Supplementary Materials and Methods
Detailed description of computational model (Version 10.7). The simulation experiments and analysis were performed using the predictive tumor model, a comprehensive and dynamic representation of signaling and metabolic pathways in the context of cancer physiology. It provided an integrated view of all disease phenotypes. The simulation model was based on functional proteomics abstraction and enabled transparency into all internal markers with ability to run drug studies, manipulate target(s), and study impact of hypoxia and tumor microenvironment.
We adopted a bottom-up approach for building the model. The referenced current version of cancer model included more than 10,500 intracellular biological entities and ~16,000 reactions representing their interactions regulated by ~35,000 kinetic parameters. This comprised coverage of the kinome, transcriptome, proteome, and to some extent the metabolome. The simulation model included representation of signaling pathways and their complex regulatory loops such as growth factors like EGFR, PDGFR, FGFR, c-MET, VEGFR and IGF-1R, cell cycle regulators, mTOR signaling, p53 signaling cascade, apoptotic machinery, DNA damage repair, cytokine pathways like IL1, IL4, IL6, IL12, TNF; lipid mediators and tumor metabolism, oxidative and ER stress, autophagy and proteosomal representations and many others. There were 142 kinases and 102 transcription factors modeled in the system. Mathematically, we modeled the time-dependent changes in the fluxes of individual pathways using modified ordinary differential equations (ODE) and mass action kinetics.
We showed a simulation of the regulatory pathways as a demonstration of how the simulation model were developed, including the equations and parameters used. As seen in Additional file 5, important signaling cascades, which were effecting PD-L1 expression, were present. The network majorly flowed through activation of Ras → Raf → MEK → ERK via SHC/GRB2/SOS; activation of PI3K → AKT → mTOR signaling axis via GAB1; JAK1/2-mediated phosphorylation of STAT's that dimerized to become active transcription factors. All these signals converged to important transcription factors like NFKB, AP1, STAT3, and STAT1, which regulated PD-L1 expression.
For clarity of representation, we retained major network and cascades, which were known to impact the PD-L1 expression directly or indirectly. Modulators (like activators, inhibitors and co-activators) from other pathways were removed for the purpose of this representation. For instance, more than 10 modulators affected the activation of NFKB and STAT3/STAT1. However, for simplicity, in the snapshot we present here, we showed only few of these modulators. The representation of each of the important reaction nodes were elaborated in Additional file 5, which enlisted all the important reactions of the pathways contributing to PD-L1 module, the reaction equations used and literature reference for the link.
Similar to the above mentioned pathway, we developed different pathways/signalings as separate modules and integrated them with other pathways, such as HGF-Met, IGFR, PDGFR, GPCR-mediated signaling etc. The cross talks between these integrated modules included convergence of signals on common downstream effectors, feedback and feed-forward loops etc. The key differentiator of our modeling approach was its ability to represent the emergent behavior of the cell as an integrated unit, owing to the coverage and integration of various pathways and their cross talks in the same simulation.

	Detailed description of computational model using a representative example of phosphorylation of STAT3 by mTOR signaling pathway: [STAT3 → STAT3_p → PD-L1 mRNA → PD-L1]
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We modeled this reaction as a simple Michaelis-Menten equation with:
· Substrate – STAT3,
· Product1 – STAT3_p,
· Product 2 – PD-L1 (transcribed by STAT3)
· Activated by A, and
· Inhibited by 4 inhibitors – In_1, In_2, In_3, and In_4

A(mTOR) is the activated by NRAS-PIK3CA-AKT1-RHEB signaling pathway. The 4 inhibitors were:
· In_1 – PIAS3
· In_2 – SOCS1
· In_3 – SOCS3
· In_4 – STAT3 phosphorylated at Serine 727

We used the following flux equation:
(Vf_A_app * STAT3 concentration) /( Km_STAT3 + STAT3.concentration).

