Supplementary information for manuscript: 
Artificial Molecular Network (AMoNet): graph learning for cancer survival prediction from targeted sequencing
Loïc Verlingue1,2,3,4*, Christophe Massard2, Laurence Calzone1 and Emmanuel Barillot1*
1 INSERM U900, Institut Curie, PSL, 26 rue d’Ulm, 75005 Paris, France 
2 DITEP (Drug Development Unit), Gustave Roussy, 114 rue Edouard Vaillant, 92800 Villejuif, France.
3 Centre Léon Bérard, 28 Prom. Léa et Napoléon Bullukian, 69008 Lyon
4 INSERM U1030, Gustave Roussy, 114 rue Edouard Vaillant, 92800 Villejuif, France.
*To whom correspondence should be addressed.

Supplementary Introduction
Homeostasis in biology
Homeostasis rules out the equilibrium of most biological systems, for example human cells and their interactions. Homeostasis is characterized by robust maintenance of the cell functions (such as the filtration by hepatocytes, contraction of cardiomyocytes, etc...) under certain conditions. Robustness relies on a natural resistance to some external stimulus either by filtering it or diluting its effect in the systems, by several means. Biological systems’ architectures are necessary for homeostasis 1.
Homeostasis is a foundation of multicellular organisms. Multicellular organisms (such as humans) are “semi-close” systems where protein production and activities are enclosed within cells, activities of cells are enclosed within organs and specialized organs communicate with each other through interfaces and other compartments (such as the plasma). This multistep compartmentalization consequently encloses the signals in multiple homeostatic systems, and filters signals heading outwards. 
In practice, even if some diseases can be influenced by specific inputs - such as chronic sugar intake for type 2 diabetes (T2D) - the relations between inputs and outputs are nevertheless relatively sparse and nonlinear: for example sustained sugar intake is barely used to predict the heterogeneity of T2D complications. Conversely, stopping excessive sugar intake will not reverse T2D complications immediately and completely 2. 
Concerning cancers, most risk factors such as exposure to carcinogens (smoke, UV lights, among others) are considered as triggers but are too few to be reliably used to predict the heterogeneity of cancers and outcomes: for example smoke is a major risk factor for a wide range of cancers such as lung, head and neck, bladder, among others, that have very heterogeneous phenotypes and outcomes. 
If inputs have limited influences on stable biological systems, inputs can be preferably seen as triggers for change: providing sufficient energy to get out of the strong stable state of the system 3. Inputs therefore poorly relate to the fate of the system. Again, there is too few information in such high “energy” inputs to efficiently predict the heterogeneous outcomes of the system. Most drastic changes in organisms and acquired diseases thus rely on the modifications of homeostatic systems, passing through a phase of instability and then finding new equilibrium, leading to heterogeneous outcomes. In the context of sparse input data and heterogeneity of outcomes, the prediction task with classical statistical models is therefore theoretically difficult. Using known architectures ruling out the behavior of biological systems could influence new machine learning approaches. Graph models are a type of model architecture influenced by know graphs networks, and can thus provide useful bias to the predictions. 
Prior-knowledge and machine learning
Mathematical models of molecular systems have long been used to understand and predict biological mechanisms such as cancer development 4 5.  Mathematical modeling strategies usually use either prior-knowledge approaches (i.e. bottom-up, mechanistic modeling, human intelligence) or data-driven approach (i.e. top-down, machine learning, artificial intelligence) 6. The main advantage of prior-knowledge approaches is interpretability of the model and for data-driven approaches is prediction performance. Here we advocate for a mixt approach to improve understanding of cancer behaviors and efficacy to predict the effect of molecular alterations.
Prior-knowledge modeling usually relies on detailed descriptions of biological systems to build and simulate mechanistic models 7. Hopefully many of the biological mechanisms in human physiology have been described recently 8 9 10 11. The limit of such approach is that multicellular organisms rely on large and complex systems. For example, given the 20k human proteins, the whole protein-protein interaction (PPI) network encompasses millions of possibilities. Also some biological knowledge can usually be lacking in parts of big systems. Simulating big mechanistic models can also be computationally challenging. It is even worse when inferring unknown parameters of the model 7.
Recent developments of machine learning have focused on training millions of parameters (i.e. deep learning) 12. Prediction performance of deep learning models usually scales with the number of training data 13. In the clinic, the number of patients with molecular data in homogeneous cohorts (unique type of cancer and homogeneous follow-up) is usually scarce, which limits the performance of integrative analysis 14. A solution is to constrain models architectures on prior-knowledge and train it with deep learning methods to learn unknown parameters. This should increase the bias of deep models and thus improve combinatorial generalization 15. Moreover it should improve computational scalability of the training and interpretation of optimized models. 
Application to cancer molecular alterations
Features that sustain cancer systems are many: risk factors (for e.g. smoking), random mutations 16 and new (non-homeostatic) equilibrium characterized by evolving and complex molecular alterations 17 3 18. These genomic alterations modify the stability of the system and can lead to very heterogeneous and non-linear phenotypes. 
