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 A B S T R A C T

Background and Objective: Developing systems biology models of cancer is critical for improving understand-
ing of complex biological interactions and advancing appropriate therapeutic strategies. However, constructing 
complex, multiscale models that are easily parameterized by the available data can be difficult. Advances in 
computational methods have provided data-driven frameworks utilizing machine learning approaches to build 
predictive systems biology models. These methods display a strong ability to fit data and predict cellular and 
molecular trajectories but can be limited by either poor mechanistic interpretations or require a large prior 
understanding of the system of interest. In many cases, such as cancer, the systems are highly complex, resulting 
in limited availability of prior knowledge and a strong need for mechanistic insight from the developed models. 
This work builds upon recent developments in system identification to construct fully mechanistic models 
directly from the available data, serving as a proof-of-concept study for multi-scale system identification with 
synthetic data.
Methods: We utilize ADAM-SINDy (sparse identification of nonlinear dynamics with ADAM) to accomplish 
this objective, a recently developed differentiable optimization method for the identification of nonlinear, 
parameterized dynamical systems, with advancements to facilitate its use in systems biology settings. Specifi-
cally, we focus on the usage of prior biological knowledge and the subsequent finetuning through a two-stage 
identification process. We apply the framework in the context of melanoma (a dangerous skin cancer) 
and quantitative systems pharmacology, developing a benchmark multiscale model connecting sub-cellular 
signaling and cell scale dynamics in response to therapy.
Results: The ADAM-SINDy framework is shown to be capable of identifying a ground truth system of equations 
directly from synthetically generated data. Coupling mechanisms between scales (subcellular and cellular) are 
also identifiable with this framework. At high temporal resolutions, the method achieves 100% reconstruction 
accuracy, dropping to 89.9% with a two times coarser resolution.
Conclusions: The framework presented in this work is capable of constructing systems biology networks and 
mathematical models directly from data, while maintaining clear mechanistic interpretations. This system 
identification paradigm in systems biology can help remove the need for extensive biological insight into 
the network of interest a priori, which can be exceedingly difficult in the context of cancer.

1. Introduction

Cancer initiation and progression is a complex process, with interactions spanning molecular, cellular, and tissue scales [1,2]. Systems biology 
studies these interaction networks, often with quantitative mathematical models [3]. The construction of systems biology models describing the 
complex interactions of cancer has improved the understanding of how effects from genetic mutations propagate through the system. Quantitative 
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systems pharmacology (QSP) is a distinct application of systems biology modeling for predicting drugs distribution, response, and toxicity in 
patients. QSP replaces traditional phenomenological pharmacodynamics models with mechanistic systems biology models for a more detailed 
analysis of drug action [4,5]. The U.S. Food and Drug Administration has seen an increasing number of submissions containing QSP results [6], 
doubling approximately every 1.4 years [7]. This paradigm shift to favor model-informed drug development is partially encouraged by the low 
percentage of drug advancing from phase I to approval [8]. Supplementing submissions with in silico data has thus far proven to be a beneficial 
investment for improving drug discovery. However, there are difficulties in building models that fully explain the complexity of drug response, 
specifically in cancer where the heterogeneity is as complex as the systems of interest.

Systems biology models and specifically QSP models developed for various cancer types have seen an increase in recent years. This increase 
can be seen in immunotherapy [9–11], breast cancer [12–14], and melanoma [15] modeling as examples. QSP models allow for predicting clinical 
outcomes without extensive patient testing, with the unique benefit of modeling interactions between cells and molecular components that might 
not appear during experiments or clinical trials [16]. There are however key challenges that arise when developing and using these mathematical 
models that need to be addressed. There has been recent discussion on whether the varying data sources provide the capabilities necessary for 
building large, multiscale models with biological data [17,18]. Systems biology, and subsequently QSP models often possess a large set of parameters 
and equations. How do we know the governing equations for these mechanistic models? How can the parameters be estimated using experimental 
data? These are key challenges that have limited the application of systems biology and QSP models, particularly in the context of personalized 
treatment planning.

Recent advancements in system identification and machine learning have been translated to systems biology and QSP modeling, removing the 
need for predetermined models. The first step in modeling the dynamics of biological systems is to understand how the components are connected. 
Previous work in the field has utilized information theory [19,20] or Bayesian approaches [21,22] for inference of protein–protein interactions and 
cellular dynamics. These methods provide a high-level view into the cancer network, but can lack information on the strength and directionality of 
interactions. The outputs are additionally not mechanistic dynamical systems that can be used for simulations and predictions. When the interactions 
and dynamics of the systems are known, the parameters controlling the system can be inferred directly from data [23–25]. This approach can be 
powerful for building models capable of simulating the processes of interest, however, the complete model must be provided to the fitting algorithm. 
System identification, on the other hand, seeks to construct predictive models directly from the data. The first examples in model identification 
for systems biology and QSP replace the dynamical systems with neural networks for solving the time dependent problems [26,27]. They proved 
powerful for uncovering hidden dynamics in the system but still required a system of ordinary differential equations (ODEs) for training the 
network. Additionally, the result is an opaque model that is limited in its interpretability. More recent studies determine missing components from 
a partially known model. Work by both Daryakenari et al. [28] and Podina et al. [29] utilize physics-informed neural networks (PINN) to uncover 
mechanistic representations of the missing model components, moving a step forward in model interpretability, however, the same requirement of 
a base, ground truth model was imposed. An alternative approach by Yuan et al. [30] developed a deep learning based method where connectivity 
between proteins was inferred from data and used to build a system of simplified ODEs. This represents an approach with minimal requirements 
on the base knowledge of the system, however, the final output is not truly mechanistic and lacks interpretability. The recurring themes across 
these examples are significant requirements on prior knowledge of complex interactions and/or lack of interpretability in the final model.

In this work, we look to address the drawbacks of previous computational methods in systems biology model development. Specifically, we are 
interested in building an interpretable mathematical model that is based on biologically realistic reaction kinetics (e.g., Michaelis–Menten reaction), 
while we impose limited prior knowledge about the system. Symbolic regression [31] and sparse identification of nonlinear dynamics (SINDy) [32] 
are popular by-design explainable artificial intelligence (XAI) methods that derive analytical equations from data. We specifically use the recent 
ADAM-SINDy methodology [33], which provides a differentiable optimization framework for system identification without any prior knowledge 
on nonlinear parameters, attempting to bridge SINDy and symbolic regression. Within the ADAM-SINDy approach, we additionally incorporate 
principles of conservation on the activation and deactivation of proteins in the system. This idea is similar to previous work in physics-based 
modeling [34–36], however, we now focus on reaction kinetics present in biological systems. The idea is to explicitly remove terms that violate 
the principle, ensuring biological relevance of the identified system. In systems biology modeling, we are often faced with nonlinear parameters 
and a challenging optimization landscape, which can challenge the classical SINDy framework. As opposed to pre-building a full, complex model, 
we provide ADAM-SINDy with basic information on possible interactions between proteins and cellular phenotypes, and a biologically mechanistic 
structure that is used to extract the true model. This ADAM-SINDy based approach is designed to address the limitations of previous work in the 
field of biological system identification. The library approach requires zero structural and connectivity knowledge of the system of interest, only 
the types of mechanistic model terms expected is needed. While this is similar to a vanilla SINDy algorithm, the ADAM extension removes the 
bottleneck of required knowledge about nonlinear parameters and has the potential to scale to higher dimensions due to the stochastic nature of 
the optimization.

While our proposed framework for discovering systems biology models is generic and could be broadly applied, we test the framework in the 
context of melanoma (a dangerous form of skin cancer [37,38]), against a multiscale QSP model developed with insight from previous work in the 
field. Previous work in breast cancer provides a foundation for connecting sub-cellular signaling networks to individual cell phenotypes [39–41], 
which we extend to melanoma. We focused on targeted chemotherapy, which is standard for many melanoma patients [42]. Melanoma is an 
excellent benchmark problem for this work as the sub-cellular signaling networks have been extensively investigated, leading to detailed models of 
protein interactions [43,44] that we build our ground truth model from. Additionally, resistance to targeted chemotherapy is common, providing 
an avenue for distinct cell phenotypes in each tumor [45]. This raises the clinical need for building QSP models that can assist in reducing drug 
therapy resistance.

The main goal of this paper is to demonstrate how multiscale cancer systems biology and QSP models could be derived with mechanistic 
mathematical models using time-resolved input concentration data. In practice, cell-scale concentration dynamics and phenotype switching could 
be measured with techniques such as quantitative phase imaging [46], while advanced proteomics techniques provide a pathway for sub-cellular 
protein concentration measurement characterization [47]. However, given the lack of a ground-truth, a detailed validation of system identification 
on real data is challenging. In the present work, a multi-scale melanoma model is utilized as a benchmark system of interest, where numerical 
simulations serve as an analogue to real world concentration data. This approach provides a well-defined ground-truth, allowing us to focus this 
proof-of-concept study on the capabilities and limitations of the ADAM-SINDy approach for systems biology identification.

The key contributions of this work include:
2 
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Fig. 1. (A) The basic SINDy procedure is sketched, where example time courses (cell phenotypes and proteins) are evaluated from a library of candidate terms 
and corresponding coefficient values. The ADAM-SINDy extension is structurally equivalent with support for nonlinear parameters. (B) The model refinement 
stage takes the identified coefficients and builds candidate models of varying size. The Akaike Information Criterion (AIC) determines the final selected model.

• Construction of a theoretical multiscale model for melanoma progression and response to targeted chemotherapy based on quantitative 
systems biology. This model utilizes known interactions within the mitogen-activated protein kinases (MAPK) signaling network, connected 
to cell-scale model for key cell phenotypes.

• System identification for simultaneous model and parameter estimation of large dynamical systems, representing realistic multiscale biological 
processes. This includes modification to the ADAM-SINDy algorithm to allow for injection of trivial prior knowledge (e.g., decay terms) 
during the identification procedure, as well principles of conservation that the identified model must comply with. We additionally show that 
protein–protein interactions can be inferred directly with this method.

• Automation of model selection for further sparsification of the identified model to help refine the ADAM-SINDy algorithm. The new two-stage 
approach to system identification ensures that the correct interactions have been selected, and that erroneous terms are not included in the 
final model.

• Our proposed two-stage system identification algorithm enables fully mechanistic identification of complex multiscale systems biology, 
extending prior gray-box and black-box approaches. To the best of our knowledge, this is one of the first studies that enables multiscale 
cancer QSP model identification in a mathematically transparent and fully mechanistic manner (biologically realistic terms).

Our paper is organized as follows. Section 2 begins with an overview of the benchmark multi-scale model used in this study, followed by details 
on the data-driven methods utilized for both parameter estimation and system identification. Section 3 provides results on the accuracy of the 
various methods for constructing the mechanistic models. s Section 4 discuss the successes of this work in comparison to the broader field as well 
as future developments and opportunities for improvement. Section 5 presents a conclusion of the findings. Finally, the Appendix (Appendix  6) 
provides a more detailed presentation of the developed melanoma model, ADAM-SINDy specifics, and the comprehensive results.

2. Methods

An overview of the system identification methods presented in this work is available in Fig.  1.

2.1. Multiscale melanoma systems biology model

The growth and response of melanoma is inherently a multiscale process. The genetic changes at the intracellular level affect phenotypic 
expression, which subsequently alters how the cells interact with each other and the tumor environment. The interactions between cells define the 
tissue scale organization and cancer growth. Our developed model accounts for multiple scales through sub-cellular signaling coupled to cell scale 
phenotype dynamics and changes, simplified to leave out the tissue-scale effects. The signaling model can be perturbed by external factors that 
adjust how the proteins, and subsequently the cells, will respond. The cell scale model will address heterogeneity in the tumor through modeling 
of distinct phenotypes. Combined, the two systems of ODEs (sub-cellular signaling and cell-scale dynamics) will provide insight into the treatment 
response and therapy resistance development of melanoma following targeted chemotherapy. In the following s, we provide an overview of the 
developed model. The governing equations are summarized in Fig.  2 and more details are provided in the Appendix (Appendix  6).

