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MATHEMATICAL MODELING

Mathematical models Data

Clinical problem

Early-stage breast cancer

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

• Estimation of the metastatic risk is key to individualize adjuvant therapy

• Reduce the number of chemo cycles for patients with low risk Brain metastases in non-small cell lung cancer (NSCLC)

• Decide whether to use whole brain radiation therapy or just (stereotactic) surgery
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Objectives

• Use a mechanistic model to predict metastasis

• Combine with machine learning algorithm to select features

• Benchmark predictive power to standard survival methods and machine learning algorithms
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Vvis

Mathematical models

Growth rates of primary and secondary tumors gp and g

Dissemination rate

Size distribution of the metastases ρ(t,v) [Iwata et al., 2000] Metastatic burden (total number of metastatic cells)
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and 𝜎 the parameters µ (dissemination) and α (growth) of the del. Estimates of the population parameters were obtained using the SAEM algorithm and are reported in Table 1. Both d and random effects were identified with satisfactory cision (relative standard error, , 37%). Figure 3A comes the model estimation of the TTR survival function to the pirical Kaplan-Meier estimate. Despite a slight overimation of the metastatic risk for shorter times, the model s able to capture the shape of the Kaplan-Meier estimate. To ther verify the agreement between model and data, we also pared model and Kaplan-Meier curves for different values he tumor size at diagnosis (Appendix Figure A3). Although growth and/or dissemination. We found that Ki67 was positively associated with the proliferation parameter α, which aligns with the definition of Ki67 as a proliferation marker, 41 as well as other results confirming its predictive power. 42 Conversely, the basal marker EGFR was found to be a significantly positive covariate for the dissemination parameter µ. EGFR has previously been demonstrated as being a prognostic factor of relapse, 43 yet it is interesting to note a standard marker is the percentage of CD44+/CD24cells. 46 Similarly, only EGFR as a continuous variable was investigated and not the more classic EGFR + CK5/6 + marker. 43 Indeed, the aim of this study was to establish the methodology of using our mechanistic model as a predictive tool, and we favored keeping the continuous variables. We plan to perform a more detailed examination of such clinical variables in forthcoming work and to study the predictive 
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Validation on animal data
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Predictive performances • Mechanistic modeling provides biological and clinical insights that ML does not:

RSF

• Ki67 correlates with proliferation rate 𝛼 (expected but reassuring), also CD44 or hormonal status

• EGFR and PAI1 correlate with 𝜇 (metastatic potential)

• prediction of the invisible metastatic state at diagnosis ⇒ potential for personalized adjuvant therapy

• Current/future avenues:

• Further investigations to refine the modeling (dormancy, etc…) 
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pre-diagnosis natural history of the primary tumor size S p (t) for times < t T d (diagnosis time)umber of cells in the model computations -was assumed to follow the Gompertz growth model 46,47 , the exponential rate of decrease of the speci c growth rate. Conversions from diameter measurember of cells were performed assuming spherical shape and the classical assumption ells 73 . A er treatment start (T d ), the primary tumor size was assumed to follow a tumor growth del 54 consisting of: 1) exponential growth (rate α 1 ), 2) log-kill e ect of the therapy (e cacy param-) exponential decrease of the treatment e ect due to resistance, with half-life t res . e equation is: We have open positions!! sebastien.benzekry@inria.fr
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  collaboration with J. Ebos, Roswell Park Cancer Institute, Buffalo, NY n > 400 animals with different treatments and schedules Number and sizes of brain metastasis in individual NSCLC patients (n=31)• Databases of metastatic relapse in breast cancer patients with no adjuvant therapy (n=642, p=21 and n=167, p=9)

Nonlinear

  mixed-effects statistical model for inter-animal variability Benzekry et al. (Ebos), Cancer Res, 2016 ⟹ same growth for PT and mets: α p = α, β p = β Ebos lab Roswell Park Cancer Institute

  FIG A3. Distant metastasis-free survival predictions of the mechanistic model and Kaplan-Meier estimates with 95%CIs stratified by values of the primary tumor size (diameter) at diagnosis.

  ariates. (B) Cross-validated Harrel's c-index under sequentially fit . (C) Calibration plots for the random survival forest model with the