Nevertheless, important cancer driver genes can, alone, influence spontaneous outcome and lead to efficient targeted treatment effect 19. The biggest success stories of personalized cancer medicine rely, to date, on direct inhibition of single mutations with strong driver effects (ERBB2, EGFR, and BRAF among others). A limit is that most of oncogenes-targeted therapies result in secondary resistance mechanisms 20. Resistance mechanisms often rely on gatekeeper or bypass mechanisms that take advantage of the molecular network to recover cancer cell hallmarks. 
There should be an advantage to take into account several gene alterations, compared to single gene alteration, to better predict patients’ prognostic and hopefully treatment effect. Nevertheless, linking whole cancer molecular alterations to the anti-tumor effects of a large collection of targeted drug treatments in cell lines has shown very limited prediction efficacy with classical machine learning methods but has improved with deep learning methods 21 22 23. An important challenge persists to use targeted sequencing in the clinic, such as for survival prediction. 
Comparison with published approaches
There is a clear majority of papers published with models using gene expressions as input compared to gene mutations for cancer prognosis estimation. Many papers used integrative gene expression for survival prediction of lung adenocarcinomas with machine learning methods, with various performance results 24 25 26. A paper designed a SVM model with 85-gene mutations as input to predict two prognostic groups during the first 3 years of follow up (deceased versus alive patients), excluding censored patients, from 371 TCGA lung adenocarcinoma patients. Feature selection was performed on the same cohort (exposing to data leakage) and cross validation AUC was 0.846 27. Another paper used Cox model with prior feature selection method to compute somatic mutation signatures and achieved a log rank test p-value = 0.0101 for the lung adenocarcinoma cohort 28. 
Concerning network-based machine learning approaches, a graph model for prognosis prediction of pan-tumor TCGA cohort achieved modest performance, with median cross validation C-index = 0.5 – 062 29. Another paper has used ovarian cancer from Xena Public Data Hubs and preprocessed the data with graph diffusion to perform hierarchical clustering and decipher a group of good prognosis with log rank p-value = 0.008 30. Conversely, papers that have used gene expression data as input are many with various performance up to an AUC = 0.8 for a result on a sub-group on cross validation 31 32 33.
Supplementary Material and Methods
AMoNet R package was built with standard S3 functions such as simulate(), predict(), plot(), and main functions such as build.AMoNet() and train.AMoNet(). The package comes with vignettes, full documentation and publically available code (Supplementary figure 1).
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[bookmark: _Toc109986382]Supplementary Figure 1: R AMoNet package organization with functions
Building molecular networks in AMoNet
Building various types of molecular networks is automatic given user-defined parameters such as biological functions and/or lists of genes. A network is built from public biological interaction databases and public gene sets, available in AMoNet package. Adding a phenotype and an outcome layer to the molecular network are simply controlled by two arguments in the build.AMoNet() function. The user can also choose to load ready-to-use models.
1. From biological interaction and gene lists to AMoNet 
Molecular networks are built from public directed biological interaction databases available in the package 8 9 10 11. The molecular network is then connected to phenotypes, called the “phenotype layer” that is built from known gene sets 34 35. Connections are directed from proteins present in the network to the node corresponding to the gene list name (the “phenotype”) without recurrent influence. If argument “RestrictedBase” is set to TRUE, it uses the gene lists to further restrict the input “InteractionBase” for building. “RestrictedBuilding” is another option to filter out genes with no recurrences in the network per iteration. Finally, the user can add an output layer (“outcome layer”) that represents patients’ survival probabilities simply by setting argument “Interval” to user-defined time intervals. 
Doing so, levels of representation/abstraction are gradually increased: 1) the molecular network is very detailed at the level of the proteins; 2) the phenotype layer integrates known biological phenotypes and 3) the outcome layer represents survival (Supplementary figure 2). Such representation allows using AMoNet on various tasks (prediction of gene expression, phenotype or outcome) with architecture influenced by multilayer regulation of human physiology. 
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[bookmark: _Toc109986383]Supplementary Figure 2: architecture of the molecular network used in AMoNet paper. 
This network was automatically built from the interactions between TP53, MTOR and EGFR, with building restricted to feedbacks and input database restricted to the phenotype database (gene sets available in the package). It is composed of 162 species and 104 genes or proteins. AMoNet architecture can link a biological interaction network to additional layers: an optional phenotype layer (derived from gene sets) and an optional outcome layer that represents time intervals. See vignette “AMoNet_overview” for code.
2. Functions used for the building procedure 
a. Formats of database used for building
The bases format (biological interaction and gene sets) are the following: source biological entities as first column (named “source_hgnc”), interaction type as second column (named “interaction_directed_signed”, containing the two variables: “ACTIVATE” or “INHIBIT”) and targets as third column (named “target_hgnc”).
b. The biological interaction layers
In AMoNet package, the first step is to initialize AMoNet with the name of biological entity (ies) (gene(s) or protein(s) such as TP53, EGFR and MTOR in supplementary figure 2). This list serves to extract all related interactions from the base biological interaction. The resulting network is automatically pruned: nodes without incoming edges or without target interactions are suppressed. The next step consists in finding and integrating all the new biological entity in the network from the base biological interaction. These 2 steps are run iteratively until the size of the network stabilizes, i.e., as long as removed nodes can unveil new partially connected nodes (for code see inner function NetBuilding() called by build.AMoNet()).