2.1.1. Sub-cellular signaling model
In melanoma, targeted therapies primarily focus on mutations in the mitogen-activated protein kinase (MAPK) pathway [48]. A common target 

is the BRAFV600E mutation, which appears in approximately 50% of melanomas [49]. To model this signaling pathway, we construct a simplified 
dynamical systems model based on previous work [43,44] that represents the activation/deactivation cycles on the proteins involved. This cycle 
begins with upstream receptors along with the information that flows to downstream kinases. The pathways in the model can be visualized in Fig. 
2A. The protein–protein interactions are described by a system of 18 ODEs, one for each state in the model, with terms describing protein translation, 
decay, and chemical interactions. The complete system is presented in the Appendix (Appendix  6.1 with parameters in Table  4). Using this model, 
we simulate perturbation experiments on the signaling network to generate time resolved concentration data. Depending on the experiment, a 
different set of protein time courses is provided for coupling with the cell-scale model.
3 
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Fig. 2. Overview of the multiscale melanoma model. (A) The connection network of the intracellular signaling pathways linked to melanoma growth and response 
to targeted therapy is sketched. Blue boxes are inputs to the system, yellow are proteins/transcription factors, and red is the mutated protein in the pathway. An 
asterisk denotes that both active and inactive states are modeled separately for the respective proteins. An overview of the governing equations is also presented. 
(B) The three state cell scale model is sketched with the governing equations, representing sensitive (S), differentiated (D), and resistant (R) cells. In the equations, 
𝛥 represents the change from steady state for the specific protein.

2.1.2. Cell-scale model
The cell model assumes that a single, drug-sensitive state exists prior to BRAFV600E targeted therapy. In response, the sensitive cells either 

succumb to drug or exhibit phenotype switching based on changes in protein levels. The sensitive cells undergo transitions towards either a 
mesenchymal-like, resistant state, or towards a differentiated state [50–52]. A schematic of the cell-scale model can be seen in Fig.  2B. The 
phenotype specific dynamics are modeled with a single ODE for each of the three phenotypes, containing terms describing logistic proliferation 
and phenotype transitions. The systems of ODEs are presented in the Appendix (Appendix  6.2).

2.1.3. Multi-scale model coupling and simulation
A unique feature of our proposed melanoma model is the coupling of cell-scale parameters with protein concentrations from the sub-cellular 

signaling model. Inspired by previous work in breast cancer [39–41], the protein time courses in the sub-cellular model are first simulated based on 
the experimental inputs, and assumed to represent bulk changes in expression levels across the cell population. The time courses are then provided 
directly to the cell-scale model to adjust cell-scale parameter values related to cell proliferation, apoptosis, and phenotype switching. The coupling 
between the protein concentrations and cell scale parameters is informed by Hill functions [53], and detailed in Appendix (Appendix  6.3) with the 
parameters in Table  5.

The in-silico data is generated through forward solutions to the system of ODEs based on a given set of inputs and is treated as synthetic 
experimental data for the system identification machine learning model. We specifically provide time resolved inputs representing the concentration 
of receptor tyrosine kinase (RTK), G-protein coupled receptors (GPCR), a generic BRAFV600E inhibitor, and phosphatases. We assume data is 
available for four different ‘‘experiments’’, with the time resolved inputs for each experiment presented in Fig.  3. The experiments are used to 
perturb the sub-cellular model from the steady state through changes to input concentrations. In each experiment, a single input is perturbed; 
4 
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Fig. 3. Overview of the input time courses for the different in silico experiments. Each row corresponds to the required inputs for one dataset, with each column 
representing the input concentration for a specific feature in the model. In each row, only a single feature is perturbed from the base concentration value. (A) BRAF 
inhibition stimulation experiment, (B) Receptor tyrosine kinase (RTK) stimulation experiment, (C) G-protein coupled receptor (GPCR) stimulation experiment, (D) 
Phosphatase stimulation experiment.

either RTK, GPCR, BRAF inhibitor, or phosphatases. Based on the input concentrations, the sub-cellular signaling model is solved from the initial, 
steady-state protein concentrations, followed by the cell-scale model based on the preceding model’s solutions. We utilize a Runge–Kutta solver 
within SciPy’s Integrate package [54,55], assuming a time step of 0.05 h for forward evaluation. It is assumed that the temporal derivatives are 
not directly accessible. Instead, we utilize a finite difference approach for numerical derivative calculation based on state trajectory data with 
PyTorch’s ‘‘gradient’’ function. The temporal evolution of each state in the model, and its numerical derivatives, are saved as inputs to the system 
identification framework.

2.2. ADAM-SINDy for system identification

The goal of the system-identification framework is to construct the dynamical systems equations representing the MAPK sub-cellular signaling 
network and cell-scale model with only knowledge of the potential terms that should be present without explicit knowledge about the interaction 
network. Our method is motivated by data-driven model fitting with a sparsity promoting loss (LASSO) [56]. To obtain the analytical equations 
for the systems of ODEs governing the dynamical system, we extend our recently developed ADAM-SINDy method [33]. First, a library of potential 
candidate terms is defined, and the following loss is minimized: 

𝑖(Ξ𝑖,Λ𝑖,Γ𝑖) = ‖𝐘̇𝑖 −𝜣𝒊(𝐘𝐢,Λ𝑖) Ξ𝑖‖
2
2 + ‖ |Γ𝑖| Ξ𝑖‖1 , (1)

where 𝐘𝐢 refers to the measured time courses from the state 𝑖 (protein or cell phenotype), 𝐘̇𝑖 refers to the time derivative of the state 𝑖, 𝜣𝒊 represents 
the library of candidate mathematical terms, parameterized by both 𝐘𝐢 and a set of unknown nonlinear parameters Λ𝑖, Ξ𝑖 is the unknown coefficient 
of each library term, Γ𝑖 is a matrix of candidate-wise weights used to promote a sparse solution from the library, where each entry corresponds to 
a specific term in 𝜣𝒊, and 𝑖 specifies the specific state that is being used in the fitting procedure. Given the complexity of the model, only a single 
state is fit during each ADAM-SINDy optimization to discover the respective equations. The methodology allows for simultaneous optimization of 
both nonlinear parameters and linear coefficients through the minimization problem: 

Ξ∗,Λ∗ = min
Ξ,Λ,Γ

[ (Ξ,Λ,Γ)] . (2)

The L1 term in ADAM-SINDy together with the optimizable sparsity-promoting Γ variable enables an adaptive and candidate-wise enforcement 
of sparsity, as explained in our original work [33]. The final discovered ODE model is reflected by Θ(𝐘,Λ) Ξ from Eq. (1). Namely, Ξ specifies 
the discovered coefficients for each candidate term in the library (most becoming zero due to the sparsity enforcement) and Λ represents the 
nonlinear parameters appearing in some of the candidate terms (e.g., Michaelis–Menten reactions). In the optimization formulation, 𝐘 represents 
5 
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the input measured data from the synthetic experimental simulations, and as an example, for the sub-cellular signaling model, it is constructed by 
considering the concentration of all proteins during all time steps: 

𝐘 =
⎡

⎢

⎢

⎣

𝑖𝑅𝐴𝑆(𝑡0) 𝑎𝑅𝐴𝑆(𝑡0) ⋯ 𝑅𝐴𝐹𝑖𝑛ℎ𝑖𝑏(𝑡0)
⋮ ⋮ ⋱ ⋮

𝑖𝑅𝐴𝑆(𝑡𝑓 ) 𝑎𝑅𝐴𝑆(𝑡𝑓 ) ⋯ 𝑅𝐴𝐹𝑖𝑛ℎ𝑖𝑏(𝑡𝑓 )

⎤

⎥

⎥

⎦

, (3)

where each column corresponds to the complete time course from 𝑡 = 0 to 𝑡 = 𝑡𝑓  for a specific protein or input (shown in Eq. (3) are inactive RAS 
(iRAS), active RAS (aRAS), and the RAF inhibitor). For the cell scale model, the cell phenotypes are also added to the 𝐘 matrix. The candidate 
library, Θ, pulls specific columns from 𝐘 to build terms based on the additional nonlinear parameters in Λ, which are subsequently scaled linearly 
by the coefficients in Ξ. Solving the model produces an approximation of the time derivative 𝐘̇ (the governing ODE equation) for use in the loss 
function.

We use this previously developed methodology with additional changes for specification to the current challenging system biology problem. 
First, we want to be able to incorporate prior knowledge into the problem. This might be through specific mathematical terms in the library 
based on the state of interest, or terms that we explicitly want to be included in the final model. Second, we want to ensure that the optimal and 
most parsimonious model was selected from the candidate terms, providing a secondary validation beyond model fit (discussed in the subsequent 
section).

In this work, we explore results with two different assumptions that can be placed on the library of candidate terms. First, we assume that 
the connectivity between proteins or cell phenotypes is known, however, the mathematical structure connecting these states is unknown. That 
is, we assume that we know which proteins/cells are reacting with each other but we do not know the equations/parameters. This results in a 
small library of potential candidate terms for the optimizer to choose from. Second, we assume that the mathematical structure is known, but the 
connectivity is unknown. For example, we know that the protein activations/deactivations follow Michaelis–Menten (MM) kinetics but we do not 
know which proteins are involved in the activation/deactivation of a specific state. These biological assumptions allow for simplification of the 
candidate library, while still maintaining high enough complexity that a sparse solution is not trivial.

We additionally show that prior knowledge on model terms can be included directly into the ADAM-SINDy loss function. By assigning a value of 
zero to a specific entry in Γ and making it non-trainable during the optimization, we can remove the impact on the sparsity loss from specific terms. 
This process encourages, without forcing, a specific candidate term to appear in the final model. In the MAPK network, the suggested terms consist 
of linear terms representing the natural half-life of each protein and translation of each protein’s inactive variant. For example, the mathematical 
nature of chemical degradation and half-life is well-known (e.g., −𝑘𝑐𝐶, where 𝑘𝑐 represents the degradation rate for protein 𝐶). We should note 
that this approach only enforces these terms to appear in the final model but the associated parameter (e.g., degradation rate 𝑘𝑐) is still treated as 
unknown and optimizable.

Finally, we use conservation of matter principles to further refine the candidate library. Knowing that activation of one state will lead to both 
a decrease in concentration of the current state and an increase in the concentration of a different state, we can incorporate knowledge on the 
mathematical sign a candidate term must take based on the proteins involved in the interaction. In practice, this forces candidate terms involving 
the protein we are fitting to provide a negative contribution to the model. This is accomplished by zeroing the candidate term when this principle 
is violated, driving the corresponding coefficient back to zero due to only the L1 loss activity during optimization.

2.3. Refined parameter estimation and model selection

Previous work in system identification stops with the completion of the initial training phase described above, assuming the optimal model has 
been found. This assumption does not take into account the possibility of highly correlated candidate terms, which is common in systems biology 
models due to the connected nature of the protein network. We provide two extensions of the ADAM-SINDy approach to deal with the correlation 
challenge. First, we add an additional L2 regularization to the ADAM-SINDy loss, acting on the unknown coefficients. The new regularization 
parameter is kept constant (1𝑒−6) across all cases to mitigate the correlation challenge, leading to the new ADAM-SINDy loss: 

𝑖(Ξ𝑖,Λ𝑖,Γ𝑖) = ‖𝐘̇𝑖 −𝜣𝒊(𝐘𝐢,Λ𝑖) Ξ𝑖‖
2
2 + ‖ |Γ𝑖| Ξ𝑖‖1 + 1𝑒−6‖Ξ𝑖‖2 . (4)

Secondly, to provide further verification that the correct and most parsimonious model is identified, we perform a subsequent model selection 
phase after the initial data-driven optimization in Eq. (2). We utilize the Akaike information criterion (AIC) [57] for model selection, which weights 
both model fit and the number of free parameters (parsimony) through the formulation: 

𝐴𝐼𝐶 = 𝑁 ∗ 𝑙𝑛
(𝑆𝑆𝐸

𝑁

)

+ 2𝐾 , (5)

where 𝑆𝑆𝐸 is the sum of squared errors between the model and data, 𝑁 is the number of sample points, and 𝐾 is the number of free parameters. 
The ADAM-SINDy framework is now altered to assume that the true model is contained within the ADAM-SINDy output, instead of the output 
serving as the true final model.