Vf_A_app = Vf A / {1 + (In_1 concentration/Ki_In_1)+(In_2 concentration/Ki_In_2)+(In_3 concentration/Ki_In_3)+(In_4 concentration/Ki_In_4)}

Vf defined the rate of the reaction. It was the product of the concentration of Kcat (rate of driving the reaction) and the concentration of activator.
Km was the affinity of the substrate (low Km indicating a high affinity).
Ki of an inhibitor was the parameter that determined the extent of inhibitory influence of the inhibitor on the reaction. Mathematically, it was the concentration of the inhibitor required to inhibit the reaction by 50%.

In the cell, the process of signaling and regulations involved protein-protein interactions and physical binding of substrate proteins and their modulators. These were represented as activations or inhibitions capturing the functional impact in the predictive simulation model. The details for the regulations modeled above were enlisted in the following table.

	Details for the regulations modeled in the reaction

	Mechanism
	Description
	Parameters
	Reference

	Activation
by A
	mTOR mediated activation of STAT3
	Concentration of A = Dynamic*

Kcat of A = 0.419 1/sec
Vf of A = Kcat*dynamic concentration of A
Km of STAT3 = 1 uM

Concentration of STAT3 = 0.5 uM
	[1, 2]

	Inhibition
by In_1
	PIAS3 mediated inhibition of STAT3-Tyr705 phosphorylation
	Concentration of PIAS3 = 0.1 uM

Ki of PIAS3 = 0.1 uM
	[3-5]

	Inhibition
by In_2
	SOCS1 mediated inhibition of STAT3-Tyr705 phosphorylation
	Concentration of SOCS1 = Dynamic**

Ki of SOCS1 = 19 uM
	[6-8]

	Inhibition
by In_3
	SOCS3 mediated inhibition of STAT3-Tyr705 phosphorylation
	Concentration of SOCS3 = Dynamic**

Ki of SOCS3 = 0.3 uM
	[9-12]

	Inhibition
by In_4
	STAT3_Ser727p mediated inhibition of STAT3 -Tyr705 phosphorylation
	Concentration of STAT3_Ser727p = Dynamic***

Ki of STAT3_Ser727p = 6.2 E-4 uM
	[13-16]

	PD-L1 Transcription
	STAT3 mediates Transcription of PD-L1
	Concentration of STAT3 = Dynamic*

Vf of A = 3.58E-2

Km of STAT3 = 1 uM
	[17]

	PD-L1 Translation reaction
	Synthesis of PD-L1 protein from its mRNA
	Concentration of STAT3 = Dynamic*

Vf of A = 0.1

Km of STAT3 = 0.1 uM
	[17]

	*        Concentration of complex A (mTOR with RHEB GTP) is dynamically generated in the model when mTOR is activated by other Kinases like AKT.
**       Concentrations of In_2(SOCS1) and In_3(SOCS3) are dynamically generated as their transcription by factors like STAT1, STAT3 etc. is modeled.
***     In_4 (Ser727 phosphorylatedp form of STAT3) is dynamically generated in the model by phosphorylation of STAT3 at serine727 by kinases such as CDK1, JNK, and ERK etc.
****    PD-L1 transcription is mainly dependent on Transcription transcribing it i.e. STAT3 which is dynamically controlled by other factors mentioned above.
*****  Similarly, PD-L1 is protein synthesis is dependent on PD-L1 mRNA, which is generated dynamically from PD-L1 transcription.



Since parameters such as Kcat /Km/Ki were not well reported for signaling reactions, the parameters were reverse engineered to align to the reported end point effects in the experimental literature, which became the alignment data used.
The method of developing different integrated cell systems described above was referenced in our publications that were used in similar simulation-based approach. Importantly, we validated this simulation model extensively against prospective and retrospective in vitro and in vivo experiments.
Our simulation model aligned with NCI guidelines and emphasized robust evaluation of predictor models to determine their accuracy and completeness in addition to identifying outliers.

Creation of patient profile for SA97V5. For creation of computational patient profiles first non-transformed cell models (e.g., models not containing any specific mutations and copy number variations) were used that contained integrated cancer cell networks. These networks were created from published reports on cell receptors, signaling pathways, pathway signaling intermediates, activation factors, transcription factors, and enzyme kinetics. Information on gene functionality and links between different genes, proteins, and pathways were manually researched, analyzed, curated, and aggregated to construct the integrated network maze. Reactions were modeled mathematically using Michaelis–Menten kinetics, mass action kinetics, and variations of these representations.
To start, the same non-transformed cell model was simulated until the system reached homeostatic steady state aligning it to a normal cell non-tumorigenic physiology. This established the control baseline. Patient-specific mutation profiles were annotated into the cancer physiology network model, and it was simulated to induce the profile-specific states and to predict profile-specific dysregulated pathways. The time required to achieve a network varied depending upon the complexity of the profile definition.