Parameters used to direct the search within the biological interaction database need to be set: 
1) The number of connections to explore from a given protein (by default is 1, meaning that it takes the species directly connected to the gene query) (argument “nblayers”); 
2) The minimal number of connections required to keep a node in the network (argument “MinConnect”). When a node is discarded, its sources and targets are automatically replaced by the product of the Boolean relations between input(s) and output(s). For example in case of double inhibition, the new edge will be activation; 
3) A parameter specifying if at each iteration the network keeps only the new nodes with already a partner in the network at the previous time step (argument “RestrictedBuilding”); 
4) A parameter that restricts the size of the biological interaction to only the genes directly related to the phenotype layer (argument “RestrictedBase”, together with the “MECA” argument used to select the corresponding gene sets). 
These parameters have an impact on the size of the final network. This can be useful to build small networks and improve interpretability, increase computational speed, or obtain a cell type specific model, among other advantages. The combination of parameters can lead to a great variety of networks tailored to the needs of the user (supplementary figure 2).
c. The phenotype layer
Building the phenotype layer uses a gene set database, either provided by the user or using the default one in the package. Default gene set database comprises hallmarks of cancer from msigdb and immune gene sets from LM22 34 35.  
d. The outcome layer
The outcome layer is optionally built given the user-defined number of units required as outputs (argument “Interval”). The name “Interval” comes from the specific ability of AMoNet models to handle and learn from survival in the form of discrete time (i.e. intervals, detailed in the Survival Loss paragraph).  
e. Initialization
During the building phase, weights are initialized and stored in the AMoNet object. Options to set the type of weights is the type of optimizer that will be used for training (argument “Optimizer”) and the type of unit used (either vanilla or LSTM, Boolean argument “LSTM”). Distribution of weights initialization values are controlled with the arguments: “MeanWinit”, “SdWinit”. A scaling option to use Xavier initialization is performed by default. 
AMoNet Simulation
1. How the molecular network architecture influences the computations
The architecture of classical neural networks (i.e multilayer perceptron, MLP) is based on fully connected directed acyclic graphs (DAG). Outputs are computed by a forward matrix calculation and corrections of outputs’ errors are computed by correcting parameters w and b with back propagation of the gradients (see Learning paragraph). Convolution neural networks vary from MLP in its calculation and dimensions, but share the same fully connected DAG architectures. AMoNet vary from these neural networks architectures as it is based on sparsely connected graph with recurrences.
In AMoNet, the units (or nodes) correspond to biological entities such as genes, proteins, biological complexes or phenotypes (potentially including cell, organ, organism’s behaviors, and organism’s survival). Connections (or edges) in the network represent interactions between proteins, influences of proteins’ activities on phenotypes, among other types. AMoNet models are therefore sparsely connected because of the configuration of molecular network (based on biological interaction networks), and recurrent because of the presence of feedbacks in biological signal flow 6. For example, a signal initiated by the EGFR protein on the cell membrane diffuses up to ERK through a scaffold of other proteins, and ERK itself can inhibit EGFR activity thus stopping the source of the signal 36. In AMoNet interactions are directed and signed. Protein A can either activate or inhibit protein B with or without being itself influenced by protein B (supplementary figure 2). Interactions can be either positives (positive weights, activations) or negatives (negative weights, inhibitions). This is a proxy to real biochemical interaction. 
AMoNet thus constrains the models to be close to the known biological structures. Using prior-knowledge graph structures supposed to drive relational inductive bias during learning that has been proposed as a generalization advantage 15. In Systems Biology, simulation of mathematical models build from molecular networks usually relies on iterative updates of the nodes’ and/or model’s activities. Update formalisms often used are Boolean, Bayesian or quantitative differential equation computation 6 37 38 7. Simulation of large molecular networks is classically computationally requiring with these formalisms. AMoNet thus proposes adaptation of classical neural networks feed-forward updates to simulation of Systems Biology model.
2. Unit update formalisms 
a. Vanilla update formalism
Feed forward computation of neural networks usually relies on running iteratively functions enclosed in layers of nodes of the DAG, also called node or units updates 39. Classical nodes’ updates in neural network are defined by the following linear equation:
 	(eq. 1)
activated by a nonlinear function. The most frequently used non-linear activating functions are sigmoid, tanh, ReLU or modified ReLU which are implemented in AMoNet package and can be user defined. In eq 1, the parameters to optimize are w and b (see Learning paragraph). 
b. Advanced formalisms
The classical learning methods for most neural networks are gradient descent-based. In very deep neural networks or in recurrent neural networks, the diffusion of the gradients throughout the network can expose to the risk of vanishing and exploding gradients. Among several methods (gradient clipping or ReLU activation function), the design of advanced unit update functions has been proposed such as LSTM or GRU 40. LSTM units have been implemented in AMoNet and can be used at the discretion of the user (parameter “LSTM” set to TRUE or FASLE). 
