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1. Table of Notations

	
	Data point of observable , measured in condition (or time point)  in the biological replicate . Biological replicates are normalised, i.e. made comparable across the index .

	
	Simulated concentration of observable  in condition (or time point) , using parameter set .

	
	Scaling factor that converts the absolute units of  to the relative units of. A different scaling factor is assumed for each observable .



2. Objective functions for parameter estimation in dynamic modelling of signalling pathways using relative data

[bookmark: _GoBack]Relative data are the most common type of experimental data (e.g., Western blotting1,2, multiplexed Elisa3, proteomics or RT-qPCR4). These data are expressed in arbitrary units, which are proportional to the amounts of protein, protein activities or mRNA levels. To allow data comparisons between biological replicates, different normalisation strategies can be used. For instance, the data obtained in each replicate are divided by the value of a reference point in that replicate, thus expressing fold change with respect to that point5. 
Using such relative measurement data for parameter estimation requires matching the data units with the model units. For example, if the model is simulated in absolute units (e.g. nM), the simulated values have to be scaled (or normalised) to the relative units of the data. Similarly, even if the model is dimensionless, scaling (or re-normalisation) is still required, because it is unknown how the normalisation factor in the model relates to the data units. Matching data and model units can either be achieved by introducing scaling factors (SF), or by data-driven normalisation of the simulations (DNS). Scaling factors are additional unknown parameters that relate the units of the simulations to the measurement units. Obviously, these unknown scaling-factors have to be estimated, thus increasing the dimensionality of the parameter estimation problem. DNS avoids this problem by normalising the simulated and experimental data in exactly the same way. For example, if the data are biological replicates of Western blot intensities of a time course of phosphorylated ERK (pERK), these replicates may be from different blots and then normalised by the average of the intensities of each blot. The resulting relative units can be compared to the model simulation by multiplying the simulation by a scaling factor, which needs to be estimated, or by normalising the simulation by the average of the simulated values obtained for the same time points of the data, thus normalising the simulations and the data in the same way.
Another important choice in parameter estimation is the type of function to use as objective function. Three approaches are commonly used: the sum of squared differences, or least squares, (LS), the chi-squared function (2), and the negative log likelihood (LL). Both the chi-squared function and the negative log likelihood require knowledge of the measurement error of each data point, which are used as weights for the squared differences: a larger noise corresponds to a lower weight, indicating that the corresponding squared difference has a lower impact in the overall objective function. In other words, a larger uncertainty of a data point allows a looser fit of the simulation to that data point. The log likelihood and the chi-squared approach coincide in the case where the measurement error is calculated from the data before optimisation. The measurement error is usually empirically obtained by computing the variance of each data point across replicates. Because of the typically low number of replicates available in biological experiments, often not more than three or four, this method of estimating the measurement error may be unreliable and sometimes not possible, e.g. when there are no replicates. Thus, we prefer to follow the approach of Ref. 6 and estimate the measurement error during the optimisation as a linear model. Details are given below, where we describe the objective functions formally. Here we call this method negative log likelihood with linear model of measurement error, or simply log likelihood (LL).
Finally, we describe formally the four objective functions we consider in this study: least squares with data-driven normalisation of the simulations (LS DNS), least squares with scaling factors (LS SF), log likelihood with data-driven normalisation of the simulations (LL DNS) and log likelihood with scaling factors (LL SF).
We assume that the variable  represents the relative amount of observed biochemical species or species activity (where relative means that this quantity is measured in arbitrary units). We use variable  to indicate the data point of observable , measured in condition  in the biological replicate . In general, when data are collected, the data points are comparable across the  index (e.g. different conditions or time points quantified from the same western blot) but are not comparable across biological replicates (index )5. In the following we will assume that the data points  have been normalised either by the average of the data points in a biological replicate or by a fixed data point in a replicate, thus making the data points comparable across the index .
Denoting with  the data points not yet normalised, data normalisation can be defined as follows5.
· Normalisation by fixed point. After choosing a condition or time point  as the fixed point, the normalised data points  are defined as:
	
	(1)



Notice that the condition or time point  can be different for each observable . Data points  are now expressed as a fold change with respect to the fixed data point .
· Normalisation by average. After choosing the set of conditions or time points , with the size of the set  denoted by , the normalised data points  are defined as:
	
	(2)


Notice that the set  can be different for each observable . The set  may contain all conditions in  () or a subset of them (), such as in the case of missing values, or a subset of conditions where the experiments are particularly reliable and reproducible. A possible choice for the set of indexes  is the largest set of indexes  such that  is available in all replicates  of observable .