	Creation of patient profile for SA97V5

	[image: ]



The SA97V5 patient-specific computational model was determined. Presence and impact of deleterious gene mutation and copy number variations on gene function were assessed. Information was imported into non-transformed predictive computational simulation models to create cell line-specific computation models.
[bookmark: _GoBack]As an example mutation reported in the patient profile SA97V5 included ANK2, TP53, AMPK, and IRS1. The simulation mutation trigger file for this cell line included the following: 1) increased parameters that define the function of ANK2 such as co-activation of growth factor receptors like KDR, IGF1R and EGFR. 2) decreased level of functional for TP53, 3) decreased level of functional for AMPK(PRKAA1), and 4) increased parameters that define the function of mutant IRS1, such as activation of Kinases like PIK3CA.
The trigger file containing mutations or copy number variations (cnv) for patient SA97V5 were present in the below mentioned table. The magnitude of perturbation of the genes in trigger file was optimized based the following factors: 1) importance and relevance of mutation/cnv for that specific cancer indication profile, 2) frequency of occurrence of mutation/cnv in that cancer indication, and 3) priority to the genomic alteration found across diverse cancer types. Patient profile-specific PD-L1 expression was reported as a percent change with respect to non-tumorigenic base-line controls and calculated within other patient profile separately. The percent change was calculated as ((D/C)-1)*100, where C is the absolute value of the non-tumorigenic base-line control (μM) and D is the absolute value of the bio-marker obtained in the cell line-specific network (μM). The same methodology was predicted for calculating percentage change for other markers also.



	Mutations or copy number variations for patient SA97V5

	Patient ID
	Mutations & CNV

	SA97V5
	TP53(DEL), TAF15(DEL), IRF9(DEL), NTRK3(DEL), PRKAA1(DEL), PTGIR(DEL), PTPN11(DEL), ITGB3(DEL), CXCR4(DEL), JAK2(DEL), BRCA2(DEL), PPP1R3A(DEL), PAX8(DEL), YWHAZ(MUT), TWIST1(MUT), ERBB3(MUT), CHN2(MUT), LCP2(MUT), SMARCA4(MUT), AMPD1(MUT), BCL2L11(MUT), RPIA(MUT), KDM5C(MUT), MED12(MUT), ATG13(MUT), APAF1(MUT), ZEB2(MUT), STAG2(MUT), SLC44A1(MUT), KMT2C(MUT), IRF8(MUT), CUL2(MUT), CREBBP(MUT), AGAP2(MUT), PREX1(MUT), IRS1(MUT), CLTC(MUT), NCOR2(MUT), UMPS(MUT), NR1H2(MUT), INSIG1(MUT), DHX38(MUT), TET1(MUT), ULK3(MUT), PPM1B(MUT), HK1(MUT), PPP1CC(MUT), RNF2(MUT), LTBP2(MUT), ITGAM(MUT), DYRK1A(MUT), CDKN2A(MUT), PPAT(MUT), HDAC6(MUT), BCR(MUT), LZTR1(MUT), RIPK4(MUT), SH3PXD2A(MUT), PIK3C2B(MUT), ABCC4(MUT), PPP1CB(MUT), PAX8(MUT), DUOX2(MUT), TOPBP1(MUT), AXIN2(MUT), ANK2(MUT), SEMA5A(MUT), TLN1(MUT), PTPN11(MUT), FASN(MUT), SRGAP1(MUT), ITGB1(MUT), CARD11(MUT), PDIA3(MUT), KDM6B(MUT), CDC42BPA(MUT), PTGER3(MUT), ROCK1(MUT), MMP16(MUT), MKNK2(MUT), 

	* CNV depicted in reddish-brown color and mutations are present in black color.
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