3. AMoNet simulation method
The recurrences (translating feedbacks in biological signaling pathways, transcription regulations or cell-cell interactions) imply that the activity of a downstream node can influence the activity of an upstream node (as exemplify by the EGFR signaling pathway described above). If it is assumed that at time, a node B is updated by node A, and at time , node B influences the update of node A and/or of upstream nodes, then at time , the state of node B is thus updated by the state of node A, etc. Such pattern can also be less direct (with multiple intermediate nodes), referred to as circuits in the network, influencing the global network activities. 
With such feedbacks, the value of the outputs of the network can vary in time. Stable activities of nodes are usually reached by iterative updates (i.e., a simulation). Stable activities are called attractors. Attractors are composed either by stable states or limit cycles 6 (supplementary figure 3). 
Stable states of nodes activities are reached at time  when new steps of nodes’ updates do not modify the node activities anymore. Limit cycles can be identified when some nodes’ activities are oscillating. Identifying such stable states or oscillations is relevant when simulating molecular network models: they can be used to represent the equilibrium (homeostasis) of biological systems. This is a major difference with fully connected DAG, where single feed-forward propagation is sufficient to compute stable node activities.
Classically, updates of the model can be performed synchronously, or asynchronously. In AMoNet we introduce semi-asynchronous updates to improve computation speed. Synchronous updates assume that all nodes of the model are updated all at once at each step. This strategy has the advantage of being computationally cheap but is conceptually far from known biological behaviors. With asynchronous updates, nodes are updated one at the time. This strategy is supposed to be closer to most biological signaling mechanisms (such as described with EGFR signaling pathway, which activates proteins one by one). 
The semi-asynchronous simulation framework benefits from the analysis of the network architecture to improve computational speed with matrix multiplication (from synchronous update) but keeps the theoretical advantage of asynchronous updates. To do so, the network is organized in layers, defined by the order of the nodes reached from the back-propagation of the signal, starting from the outputs of the network. During a simulation, the update is thus performed layer by layer starting from the farthest nodes up to the outputs. Each node of a layer is updated synchronously (with matrix multiplication) before updating the next layer, iteratively (such as performed in a step of feed-forward computation with a MLP). The type of simulation strategy (parameters "LAYER","ASYNC","SYNC" in the train.AMoNet() function), and the number of iterations can be set by the user (parameter “MinSteps”). To obtain the stable states of the model, enough iteration are needed. Calculations are vectorized to efficiently support batch simulations of the model. This is particularly convenient and efficient to compute the learning and predictions of large models in AMoNet.
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[bookmark: _Toc109986384]Supplementary Figure 3: illustration of asynchronous update of in a toy model. 
Node C is initiated in an active state (for e.g. C = 1) and all other nodes are initialized inactive (A = B = D = output = 0). Activation function is sigmoid [0-1], and the activities of the nodes diffuse in the network up to a stable state, not reached here within the 6 iterations represented.
4. AMoNet predictions 
AMoNet predictions rely on the activity of a user selected node at stable state. The nodes can be genes’ activities, phenotypes’ activities or outcome measures. For outcome measures, one or multiple output nodes’ activities can be used. AMoNet uses multiple output nodes to represent time intervals and each outcome node corresponds to a probability (probability that the event appear at the corresponding time interval).
Given the architecture and formalism of AMoNet, activities of nodes are relatively independent of the initial states when nodes are updated iteratively up to their stable states. This is relevant with properties of homeostatic systems. To model the influence of inputs on the outputs, it is therefore relevant to simulate perturbation(s) of the system. It therefore influences the activities of output nodes, conserving non-linearity of predictions and adding information of the node’s position in the graph. One way is to force node activity value independently of the influence of the network. We used this procedure to model the effect of gene alterations (such as mutations) on the outcome layer of AMoNet (Supplementary figure 4).
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[bookmark: _Toc109986385]Supplementary Figure 4: A sparse matrix representing mutations in 4 genes for 10 examples. 
This type of data is used to perturb the graph model. During simulations, a perturb node keeps its activity independently of its incoming influences. The model simulated with perturbations is used to for individual predictions.
Learning / Training
1. Loss
In deep learning, the error made by the predictions of the model compared to the true values is calculated by a loss function or cost function. The loss function  is calculated given model’s parameters θ (here the weights w and bias term b). The aim of the training is to minimize this loss: . It implies that the loss function is usable by the optimization algorithm. Popular optimization algorithms in deep learning are gradient-based optimizers based on first order derivations of the functions of the model (see paragraph Gradient descent and back propagation). A popular loss function used in gradient-based optimizers with continuous target values is the mean square error (MSE), implemented in AMoNet. MSE is defined by and its derivate form is:

With θ the parameters of the model,  the number of training examples,  the prediction of the model for the th example and  the target value (i.e. true value, ground truth) for the th example.
2. Survival Loss
Survival data are 2 dimensional: time (follow-up) and status (alive = 1, deceased = 0). Censored events are examples where no event has occurred (for e.g. a patient still alive) at the end of the study. The time to censoring is relatively arbitrary and its raw value could compromise the good training of a model. In the other hand, censored examples can be very informative (at least if the observation period is important), and discarding it could drastically decrease the number of training examples, which is usually deleterious in deep learning performances. This leads to challenges in the design of a loss function to minimize. 
A classical loss function used in shallow models (such as the Cox model) is partial log likelihood that has the advantage of using a single vector of target values 41. On the other hand with partial log likelihood, censoring has little contribution to loss function (because the function includes multiplication by censoring status). Moreover with Cox-model approaches, several assumptions should be respected such as proportional hazards, independence of events and constancy of predictors’ strength over time, which are often difficult to assess 42. Finally, attempts to use this method to train deep learning models have led to modest results for high dimensional molecular data 43.  
We have developed and implemented an approach to train a deep learning model on survival data inspired by other applications using discrete time intervals 44. Follow-ups were transformed into time intervals and a probability of survival [0-1] was computed for each interval. The values of the censored patients in the non-observed time intervals were inferred from the non-parametric estimation of the survival probability of the cohort given by the Kaplan-Meier function.
Follow up were divided into  intervals (user defined), and values correspond to the discrete survival probabilities 0 or 1 (no event = 1, event = 0) for patient in observed intervals. The values of the censored patients in the non-observed time intervals were inferred from the non-parametric estimation of the survival probability of the cohort given by the Kaplan-Meier function. The cohort-based survival probability function  is the probability that survival is longer than time interval , calculated using the classical Kaplan-Meier estimator in a discrete time fashion with:
, 
where  is the relative time interval (i.e. interval of time between two events or censoring),  the number of events (i.e., deaths) that happened at time  and  the individuals known to have survived (have not yet had an event or been censored) up to time  45.
With this discrete time survival matrix, learning on survival data becomes a sequential regression task. The model can thus learn individual survival probability for real-time intervals and the distribution of  for censored time intervals, thus MSE can be used as loss function. 
3. Gradient descent and backpropagation
Minimizing the loss function with  corresponds to optimizing the parameters (the weights w₁,w₂,…,wn) and the bias terms (b1, b2, ..., bn). Classical optimizers in deep learning use improved gradient descent algorithms such as Momentum, RMSprop, ADAM 46. Gradient descent is based on the propagation in the computational graph of the gradients of the loss function. To compute all the partial derivatives  relative to each weight wᵢ and bias bi in the model, a classical approach is to use back propagation of the first order derivative of the loss function  based on the chain rule. Each parameter  is then corrected by subtraction of its gradient and multiplied by the user-defined learning rate (figure 4):
.
We have adapted gradient descent with back propagation to train AMoNet models. To this end we propagate the gradients within a reverse version of the molecular network also called adjoint network 47. The parameters are thus updated once for a single backpropagation through the whole graph network. Such step can be performed iteratively thus leading to a kind of “back simulation”, equivalent to diﬀerentiating the derivatives in order to obtain higher derivatives (Supplementary figure 5 and 6). Default method in AMoNet is first order derivative (a single backpropagation within the model).  
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[bookmark: _Toc109986386]Supplementary Figure 5: updates formalisms for simulation and backpropagation of the gradients. 
Weights (w), bias terms (b), derivative (d and D) and update sign (:=).
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[bookmark: _Toc109986387]Supplementary Figure 6: pseudo code of AMoNet simulation and back propagation, in layer (L) mode. 
Weights  and bias terms  correspond to the model parameters.
4. Regularization
The loss function  can be penalized in  by adding a penalty term which is classically the Euclidian norm of the weights () of the layer (L1N or Lasso), or the Frobenius norm of the weights () of the layer (L2N, or Ridge) 48. This penalty term is multiplied by the regularization parameter lambda () that can be optimized for specific task and data. In AMoNet these regularizations have been implemented and the choice between L1N, L2N or elastic net is controlled by a parameter alpha (, set between 1 and 2 (1 for L1N regularization, set to 2 for L2N regularization) and defined by the following formula:

Such regularization influences the learning step in a way that it minimizes the learned weights of the model. This usually improves the generalization of linear and non-linear models to independent cohorts. This hyper-parameter and others are described in Supplementary Table 1.
	Type of hyper-parameter
	options
	Name in AMoNet functions
	Description

	Network building
	Number of layers 
	nblayers
	Number of layers from the gene queries to explore within the interaction database (number of search steps).

	
	number of minimal connection
	MinConnect
	Filters the network with a minimal value of connections to keep a node. 

	
	Weights initialization
	MeanWinit, SdWinit
	The mean value and the standard deviation of the normal distribution used to initiate the weights.

	Simulation 
	Number of iterations of the simulation
	nsim
	Number of simulation steps (i.e iterations), ideally set to achieve stable states of AMoNet activities.

	
	Unit update formalism 
	Logic
	The update function used for the simulations. Choices are: "Sigmoid" (default), "Boolean","tanh" or "ReLU".

	
	Type of simulation (layer based, asynchronous, synchronous)
	Mode 
	The type of simulation to perform. Choices are: "LAYER" (layer based, default), "ASYNC" (asynchronous update), "SYNC" (synchronous update).

	
	Value to multiply to alterations (mutations)
	ValMut
	Multiplicative factor for the effect of mutations.

	Learning
	Number of sample per mini batches
	MiniBatch
	Number of sample per mini batches. For batch learning, use MiniBatch = total nb of examples.

	
	Learning rate
	learning_rate
	Value of the learning rate. 

	
	Gradient clipping
	gradClipping
	Maximum values allowed for gradients otherwise clipped.

	
	Number of iterations for the learning
	iteration
	Number of iterations, corresponding to epochs, i.e. one path through the full data.

	Optimizer
	Type of optimizer
	Optimizer
	 Options are "Adam", "Momentum", "RMSprop" or NULL. NULL corresponds to gradient descent.

	
	Optimizers parameters
	beta1 and beta2
	beta1 value modulates the speed of Momentum, and beta2 value the speed of RMSprop. Both can be tuned for Adam.

	
	Regularization 
	alpha, lambda
	Alpha: regularization term to choose between L1N (Lasso), L2N (Ridge) or L1N + L2N (Elastic Net) regularization.
Lambda: regularization value for Lasso, Ridge or Elastic Net.


