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Understand (biology) Predict and control (clinic) Differential effects of anti-angiogenic therapies between primary tumor and metastases
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Thousands of cancer patients are currently in clinical trials evaluating antiangiogenic therapy in the neoadjuvant setting, which is the treatment of localized primary tumors prior to surgical intervention. The rationale is that shrinking a tumor will improve surgical outcomes and minimize growth of occult micrometastatic diseasethus delaying post-surgical recurrence and improving survival. But approved VEGF pathway inhibitors have not been tested in clinically relevant neoadjuvant models that compare pre-and post-surgical treatment effects. Using mouse models of breast, kidney, and melanoma metastasis, we demonstrate that primary tumor responses to neoadjuvant VEGFR TKI treatment do not consistently correlate with improved post-surgical survival, with survival worsened in certain settings. Similar negative effects did not extend to protein-based VEGF pathway inhibitors and could be reversed with altered dose, surgical timing, and treatment duration, or when VEGFR TKIs are combined with metronomic 'anti-metastatic' chemotherapy regimens. These studies represent the first attempt to recapitulate the complex clinical parameters of neoadjuvant therapy in mice and identify a novel tool to compare systemic antiangiogenic treatment effects on localized and disseminated disease.

• Theoretical framework for description of the process Can mathematical models be of help in oncology?

Predict and control (clinic)

• Predict tumor growth 
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Competition

Tumor growth

What are minimal biological processes able to recover the kinetics of (experimental) tumor growth? : Gompertz Since the viable tumor mass, mv, is the product of the total number of viable cells and the average mass of a cell, mc, we have mv~Nvmc leading to
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This first-order differential equation, representing conservation of energy, explicitly links properties of tumor cells (Bc, Ec, and mc) with properties of the whole tumor (BT and mv). Consequently, it provides a simple, but powerful, way to integrate important features and results from different areas of cancer research. Solving this equation to determine tumor growth requires knowledge of how tumor metabolic rate, BT , depends on its viable mass, mv, to which we now turn.

Model for tumor vascular system and the prediction of metabolic rate. Tumor metabolic rate, BT , is proportional to the sum of the rates of cellular fermentation and aerobic respiration. For avascular tumors, BT depends on the diffusion rate of nutrients and oxygen from the surrounding environment [18]. For vascular tumors, BT is proportional to the total blood volume flow rate to the tumor, _ Q Q T , consistent with observations that glucose and oxygen consumption rates vary linearly with blood flow rate [19]. The dependence of _ Q Q T on mv and host mass, M, is determined by the structure, dynamics and interaction of the tumor and host vasculatures. Here, we develop a complete 
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Metastasis

• Breast

• 94% of cases are local or regional at diagnosis but 30% will relapse

Pollard, N Eng J Med, 2016

• Estimate the amount of residual distant disease at diagnosis in order to personalize the adjuvant (chemo)-therapy • (dormancy Chambers and Groom, Nat Rev Cancer, 2002)

• tumor-tumor interactions • (self-seeding Norton, Nat Med, 2001) 60 Chapter 2. Metastasis: biological dynamics at the organism sca multiplication within organ parenchyma (Fig. 3). These successful metastatic cells ("seed") have been likened to a decathlon champion who must be proficient in 10 events, rather than just a few (64). However, some steps in this pro-cess incorporate stochastic elements. Overall, metastasis favors the survival and growth of a few subpopulations of cells that preexist within the parent neoplasm. The current data, especially studies focused on isolated tumor cells,

Table 1. Steps in the metastatic process

Step Description growth. A detailed review of all the mathematical modeling studies that addressed the question of metastatic dissemination and growth is beyond the scope of the present document (and ca be found, in part, elsewhere [Scott et al., 2013b, Clare et al., 2000]) but a few publications biological or clinical interest that the curious reader can consult are: [Slack et al., 1969, Liot et al., 1976a, Saidel et al., 1976, Guiguet et al., 1982, Koscielny et al., 1985, Klein and BartoszyÒsk 1991, Kimmel and Flehinger, 1991, Yorke et al., 1993, Retsky et al., 1997, Koscielny and Tubian 1999, Iwata et al., 2000, Michor et al., 2006, Hanin et al., 2006, Barbolosi et al., 2009, Bethg et al., 2012, Haeno et al., 2012, Newton et al., 2012, Newton et al., 2013, Scott et al., 2014, Sco et al., 2013a, Mehrara et al., 2013, Coumans et al., 2013, Araujo et al., 2014, Bazhenova et a 2014, Brodbeck et al., 2014, Hanin and Bunimovich-Mendrazitsky, 2014, Hanin et al., 2015, Han and Rose, 2016, Poleszczuk et al., 2016].