To perform the model selection, we first fix terms based on prior knowledge (e.g., linear decay, source functions). Additional terms describing 
the various protein interactions are pulled from the remaining candidate terms after the initial ADAM-SINDy algorithm has been completed. 
Permutations of the fixed and remaining terms are used to build a collection of smaller models, where only the parameters (coefficients and 
nonlinear parameters) are fit with no additional sparsity promoting loss (significantly simplifying the optimization problem). This fit is accomplished 
with a nonlinear least squares optimization using a bound-constrained, trust-region method [58]. For both the sub-cellular and cell scale models, 
the following loss function is minimized for each selected subset model from ADAM-SINDy: 

𝑖,𝑗 (Ξ𝑖,𝑗 ,Λ𝑖,𝑗 ) =
1
𝑇

𝑇
∑

𝑡=1

[

𝐘̇𝑖(𝑡) −Θ𝐢,𝐣(𝐘,Λ𝑖,𝑗 ) Ξ𝑖,𝑗 (𝑡)
]2 , (6)

where 𝑇  is the total number of temporal points in the data set, Θ𝐢,𝐣 is 𝑗th candidate model for 𝑖th state, parameterized by data 𝐘 and nonlinear 
parameters Γ𝑖,𝑗 , with coefficients Ξ𝑖,𝑗 . We find the parameter set that minimizes 𝑖,𝑗 by solving the least-squares optimization with SciPy’s 
‘‘least_squares’’. Following parameter identification, the AIC is calculated for each candidate model that was fit to state 𝑖 to determine the final 
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Table 1
Hyperparameters used for the ADAM-SINDy framework throughout the study. 
 Hyperparameter Sub-cellular Cell-scale  
 ADAM learning rate: linear/non-linear params. (𝛯,𝛬) 1 × 10−2 1 × 10−2  
 ADAM learning rate: sparsity (𝛤 ) 1 × 10−3 1 × 10−3  
 ADAM iterations 25 000 25000  
 Initial sparsity weight 1 × 10−1 1 × 10−3  
 𝐿2 regularization weight 1 × 10−6 1 × 10−6  
 Coefficient cut-off threshold 5 × 10−5 1 × 10−4  
 Least-squares bounds (Linear coefficients) [−10.0,10.0] [−10.0,10.0] 
 Least-squares bounds (Non-linear) [0.01,5.0] [0.01,5.0]  
 Least-squares max. function evals 100 100  
 AIC threshold constant (Eq.  (7)) 30 30  

Fig. 4. A visual of an example of the known-connectivity system identification problem with inactive RAS (iRAS) as the protein of interest, coupled to active 
RAS (aRAS) is presented. The interacting enzymes in red–receptor tyrosine kinase (RTK) and activated ERK (aERK)–that activate and deactivate RAS are known, 
but the mathematical formulations and parameters are assumed unknown.

model. The lowest AIC is not guaranteed to reflect the correct model exactly. A filtering based on a state dependent threshold 𝜏 is performed on 
the output AIC values to preferentially select the highest performing candidate models, ideally with each selected model containing, at minimum, 
the ground truth terms. As the AIC values of the models derived are reliant on the overall magnitude of the derivative being fit, this threshold is 
scaled using a derivative magnitude based assignment: 

𝜏𝑖 = 30 ⋅max |𝑌̇𝑖| , (7)

where max |𝑌̇𝑖| represents the peak magnitude of the 𝑖th derivative, 𝜏𝑖 is the corresponding threshold for the state, and 30 is a predetermined 
constant. The model is selected if the following criteria is true: 

|

|

|

|

|

100 ⋅
AIC𝑖𝑗 −min(AIC𝑖)

min(AIC𝑖)

|

|

|

|

|

< 𝜏𝑖 , (8)

where AIC𝑖𝑗 represents the AIC value for the 𝑗th model in the equation representing the 𝑖th state, and min(AIC𝑖) is the lowest AIC for the 𝑖th 
state. With the best performing candidate models selected through thresholding, a frequency based approach is used to identify the terms which 
appear most frequently in the resulting set of models. The most frequent terms determine the identified model from the ADAM-SINDy procedure. 
This thresholding and term selection procedure is described in practice in Appendix  6.5.2 and visualized in Fig.  8A and B. A detailed table of the 
hyperparameters used in the ADAM-SINDy experiments is provided in Table  1. 

3. Results

3.1. Signaling network identification with known connectivity

We start the system identification within the sub-cellular signaling model (Fig.  2A), assuming that the interactions between proteins are known 
and the unknown feature we are trying to find is the mathematical formulation of the interactions. We also assume that source (translation) and 
decay terms for each protein are known to appear, with unknown linear coefficients (a reasonable assumption in realistic experimental settings). In 
this system, each protein has a fixed number of interactions that we want to mathematically identify, from either mass action (MA) or Michaelis–
Menten (MM) kinetics. A visual representation of this identification is provided in Fig.  4. Assuming known interacting proteins and only two 
possible mathematical representations, the library of potential candidate terms becomes small (ranging from 4 to 16 candidate models), allowing 
for a simple AIC analysis to determine the true model. With each interaction allowed as either MA or MM, permutations are created for each 
potential combination of the total interactions for the protein. A least-squares fit is performed to identify the optimal parameters, and the AIC is 
calculated to select the best model.

In this portion of the work, the least-squares fit is performed using all available data in the same optimization (e.g., data from all four 
experiments). For an example protein (inactive RAS–iRAS), we first produce the model permutations based on the desired fixed terms and expected 
7 
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Table 2
Known-Connectivity fitting results for iRAS. The four models (A, B, C and D) are provided in Fig.  5. For each identified model, 
we calculate the mean squared error (MSE), Akaike information criterion (AIC), and absolute percent error in parameter values 
to assess model accuracy, separated by linear coefficients and non-linear parameters.
 Model A B C D (True model) 
 MSE 2.94e−4 9.58e−6 1.89e−4 5.43e−11  
 AIC −8.09e3 −1.22e4 −8.61e3 −2.67e4  
 Coefficient error (%) 162.37 66.83 136.20 0.01  
 aNonlinear parameter error (%) N/A 92.79 122.24 0.01  
a Error is only calculated for nonlinear parameters that exist in both the true and candidate models.

Fig. 5. (A) This panel provides the four models built from permutations of mass action (MA) and Michaelis–Menten (MM) terms for each reaction in the ODE 
whose results are highlighted in 2. For example, in model A, both the activation and deactivation terms for inactive RAS (iRAS) use MA kinetics. In model D, 
both interactions use MM kinetics. The accented parameters in the models (e.g., 𝑠̃𝑖𝑅𝐴𝑆 ) imply that the parameters are estimated from the input data. (B) This 
panel displays the fitting results for each of the models compared to the ground truth data for iRAS on each of the experimental datasets. The model fits are 
acquired by using all experimental data for parameter estimation in the least-squares fitting.

interactions as presented in Fig.  5A. Following model construction, we fit all models to the measured time derivatives from input data using the 
least-squares regression described in Section 2.3, which is visualized in Fig.  5B. Statistics on the fit results are provided in Table  2. From both mean 
squared error (MSE) and AIC scores for iRAS, we can see that model D, where both activation and deactivation are modeled with MM kinetics best 
fits the ground truth, matching the true model for iRAS (Eq. (10) in the Appendix). The best model results in an average of 0.01% absolute error 
for all of the parameters in the model compared to the true values.

Across all 18 proteins, we correctly identify the correct combination of MA and MM terms in 100% of the states, proving that when the 
interactions are known, the mathematical form of each ODE can be found. The average absolute error for the linear coefficients found for each 
model is 0.01% and for the nonlinear MM parameters it is 0.02%. The detailed results for all proteins with the known-connectivity assumption are 
provided in the Appendix (Appendix  6.5.1).

3.2. Signaling network identification with unknown connectivity

The more difficult identification procedure within the signaling network is identifying the interactions themselves. Even with the assumption 
that an ODE for a given protein will have no more than three interactions (maximum in the signaling model), testing each permutation of the 
8 
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Fig. 6. Visual of the unknown-connectivity system identification with inactive RAS (iRAS) as the protein of interest, coupled to active RAS (aRAS). The interacting 
enzymes (red) that activate and deactivate RAS are unknown (represented by ‘‘?’’).

candidate library can provide more than 10K possible models to test. This quickly becomes a time consuming task, especially as additional proteins 
or total interactions are added to the model. The ADAM-SINDy framework is first used to reduce the total library burden, selecting candidate 
interactions that are likely to appear in the true model, before model selection with AIC on each remaining permutation. The previously described 
experimental inputs (Fig.  3) are used to produce the ground truth protein concentrations and datasets for ADAM-SINDy. We compare identification 
results using each experiment independently and with a combination of all four perturbations used simultaneously.

We first explore the identification with unknown connectivity for an example protein, iRAS. The identification overview for the iRAS protein in 
Fig.  6 is visually similar to Fig.  4, however, we now assume that the interacting enzymes leading to activation and deactivation must be identified. 
As mentioned, this problem is more complex due to the number of possible enzymes for each of the MM terms. We additionally do not force the 
knowledge that there are exactly two interactions in the ODE or that both iRAS and active RAS (aRAS) appear as substrates in the MM terms at 
least once. The only constraint is on the maximum number of interactions. This setup provides a library consisting of the constant and linear terms 
specific to the protein, plus MM terms with each state in the model as the candidate enzyme and both iRAS and aRAS as substrates. A closer look 
into the candidate library for iRAS can be found in Fig.  10, while a detailed overview of the candidate libraries for each other state can be found 
in the Appendix (Appendix  6.4).

In Fig.  7A, we visualize how the candidate library changes after the ADAM-SINDy fitting. In the first row of the map, we see that before 
ADAM-SINDy all terms in the candidate library (from Fig.  10) are active, including the true terms in the ground truth model. The following rows 
show that depending on the experimental simulations used for fitting, different terms remain active. For this example, only an ADAM-SINDy model 
fit to the RTK stimulation experiment, or the fit to all experimental data will contain the terms from the ground truth model. The specific data 
required is different for each protein, dependent on the network connections and correlation in the protein trajectories.

Continuing with the ADAM-SINDy fit for the full experimental dataset, we determine the candidate models for AIC testing as described in 
Section 2.3 by creating permutations of the remaining terms. In this example, 19 terms are present following the ADAM-SINDy fitting, two being the 
constant and linear terms, which we assume as fixed. The remaining 17 terms are used to build out the candidate models. All unique combinations 
of the 17 terms are determined, assuming either 1, 2, or 3 terms will be added to the fixed terms, providing a single candidate model for each 
combination of the terms. The final result is a library containing 1561 models, each with unique model terms (visualized in Fig.  7B). The total 
number of candidate models is reduced from 10,700 to 1561 with ADAM-SINDy. Each model is fit to the full experimental dataset, and the AIC 
score is calculated, with the highest scoring model present in Fig.  7C. This model provides a high accuracy fit to the measured time derivative, with 
MSE = 1.05e−8. The fit model equation shows that we correctly identify the RTK-iRAS activation and aERK-aRAS deactivation terms compared 
to the true model, however, there is an additional term not present in the true model. As an additional filter for additional terms in the identified 
model, we perform a subsequent analysis on the highest scoring models. The lowest AIC value is used as a reference value, and then all models 
with AICs within a pre-defined range (𝜏𝑖 in Eq. (7)) compared to this value are saved. This procedure is visualized in Fig.  8A, with the AIC scores 
from the top 100 models shown. From the saved models, we determine which terms appear most frequently to determine the assumed true model 
as seen in Fig.  8B. This process correctly singles out the RTK-iRAS and aERK-aRAS interactions, in addition to the source and decay terms for 
the identified model. We then compare the parameter accuracy from the fit permutation matching this simplified model to the true model. The 
absolute percent error on the linear coefficients and nonlinear parameters is 0.33% and 0.44%, respectively.

Across all of the states, we visualize the identified interactions depending on the experimental data used in Fig.  8D. In the plot, we see that a 
full perturbation experimental dataset is required for 100% accuracy, with each dataset providing information on specific interactions in the model. 
For each state, we investigate the benefit of using ADAM-SINDy prior to building the candidate library models. We find that across all states, we 
see a reduction in the number of possible interactions that fit the data by 59.43% ± 8.52. The reduced number of possible terms leads to a 92.26% 
± 5.56 reduction in the number of candidate models to test. The detailed results for all proteins with the unknown-connectivity assumption are 
provided in the Appendix (Appendix  6.5.2).

3.3. Multi-scale model identification

The identification procedure for the cell scale model starts with time course data from the RAF inhibition experiments (Fig.  3A) for all proteins 
and cell phenotypes. The goal is to show that the ADAM-SINDy framework can be used to determine which proteins are coupled to the cell scale 
model through Hill functions. The identification follows the same steps as before: construction of a library of candidate terms, ADAM-SINDy to 
reduce the library burden, and finally AIC based model selection to extract the final model.