[bookmark: _Toc109986394] Supplementary Table 1: Overview of hyper-parameters implemented in AMoNet
Data
1. Type of data
a. Simulated data
We artificially generated examples with mutations in EGFR and TP53 to train AMoNet models on differential survival impact of these two genes frequently mutated in lung cancers. For the “Basic workflow” paragraph we have generated 2 patients one with TP53 = -1 (loss of function) and EGFR = 1 (gain of function) and the other with all genes wild type. For the “Mini batch training” paragraph we have generated 150 examples, adding random noise (sd=0.8) to survival probabilities and same genes alterations for half of the group. Labels to predict were single output survival probability: 0.4 for mutated examples and 0.8 for wild type examples.
b. TCGA data
The LoadcBioportal()function from AMoNet automatically loads TCGA data from the cBioportal database using the R API (https://www.cbioportal.org/). For gene mutation data, a list of genes is given to the function that returns a mutation matrix. Mutations in cBioportal come with inference of functional pathogenicity, classified as “pathogenic”, “unknown pathogenicity” and “nonpathogenic” i.e. polymorphism. We assigned for these 3 classes the factors 1, 0.6 and 0.3 to simulate the effect of these alterations. Survival data in months and survival status are also retrieved with this function, given parameters of tumor type. For example in the TCGA lung adenocarcinoma paragraph, we have set the parameter “Organ=luad” (“Organ=lung” retrieve both luad and lusc tumor types). TCGA studies with missing survival data are removed.
2. Data filtering and processing
DNA-based genomics data in TCGA often used WES. AMoNet models doesn’t encompass all gene analyzed in WES, but only a subset, given by user-selected AMoNet architecture. Moreover, selecting only a subset of genes exposes to the risks of including patients with no molecular alteration found or big groups of patients with similar mutations profiles. Criteria for patient selection were: groups of patients with less than 5% similar molecular profiles, and follow-up duration of more than 40% of the cohort follow-up for censored (living) patients. To limit compression of the events in early time intervals (due to outsiders or very long follow up of living patients) we have censored long survivors, defined by the top 5% of the cohort, at the last time interval.
3. Data split
For simulated data, and lung cohort only, the aim was to show the capacity of AMoNet to learn, therefore no data split was performed. For all tumor TCGA data, split was 70% train and 30% validation. The validation cohort was used to evaluate the performance of the model on unseen data. This was further used to train learning hyperparameters.
4. Input data
AMoNet is designed for sparse matrices inputs filled with numeric values corresponding to the nodes altered in the network for each sample. Nodes are in column and samples are in rows. Nodes without alterations are filled with “NA” or “NaN”. Any values can be used to represent altered nodes (Supplementary Figure 4). Mutations can be encoded either as binary values (for example: 1 when mutated, NA when no mutations are detected) or continuous values (for example using functional impact scores). In this study we used cBioportal functional inference of gene mutations in 3 classes. Positive or negative values were automatically assigned for oncogenes or tumor suppressor genes from the CGS database (provided in AMoNet and using the MutMatToList() function) 49. When values are [0-1] they are multiplied by a parameter (“ValMut”) in order to be higher or lower than the [0-1] range of sigmoid ordinates, arbitrarily set to 100 in this study. 
5. Output data
TCGA survival data was downloaded from cBioportal. Time was in months. Time and status were transformed into one dimensional time intervals with survival probabilities. For censored time intervals the survival probabilities were inferred from the cohort-based Kaplan Meier survival probability function (paragraph survival loss). More generally, output data to train AMoNet can be any value corresponding to any node of the network.
Supplementary results 
1. AMoNet building 
AMoNet model building is flexible, resulting in various models’ sizes and types. For example we have generated 100 AMoNet models with random selection of genes and every models obtained were different from each other. AMoNet building can be specified on biological functions such as hallmarks of cancer or immune cell types. We have thus also generated a single AMoNet model from every one of the 129 gene sets available in the R package (object “names_MECA” of the function build.AMoNet()) and again every models obtained were different from each other.
2. AMoNet training 
An AMoNet model can be trained with the train.AMoNet() function (vignette “AMoNet_overview”). The minimum data required is the pre-built AMoNet model (AMoNet object), the labels in the form of a matrix with the examples in columns and the names of the nodes to be learned in row (argument ‘y’), and the alteration(s) of the model in a matrix with same format as the label matrix (with the examples in columns and the names of the nodes to be learned in row, argument ‘MUT’). During training, visualizations can be activated (argument ‘Visualize’), such as the evolution of predictions during learning or the gate activities in case of LSTM unit update (Supplementary Figure 7 and vignette “MiniBatch”).
[image: C:\Users\L_VERLINGUE\Desktop\ModelK\Rpack\AMoNet\tmp\AMoNet_luad.gif]
[bookmark: _Toc109986388]Supplementary Figure 7: gif of the learning phase of AMoNet. 
Upper panel represents the AMoNet graph, colors given by the sign of the interaction (green = activation, red = inhibition, purple= change from inhibition to activation, and blue = from activation to inhibition) and size of the edge given by the bias term values. Lower panel represents the predictions of the output node in the x axis, and the true values in the y axis.
3. Primary lung adenocarcinomas from TCGA
Vignette “AMoNet_TCGA” shows the building, data preparation, training and predictions of patients’ survival from their genomic analysis. We have built the same AMoNet model than other vignettes from MTOR, TP53 and EGFR genes. We have loaded TCGA data for lung adenocarcinoma from cBioportal. After filtering out patients harboring unique types of associations of molecular alterations corresponding to the 104 genes-related species present in the network, 74 patients remained (from the 133 patients, most of removed patients harboring a single mutation in TP53 or KRAS). In this vignette all the cohort was used for training with the aim to demonstrate the feasibility of training AMoNet on survival data, on a local computer with limited resources. Parameters used for the training were: iteration = 100, learning_rate = 0.01, MinStepsForward=10, Optimizer = NULL, alpha = 0, lambda = 0, Parallelize = T, no_cores = 2, ValMut = 100, adaptive_iStates = F, MiniBatch = 1000. The training C-index was 0.77. The training procedure can be plotted easily (Supplementary Figure 8)
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[bookmark: _Toc109986389]Supplementary Figure 8 : learning and performance on the lung adenocarcinoma TCGA cohort. 
A) learning curve, B) output standard deviation (std) curve, C) weights curves and C) predictions.
In the main text, results of hyper parameter grid search for this cohort of patients are presented. Hyper-parameter search concerned lambda value for L2N regularization, the learning rate and the number of patients in the training set. There were 38 different models trained on different cohort splits as long as the number of patients in the cohort was a hyper parameter. Across hyper-parameters, only low lambda values were related to higher validation performance (Supplementary Figure 9A). Of note high learning rate values were related to the 4 best performing models but that were also those with limited number of patients. Best validation C-index with a decent number of patient was 0.77 (MSE = 0.09) with only 39 patients for training and 17 patients for validation, with a L2N lambda value of 0.2533793 and with learning rate of 0.07564633. Nevertheless most models had a validation C-index around 0.5 which demonstrate the importance of hyper-parameter search for efficient AMoNet training and generalization.