The mathematical formalism that we develop below has been employed to address the following b ological questions about metastasis, which have the common characteristic of concerning dynami of the disease at the organism scale.

Biological problem 2. What are the qualitative and quantitative di erences among experiment models of metastasis for di erent cancer types? Is the growth of secondary tumors identical to th Talmadge and Fidler, Cancer Res, 2010 Metastasis: a forgotten major player in modeling • The majority of mathematical modeling efforts in oncology are focused on (primary) tumor growth

• Existing models are based on a statistical, biologically agnostic, prediction of survival 

Biologically-based model

Diagnosis
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M edical imaging is one of the major factors that have informed medical science and treatment. By assessing the characteristics of human tissue noninvasively, imaging is often used in clinical practice for oncologic diagnosis and treatment guidance 1-3 . A key goal of imaging is 'personalized medicine', where treatment is increasingly tailored on the basis of specific characteristics of the patient and their disease 4 .

Much of the discussion of personalized medicine has focused on molecular characterization using genomic and proteomic technologies. However, as tumours are spatially and temporally heterogeneous, these techniques are limited. They require biopsies or invasive surgeries to extract and analyse what are generally small portions of tumour tissue, which do not allow for a complete characterization of the tumour. Imaging has great potential to guide therapy because it can provide a more comprehensive view of the entire tumour and it can be used on an ongoing basis to monitor the development and progression of the disease or its response to therapy. Further, imaging is noninvasive and is already often repeated during treatment in routine practice, on the contrary of genomics or proteomics, which are still challenging to implement into clinical routine.

The most widely used imaging modality in oncology is X-ray computed tomography (CT), which assesses tissue density. Indeed, CT images of lung cancer tumours exhibit strong contrast reflecting differences in the intensity of a tumour on the image, intratumour texture and tumour shape (Fig. 1a).

However, in clinical practice, tumour response to therapy is only measured using one-or two-dimensional descriptors of tumour size (RECIST and WHO, respectively) 5 . Although a change in tumour size can indicate response to therapy, it often does not predict overall or progression free survival 6,7 . Although some investigations have characterized the appearance of a tumour on CT images, these characteristics are typically described subjectively and qualitatively ('moderate heterogeneity', 'highly spiculated', 'large necrotic core'). However, recent advances in image acquisition, standardization and image analysis allow for objective and precise quantitative imaging descriptors that could potentially be used as noninvasive prognostic or predictive biomarkers.

Radiomics is an emerging field that converts imaging data into a high dimensional mineable feature space using a large number of automatically extracted data-characterization algorithms 8,9 . We hypothesize that these imaging features capture distinct phenotypic differences of tumours and may have prognostic power and thus clinical significance across different diseases. Here we assess the clinical relevance of 440 radiomic features, many of which currently have no known clinical significance, in seven independent cohorts consisting of 1,019 lung cancer and headand-neck cancer patients. Two data sets are used to assess the stability of the features, four data sets to assess the prognostic value of radiomic features on lung cancer patients and head-and-neck cancer patients, and one data set for association Imaging data (Radiomics) Aerts et al., Nat Commun, 2014 letters to nature after their initial diagnosis for an interval of at least 5 years (good prognosis group, mean follow-up of 8.7 years), and 34 patients had developed distant metastases within 5 years (poor prognosis group, mean time to metastases 2.5 years) (Fig. 2a). To identify reliably good and poor prognostic tumours, we used a powerful three-step supervised classi®cation method, similar to those used previously 8,17,18 . In brief, approximately 5,000 genes (signi®cantly regulated in more than 3 tumours out of 78) were selected from the 25,000 genes on the microarray. The correlation coef®cient of the expression for each gene with disease outcome was calculated and 231 genes were found to be signi®cantly associated with disease outcome (correlation coef®cient ,-0.3 or .0.3). In the second step, these 231 genes were rank-ordered on the basis of the magnitude of the correlation coef®cient. Third, the number of genes in the `prognosis classi®er' was optimized by sequentially adding subsets of 5 genes from the top of this rank-ordered list and 2a). To identify reliably good and poor prognostic tumours, we used a powerful three-step supervised classi®cation method, similar to those used previously 8,17,18 . In brief, approximately 5,000 genes (signi®cantly regulated in more than 3 tumours out of 78) were selected from the 25,000 genes on the microarray. The correlation coef®cient of the expression for each gene with disease outcome was calculated and 231 genes were found to be signi®cantly associated with disease outcome (correlation coef®cient ,-0.3 or .0.3). In the second step, these 231 genes were rank-ordered on the basis of the magnitude of the correlation coef®cient. Third, the number of genes in the `prognosis classi®er' was optimized by sequentially adding subsets of 5 genes from the top of this rank-ordered list and PT growth law: g p (V p )=V p (α p -β p ln(V p ))
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Metastases growth law: g(V)=V(α-βln(V))