The library for each phenotype potentially contains logistic and linear terms scaled by Hill functions for each protein in the sub-cellular model. 
We assume that the differentiated cells do not proliferate and therefore only include linear candidate terms, however, the sensitive and resistant 
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Fig. 7. (A) A visualization of the identified active terms identified depending on the input perturbation dataset used. Unfilled boxes (Off) refer to terms that 
ADAM-SINDy removes from the model, light-blue (On) and dark-blue (On (True)) are terms that ADAM-SINDy retains for use in permutation, with dark-blue 
specifically referring to terms that appear in the ground-truth model. Ground-truth terms are additionally labeled along the 𝑌 -axis. MM(X,Y) denotes a Michaelis–
Menten term with X as the substrate and Y as the enzyme. (B) The model construction after the ADAM-SINDy fitting is shown. Here, the fit using all data 
provides 19 total remaining model terms, including the fixed source and decay terms. Each candidate model starts with the two fixed terms (dark blue) and adds 
combinations of one, two, or three of the remaining terms (red) to build 1561 unique models. (C) The fitting results for the best model according to AIC scores 
is displayed. Abbreviations denote receptor tyrosine kinase (RTK), G-protein coupled receptor (GPCR), phosphatase (PPTase), and activated ERK (aERK).

cells contain both logistic and linear terms. An example of the library for the sensitive phenotype is provided in the Appendix (Fig.  10). Here, we 
see that each protein serves as the Hill function modifier in one candidate for both logistic and linear terms. This feature allows the ADAM-SINDy 
framework to choose which protein up-regulates the specific model term in a data-driven manner. We again force biological information on whether 
the term has a positive or negative impact on the state trajectory where for logistic terms we force a positive interaction to represent proliferation, 
whereas for linear terms the sign of the term depends on the state. For example, in the sensitive candidate library, the linear terms are interacting 
with the state of interest. We assume that these terms will result in a phenotype transition or apoptosis, implying negative contribution to the 
trajectory. The opposite is true for the resistant and differentiated phenotype libraries, where linear terms scaled by 𝑆 will result in a positive 
change. We make a final assumption on the sign utilized within the Heaviside step function based on the change (𝛥) for certain proteins. This sign 
is determined based on the change of the specific protein after BRAF inhibition; for example, activated ERK will decrease and provide a negative 
sign, however activated PI3K will increase and provide a positive sign.

We utilize only the BRAF inhibition dataset from the experiments to generate the sub-cellular and cell phenotype time courses that are provided 
as inputs, 𝐘 to the candidate library as in Eq. (9): 

𝑌 =
⎡

⎢

⎢

𝑆(𝑡0) 𝐷(𝑡0) 𝑅(𝑡0) 𝑖𝑅𝐴𝑆(𝑡0) 𝑎𝑅𝐴𝑆(𝑡0) ⋯ 𝑎𝑃𝐾𝐴(𝑡0) 𝛥𝑖𝑅𝐴𝑆(𝑡0) 𝛥𝑎𝑅𝐴𝑆(𝑡0) ⋯ 𝛥𝑎𝑃𝐾𝐴(𝑡0)
⋮ ⋮ ⋮ ⋮ ⋮ ⋱ ⋮ ⋮ ⋮ ⋱ ⋮

⎤

⎥

⎥

. (9)

⎣𝑆(𝑡𝑓 ) 𝐷(𝑡𝑓 ) 𝑅(𝑡𝑓 ) 𝑖𝑅𝐴𝑆(𝑡𝑓 ) 𝑎𝑅𝐴𝑆(𝑡𝑓 ) ⋯ 𝑎𝑃𝐾𝐴(𝑡𝑓 ) 𝛥𝑖𝑅𝐴𝑆(𝑡𝑓 ) 𝛥𝑎𝑅𝐴𝑆(𝑡𝑓 ) ⋯ 𝛥𝑎𝑃𝐾𝐴(𝑡𝑓 )⎦
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Fig. 8. (A) The Akaike information criterion (AIC) results related to the top 100 models for the iRAS protein fit are shown. The red box corresponds to the models 
selected for subsequent analysis in panel B, based on the percent difference from the minimum AIC value. (B) The frequency of each candidate term appearing in 
the highest scoring models is shown. The terms in blue (highest frequency) are retained to represent the identified model, and the red terms are removed. (C) The 
final identified model after AIC selection is shown. The fit model retains the highest frequency terms with each term corresponding to a number as presented in 
panel B. Abbreviations refer to inactive RAS (iRAS), active RAS (aRAS), receptor tyrosine kinase (RTK), and activated ERK (aERK). (D) The interactions identified 
depending on the dataset used, where each column represents a specific interaction and the rows correspond to which dataset was used for fitting. Unfilled boxes 
represent interactions that were missed by the ADAM-SINDy plus AIC framework, whereas dark-blue boxes represent interactions that were correctly identified. 
The labels across the 𝑦-axis designate which columns correspond to interactions (i.e., ODE terms) for each state.

We now fit the time derivative for each cell phenotype with ADAM-SINDy to reduce the library burden and select the most likely interactions. The 
remaining terms are used to build the candidate models based on all permutations, including up to four possible terms per model. The models are 
fit with the least-squares algorithm described and the AIC scores are calculated.

First, we look at the library reduction process with ADAM-SINDy and find that the number of library terms used to build candidate models 
reduces by an average of 77.57% ± 8.49 for the 3 states. This translates to a 96.19% ± 2.65 reduction in the number of candidate models to fit for 
AIC testing. The same procedure as described in Section 3.2 for the extraction of the correct terms from the AIC scores is used. The fitting results 
for each of the phenotypes are displayed in Fig.  9. For all three of the cell states, we correctly identify the logistic and linear terms as well as the 
correct protein for scaling through Hill functions. The final fits with the identified model exhibit an absolute mean percent error of 0.98% and 
0.29% for the linear and nonlinear parameters, respectively. The detailed results for all cell phenotypes are provided in the Appendix (Appendix 
6.5.3). A summary of the setup and results across all experiments is provided in Table  3. 

4. Discussion

Identification of dynamical systems in cancer is an open research domain and is expected to play a critical role in designing better therapies 
for individual patients. The ADAM-SINDy framework, when coupled with AIC based model selection, was shown to be capable of identifying 
cell-signaling networks and how they are coupled to cellular response in a theoretical model of melanoma progression. This methodology was able 
to derive systems of ODEs representing temporal changes in protein and cell concentrations directly from synthetic measurements. When compared 
to a ground-truth multiscale model used for data generation, the computational framework was able to identify the true model with high accuracy 
at both the protein and cell scales. We have also shown how the ADAM-SINDy system identification framework can be made more robust through 
the injection of prior biological knowledge.

In relation to previous work in the field of model development/fitting for multiscale systems biology, this work represents a significant step 
forward in terms of computational capabilities. As discussed in [59], model inference is completed in two distinct stages. First, interactions are 
predicted in a data-driven manner, and second, a model is developed in a hypothesis-driven manner based on the predicted interactions whose 
parameters can then be estimated. This work provides a framework to merge the two stages into a single method, where the hypothesis is now 
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Fig. 9. (A) The model fit and identified ODE compared to the true model for the sensitive cell phenotype (S) is shown. (B) and (C) show the same results for 
the differentiated (D) and resistant (R) cell phenotypes, respectively. Here, 𝑇  represents the total of all phenotypes, 𝛥 represents the change in a variable from 
time = 0, and H(x) represents the Heaviside step function.

Table 3
Overview of the identification setup for the main experiments. Values are aggregated across all fitted states within each scenario; 
per-state results are reported in Tables 6–8. The known-connectivity case bypasses the ADAM-SINDy reduction step and proceeds 
directly to AIC model selection. 
 Property Sub-cellular Sub-cellular Cell-scale  
 (known conn.) (unknown conn.) (coupling)  
 State variables 18 18 3  
 Candidate functions const., linear, MA, MM const., linear, MM linear, logistic, Hill 
 Parameters to identify (linear + non-linear) 100 100 14  
 Candidate terms, pre-ADAM a 40.0 ± 6.20c 31.0 ± 8.49c  
 Candidate terms, post-ADAM a 17.33 ± 3.85c 10.0 ± 3.74𝑠c  
 AIC candidate models 4–16b 797.16 ± 500.62c 687.0 ± 594.59c  
 Ground-truth recovered 100% 100%d 100%  
 Mean parameter error (%) 0.01 0.19 0.87  
a No ADAM-SINDy reduction in the known-connectivity case.
b Candidate models per protein from MA/MM permutations.
c Aggregate across states (mean ± s.d.).
d Requires the full perturbation dataset (Fig.  8); single perturbations are insufficient.

reflected by the candidate library (e.g., suggested terms for model structure) and the interactions, model structure, and parameters can all be 
inferred directly from the data. While we work with a relatively small example in comparison to the true complexity of biological networks, 
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the ideas presented could be translated to larger scale models where manual construction of dynamical systems is not feasible. In our approach, 
each equation was identified independently during the ADAM-SINDy stage, motivated by the non-convex ADAM-SINDy optimization for a large 
system, under which coupling states degraded identification in our preliminary testing. Because the candidate library is shared across states, inter-
state interactions are retained despite the decoupled fit, though no explicit parameter constraints link coupled terms across states. The parameter 
accuracies reported indicate this was not a practical concern for the present benchmark, and jointly identifying coupled equations remains a natural 
extension. 

We also provided specific examples of how the ADAM-SINDy framework can be adjusted to include prior knowledge of the dynamical system of 
interest. We first show how terms can be suggested, but not fixed, through the candidate term specific sparsity weighting parameter Γ. By zeroing 
this parameter for specific candidate terms, we can selectively remove the lasso penalty for these terms. We additionally show that principles of 
conservation can be built into the ADAM-SINDy model. For each interaction, we apply assumptions on whether that interaction will increase or 
decrease the concentration of the specific state and for a parameter set that violates this assumption, we show that zeroing the term can smoothly 
force the parameters towards zero while preventing interactions with the current model fit. Constraint enforcement is also available in SINDy 
through the SR3 optimizer [60], which supports linear equality and inequality constraints, sign constraints, and mandatory terms on the coefficient 
matrix. Our mechanisms differ as ADAM-SINDy is designed specifically for non-convex, gradient-based optimization, in which the candidate library 
carries trainable nonlinear parameters. Rather than imposing hard constraints, which introduce non-smoothness in this setting, we encourage terms 
softly by removing their L1 penalty and enforce conservation/sign principles by smoothly driving violating coefficients toward zero, both of which 
remain compatible with our optimization framework. 

As described in Section 2.3, the interconnected nature of the signaling network inherently provides a high level of correlation between the 
protein time courses. This feature makes it difficult for ADAM-SINDy to single out the true model from the candidate library in a single step. This 
work couples AIC based model selection to the outputs of ADAM-SINDy, providing a second level of selection for identifying the ground truth 
model. This additional step was shown not to always be necessary, but did not negatively affect the results in any case, only benefiting the model 
accuracy. The results in Fig.  8D also highlight an additional drawback of the correlation within the network. A single perturbation dataset is not 
sufficient to capture the nature of each protein’s dynamics. A complete perturbation dataset might be required to correctly identify all of the terms. 
This emphasizes the need for detailed experimental testing when fitting real data.

Our work also introduced a theoretical multiscale model of melanoma response to targeted therapies that builds on prior cell signaling and 
phenotype switching research. Previous models in this domain have focused on only a single isolated scale. For example, in signaling networks, 
models have been developed to highlight specific changes in the MAPK pathway in response to its inhibition [43,61], but they do not explore the 
corresponding cellular changes. In the cell scale, the opposite is true, where phenotype specific changes are directly modeled in a phenomenological 
manner [62–64] without knowledge of the underlying signaling changes. The model presented in this work attempts to address this through direct 
coupling of cell scale parameters with protein concentrations from the sub-cellular signaling scale.

As the results presented are evaluated on noiseless, high temporal resolution in silico datasets, we additionally evaluated experiments across 
sampling frequencies and noise levels. These results are presented in Appendix  6.6. These tests demonstrate that high temporal resolution is 
required for accurate predictions. Gaussian Process Regression (GPR) [65] could be utilized for uncertainty-aware super-resolution of the temporal 
data, mitigating this challenge. This will be investigated in future work. Similarly, the noise experiments show degradation of the accuracy and 
parameter error at low noise levels, however this can be alleviated with more advanced denoising strategies. Weak-SINDy [66] is commonly 
used as a noise-robust extension of SINDy and could be coupled with ADAM-SINDy in future work. Our experiments showed that the multi-scale 
coupling in the cellular model is more sensitive to data quality than the sub-cellular model. During the assumption removal testing (Appendix 
6.6 and Fig.  11C), we found that the cellular model is highly sensitive to the biological assumptions the identification process has made. While 
assumptions like directionality and enforcing specific terms is more grounded in true biology, the fixed Hill coefficients and carrying capacity 
values are an oversimplification of the model. In the cellular model (Appendix  6.2), fixed values for Hill coefficients and carrying capacity are 
required for 100% accuracy of the multi-scale coupling. Additionally, the hyperparameters utilized throughout this study (e.g., AIC thresholding, 
cut-off thresholds, initial 𝛤 ) are another challenge in model development. This is an aspect that should be explored further in future work, where 
additional benchmarks are evaluated. In this work, we explored the robustness of the thresholding parameter in Eq. (7), utilizing values ranging 
from 0.1–40 and found no changes in the algorithm’s ability to identify the correct terms.