Interpretation of the model is facilitated by the architecture of AMoNet. Here we chose to present the relation of the phenotype layer to the outcome layer (Supplementary Figure 9B). This helps evaluating what the model has learned in comparison to know biological behaviors. For example top 5 gene lists positively related to improved outcome were: interferon gamma response, IL6-JAK-STAT pathway, allograph rejection hallmark, apoptosis hallmark and hedgehog signaling. In lung cancers interferon and IL6 signaling have specifically been studied and related to improved outcome, spontaneous or under immunotherapy 50. Activity of apoptosis pathway is also highly related to outcome 51. Finally hedgehog also seems to positively relates to outcome in lung adenocarcinomas 52. Conversely over activation of PIK3CA-AKT-MTOR pathway is known to relate to worse outcome as learned in trained AMoNet for lung adenocarcinoma 53 54.
A)
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[image: ]
[bookmark: _Toc109986390]Supplementary Figure 9: Grid search and interpretation for the lung adenocarcinoma TCGA cohort.
A) Results of a grid search and learning curves from the training of 38 AMoNet models on the lung adenocarcinoma cohort. Validation performances are represented by the C-index. Different patient numbers were used to compute the learning curve. Numbers corresponds to those downloaded before filtering and training/validation split. No relation has been identified between patient numbers validation performance (p = 0.45), nor training. There was a negative correlation between the Lambda value for L2N (L2 normalization, i.e. ridge) and validation performance (Pearson correlation with the logarithm transformation of lambda, p = 0.03). There was no significant relation with the learning rate. 
B) Interpretation of the model. The antepenultimate layer (phenotype layer) is composed of nodes representing gene lists. They are plotted by the mean of their output weights (i.e. W of the edges connected to the output layer).
4. Multi organ TCGA 
a. With AMoNet
There were 3615 patients in cBioportal for the studies: blca_mskcc_solit_2014 & blca_mskcc_solit_2012, blca_tcga_pub_2017, blca_plasmacytoid_mskcc_2016, blca_tcga_pub, brca_metabric, brca_tcga_pub2015, brca_tcga_pub, coadread_tcga_pub, coadread_mskcc, hnsc_tcga_pub, luad_tcga_pub, lusc_tcga, hnsc_mdanderson_2013. There were 346 patients with no survival data or follow up of censored patients at less than 40% of the total cohort follow up. Moreover, 2771 patients had no mutation or mutation profile found in more than 5% across tumor types (Supplementary Figure 10). After filtering, 498 patients remained for analysis. The training cohort comprised 348 patients and the validation cohort 150 patients. Hyper parameter search concerned learning rate and lambda value for L2N penalization. A total of 49 models were trained. There were a significant negative relation between learning rate and the validation performances (Supplementary Figure 11). There was no relation with lambda values. Best model achieved a validation C-index of 0.62 (and MSE = 0.04).
[image: ]
[bookmark: _Toc109986391]Supplementary Figure 10: Description of molecular data
A) Matrix of the patient mutations with genes in row and patients in columns. Unit colored in black correspond to the presence of a mutation, and white unit correspond to wild type gene. It confirms that targeted sequencing analysis provide very sparse input matrix for modeling.
B) Histogram of the frequencies of association of molecular alterations per patient. Around 40% of patients have only mutations in TP53. As long as a model cannot predict differential survival between patients with unique information, these examples are filtered out.
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[bookmark: _Toc109986392]Supplementary Figure 11:  Results on the validation set of AMoNet training on multi organ TCGA cohort. 
Validation C-indexes are represented versus the hyper parameters lambda or learning rate. Pearson correlation (R2) and p values (p) were calculated for the log transformation of both hyper parameters
b. with MLP
A multi-layer perceptron (fully connected DAG) was built with R interface to Keras (https://keras.rstudio.com/index.html) (Vignette “MLP_TCGA”). Hyper parameters used are described in the main text. The code to build and train the model is available in the vignette. Results show a high training performance (C-index = 0.73, MSE = 0.008) but low validation performance (C-index = 0.56, MSE = 0.06) on the same cohort split (Supplementary Figure 12).
[image: ]
[bookmark: _Toc109986393]Supplementary Figure 12: training and validation performance of a MLP trained on the multi organ TCGA cohort. 
Three hidden layers, MLP hyper parameters were similar to the best AMoNet model plus a dropout effect of 0.4 on each hidden layers. There was a clear overfitting on the training cohort, suggesting a penalization effect of the graphical architecture of AMoNet model.
Supplementary discussion 
AMoNet can be trained on various types of data including survival data. By coupling Systems Biology and Deep Learning methods, AMoNet provides fast, effective and interpretable training of large, recurrent, directed and sparsely connected graph networks. This architecture is inspired by biological systems, necessary for homeostasis and altered in many diseases. We have thus exemplified the use of AMoNet on cancer applications. In cancer care, targeted sequencing is frequently performed but no integrative use of the results is done for clinical decision, because of it is a highly difficult task both for humans and for machine learning.
Most applications to date have used WES data to model survival of patients in tumor specific TCGA cohorts with evaluation on (cross-) validation cohorts (supplementary introduction). With 22k gene, WES limits the risk of groups of patients with similar molecular profiles 55. Conversely, the high number of covariates and parameters increases the risk of overfitting and difficulty to interpret the data. Overall prognostic prediction from WES has low generalization performance (when evaluated), with concordance index less than 0.65 29.
With AMoNet we aimed at using only targeted sequencing to perform survival prediction, which is in principle limited by the few information available in such analysis. With the trade-off of using large models to increase information, we developed AMoNet to achieve the lightest computation for the simulation of large model, a classically difficult task when using ODE for example 7. Even with stringent filtering of the data, AMoNet achieved modest generalization performance on a pan-tumor type cohort. Conversely, even with few number of examples but from a more homogeneous cohort (lung adenocarcinoma), AMoNet could achieve interesting performance. Classically deep learning models improve with the number of examples, and training on small datasets is a challenging objective 13. It is possible that using prior biological knowledge in the model architecture helped the generalization performance because of bias toward know behaviors during learning 15. More applications to other domains could help confirming this observation, and release of AMoNet R package can make it feasible. 
AMoNet and other models could improve their performance on cancer survival prediction by integrating clinical information. With AMoNet, it would be challenging to find prior knowledge of the relation between clinical variables and gene alterations, but future developments of the biological and clinical field may fill this gap. Nevertheless, we and others have shown that performance is higher in tumor type restricted cohorts suggesting that such information (organ of origin) may be already present within molecular profiles. In this perspective, AMoNet automatic building procedure could be used to estimate most relevant biological mechanisms for specific cohort of patients.
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