Pre-surgical Post-surgical fast computation of the metastatic burden

M (t) = Z +OE V 0 vfl(t, v)dv = Z t 0 d (V p (t ≠ s)) V (s)ds
• They are spread by the PT with dissemination rate 
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• Secondary tumors grow in size with rate g(v)

Validation on animal data (Folkman, 2007). The purpose of the present study was to test whether a VEGF RTKI, when administered daily for short periods, can influence the growth of experimental and spontaneous metastasis in mice. The rationale for this experimental design was based on a number of recent clinical and preclinical observations. First, while sorafenib and sunitinib have been approved for the treatment of renal cell carcinoma, as well as hepatocellular carcinoma (sorafenib only) and gastrointestinal stromal tumor (sunitinib only), enduring clinical responses are rare. More-over, single-agent use of such drugs, including bevacizumab, has not led to meaningful beneficial activity in many cases.

Z N vis (t) = Z t≠• vis 0 d(V p (t))1 V p (t)AEV d dt M (t) = µ Z t 0 V p (t)V (t ≠ s)ds i = µ pop + -T x i + ÷ i , ÷ i ≥ N (0, Ê 2 ) ◊ i = ◊ pop + -T x i + ÷ i , ÷ i ≥ N (0, Ê 2 ) ◊ i = ◊ pop + ÷ i , ÷ i ≥ N (0, Ê 2 ) ÷ i ≥ N (0, Ê 2 ) i T i
Second, when such agents are administered on a discontinuous schedule, such as with sunitinib (4 weeks on/2 weeks off), tumor regrowth has sometimes been observed during drug-free break periods (Burstein et al., 2008) or when treatment is discontinued (Johannsen et al., 2008). Third, rapid tumor revascularization has been reported when therapy is stopped in preclinical studies (Mancuso et al., 2006). Finally, we recently reported that a number of changes in proangiogenic plasma proteins observed in patients after sunitinib treatment could be recapitulated in non-tumor-bearing mice, and moreover, in a dosedependent manner (Ebos et al., 2007). Together, these results 
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Brief Antiangiogenic Therapy Increases Metastasis 

H Control Sunitinib

N vis (t) = ⁄ +OE V vis fl(t, v)dv = ⁄ t≠• vis 0 d(V p (t))dt M (t) = µ ⁄ t 0 V p (t)V (t ≠ s)ds µ i = µ pop + -T x i + ÷ i , ÷ i ≥ N (0, Ê 2 ) Nicolò et al., in preparation, 2019
Mixed-effects statistical model 
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  ) ' ae M (t, ◊) Theoretical framework for description of the process • Test different hypotheses and reject non-valid onesCan mathematical models be of help in oncology?
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 4 Figure4| Example of PK/PD simulation to optimize a vinorelbine treatment regimen. The empirical metronomic regimen, incorporating a 50 mg fixed dose of vinorelbine on days 1, 3 and 5 (D1-D3-D5 50 mg) of a 7-day cycle (left panels), can provide substantial clinical benefit to many patients; however, mathematical modelling has helped to identify an alternative dynamic dosing schedule (right panels) of 30 mg, 60 mg and 30 mg on days 1, 2 and 4 (D1-D2-D4 30-60-30),
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  After the initial transforming event, the growth of neoplastic cells is progressive and frequently slow; 2 Vascularization is required for a tumor mass to exceed a 1-to 2-mm diameter (200, 201), and the synthesis and secretion of angiogenesis factors has a critical role in establishing a vascular network within the surrounding host tissue (201); 3 Local invasion of the host stroma by tumor cells can occur by multiple mechanisms, including, but not limited to, thin-walled venules and lymphatic channels, both of which offer little resistance to tumor cell invasion (202); 4 Detachment and embolization of tumor cell aggregates, which may be increased in size via interaction with hematopoietic cells within the circulation; 5 Circulation of these emboli within the vascular; both hematologic and lymphatic; 6 Survival of tumor cells that trafficked through the circulation and arrest in a capillary bed; 7 Extravasation of the tumor embolus, by mechanisms similar to those involved in the initial tissue invasion; 8 Proliferation of the tumor cells within the organ parenchyma resulting in a metastatic focus; 9 Establish vascularization, and defenses against host immune responses; and 10Reinitiate these processes for the development of metastases from metastases.