There are opportunities for future improvements to this work based on its limitations and assumptions. First, we acknowledge that the work 
was performed entirely in silico, with no real data for validation of the multiscale model itself or the identification framework. Future work will 
investigate extension to real experimental data. Understanding how the identified model in one perturbation experiment predicts in another setting 
is critical for future success of the framework. This is particularly the case once the model is extended to real data since no ground truth exists. It 
should be noted that in our synthetic experiments with precise ground truth, there is no need for validation to unseen perturbations as long as the 
ground truth equation is discovered. In the same vein, we did not include a dedicated stability analysis of the identified systems. When the ground-
truth equations are recovered, the well-behaved dynamics are inherited, effectively grounding the stability of the identified system. This is not 
guaranteed when the identification is imperfect, as in the coarse or noisy regimes provided in Appendix  6.6, where misidentification could produce 
unstable or biologically implausible trajectories. For application to real data, when ground-truth systems are not available for comparison, stability 
and boundedness analysis would provide a complimentary validation alongside the AIC-based selection, as done in prior system identification 
work [35,36].  As seen in the robustness study, noise and data sampling frequency play a major role in determining the success of the identification 
procedure. The simplification made in the biological system itself through fixed Hill coefficients and carrying capacities could also be addressed in 
future work. As seen in Fig.  8D, the experimental data used for fitting plays a major role in ADAM-SINDy’s success. A single dataset was not enough 
to capture the complex dynamics, however, the perturbations studied were simplistic, with a sigmoidal on/off structure. Introducing complex 
dynamics through well-designed perturbations could reduce the amount of data required, while also increasing the identifiability of parameters. 
Developments in Bayesian based approaches to system identification with SINDy [67,68] that could serve as a base to increase the robustness of 
ADAM-SINDy but this requires further development. The high temporal resolution of input data required places a hard limit on perfect identification 
accuracy. This provides two unique directions for improvements, through either data acquisition methodology or coupling of ADAM-SINDy with 
differential programming methods for solving forward ODEs and fitting states instead of derivatives. Proteomic and phosphoproteomic datasets can 
be difficult to acquire and have low sensitivity compared to genomics and transcriptomics [69,70], and therefore further development is necessary 
for true model inference from experimental data in this setting. On the computational side, differentiable programming [71] provides a way to 
couple forward solvers with PyTorch’s backward propagation that ADAM-SINDy utilizes. Extension to a differentiable programming approach 
13 
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would remove the noise-amplifying finite difference calculation of the temporal derivatives, however this introduces stability concerns as well 
as significantly increases the computational complexity of the problem. Whereas with time derivatives, we can fit a single state at a time, when 
utilizing state values the inference must be performed simultaneously for all states. This requires all permutations of model terms to be built 
comprising all possible states. To address these challenges, model order reduction techniques, or latent space calculations [72,73] can be leveraged 
to simplify the problem back. In general, our study demonstrates a proof-of-concept for multiscale system identification in theoretical settings and 
requires further development before it can be translated to real experimental data.

5. Conclusion

In summary, the introduced expanded ADAM-SINDy methodology provides a framework for dynamical system identification in a data-driven 
manner, and we show its utility in the context of a multiscale model for melanoma response to targeted therapy. This in silico analysis highlights 
the ability of ADAM-SINDy to correctly identify protein–protein interactions and their time-resolved dynamics, when provided with synthetic data. 
This approach additionally displayed the ability to learn across biological scales, successfully identifying changes in cell phenotype dynamics based 
on protein concentrations. The integration of biological assumptions into the framework and the model refinement extensions from the base ADAM-
SINDy algorithm proved beneficial in identifying the systems biology models. This framework eliminates the need for pre-defined mathematical 
models in cancer and has the potential to provide more accurate models directly from patient-derived cell culture data in the future, pending 
validation on experimental datasets. Finally, our mechanistic data-driven approach towards learning biology is a step toward the recently proposed 
concept of biology-informed machine learning [74].
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Appendix 6

6.1. Sub-cellular model: MAPK network

As shown in Fig.  2, the intracellular signaling pathway begins with receptor activations, either receptor tyrosine kinase (RTK) or G-protein 
coupled receptors (GPCR), due to binding with specific signaling molecules. This activation triggers a cascade of binding with other proteins 
providing the enzymatic activity for the signaling pathways. In this work, activated RTK and GPCR (and the downstream complexes) are represented 
as known inputs to the system, providing a fixed level of enzymatic activity for the downstream pathways.

Directly activated by the RTK complex is the RAS family of proteins, which are defined here in an inactive (iRAS) and active (aRAS) conformation 
with Eqs.  (10) and (11), respectively: 

𝑑[𝑖𝑅𝐴𝑆]
𝑑𝑡

= 𝑠𝑖𝑅𝐴𝑆 − 𝜇𝑖𝑅𝐴𝑆 [𝑖𝑅𝐴𝑆] −
𝑉𝑎𝑅𝐴𝑆 ⋅ [𝑅𝑇𝐾] ⋅ [𝑖𝑅𝐴𝑆]

𝐾𝑎𝑅𝐴𝑆 + [𝑖𝑅𝐴𝑆]
+

𝑉𝑖𝑅𝐴𝑆 ⋅ [𝑎𝐸𝑅𝐾] ⋅ [𝑎𝑅𝐴𝑆]
𝐾𝑖𝑅𝐴𝑆 + [𝑎𝑅𝐴𝑆]

, (10)

𝑑[𝑎𝑅𝐴𝑆]
𝑑𝑡

= −𝜇𝑎𝑅𝐴𝑆 [𝑎𝑅𝐴𝑆] +
𝑉𝑎𝑅𝐴𝑆 ⋅ [𝑅𝑇𝐾] ⋅ [𝑖𝑅𝐴𝑆]

𝐾𝑎𝑅𝐴𝑆 + [𝑖𝑅𝐴𝑆]
−

𝑉𝑖𝑅𝐴𝑆 ⋅ [𝑎𝐸𝑅𝐾] ⋅ [𝑎𝑅𝐴𝑆]
𝐾𝑖𝑅𝐴𝑆 + [𝑎𝑅𝐴𝑆]

. (11)

As will be the case with all inactive/active protein pairs, iRAS is translated with a protein specific rate 𝑠𝑖𝑅𝐴𝑆 . The concentration of RTK is 
used to determine the activation rate, or the transition from iRAS to aRAS, with MM kinetics. Here, 𝑉𝑎𝑅𝐴𝑆 represents the reaction velocity and 
𝐾𝑎𝑅𝐴𝑆 represents the MM constant. Negative feedback from extracellular signal-regulated kinase (ERK) controls the deactivation of aRAS. Since 
the feedback connection from ERK targets Son of Sevenless genes [75] which has been simplified into the RTK complex, we have connected the 
concentration of activated ERK to the deactivation rate of aRAS with MM kinetics.

The rapidly accelerated fibrosarcoma kinase (RAF) family has been separated into three distinct compartments. The inactive and active variants 
of wild type RAF (iRAFwt and aRAFwt) represent the non-mutated variants of RAF in melanoma. The inactive proteins transition to the active state 
due to phosphorylation with aRAS and are deactivated by GTPase-activating-proteins (GAP) [76], included as a generic phosphatase (PPTase) with 
known concentration in the model. Next, the BRAFV600E mutated RAF (RAFm) is modeled by Eq. (14) below. This mutant protein is constitutively 
active and only translates and decays [77]. The therapy explored in this work targets the RAFm protein, and when bound to the mutant RAF renders 
it unusable, represented by a bilinear binding term with rate 𝑘𝑅𝐴𝐹∶𝐼𝑛ℎ𝑖𝑏: 

𝑑[𝑖𝑅𝐴𝐹 ] = 𝑠𝑖𝑅𝐴𝐹 − 𝜇𝑖𝑅𝐴𝐹 [𝑖𝑅𝐴𝐹 ] −
𝑉𝑎𝑅𝐴𝐹 ⋅ [𝑎𝑅𝐴𝑆] ⋅ [𝑖𝑅𝐴𝐹 ]

+
𝑉𝑖𝑅𝐴𝐹 ⋅ [𝑃𝑃𝑇𝑎𝑠𝑒] ⋅ [𝑎𝑅𝐴𝐹 ]

, (12)

𝑑𝑡 𝐾𝑎𝑅𝐴𝐹 + [𝑖𝑅𝐴𝐹 ] 𝐾𝑖𝑅𝐴𝐹 + [𝑎𝑅𝐴𝐹 ]

14 
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𝑑[𝑎𝑅𝐴𝐹 ]
𝑑𝑡

= −𝜇𝑎𝑅𝐴𝐹 [𝑎𝑅𝐴𝐹 ] +
𝑉𝑎𝑅𝐴𝐹 ⋅ [𝑎𝑅𝐴𝑆] ⋅ [𝑖𝑅𝐴𝐹 ]

𝐾𝑎𝑅𝐴𝐹 + [𝑖𝑅𝐴𝐹 ]
−

𝑉𝑖𝑅𝐴𝐹 ⋅ [𝑃𝑃𝑇𝑎𝑠𝑒] ⋅ [𝑎𝑅𝐴𝐹 ]
𝐾𝑖𝑅𝐴𝐹 + [𝑎𝑅𝐴𝐹 ]

, (13)

𝑑[𝑅𝐴𝐹𝑚]
𝑑𝑡

= 𝑠𝑅𝐴𝐹𝑚 − 𝜇𝑅𝐴𝐹𝑚 [𝑅𝐴𝐹𝑚] − 𝑘𝑅𝐴𝐹∶𝐼𝑛ℎ𝑖𝑏[𝑅𝐴𝐹𝑚][𝑅𝐴𝐹𝑖𝑛ℎ𝑖𝑏] . (14)

The signaling relay, mitogen-activated protein kinase (MEK), is the mediator between RAF and ERK proteins. Its activation is regulated by the 
RAF family of proteins to increase concentrations of activated MEK (aMEK), through both mutant and wild type variants of RAF. Its deactivation 
is controlled by PPTase, leading to increased inactive MEK (iMEK) concentrations:

𝑑[𝑖𝑀𝐸𝐾]
𝑑𝑡

= 𝑠𝑖𝑀𝐸𝐾 − 𝜇𝑖𝑀𝐸𝐾 [𝑖𝑀𝐸𝐾] −
𝑉𝑎𝑀𝐸𝐾 ⋅ [𝑎𝑅𝐴𝐹 ] ⋅ [𝑖𝑀𝐸𝐾]

𝐾𝑎𝑀𝐸𝐾 + [𝑖𝑀𝐸𝐾]
−

𝑉𝑎𝑀𝐸𝐾𝑚
⋅ [𝑅𝐴𝐹𝑚] ⋅ [𝑖𝑀𝐸𝐾]

𝐾𝑎𝑀𝐸𝐾𝑚
+ [𝑖𝑀𝐸𝐾]

+
𝑉𝑖𝑀𝐸𝐾 ⋅ [𝑃𝑃𝑇𝑎𝑠𝑒] ⋅ [𝑎𝑀𝐸𝐾]

𝐾𝑖𝑀𝐸𝐾 + [𝑎𝑀𝐸𝐾]
, (15)

𝑑[𝑎𝑀𝐸𝐾]
𝑑𝑡

= −𝜇𝑎𝑀𝐸𝐾 [𝑎𝑀𝐸𝐾] +
𝑉𝑎𝑀𝐸𝐾 ⋅ [𝑎𝑅𝐴𝐹 ] ⋅ [𝑖𝑀𝐸𝐾]

𝐾𝑎𝑀𝐸𝐾 + [𝑖𝑀𝐸𝐾]
+

𝑉𝑎𝑀𝐸𝐾𝑚
⋅ [𝑅𝐴𝐹𝑚] ⋅ [𝑖𝑀𝐸𝐾]

𝐾𝑎𝑀𝐸𝐾𝑚
+ [𝑖𝑀𝐸𝐾]

−
𝑉𝑖𝑀𝐸𝐾 ⋅ [𝑃𝑃𝑇𝑎𝑠𝑒] ⋅ [𝑎𝑀𝐸𝐾]

𝐾𝑖𝑀𝐸𝐾 + [𝑎𝑀𝐸𝐾]
. (16)

ERK is a primary end point for the MAPK pathway, leading to many of the signals required for proliferation and cell survival [78,79]. ERK 
activation is regulated by the concentration of activated MEK and its deactivation through an ERK associated phosphatase. Here, inactive ERK 
(iERK) and activated ERK (aERK) are modeled as: 

𝑑[𝑖𝐸𝑅𝐾]
𝑑𝑡

= 𝑠𝑖𝐸𝑅𝐾 − 𝜇𝑖𝐸𝑅𝐾 [𝑖𝐸𝑅𝐾] −
𝑉𝑎𝐸𝑅𝐾 ⋅ [𝑎𝑀𝐸𝐾] ⋅ [𝑖𝐸𝑅𝐾]

𝐾𝑎𝐸𝑅𝐾 + [𝑖𝐸𝑅𝐾]
+

𝑉𝑖𝐸𝑅𝐾 ⋅ [𝑎𝐸𝑅𝐾]
𝐾𝑖𝐸𝑅𝐾 + [𝑎𝐸𝑅𝐾]