An ODE system for modelling signalling pathways can be defined by the following equations:

In the equations above,  is a vector containing the state variables that are simulated, such as biochemical species and their level of activity. The variable  is a vector containing the input functions for the model, for example the concentration of a growth factor. The variable  is a vector containing the parameters of the model. Finally,  represents the time-dependent observable. It is the output of the model that corresponds to the measured biochemical species or species activity. The observable  is a function of the model variables (usually their linear combination). For example, the observable of phosphorylated ERK may be the sum of all the model variables that represent complexes containing phosphorylated ERK. We use the variables  to indicate the simulated value of the observable  obtained with parameters  and that corresponds to the data points  (, biological replicates).

Least squares with scaling factors (LS SF). The objective function is as follows:

In the above equation,  are the scaling factors that need to be estimated (). In general, one needs to estimate one scaling factor for each observable. Data points are normalised using either Equation 1 or Equation 2.
Least squares with normalisation of the simulations (LS DNS). We illustrate here two versions of this objective function: one when the data are normalised with respect to a fixed data point, and one when the data are normalised with respect to the average of the data points. In the first case, the data points  are normalised with respect to a fixed data point , with , as shown in Equation 1, thus obtaining normalised data . This implies that the simulated data points  need to be normalised with respect the simulated data point :

In the second case, the data points  are normalised with respect to the average  , with , and  is the size of . This normalisation is shown in Equation 2 and defines the normalised data points . Finally, this normalisation implies that simulated data points  need to be normalised with respect to the corresponding average :

Log likelihood with scaling factors (LL SF). As mentioned above, we consider the log likelihood where the measurement error is estimated as a linear model6. When estimating scaling factors the objective function is:

The measurement error is given by the linear model . The coefficients  and  are the coefficients of the linear model of the measurement error and need to be estimated. We assume , which implies . Data points are normalised using either Equation 1 or Equation 2.
Log likelihood with normalisation of the simulations (LL DNS). Similarly, as for the least squares case, we will consider two objective functions, one for the normalisation by fixed point and one for the normalisation by average. In the case of normalisation by fixed point we have:


With measurement error . In the case of normalisation by average we have:

With measurement error .