Figure 3 .

 3 Figure3. The process of cancer metastasis consists of sequential, interlinked, and selective steps with some stochastic elements. The outcome of each step is influenced by the interaction of metastatic cellular subpopulations with homeostatic factors. Each step of the metastatic cascade is potentially rate limiting such that failure of a tumor cell to complete any step effectively impedes that portion of the process. Therefore, the formation of clinically relevant metastases represents the survival and growth of selected subpopulations of cells that preexist in primary tumors.

  lymph node status, histological grade, molecular factors, proliferation indices,… van de Vijver et al., A gene expression signature as a predictor of survival in breast cancer, N Eng J Med, 2002 GENE-EXPRESSION SIGNATURE AS A PREDICTOR OF SURVIVAL IN BREAST CANCER law: d(Vp)= PT growth law: gp Metastases growth law: g Pre-diagnosis Post-diagnosis μ(Vp) γ Metastasis: a forgotten major player in modeling Prediction van de Vijver et al., A gene expression signature as a predictor of survival in breast cancer, N Eng J Med, 2002GENE-EXPRESSION SIGNATURE AS A PREDICTOR OF SURVIVAL IN BREAST CANCER
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 1 Figure 1 | Extracting radiomics data from images. (a) Tumours are different. Example computed tomography (CT) images of lung cancer patients. CT images with tumour contours left, three-dimensional visualizations right. Please note strong phenotypic differences that can be captured with routine CT imaging, such as intratumour heterogeneity and tumour shape. (b) Strategy for extracting radiomics data from images. (I) Experienced physicians contour the tumour areas on all CT slices. (II) Features are extracted from within the defined tumour contours on the CT images, quantifying tumour intensity, shape, texture and wavelet texture. (III) For the analysis the radiomics features are compared with clinical data and gene-expression data.

Figure 2

 2 Figure 2 Supervised classi®cation on prognosis signatures. a, Use of prognostic reporter prognostic classi®er with optimal accuracy; dashed line, with optimized sensitivity. Above

Figure 2

 2 Figure 2 Supervised classi®cation on prognosis signatures. a, Use of prognostic reporter prognostic classi®er with optimal accuracy; dashed line, with optimized sensitivity. Above
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  Benzekry et al. (Ebos), Cancer Res, ⟹ same growth for PT and mets: α p = α, β p = β Ebos lab Roswell Park Cancer Institute Benzekry et al. (Ebos), Cancer Res, 2016 Introduction Eight inhibitors that block the vascular endothelial growth factor (VEGF) pathway have now been approved as first-or second-line treatment in twelve different late-stage cancer types, thus validating antiangiogenesis as a therapeutic modality in treating established metastatic disease and late-stage glioblastoma (Jayson et al, 2012).Stemming from these approvals, several hundred phase II and III trials were initiated to evaluate VEGF pathway inhibitors in earlier stage disease, that is, neoadjuvant (pre-surgical) and adjuvant (postsurgical) treatment settings(Ebos & Kerbel, 2011). Such 'perioperative' treatments are unique in that they typically have defined treatment durations (unlike in late-stage or advanced disease, where treatments are variable depending on response) and are guided by the hypothesis that drug efficacy in advanced metastatic disease would elicit equal or greater improvements in the earlier stages(Tanvetyanon et al, 2005). These benefits-shown with radiation and chemotherapy (Van Cutsem et al, 2009)-would theoretically include control of localized primary cancers which, in turn, would prevent occult micrometastatic disease and improve progression-free survival (PFS)(Ebos & Kerbel, 2011). However, based on recent clinical and preclinical observations, there is growing concern that VEGF pathway inhibitors may not be effective in this setting(Ebos & Kerbel, 2011). First, there have been five failed phase III adjuvant trials with VEGF pathway inhibitors, including four with the VEGF neutralizing antibody bevacizumab (in combination with chemotherapy or an anti-HER2 antibody) in colorectal carcinoma (CRC) (AVANT and C-08) (de Gramont et al, 2012) and triple-negative and HER2 + breast carcinoma (BEATRICE and BETH, respectively) (Cameron et al, 2013), and one with the VEGF receptor tyrosine kinase inhibitor (RTKI) sorafenib in hepatocellular carcinoma (HCC)(Bruix et al, 2014). Second, growing preclinical evidence suggests that unexpected collateral consequences of angiogenesis inhibition may limit efficacy in preventing growth of micrometastatic lesions(Mountzios et al, 2014). Indeed, we and others have demonstrated that VEGF pathway inhibitors can elicit both tumor-and host-mediated reactions to therapy that can offset (reduce) benefits, or even facilitate, early-stage metastatic disease in certain instances(Ebos et al, 2009; Paez-Ribes et al, 2009). Though these latter results have thus far not been confirmed clinically in patients with advanced metastatic disease when therapy is removed(Miles et al, 2010; Blagoev et al, 2013), they underscore a gap in our current understanding of how antiangiogenic therapy may work in different disease stages. They also raise questions about the translational value of preclinical studies in predicting clinical outcomes. This is of immediate concern as few preclinical studies have tested VEGF pathway inhibitors inINTRODUCTIONMultiple strategies for inhibiting the VEGF pathway have been shown in numerous preclinical studies to hinder tumor growth, and the recent approval of a VEGF-neutralizing antibody (bevacizumab) and VEGF receptor tyrosine kinase inhibitors (RTKIs) (sorafenib and sunitinib) has clinically validated targeting VEGF or its receptors (particularly VEGFR2) as an anticancer treatment