, (17)

𝑑[𝑎𝐸𝑅𝐾]
𝑑𝑡

= −𝜇𝑎𝐸𝑅𝐾 [𝑎𝐸𝑅𝐾] +
𝑉𝑎𝐸𝑅𝐾 ⋅ [𝑎𝑀𝐸𝐾] ⋅ [𝑖𝐸𝑅𝐾]

𝐾𝑎𝐸𝑅𝐾 + [𝑖𝐸𝑅𝐾]
−

𝑉𝑖𝐸𝑅𝐾 ⋅ [𝑎𝐸𝑅𝐾]
𝐾𝑖𝐸𝑅𝐾 + [𝑎𝐸𝑅𝐾]

. (18)

An additional pathway within the MAPK cascade is the cross-talk with RTK and Phosphoinositide 3-kinase (PI3K). This pathway serves an 
alternative signaling route for many of the downstream effects RAS is involved with, including proliferation and survival [80]. Both RTK and 
GPCRs can help phosphorylate PI3K upon ligand binding. This is modeled with two separate reaction rates specific to the activator providing 
𝑉𝑎𝑃𝐼3𝐾𝑅𝑇𝐾

 and 𝑉𝑎𝑃𝐼3𝐾𝐺𝑃𝐶𝑅
, and the associated MM constants. The deactivation of aPI3K is modeled through negative feedback with aERK as with 

the RAS proteins: 
𝑑[𝑖𝑃 𝐼3𝐾]

𝑑𝑡
= 𝑠𝑖𝑃 𝐼3𝐾 − 𝜇𝑖𝑃 𝐼3𝐾 [𝑖𝑃 𝐼3𝐾] −

𝑉𝑎𝑃𝐼3𝐾𝑅𝑇𝐾
⋅ [𝑅𝑇𝐾] ⋅ [𝑖𝑃 𝐼3𝐾]

𝐾𝑎𝑃𝐼3𝐾𝑅𝑇𝐾
+ [𝑖𝑃 𝐼3𝐾]

−
𝑉𝑎𝑃𝐼3𝐾𝐺𝑃𝐶𝑅

⋅ [𝐺𝑃𝐶𝑅] ⋅ [𝑖𝑃 𝐼3𝐾]
𝐾𝑎𝑃𝐼3𝐾𝐺𝑃𝐶𝑅

+ [𝑖𝑃 𝐼3𝐾]
+

𝑉𝑖𝑃 𝐼3𝐾 ⋅ [𝑎𝐸𝑅𝐾] ⋅ [𝑎𝑃𝐼3𝐾]
𝐾𝑖𝑃 𝐼3𝐾 + [𝑎𝑃𝐼3𝐾]

, (19)

𝑑[𝑎𝑃𝐼3𝐾]
𝑑𝑡

= −𝜇𝑎𝑃𝐼3𝐾 [𝑎𝑃𝐼3𝐾] +
𝑉𝑎𝑃𝐼3𝐾𝑅𝑇𝐾

⋅ [𝑅𝑇𝐾] ⋅ [𝑖𝑃 𝐼3𝐾]
𝐾𝑎𝑃𝐼3𝐾𝑅𝑇𝐾

+ [𝑖𝑃 𝐼3𝐾]
+

𝑉𝑎𝑃𝐼3𝐾𝐺𝑃𝐶𝑅
⋅ [𝐺𝑃𝐶𝑅] ⋅ [𝑖𝑃 𝐼3𝐾]

𝐾𝑎𝑃𝐼3𝐾𝐺𝑃𝐶𝑅
+ [𝑖𝑃 𝐼3𝐾]

−
𝑉𝑖𝑃 𝐼3𝐾 ⋅ [𝑎𝐸𝑅𝐾] ⋅ [𝑎𝑃𝐼3𝐾]

𝐾𝑖𝑃 𝐼3𝐾 + [𝑎𝑃𝐼3𝐾]
. (20)

Downstream from activated PI3K (aPI3K) is protein kinase B (known as AKT). The protein is activated and deactivated with MM kinetics based 
on concentrations of inactive AKT (iAKT) and aPI3K, and is involved in further transcription of factors regulating the cell cycle [80]: 

𝑑[𝑖𝐴𝐾𝑇 ]
𝑑𝑡

= 𝑠𝑖𝐴𝐾𝑇 − 𝜇𝑖𝐴𝐾𝑇 [𝑖𝐴𝐾𝑇 ] −
𝑉𝑎𝐴𝐾𝑇 ⋅ [𝑎𝑃𝐼3𝐾] ⋅ [𝑖𝐴𝐾𝑇 ]

𝐾𝑎𝐴𝐾𝑇 + [𝑖𝐴𝐾𝑇 ]
+

𝑉𝑖𝐴𝐾𝑇 ⋅ [𝑎𝐴𝐾𝑇 ]
𝐾𝑖𝐴𝐾𝑇 + [𝑎𝐴𝐾𝑇 ]

, (21)

𝑑[𝑎𝐴𝐾𝑇 ]
𝑑𝑡

= −𝜇𝑎𝐴𝐾𝑇 [𝑎𝐴𝐾𝑇 ] +
𝑉𝑎𝐴𝐾𝑇 ⋅ [𝑎𝑃𝐼3𝐾] ⋅ [𝑖𝐴𝐾𝑇 ]

𝐾𝑎𝐴𝐾𝑇 + [𝑖𝐴𝐾𝑇 ]
−

𝑉𝑖𝐴𝐾𝑇 ⋅ [𝑎𝐴𝐾𝑇 ]
𝐾𝑖𝐴𝐾𝑇 + [𝑎𝐴𝐾𝑇 ]

. (22)

The final pathway involved in the intracellular signaling network begins with GPCR activity. Adenosine triphosphate (ATP) is converted into 
cyclic AMP (cAMP) through phosphate group removal by GPCRs [81]. ATP production in the cell is modeled to scale with the concentration of 
microphthalmia-associated transcription factor (MITF), based on previous research into MITF’s self regulating behavior [82,83]. This is modeled as 
a positive Hill function, where increasing MITF levels increase ATP production. The conversion of ATP to cAMP is regulated by the concentration 
of GPCR in the system: 

𝑑[𝐴𝑇𝑃 ]
𝑑𝑡

= 𝑠𝐴𝑇𝑃
[𝑀𝐼𝑇𝐹 ]

𝐾𝑠𝐴𝑇𝑃 + [𝑀𝐼𝑇𝐹 ]
− 𝜇𝐴𝑇𝑃 [𝐴𝑇𝑃 ] −

𝑉𝑎𝑐𝐴𝑀𝑃 ⋅ [𝐺𝑃𝐶𝑅] ⋅ [𝐴𝑇𝑃 ]
𝐾𝑎𝑐𝐴𝑀𝑃 + [𝐴𝑇𝑃 ]

, (23)

𝑑[𝑐𝐴𝑀𝑃 ]
𝑑𝑡

= −𝜇𝑐𝐴𝑀𝑃 [𝑐𝐴𝑀𝑃 ] +
𝑉𝑎𝑐𝐴𝑀𝑃 ⋅ [𝐺𝑃𝐶𝑅] ⋅ [𝐴𝑇𝑃 ]

𝐾𝑎𝑐𝐴𝑀𝑃 + [𝐴𝑇𝑃 ]
. (24)

Protein kinase A (PKA) is directly activated by cAMP and promotes downstream gene transcription, particularly the expression of MITF [84]. 
The activation of PKA is controlled by a MM interaction with cAMP at rate 𝑉𝑎𝑃𝐾𝐴 and is deactivated due to dephosphorylation with PPTase: 

𝑑[𝑖𝑃𝐾𝐴]
𝑑𝑡

= 𝑠𝑖𝑃𝐾𝐴 − 𝜇𝑖𝑃𝐾𝐴[𝑖𝑃𝐾𝐴] −
𝑉𝑎𝑃𝐾𝐴 ⋅ [𝑐𝐴𝑀𝑃 ] ⋅ [𝑖𝑃𝐾𝐴]

𝐾𝑎𝑃𝐾𝐴 + [𝑖𝑃𝐾𝐴]
+

𝑉𝑖𝑃𝐾𝐴 ⋅ [𝑃𝑃𝑇𝑎𝑠𝑒] ⋅ [𝑎𝑃𝐾𝐴]
𝐾𝑖𝑃𝐾𝐴 + [𝑎𝑃𝐾𝐴]

, (25)

𝑑[𝑎𝑃𝐾𝐴]
𝑑𝑡

= −𝜇𝑎𝑃𝐾𝐴[𝑎𝑃𝐾𝐴] +
𝑉𝑎𝑃𝐾𝐴 ⋅ [𝑐𝐴𝑀𝑃 ] ⋅ [𝑖𝑃𝐾𝐴]

𝐾𝑎𝑃𝐾𝐴 + [𝑖𝑃𝐾𝐴]
−

𝑉𝑖𝑃𝐾𝐴 ⋅ [𝑃𝑃𝑇𝑎𝑠𝑒] ⋅ [𝑎𝑃𝐾𝐴]
𝐾𝑖𝑃𝐾𝐴 + [𝑎𝑃𝐾𝐴]

. (26)

MITF is produced in melanocytes and controls survival and differentiation in these cells [82]. As a transcription factor, we model its 
concentration with translation and decay, with rates 𝑠𝑀𝐼𝑇𝐹  and 𝜇𝑀𝐼𝑇𝐹 , respectively. The rate 𝑠𝑀𝐼𝑇𝐹  is scaled by the concentration of active PKA 
(aPKA) with a positive Hill function, enforcing its connection to MITF’s transcription. Additionally, the concentration of MITF can be regulated 
by ERK activity, with phosphorylated MITF being marked for degradation [85]. This is modeled as a bilinear decay of MITF due to activated ERK 
concentrations with rate 𝑘𝑀𝐼𝑇𝐹 : 

𝑑𝑀𝐼𝑇𝐹
𝑑𝑡

= 𝑠𝑀𝐼𝑇𝐹
[𝑎𝑃𝐾𝐴]

𝐾𝑠𝑀𝐼𝑇𝐹 + [𝑎𝑃𝐾𝐴]
− 𝜇𝑀𝐼𝑇𝐹 [𝑀𝐼𝑇𝐹 ] − 𝑘𝑀𝐼𝑇𝐹 [𝑀𝐼𝑇𝐹 ][𝑎𝐸𝑅𝐾] . (27)
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Table 4
Sub-cellular model parameters. For each parameter, we provide the range we sampled from, as well as the exact value used to 
generate the data in the manuscript.
 Parameter Value Sampled range Parameter Value Sampled range  
 𝑉𝑎𝑅𝐴𝑆 3.54

 (2.0, 5.0) [1∕h]

𝐾𝑖𝑃𝐾𝐴 2.03
 (0.5, 3.0) [C]

 
 𝑉𝑖𝑅𝐴𝑆 4.85 𝐾𝑠𝐴𝑇𝑃 0.60  
 𝑉𝑎𝑅𝐴𝐹 2.43 𝐾𝑠𝑀𝐼𝑇𝐹 2.79  
 𝑉𝑖𝑅𝐴𝐹 4.85 𝑠𝑖𝑅𝐴𝑆 1.29

 (0.5, 2.0) [C∕h]

 
 𝑉𝑎𝑀𝐸𝐾 2.94 𝑠𝑖𝑅𝐴𝐹 1.19  
 𝑉𝑖𝑀𝐸𝐾 3.27 𝑠𝑅𝐴𝐹𝑚

0.59  
 𝑉𝑎𝐸𝑅𝐾 4.48 𝑠𝑖𝑀𝐸𝐾 1.46  
 𝑉𝑖𝐸𝑅𝐾 3.23 𝑠𝑖𝐸𝑅𝐾 1.78  
 𝑉𝑎𝑃𝐼3𝐾𝑅𝑇𝐾

3.65 𝑠𝑖𝑃 𝐼3𝐾 1.39  
 𝑉𝑎𝑃𝐼3𝐾𝐺𝑃𝐶𝑅

4.37 𝑠𝑖𝐴𝐾𝑇 0.89  
 𝑉𝑖𝑃 𝐼3𝐾 4.26 𝑠𝑖𝑃𝐾𝐴 1.76  
 𝑉𝑎𝐴𝐾𝑇 3.61 𝑠𝐴𝑇𝑃 2.85  (2.0, 5.0) [C∕h]  
 𝑉𝑖𝐴𝐾𝑇 2.99 𝑠𝑀𝐼𝑇𝐹 2.65  
 𝑉𝑎𝑐𝐴𝑀𝑃 2.91 𝜇𝑖𝑅𝐴𝑆 0.56

 (0.1, 1.0) [1∕h]