Nicol ò et al ⇒

 al Similar predictive power as classical statistical Cox model or other machine learning algorithms Predictive simulations of the mechanistic model Patient 224 Patient 358 log 𝛼 ^" = log 𝛼 #$# + 𝛽 %"&',) ⋅ 𝐾𝑖67 " + 𝛽 *+,,,) ⋅ 𝐶𝐷44 " log 𝜇 ^" = log 𝜇 #$# + 𝛽 -./0,1 ⋅ 𝐸𝐺𝐹𝑅 " M. J. et al., M. uPA and PAI-1 as biomarkers in breast cancer: validated for clinical use in level-of-evidence-1 studies. Breast Cancer Res 16, 428 (2014). *Harbeck N. et al., Ten-year analysis of the prospective multicentre Chemo-N0 trial validates ASCO-recommended biomarkers uPA and PAI-1 for therapy decision making in n ode-negative breast cancer patients, Eur J Cancer (2013)

•

  Similar predictive performances of Cox regression (c-index 0.67 -0.72), random survival forest (c-index 0.67-0.71) and a novel mechanistic model (c-index 0.63 -0.70) for pure prediction • Predictive power is confirmed (improved) in an external data set

Results•Figure 0

 0 Figure 0.0.11: Result of the basic simulation with all the parameters (↵ 0 , , µ, ) free. (Top left) the cumulative distribution function at the time points of the clinical examinations; (top right) the predicted

  to the rst cancer cell, parameter α 0,p is the speci c growth rate (i.e.

  and di erent growth models. e general modeling framework we employed was the work of Iwata et al. 31 . It consists in modeling the population of metastases by means of a d density ρ t s ( , ), of use to distinguish between visible and invisible tumors. Metastatic development is reduced to two main phases: dissemination and colonization 75 . e multiple steps of the meta-56 are aggregated into a dissemination rate with expression:

  number of successfully born BM per unit of time. In this expression, the geometγ corresponds to the intra tumor repartition of the cells susceptible to yield metastasis and µ is er cell probability for such cells to overcome all the steps of the metastatic cascade (acquisition of eci c mutations, epithelial-to-mesenchymal transition, invasion of the surrounding tissue, intravaal in transit, extravasation and survival in the brain). For γ = 1 all cells in the PT have equal proba-BM whereas a value of γ = 0 indicates a constant pool of cells having metastatic ability (cancer stem ediate values 0 < γ < 1 can be interpreted as the geometric disposition of the metastatic-able cells, surface of the tumor (γ = 2/3) or a fractional dimension linked to the fractal nature of the tumor Assuming further that the growth of the metastasis follows a gompertzian growth rate β possibly equal (basic model (A)) or distinct (di erent growth model (B)) com-T ones, the density ρ satis es the following transport partial di erential equation 31 :

  a BM at birth (here assumed to be one cell). From the solution to this equation, the main terest for comparison to the empirical data is the number of metastasis larger than a given size s ize distribution): metastases -denoted N(t) -is obtained by using s = V 0 above and its expression can be uted without solving the entire problem (3) as it is given by: PT pre-treatment + fit PDE to discrete dataOngoing (collab. P. Schlicke, TU München)• Extend to larger cohort: complex treatment histories • Include effect of treatment ⇒ g(t, v) ⇒ nontrivial difficulties for param estimationDifferential effects of anti-angiogenic therapies between primary tumor and metastasesSimulations of the effect of neoadjuvant sunitinib treatment on metastases suggest no effect on growth of metastases•Parameter values from the previous study on control groups ⇒ simulations are pure mechanistic predictions • In first approximation, the effect of the drug was modeled by setting the tumor growth rate to zero during the phase Median simulation primary tumor Median simulation metastatic burden scenario A Median simulation metastatic burden scenario B 10 th and 90 th percentiles primary tumor 10 th and 90 th percentiles metastatic burden scenario A 10 th and 90 th percentiles metastatic burden scenario B Scenario A Scenario B Nicolo et al. (Ebos, Benzekry), in preparation, 2021

  

  

  

  

  

  

  

approach considers each subject independently Statistical procedure for model calibration: nonlinear mixed effects modeling

  

	Likelihood maximization	Subject 1 ≤ i ≤N, Time tj
		Lavielle,CRC press, 2014

TABLE 1 .