Figure 2 .
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  Fig 2: Simulations of effect or no effect of treatment on metastases

  with size larger than the visible size V vis (= 0.5 cm) τ vis = time to reach V vis • Time to relapse (TTR) defined as the time elapsed from diagnosis to the appearance of a first visible metastasis • Parameter β fixed such that carrying capacity = 10 12 cells
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t V Population fit of tumor growth models

  

	Exponential	Logistic	Gompertz
	A		
	B		
	C		
	D Vaghi et al. (Benzekry), bioRxiv, 2019		

Bayesian estimation for prediction of tumor age

  

	Vaghi et al. (Benzekry), bioRxiv, 2019

With a priori (Bayesian)

  

	pertz		
	)		
	ced	No a priori (MLE)	
	pertz		
	M)		
	ced		
	pertz		
	)		
	pertz		
	sian		
	nce)		
	pertz	A	B
	sian		
	nce)		
		Gompertz	
	ced	(LM)	
	pertz		
	sian		
	nce)		
	ced		
	pertz	Reduced	
	sian	Gompertz (LM)	
	nce) e 4. Backward predictions computed with likelihood maximization and with Bayesian infer-
	Three examples of backward predictions of individuals A, B and C computed with likelihood maximization

main cause of death (>90%) from solid cancers Lambert and Weinberg, Cell, 2017 Institut Bergonié, Bordeaux Metastasis (µετά = beyond, στάσιζ = place) Some biological questions of interest to mathematical modeling • Minimal model of metastatic dissemination and colonization able to reproduce the systemic dynamics of a solid cancer disease

  

• Avoid heavy toxicities for low risk patients •

Lung

• 57% of cases are metastatic • Decide whether to use whole brain radiation therapy or just (stereotactic) surgery • Avoid cognitive impairment of the patient Steeg, Nat. Rev. Cancer, 2016 • Metastases are the • Investigate the relevance of several processes: • (early VS late event Klein, Nat Rev Cancer, 2009)

• (metastases of metastases

Gundem et al., Nature, 2015) 

effect of therapy Ebos et

  

	al. (Kerbel), Cancer Cell, 2009
	• ((pre-)metastatic niche Peinado et al. (Lyden), Nature, 2005)
	• systemic inhibition of angiogenesis O'Reilly et al. (Folkman), Cell, 1990s

• (cancer-immune interactions)

• differential

  Primary tumor V p grows with rate g p [size.day -1 ]

	Mathematical formalism						
		10 10					
	Volume (cells)	10 4 10 6 10 8					
				Diagnosis/Surgery	
		10 2					
		10 0	0	5	15	20	25	30
					Time (years)		

• • Population of metastases represented by a density ρ(t,v) [size -1 ] structured in size v
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• Preclinical data of ortho-surgical animal models of metastases

• Covariates on !:

• KI67 (p = 3e-04)

• HER2 (p = 0.02)

• CD44 (p = 0.1) Mechanistic model with covariates

r u y r I S 5 t f s T 9 h f 4 V V P H g T x 6 p + w M w 7 4 + a D p V 6 + q q K q X G k 2 O w / A 2 m J i c m v 4 y M / u 1 8 e 3 7 j 5 9 z z f m • Covariates on ":

• EGFR (p = 0.035) c-index = 0.62 estimated with 10-folds cross validation

Predicted TTR Observed TTR

Diagnosis personalization

Volume (cells) Breast cancer patient with primary tumor of 4.32 cm

Nothing visible

Chemotherapy personalization • Number of visible metastases (> 10 8 cel.) 5 years after the end of the treatment Adapt the number of cycles to each patient Barbolosi, Verga, 2011