 
 𝑉𝑎𝑃𝐾𝐴 3.36 𝜇𝑎𝑅𝐴𝑆 0.78  
 𝑉𝑖𝑃𝐾𝐴 2.40 𝜇𝑖𝑅𝐴𝐹 0.23  
 𝑉𝑎𝑀𝐸𝐾𝑚

5.30  (1.0, 2.0) ⋅ 𝑉𝑎𝑀𝐸𝐾 [1∕h] 𝜇𝑎𝑅𝐴𝐹 0.84  
 𝐾𝑎𝑅𝐴𝑆 1.51

 (0.5, 3.0) [C]

𝜇𝑅𝐴𝐹𝑚
0.72  

 𝐾𝑖𝑅𝐴𝑆 1.01 𝜇𝑖𝑀𝐸𝐾 0.81  
 𝐾𝑎𝑅𝐴𝐹 1.16 𝜇𝑎𝑀𝐸𝐾 0.27  
 𝐾𝑖𝑅𝐴𝐹 2.38 𝜇𝑖𝐸𝑅𝐾 0.82  
 𝐾𝑎𝑀𝐸𝐾 1.20 𝜇𝑎𝐸𝑅𝐾 0.27  
 𝐾𝑎𝑀𝐸𝐾𝑚

1.71 𝜇𝑖𝑃 𝐼3𝐾 0.87  
 𝐾𝑖𝑀𝐸𝐾 2.95 𝜇𝑎𝑃𝐼3𝐾 0.88  
 𝐾𝑎𝐸𝑅𝐾 2.90 𝜇𝑖𝐴𝐾𝑇 0.89  
 𝐾𝑖𝐸𝑅𝐾 2.31 𝜇𝑎𝐴𝐾𝑇 0.52  
 𝐾𝑎𝑃𝐼3𝐾𝑅𝑇𝐾

1.85 𝜇𝐴𝑇𝑃 0.35  
 𝐾𝑎𝑃𝐼3𝐾𝐺𝑃𝐶𝑅

0.79 𝜇𝑐𝐴𝑀𝑃 0.82  
 𝐾𝑖𝑃 𝐼3𝐾 0.90 𝜇𝑖𝑃𝐾𝐴 0.68  
 𝐾𝑎𝐴𝐾𝑇 2.92 𝜇𝑎𝑃𝐾𝐴 0.75  
 𝐾𝑖𝐴𝐾𝑇 1.79 𝜇𝑀𝐼𝑇𝐹 0.17  
 𝐾𝑎𝑐𝐴𝑀𝑃 2.06 𝑘𝑀𝐼𝑇𝐹 0.85  (0.1, 1.0) [1∕(h C)]  
 𝐾𝑎𝑃𝐾𝐴 2.44 𝑘𝑅𝐴𝐹∶𝐼𝑛ℎ𝑖𝑏 9.82  (5.0, 10.0) [1∕(h C)] 
*C refers to concentration of proteins.

The ODEs described by Eq.  (10) through (27) represent the full dynamical system of the MAPK network, along with inputs for RTK, GPCR, and 
PPTase. This system is designed to generate data that represents an experimental dataset. The initial conditions are all based on steady state protein 
values, assuming constant RTK, GPCR, and PPTase with a value of 1.0, and a value of 0.0 for BRAF inhibition. The model simulations are performed 
based on the experimental inputs provided in Fig.  3. Parameters in each ODE are randomly sampled to represent a reasonable trajectory of the states 
with the actual values and sampled ranges provided in Table  4. There are two specific parameters that were more specifically constrained: 𝑉𝑎𝑀𝐸𝐾𝑚
and 𝑘𝑅𝐴𝐹∶𝐼𝑛ℎ𝑖𝑏. For 𝑉𝑎𝑀𝐸𝐾𝑚

, we want to ensure that the mutated RAF has more control over MEK activation than wild type RAF, accomplished by 
scaling the randomized 𝑉𝑎𝑀𝐸𝐾 parameter by a factor greater than 1.0. We also choose a larger range for 𝑘𝑅𝐴𝐹∶𝐼𝑛ℎ𝑖𝑏 to ensure the drug has a high 
affinity for the mutated protein.

6.2. Melanoma cell scale model

As described in Section 2.1, the cellular representation of melanoma in this work is presented through three distinct phenotypes, sensitive 
(𝑆), differentiated (𝐷), and resistant (𝑅) cells. As such, each phenotype has its own ODE describing the temporal evolution in response to therapy. 
Proliferation is described by a logistic growth function for the dividing cell phenotypes, 𝑆 and 𝑅, which is based on the current total tumor burden, 
𝑇 , and carrying capacity 𝜃 [86]. This formulation requires the different cell types to compete for the available space defined by the carrying capacity. 
The phenotype transitions are unidirectional from the sensitive state, allowing transitions to either 𝑅 or 𝐷 cells based on the rates 𝑘̃𝑆𝑅 and 𝑘̃𝑆𝐷, 
respectively. The sensitive cells also respond to the delivered therapy through induced apoptosis with rate 𝑘̃𝑆 : 

𝑑𝑆(𝑡)
𝑑𝑡

= 𝑟𝑆 (𝑡)𝑆(𝑡)
(

1 −
𝑇 (𝑡)
𝜃

)

− 𝑘̃𝑆 (𝑡)𝑆(𝑡) − 𝑘̃𝑆𝐷(𝑡)𝑆(𝑡) − 𝑘̃𝑆𝑅(𝑡)𝑆(𝑡) . (28)

The differentiated cells are assumed to exist in a quiescent state, with no cell division occurring. This assumption is described by the rheostat 
model of MITF, where elevated MITF levels results in cycle arrest in the G1 phase [87]. As such the ODE for differentiated cells only consists of a 
transition from sensitive cells: 

𝑑𝐷(𝑡)
𝑑𝑡

= 𝑘̃𝑆𝐷(𝑡)𝑆(𝑡) . (29)

The resistant cells differ from differentiated cells in that they are in an actively dividing state, represented by the logistic growth term, however 
they still exhibit the same resistance to BRAF inhibition providing only an additional term for acquisition from the sensitive state: 

𝑑𝑅(𝑡)
= 𝑟𝑅(𝑡)𝑅(𝑡)

(

1 −
𝑇 (𝑡)

)

+ 𝑘̃𝑆𝑅(𝑡)𝑆(𝑡) . (30)

𝑑𝑡 𝜃
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Table 5
Parameters for the cell-scale model, including coupling mechanisms are presented here. For each parameter, we provide the range 
we sampled from, as well as the exact value used to generate the data in the manuscript.
 Parameter Value Sampled range Parameter Value Sampled range 
 𝑟𝑆 0.34  (0.1, 0.5) [1∕h] 𝐾𝑘𝑆 0.69

 (0.1, 1.0) [C]
 

 𝑟𝑅 0.27 𝐾𝑘𝑆𝐷 0.32  
 𝑘𝑆 0.10  (0.1, 0.3) [1∕h] 𝐾𝑘𝑆𝑅 0.79  
 𝑘𝑆𝐷 0.03  (0.01, 0.05) [1∕h] 𝑛𝑟𝑆 1.00

Fixed [cells]

 
 𝑘𝑆𝑅 0.04 𝑛𝑟𝑅 1.00  
 𝜃 1.00 Fixed [cells] 𝑛𝑘𝑆 1.00  
 𝐾𝑟𝑆 4.48  (0.1, 1.0) [C] 𝑛𝑘𝑆𝐷 1.00  
 𝐾𝑟𝑅 2.44 𝑛𝑘𝑆𝑅 1.00  
*C refers to concentration of proteins.

Finally, we represent the total tumor burden by the sum of each phenotypes concentration: 
𝑇 (𝑡) = 𝑆(𝑡) +𝐷(𝑡) + 𝑅(𝑡) . (31)

The coupling with the sub-cellular model and parameters is presented in the subsequent section.

6.3. Melanoma coupling between sub-cellular and cell scale models

A unique component of this multiscale model is that the parameters controlling proliferation, phenotype transitions, and apoptosis are time-
dependent, specifically due to changes in protein concentrations within the sub-cellular signaling network. As described previously, activated ERK 
and AKT provide the foundational transcription factors for cell survival and proliferation. This results in a dependency on the levels of aERK 
and activated AKT (aAKT) for proliferation of both the sensitive and resistant cells, respectively [88–91]. This is modeled through positive Hill 
functions [53], where changes in either [𝑎𝐸𝑅𝐾] or [𝑎𝐴𝐾𝑇 ] result in a similar change in the effective proliferation rates of the sensitive and resistant 
cells, respectively. This is modeled as: 

𝑟𝑆 (𝑡) = 𝑟𝑆
[𝑎𝐸𝑅𝐾](𝑡)𝑛𝑟𝑆

(𝐾𝑟𝑆 )𝑛𝑟𝑆 + [𝑎𝐸𝑅𝐾](𝑡)𝑛𝑟𝑆
, (32)

𝑟𝑈 (𝑡) = 𝑟𝑈
[𝑎𝐴𝐾𝑇 ](𝑡)𝑛𝑟𝑈

(𝐾𝑟𝑈 )𝑛𝑟𝑈 + [𝑎𝐴𝐾𝑇 ](𝑡)𝑛𝑟𝑈
, (33)

where 𝑟𝑆 and 𝑟𝑈  are the base proliferation rates, 𝑛𝑟𝑆 and 𝑛𝑟𝑈  are the Hill coefficients, and 𝐾𝑟𝑆 and 𝐾𝑟𝑈  are the half-max concentrations of the 
regulating protein.

Additionally, as ERK is a regulator of apoptosis, its concentration is incorporated into the degradation term for sensitive cells. In Eq. (34), 
the base apoptosis rate, 𝑘𝑆 , is altered due to activated ERK concentrations. Specifically, we use the negative change in 𝑎𝐸𝑅𝐾 from steady state, 
implying a reduction in 𝑎𝐸𝑅𝐾 will reduce the cell’s ability to survive through the therapy. The Heaviside step function, 𝐻(−𝛥[𝑎𝐸𝑅𝐾]), is used to 
limit the terms activity to only affect the ODE in Eq. (28) when 𝑎𝐸𝑅𝐾 decreases due to perturbations in the MAPK network from BRAF inhibition: 

𝑘̃𝑆 (𝑡) = 𝑘𝑆
|𝛥[𝑎𝐸𝑅𝐾]|(𝑡)𝑛𝑘𝑆

(𝐾𝑘𝑆 )𝑛𝑘𝑆 + |𝛥[𝑎𝐸𝑅𝐾]|(𝑡)𝑛𝑘𝑆
𝐻(−𝛥[𝑎𝐸𝑅𝐾]) . (34)

The transition from sensitive to differentiated cells is directly informed by the levels of MITF in the cells. Increases in MITF, due to responses 
in the upstream MAPK network, increase the effective transition rate, 𝑘𝑆𝐻  of the sensitive cells to the hyper-differentiated state. This term is only 
active when MITF levels increase above the steady state values: 

𝑘̃𝑆𝐷(𝑡) = 𝑘𝑆𝐻
𝛥[𝑀𝐼𝑇𝐹 ](𝑡)𝑛𝑘𝑆𝐷

(𝐾𝑘𝑆𝐷)𝑛𝑘𝑆𝐷 + 𝛥[𝑀𝐼𝑇𝐹 ](𝑡)𝑛𝑘𝑆𝐷
𝐻(𝛥[𝑀𝐼𝑇𝐹 ]) . (35)

For the resistant cells, their acquisition represents the opening of alternative pathways that bypass the need for ERK signaling. This is informed 
by increases in activated PI3K from the steady state levels: 

𝑘̃𝑆𝑈 (𝑡) = 𝑘𝑆𝑈
𝛥[𝑎𝑃𝐼3𝐾](𝑡)𝑛𝑘𝑆𝑈

(𝐾𝑘𝑆𝑈 )𝑛𝑘𝑆𝑈 + 𝛥[𝑎𝑃𝐼3𝐾](𝑡)𝑛𝑘𝑆𝑈
𝐻(𝛥[𝑎𝑃𝐼3𝐾]) . (36)

Similar to the MAPK network, the parameters are randomized to fit within biological ranges. The data from only the BRAF inhibition, Fig.  3A, 
is used to generate protein and cell phenotype time courses. The parameter ranges, and specific values used for this example problem are listed 
in Table  5. Of interest is the transition rates between phenotypes and apoptosis rate. We utilize a higher range for apoptosis to ensure cell death 
occurs before resistant cells develop, but in practice this might not always be accurate. We additionally use fixed Hill coefficients and cell carrying 
capacity (𝜃) as described in the discussion to improve the fitting results. Further development is needed to ensure accuracy with multiple nonlinear 
parameters in the same model term.