 1 Parameter Estimates

	Parameter	Estimate	Relative Standard Error (%)
	Model without covariates		
	log α pop	-6.34	12.6
	log µ pop	-26.8	3.68
	σ	0.542	28.4
	ω α	3.37	36.4
	ω µ	3.78	15.9
	Model with covariates		
	log α pop	-9.01	10.8
	β Ki67,α	0.093	29.6
	β CD44,α	0.017	57.7
	log µ pop	-25.9	4.4
	β EGFR,µ	0.053	38.1
	σ	0.606	24
	ω α	2.75	22.1
	ω µ	3.03	20.5
	NOTE. Mechanistic mixed-effects models for the time to metastatic relaps
	fitted to the data using likelihood maximization. Parameters α (growth) and

(dissemination) were assumed to follow log-normal distributions with fixed e (typical values) α pop and µ pop , standard deviation of the random effects ω α a and standard deviation of the error model σ (see Methods). A first version was without covariates and a second version included dependence of the indiv parameters on individual covariates. P value refers to a Wald test for statis significance of the covariate on the parameter value. Nico Feature selection:

random survival forests c-index = 0.69 (0.67 -0.71)
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M. Dmitrievsky, https://www.mql5.com/en/articles/3856 Ishwaran et al., Ann Appl Stat, 2008 ⇒ nonlinear effect of covariates and non proportional hazard DMFS = Distant Metastasis-Free Survival Mechanistic selection: backward stepwise selection

Initial model All possible sub-models Sub model with best BIC* *Bayesian Information Criteria, classical criteria for model selection the model remained within the Kaplan-Meier 95% CIs in all cases, we observed that model predictions tended to be less accurate as the tumor size increased, with overestimation of the relapse risk for large PT sizes. Mechanistic Covariate Analysis and Predictive Power of the Mathematical Model

TABLE 1 .

 1 Parameter Estimates Mechanistic mixed-effects models for the time to metastatic relapse were fitted to the data using likelihood maximization. Parameters α (growth) and µ (dissemination) were assumed to follow log-normal distributions with fixed effects (typical values) α pop and µ pop , standard deviation of the random effects ω α and ω µ and standard deviation of the error model σ (see Methods). A first version was fitted without covariates and a second version included dependence of the individual parameters on individual covariates. P value refers to a Wald test for statistical significance of the covariate on the parameter value.
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TABLE 1 .

 1 Parameter Estimates

	Parameter	Estimate	Relative Standard Error (%)	P
	Model without covariates			
	log α pop	-6.34	12.6	
	log µ pop	-26.8	3.68	
	σ	0.542	28.4	
	ω α	3.37	36.4	
	ω µ	3.78	15.9	
	Model with covariates			
	log α pop	-9.01	10.8	
	β Ki67,α	0.093	29.6	.001
	β CD44,α	0.017	57.7	.083
	log µ pop	-25.9	4.4	
	β EGFR,µ	0.053	38.1	.009
	σ	0.606	24	
	ω α	2.75	22.1	
	ω µ	3.03	20.5	

NOTE. Mechanistic mixed-effects models for the time to metastatic relapse were fitted to the data using likelihood maximization. Parameters α (growth) and µ (dissemination) were assumed to follow log-normal distributions with fixed effects (typical values) α pop and µ pop , standard deviation of the random effects ω α and ω µ and standard deviation of the error model σ (see Methods). A first version was fitted without covariates and a second version included dependence of the individual parameters on individual covariates. P value refers to a Wald test for statistical

TABLE 2 .

 2 Prediction Metrics for Classification of 5-and 10-Year Metastatic Relapse For comparison purposes between time-to-event and classification models, prediction metrics performed on the entire data set are reported. The best score achieved for a given metric is shown in bold type.Abbreviation: AUROC, area under the receiver operating characteristic curve.

						Positive Predictive	Negative Predictive	
	Algorithm	AUROC	Accuracy	Sensitivity	Specificity	Value	Value	F1
	5-year							
	Mechanistic model	0.73	0.68	0.75	0.67	0.19	0.96	0.30
	Random survival forest	0.73	0.69	0.64	0.70	0.18	0.95	0.28
	Random forest	0.75	0.66	0.71	0.66	0.18	0.96	0.28
	Logistic regression	0.75	0.83	0.42	0.87	0.24	0.94	0.31
	k-Nearest neighbor	0.62	0.91	0.02	1.00	0.41	0.91	0.05
	Gradient boosting	0.71	0.90	0.11	0.98	0.36	0.92	0.17
	Support vector machine	0.64	0.87	0.09	0.95	0.15	0.91	0.11
	Cox	0.71	0.72	0.66	0.73	0.20	0.95	0.31
	10-year							
	Mechanistic model	0.67	0.67	0.62	0.68	0.30	0.89	0.41
	Random survival forest	0.69	0.62	0.71	0.60	0.28	0.90	0.41
	Cox	0.65	0.65	0.61	0.65	0.28	0.88	0.39
	NOTE.