3. Issues with counting function evaluations, termination criteria and time-to-convergence
Methods to assess the practical performance of optimisation algorithms employ two basic units of measure: computation time and number of function evaluations. In this section, we discuss details and issues concerning their use.
Computation time. Performance can be compared directly by measuring how much computation time is necessary to reach a certain objective function minimum, or by analysing the convergence of the optimised value as a function of the computation time. Better algorithms reach lower values quicker. Note that CPUs with the same computing power must be used. 
Counting function evaluations. If CPUs with different computing power are used, the performance of algorithms may still be compared counting how many function evaluations are required to reach a certain objective function minimum, or by analysing the convergence of the optimised value over the number of function evaluations. Better algorithms require fewer function evaluations. Note that counting function evaluations assumes that the objective function carries the same computational cost between algorithms, and further, that evaluating the objective function is the computationally most expensive part of the algorithms. Depending on the algorithms, these assumptions might be wrong (e.g. SE vs FD).
Algorithm termination criteria. The considered algorithms terminate for different reasons. LevMar terminates when all Latin-hypercube restarts have terminated (here 200). Hereby, each restart terminates when either of the following is triggered: i) the gradient becomes small, indicating that a minimum was reached, ii) a small objective function value is reached, iii) the maximum number of iterations is reached, iv) a numerical error during the ODE integration using the CVODE library is encountered. GLSDC terminates either when all individuals in the genetic algorithm population converge to the same parameter values, or when the maximum number of genetic algorithm generations is reached. (See section “Details of GLSDC and LevMar optimisation algorithms” below for more details). 
Termination time and function evaluations to terminate.  We use the term “termination time” to indicate the amount of computation time required for the optimisation to terminate and the term “function evaluations to terminate” to indicate the number of function evaluations required for the optimisation to terminate. Note that having terminated does not necessarily imply that an optimal parameter estimate has been found (see previous paragraph).
Optimal parameter sets are often not unique. Given a limited amount of experimental data, biological systems are often not identifiable. Non-identifiably means that not only one, but several optimal parameter sets exist that fit the data equally well. Therefore, it is good practice to repeat the optimisation multiple times7 using different initial guesses (for deterministic algorithms) and different realisations of the random number generator (for global, sampling-based searches). The resulting distribution of the parameter estimates can be used to analyse practical identifiability, and determine which parameters (or parameter relations) can be estimated uniquely8,9.
Comparing optimal parameter sets. A slightly lower objective function value does not necessarily imply a better parameter estimate. In some cases, minor differences in objective function values are not relevant from a practical, biological point of view. If the simulated trajectories already capture the overall shape of the recorded time- or dose-response data, and the final goodness-of-fit value depends on how the errors are distributed along the data-points, then the risk of overfitting is high, and these minor differences should be neglected. In practice, different parameter estimates may all be biologically acceptable. A good example is provided in Ref. 10, where several distinct parameter estimates produced similarly good fits to validation data.
Comparing least-squares and log-likelihood objective functions. The values of different objective functions cannot be compared directly, which raises the question of how we can compare the goodness-of-fit between least-squares and log-likelihood estimates. Our approach is to record the least-square values also in the log-likelihood setting. The computational cost of this operation is negligible, because in our algorithms computing the least-squares function is part of computing the log-likelihood.
Comparing termination times between different algorithms may constitute an unfair comparison. Different algorithms may use different convergence and termination criteria, which make an objective comparison of the termination times difficult. In practice, algorithms may terminate reaching very different objective function minima, or terminate long after an acceptable minimum was reached, thus making the termination time alone an insufficient measure of performance. Here, LevMar SE and LevMar SD can be compared directly, because the same termination criteria are used. In contrast, comparing termination times between LevMar and GLSDC is inappropriate, because of the different termination criteria used. The actual termination times critically depend on algorithm-specific, internal tuning parameters, such as the Latin-hypercube grid-size in LevMar, or the number of generations in GLSDC. For example, LevMar runs longer when the number of Latin hypercube restarts is increased. Similarly, GLSDC runs longer when the number of maximal allowable genetic algorithm generations is increased.
Comparing the objective function convergence over computation time eliminates the issues arising from different termination criteria. In general, one algorithm might get very close to the minima very early on, but not terminate until much later, whereas another algorithm might stay far away from the minima for long periods but terminate as soon as it comes close. Thus, to compare the different algorithms objectively, we analyse the convergence curve of the algorithms by plotting the optimised objective function value (y-axis) over either computation time or the number of function evaluations (Figure 3 of main text). To summarise this analysis, one can select specific time points on this convergence curve and compare the corresponding objective function values between the different objective functions and algorithms. The chosen time points should be points of particular interest on the convergence curve, for example representing when the fastest converging algorithm has reached acceptable minima. Here, these interesting points were 3 and 8 minutes for the test problem STYX-1-10 (Figure 4A,B of main text), 10 minutes and 2h for EGF/HRG-8-10 (Figure 4C,D of main text), and 24h for EGF/HRG-8-74 (Figure 4E of main text).

4. Acceptable parameter estimates can be reached long before the algorithms terminate
Here we investigate how quickly acceptable solutions are found, which might happen long before the algorithms terminate. To that end, we analysed the convergence curves of LevMar FD and LevMar SE for the STYX-1-10 and EGF/HRG-8-10 problems, for which acceptable values of the objective function lie below 1.9 and 3, respectively. These cut-offs have been chosen, because they are close to the global minima of 1.7 and 2, respectively (Figures 2A,B). Analysing the convergence (Figures 4A-D and Figures 5A-D), revealed that acceptable objective function values were reached by most of the optimisation runs after eight minutes for STYX-1-10, and after 120 minutes for EGF/HRG-8-10. Yet, the algorithms continued to optimize, not terminating until long after these times (Figures 3B,D). Thus, these termination times are not an accurate reflection of the convergence times, at least in practical terms. 
The finding also implies that an analysis of the full convergence curve as a function of computation time is necessary for i) accurate performance comparisons between different optimisation algorithms, and ii) problem-specific fine-tuning of the termination criteria of each optimisation algorithm such that only the computation time necessary to reach the minima, or little more, is used. Although such fine-tuning is impractical when the only objective is to find a good parameter estimate, it might be worth the effort when performing several 100s or 1000s of estimation runs in order to characterise the acceptable parameter space and analysing practical identifiability7. 

