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by exterior layers of cells but also due to a corabon of
short half-life and slow diffusion;
3. Administration of glucose competitors is onlyi@ént if the

comprehensive theoretical quantitative model mesuged to
describe the Interactions of cell resistance mashan and
tumor microenvironment during chemotherapy.

Goals

1. Understand how tumor chemo resistance is enfdogets
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could be achieved, even tumor resistant populatraalication
by energy starvation.

Our next steps will be to study how tumor angiogsne
may Increase sensitivity to therapy and how nomasibn of
this vascularization could improve chemotherapyltesu

tumor microenvironment as an avascular sphericabtunass
embedded In a volume of well vascularized tissual an
simulated different tumor progression and therapgtegies
(chemotherapy protocol, use of pH buffers and gaco
restriction) and selected those that led to tunmadieation or
prolonged survival in case of resistant tumors.

Tumor population was composed of cells presentiffgrdnt

values for the following phenotypes: glucose constumn, acid
resistance, drug resistance and proliferation rate.

We expect that the use of minimum amount of drufcsent

to keep tumor size stable will yield better restiftan MTD In
tumors presenting a resistant subpopulation. We algect
that restriction of glucose availability throughD2oxyglucose

Figure 4. Each simulation started with a tumor in the center of simoulagpace with a population of cells randomly distributediapatand possessing random phenotypic values for
hyperglycolysis (increase in glucose metabolism: GLMQ)g resistance (RX RES), proliferation (PROLI), moti(MOT), resistance to low extracellular pH (PH RESI). Untreated tumor
reached limit size (1.0 in charts, equivalent to 3,600 aelmodel) in 22 weeks. A tumor treated with a constant high doseugf(@0mM) initially responds to treatment but eventually
develops chemo resistance and resumes growth. The use of a glolcpstitor, two-deoxyglucose (2DG) at concentrations similadiooge serum levels (5mM) does not affect tumor
growth significantly. Combinations of chemotherapy and glucosgettor in synchrony or alternated do not show significantréiffees as compared to chemotherapy alone.

The administration of the minimum amount of drug necessary to keep gireostable, however, is capable of keeping tumor below theatiize for longer time and with lower dose

concentrations, as previously predicted in mathematical iswde
\ m ext steps e

Glucose diffusion rate: 5x10-6 éfn Figure 5. Our next steps are to repeat the
Bicarbonate diffusion rate: 5x10-6 cm2/s | simulations in a tridimensional model
Oxygen diffusion rate: 1.5x10-5¢/8 i
CO, diffusion rate: 1.5x10-5cm2/s
Blood [HCG;]: 33.13 mM
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our preliminary conclusions.
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regions of tumor and, together with systemic adstration of
PpH buffers, reduce glycolysis mediated acidificatiand acid
mediated apoptosis of host cells in tumor-hostiate.

Simulation space dimension: 60 x 60 cells
Blood pH,: 7.2
Blood [Glc].;: 5SmM
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