6.4. Candidate libraries for ADAM-SINDy

The model term libraries present in Figs.  9 and 10A represent examples for a single protein and cell phenotype, respectively. Each state has a 
library that depends specifically on the expected terms in the model, and for proteins, the active–inactive pair the state belongs to is an important 
aspect. The full libraries for each state can be found in the Supplemental Material, in ‘‘LibraryStructure.xlsx’’
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Fig. 10. (A) An overview of the candidate library construction for inactive RAS (iRAS) as an example. The library is represented by Θ and parameterized by the 
states, 𝐘, and nonlinear parameters Λ. The Michaelis–Menten (MM) reaction between states 𝐴 and 𝐵 with nonlinear parameter 𝐾 is shortened by MM(𝐴,𝐵,𝐾). The 
activations are defined as a collection of MM terms, each with iRAS as the substrate, all other states as possible enzymes, and a unique nonlinear parameter. The 
deactivation library is constructed similarly, except with active RAS (aRAS) as the substrate. The final library Θ contains an initial column of ones representing a 
constant term in the ODE, a linear term scaled by the iRAS time course, followed by the activations and deactivations. The resulting matrix has 42 columns, one 
for each of the possible terms to be multiplied by Ξ coefficients to model the time derivative of iRAS. (B) An overview of the candidate library construction for 
the sensitive cell phenotype is shown. The library consists of logistic (LOG) and linear (LIN) terms, all scaled by Hill functions. Each protein in the sub-cellular 
model serves as the modifier in the Hill function for both logistic and linear terms.

6.5. Results for individual states

As discussed in the Results Section 3, the ADAM-SINDy framework is capable of identifying the interactions and mathematical structure of the 
multiscale QSP model with a high degree of accuracy. Previously, we reported the specific accuracies for a representative state. In this , we report 
the fits for all states for both the unknown and known connectivity problem, as well as the cell scale model.

6.5.1. Known-connectivity full results
Assuming that the connectivity of the sub-cellular network is known, the AIC model selection approach provides 100% accuracy for selecting 

the mathematical form of each ODE term across all 18 proteins. The fit results for each protein are provided in Table  6. Here, we see MSE values 
ranging from 1.70e−12 to 1.08e−10. Additionally the parameter accuracy is high, ranging from ∼0.000% to 0.036% for the linear coefficients and 
∼0.000% to 0.067% for the nonlinear parameters

6.5.2. Unknown-connectivity full results
When the connectivity of the sub-cellular model is unknown, the ADAM-SINDy framework is used to determine the protein–protein interactions 

and parameters simultaneously. Across all 18 states, the correct model is identified resulting in MSE values ranging from 4.54e−11 to 3.74e−6. 
The linear coefficient error range from ∼0.00% to 0.62% and the nonlinear parameter error ranges from ∼0.00% to 1.08%. The results for each 
state are outlined in Table  7.

6.5.3. Cell scale full results
The cell scale model has smaller derivatives in comparison to the sub-cellular network, but after adjusting the model selection parameters to 

account for this, the correct model is selected for all three phenotypes, resulting in an MSE range of 3.90e−10 to 5.07e−9. The reduced derivative 
also has an effect on the parameter error, where the error for linear coefficients ranges from ∼0.00% to 1.72% and the nonlinear parameters ranges 
from ∼0.00% to 0.45%. The fit results for each phenotype are provided in Table  8.

6.6. Model robustness analysis

As discussed in the main text, the results presented were evaluated in ideal cases with noiseless data and high sampling frequencies. In this , 
we provide results of additional tests for both model types (sub-cellular and multi-scale cellular) with varying levels of data availability and noise. 
An identical framework was utilized with no adjustment of hyper-parameters in the model.
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Table 6
Model fits with known-connectivity for sub-cellular network. The mean squared error (MSE), Akaike information 
criterion (AIC), and absolute parameter error for linear and nonlinear parameters are presented for the best fitting 
model of each state.
 Protein MSE AIC Coefficient error (%) Nonlinear parameter error (%) 
 𝑖𝑅𝐴𝑆 5.54e−11 −1.14e5 0.009 0.012  
 𝑎𝑅𝐴𝑆 5.08e−11 −1.14e5 0.008 0.020  
 𝑖𝑅𝐴𝐹 8.67e−12 −1.22e5 0.011 0.024  
 𝑎𝑅𝐴𝐹 3.14e−12 −1.27e5 0.014 0.023  
 𝑅𝐴𝐹𝑚 5.78e−11 −1.13e5 0.000 N/A  
 𝑖𝑀𝐸𝐾 5.12e−11 −1.14e5 0.020 0.010  
 𝑎𝑀𝐸𝐾 8.74e−11 −1.11e5 0.022 0.035  
 𝑖𝐸𝑅𝐾 9.17e−11 −1.11e5 0.019 0.006  
 𝑎𝐸𝑅𝐾 1.75e−10 −1.08e5 0.011 0.008  
 𝑖𝑃 𝐼3𝐾 1.08e−10 −1.10e5 0.010 0.005  
 𝑎𝑃𝐼3𝐾 1.08e−10 −1.10e5 0.012 0.011  
 𝑖𝐴𝐾𝑇 1.70e−12 −1.30e5 0.034 0.067  
 𝑎𝐴𝐾𝑇 2.20e−12 −1.29e5 0.036 0.061  
 𝐴𝑇𝑃 5.59e−12 −1.24e5 0.003 0.001  
 𝑐𝐴𝑀𝑃 4.46e−12 −1.26e5 0.002 0.000  
 𝑖𝑃𝐾𝐴 9.29e−12 −1.22e5 0.004 0.005  
 𝑎𝑃𝐾𝐴 8.22e−12 −1.23e5 0.004 0.005  
 𝑀𝐼𝑇𝐹 1.98e−12 −1.29e5 0.005 0.002  

Table 7
Model fits with unknown-connectivity for sub-cellular network. The mean squared error (MSE), Akaike information criterion 
(AIC), and absolute parameter error for linear and nonlinear parameters are presented for the best fitting model of each state.
 Protein MSE AIC Coefficient error (%) Nonlinear parameter error (%) 
 𝑖𝑅𝐴𝑆 1.13e−8 −8.79e4 0.33 0.44  
 𝑎𝑅𝐴𝑆 1.09e−8 −8.81e4 0.12 0.03  
 𝑖𝑅𝐴𝐹 3.74e−6 −9.89e4 0.12 0.35  
 𝑎𝑅𝐴𝐹 9.98e−10 −9.95e4 0.11 0.17  
 𝑅𝐴𝐹𝑚 6.13e−8 −7.98e4 0.12 N/A  
 𝑖𝑀𝐸𝐾 1.84e−8 −8.55e4 0.12 0.09  
 𝑎𝑀𝐸𝐾 2.18e−8 −8.47e4 0.11 0.10  
 𝑖𝐸𝑅𝐾 1.95e−8 −8.53e4 0.11 0.04  
 𝑎𝐸𝑅𝐾 2.24e−8 −8.46e4 0.09 0.13  
 𝑖𝑃 𝐼3𝐾 2.64e−8 −8.38e4 0.24 0.37  
 𝑎𝑃𝐼3𝐾 2.64e−8 −8.38e4 0.13 0.07  
 𝑖𝐴𝐾𝑇 7.06e−10 −1.01e5 0.40 0.78  
 𝑎𝐴𝐾𝑇 7.76e−10 −1.01e5 0.62 1.08  
 𝐴𝑇𝑃 1.16e−9 −9.88e4 0.04 0.06  
 𝑐𝐴𝑀𝑃 1.05e−9 −9.93e4 0.02 0.00  
 𝑖𝑃𝐾𝐴 2.44e−9 −9.52e4 0.06 0.03  
 𝑎𝑃𝐾𝐴 2.40e−9 −9.53e4 0.06 0.04  
 𝑀𝐼𝑇𝐹 4.54e−11 −1.14e5 0.00 0.01  

Table 8
Model fits for cell scale model. The mean squared error (MSE), Akaike information criterion (AIC), and absolute parameter error 
for linear and nonlinear parameters are presented for the best fitting model of each state.
 Phenotype MSE AIC Coefficient error (%) Nonlinear parameter error (%) 
 S 5.07e−9 −3.82e4 1.72 0.45  
 D 5.88e−10 −4.25e4 0.00 0.00  
 R 3.90e−10 −4.33e4 0.02 0.01  

The results are present in Fig.  11, separated by experiments for time resolution and noise additions. The temporal tests in Fig.  11A show a 
consistent level of identification accuracy for both models up to a time step of 0.1 h. The parameter error similarly stays below 1%. The cellular 
model accuracy quickly degrades with lower resolution, dropping to a minimum of 14.29% accuracy at 5.0 h time steps. At the same time step, the 
sub-cellular model maintains a 45.31% accuracy level. When the model is incorrectly identified, the parameter error begins to drastically increase, 
as seen at time step frequencies of 0.5, 1.0, and 5.0 for both the sub-cellular and cellular models. This error increase is expected, as the parameter 
error is calculated only for terms that appear in both the fit and true models, meaning the new fit model can be relying on different dynamics to 
fit the data.

Similarly, the noise experiments presented in Fig.  11B show the level of identification accuracy and parameter error for different levels. As 
in the time resolution experiments, the cellular model accuracy degrades faster than the sub-cellular model, hitting 0.0% accuracy compared to 
57.81% in the cellular model at just 1% noise added to the data. Total variation denoising (TVD) can be utilized to alleviate some effects of the 
noise addition, as shown in the figure. This denoising was implemented with SciKit-Image’s [92] ‘‘denoise_tv_chambolle’’ function. The parameter 
error in these experiments can appear discontinuous in Fig.  11B as when 0 model terms overlap, there is no error tested.

In Fig.  11C, the sensitivity of the model to the various assumptions placed during the calibration phase is shown. The test cases are described 
here are labeled as; ‘‘assumed directionality’’: generated by removing the biological contribution assumption from the fitting, ‘‘enforced terms’’: 
generated by removing the assumption that natural decay and constant source terms appear in the protein models, ‘‘fixed CC’’: the carrying capacity 
19 
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Fig. 11. (A) The percentage of correctly identified terms is shown for both the sub-cellular (blue) and cellular scale (red) models for different data time steps. 
In the right panel the mean, absolute parameter error is shown for correctly identified terms. (B) Equivalent results are shown with varying noise levels added 
to the data with a fixed time step (0.05 h), as well as when total variation denoising is applied to the ‘‘measured’’ in silico signal. (C) Each bar represents a 
test case from either the MAPK (blue) or cell (red) model, where a single assumption is removed from the ADAM-SINDy system identification procedure. The 
resulting model accuracies are shown as percentage of terms identified.

for the logistic proliferation equations must now be identified, ‘‘fixed Hill’’: the data generated does not use a fixed Hill coefficient of 1 and the 
value is estimated during the identification. From these results we see a drop in accuracy for the cell model but the sub-cellular MAPK model 
maintains greater than 80% accuracy when these biological assumptions are removed.

6.7. Results summary

The results across all experiments are summarized in Table  9.

Appendix 7. Supplementary data

Supplementary material related to this article can be found online at https://doi.org/10.1016/j.cmpb.2026.109511.

Data availability

Framework for the two-stage ADAM-SINDy approach on both the sub-cellular, and multi-scale cellular models are available on GitHub at 
https://github.com/cchristenson2/MelanomaID.
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Table 9
Summary of model accuracy and parameter error for all experiments with ADAM-SINDy. Accuracy determined as number of 
correctly identified terms divided by total number of terms in ground truth model. Parameter error calculated as the absolute 
mean across coefficients and non-linear parameters.
 Experiment Model Accuracy Parameter error (%) 
 Base (0.05 h, 0% noise) SC 100.00 0.19  
 C 100.00 0.64  
 

Time resolution (hours)

0.01 SC 100.0 0.01  
 C 100.0 0.03  
 0.1 SC 100.0 0.74  
 C 100.0 2.49  
 0.5 SC 98.44 17.64  
 C 42.88 256.41  
 1.0 SC 93.75 29.32  
 C 28.57 1.66  
 5.0 SC 45.31 13.74  
 C 14.29 778.82  
 

Noise level (%)

1 SC 57.81 44.02  
 C 0.00 N/A  
 5 SC 40.63 N/A  
 C 28.57 79.00  
 10 SC 40.63 N/A  
 C 14.29 N/A  
 

Noise level (%) w/ TVD

1 SC 76.56 22.53  
 C 28.57 61.19  
 5 SC 70.31 35.69  
 C 14.29 32.93  
 10 SC 56.25 71.59  
 C 28.57 77.61  
 

Assumption removal

Directionality SC 82.81 12.08  
 Enforced terms 81.25 0.18  
 Directionality

C
28.57 2.39  

 Fixed CC 42.86 24.42  
 Fixed Hill 42.86 187.97  
*SC: sub-cellular MAPK model.
*C: cellular phenotype model.
*N/A: No correct terms, or identified permutation set did not explicitly exist in testing.
*CC: carrying capacity.
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