analysis

Supplementary figure 6: double-tumors growth models fits. Competition model

Supplementary figure 7: double-tumors growth models fits. Angiogenesis inhibition (SIA)

Supplementary figure 8: double-tumors growth models fits.Proliferation inhibition. Log-kill effect

Supplementary figure 9: double-tumors growth models fits. Proliferation inhibition. (Pi +Qi) as source

of IFs

Supplementary figure 10: residuals analysis of the other models

Supplementary figure 11: additional fits of 10 remaining animals of the control group under the “prolifer-

ation inhibition” model

Supplementary table 1: models equations

Supplementary table 2: goodness-of-fit metrics of these three single tumor growth models.

Supplementary table 3: parameter values and identifiability of the Gompertz, power law and “proliferation

inhibition” model for the single tumor growth fits



Supplementary figure 1: plot of all tumor volumes for double and single (control) tumor

groups
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Growth curves were plotted and distinguished between large and small tumors for the double (A) and single (control) (B)

groups. In the second case, artificial and pairings were considered between tumors of the control group to determine large

and small tumors that would have occurred by randomness only (i.e. under independent growth conditions). DT = double

tumors group



Supplementary figure 2: single tumor model fit. Exponential model
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Supplementary figure 3: single tumor model fit. Gompertz model
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Supplementary figure 4: single tumor model fit. Power law model
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Supplementary figure 5: single tumor growth models: delay analysis
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∗ = p < 0.05, Student’s t-test with unequal variance.



Supplementary figure 6: double-tumors growth models fits. Competition model
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Supplementary figure 7: double-tumors growth models fits. Angiogenesis inhibition

(SIA)
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Dashed lines are simulations with no interactions between the two tumors, i.e. with the parameters inferred from the fits

except for parameter e set to zero. Growth differences are only due to the difference in initial condition.



Supplementary figure 8: double-tumors growth models fits.Proliferation inhibition. Log-

kill effect
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Dashed lines are simulations with no interactions between the two tumors. Growth differences are only due to the difference

in initial condition.



Supplementary figure 9: double-tumors growth models fits. Proliferation inhibition.

(Pi +Qi) as source of IFs
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Dashed lines are simulations with no interactions between the two tumors. Growth differences are only due to the difference

in initial condition.



Supplementary figure 10: residuals analysis of the other models
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Supplementary figure 11: additional fits of 10 remaining animals of the control group

under the “proliferation inhibition” model
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Supplementary table 1: models equations

Model name
Equations

Competition











dV1

dt = aV1 ln
(

K
V1+V2

)

V1(t = 0) = V0,1

dV2

dt = aV2 ln
(

K
V1+V2

)

V2(t = 0) = V0,2

Angiogenesis inhibition







































dV1

dt = aV1 ln
(

K1

V1

)

V1(t = 0) = V0,1

dK1

dt = bK1 − dV
2/3
1 K1 − eV21K1>K0

K1(t = 0) = K0

dV2

dt = aV2 ln
(

K2

V2

)

V2(t = 0) = V0,2

dK2

dt = bK2 − dV
2/3
2 K2 − eV11K2>K0

K1(t = 0) = K0

Proliferation inhibition































































dP1

dt = αP1 − (βP1 + γ (P1 + P2))1P1>0 P1(t = 0) = V0,1

dQ1

dt = (βP1 + γ (P1 + P2))1P1>0 Q1(t = 0) = 0

V1 = P1 +Q1

dP2

dt = αP2 − (βP2 + γ (P1 + P2))1P2>0 P2(t = 0) = V0,2

dQ2

dt = (βP2 + γ (P1 + P2))1P2>0 Q2(t = 0) = 0

V2 = P2 +Q2

Proliferation inhibition (log-kill)































































dP1

dt = αP1 − (βP1 + γ (P1 + P2))P1 P1(t = 0) = V0,1

dQ1

dt = (βP1 + γ (P1 + P2)) Q1(t = 0) = 0

V1 = P1 +Q1

dP2

dt = αP2 − (βP2 + γ (P1 + P2))P2 P2(t = 0) = V0,2

dQ2

dt = (βP2 + γ (P1 + P2)) Q2(t = 0) = 0

V2 = P2 +Q2



Model name
Equations

Proliferation inhibition (P+Q)































































dP1

dt = αP1 − (βV1 + γ (V1 + V2))1P1>0 P1(t = 0) = V0,1

dQ1

dt = (βV1 + γ (V1 + V2))1P1>0 Q1(t = 0) = 0

V1 = P1 +Q1

dP2

dt = αP2 − (βV2 + γ (V1 + V2))1P2>0 P2(t = 0) = V0,2

dQ2

dt = (βV2 + γ (V1 + V2))1P2>0 Q2(t = 0) = 0

V2 = P2 +Q2



Supplementary table 2: goodness-of-fit metrics of these three single tumor growth

models.

Model SSE AIC RMSE R2 p

Power law 0.117(0.0158 - 0.713)[1] -12.3(-34.5 - 2.95)[1] 0.4(0.145 - 0.957)[2] 0.983(0.784 - 0.998)[2]

Gompertz 0.121(0.019 - 0.67)[2] -11.6(-32.4 - 2.39)[2] 0.394(0.159 - 0.928)[1] 0.984(0.815 - 0.997)[1]

Proliferation inhibition 0.159(0.00741 - 0.883)[3] -10.1(-33.2 - 4.88)[3] 0.45(0.0994 - 1.07)[3] 0.966(0.7 - 0.999)[3]

SSE = Sum of Square Errors, AIC = Akaike Information Criterion, BIC = Bayesian Information Criterion, R2 = coefficient of

determination. # = number of parameters.



Supplementary table 3: parameter values and identifiability of the Gompertz, power

law and “proliferation inhibition” model for the single tumor growth fits

Model Par. Unit Median value (CV) NSE (%) (CV)

Power law
α mm3(1−γ)

· day−1 0.921 (41.9) 10.6 (55)

γ - 0.788 (9.35) 3.42 (62.4)

Gompertz
α0 day−1 1.84 (35.7) 9.28 (65.3)

β day−1 0.0792 (43) 12 (74.4)

Proliferation inhibition
α day−1 3.71 (54.4) 21.4 (61.7)

β + γ day−1 3.45 (59) 24.5 (74.5)

Par. = parameter. CV = coefficient of variation. NSE = normalized standard error.
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