5. Estimation of the scaling factors before optimisation
Another objective function not investigated here has been proposed in Ref. 11, where the authors minimise the objective function with respect to the scaling factors analytically before the numerical optimisation of the objective function. This results in an expression for the scaling factors which depends on a combination of simulated values and data points and that is optimal with respect to the objective function to be estimated. In this section, we provide the formulation of the objective used in Ref. 11 using our notation. We also adapt such approach to the objective functions considered here.
In Ref. 11 the objective function of choice is the negative log likelihood with known measurement error:

In the equation above, the measurement error  is considered known and constant, thus estimated from the data before optimisation. One can easily show that the optimal  are given by:

In the equation above,  is the set of indexes of the biological replicates, while , the size of , is the number of biological replicates. The equation assumes that the data points  have been normalised using either Equation 1 or Equation 2, and thus are comparable across the index . In this case,  is fixed a priori.
For completeness, we provide the equation for the scaling factors optimised in this way in the case of least squares and negative log likelihood with linear model of noise. When using least squares, the scaling factor  is equal to:

When using negative log likelihood with linear model of noise, there is no simple equation for the scaling factor , because of the dependency of the linear model on the scaling factor, .

6. Details of GLSDC and LevMar optimisation algorithms
GLSDC (Genetic Local Search with Distance Independent Diversity Control)
[image: ]
GLSDC alternates a local search phase based on the Powell’s method with a global converging phase based on a genetic algorithm. The algorithm can be described as follows:
1. Initialise np individuals randomly (np = number of parents). Each individual is defined by a set of parameter values. Set the number of iterations of the converging phase (see below), Niter = Nzero = np*convergingRatio.
2. Repeat at most MaxGenerations times alternating a Local phase and a convergence phase:
a. Local Search. Apply the Powell’s method to each parent independently. Powell’s method is a local search algorithm that improves locally the parameter estimates of each individual, without explicit calculation of the gradient. Powell’s method iteratively performs linear searches towards a number of orthogonal directions in the unknown parameters space (with D dimensions). Two parameters are necessary: the number of iterations of the Powell’s method (Npowell) and the number of iterations of the single linear searches (Nlin). Powell’s method stops before Npowell iterations have been reached if 2*abs(best_old – best_new)/(abs(best_old) + abs(best_new)) is less than or equal to the parameter PowellTolerance.
b. If the best objective function value from the previous generation has not improved, then set Niter = Niter + Nzero, otherwise set Niter = Nzero
c. Converging phase: the ENDX/MGG genetic algorithm is used Niter times, without function evaluation. This phase is meant to make the values of the individuals converge towards the same values. At the same time it combines the individual parameter sets, making the algorithm a global search. Details of the ENDX/MGG algorithm: 
i. ENDX (Extended Normal Distribution Crossover). Select two random individuals from the population of np parents. Generate nc children according to the ENDX strategy (additional parameters alpha and beta required).
ii. MGG (Minimal Generation Gap): Choose two individuals in the family composed of two parents and their nc children. The two parents are replaced by a) the individual (parameter set) with the best objective function value in the family and b) a random individual in the family. In GLSDC, this phase is without function evaluation, which means that the objective function value of the children is not computed and assumed worse (higher value in minimisation) than the value of the parents. So, in practice, one random parent is kept and another random member of the family (more likely one of the nc children, but could be the other parent). The objective function value of a newly selected children will be evaluated at the next Local Search Phase.
d. Stop if the halting criteria is satisfied. Otherwise go to a. Halting criteria: stop if for all dimensions (unknown parameters) the difference between the population’s largest parameter value and the population’s lowest parameter value is less than or equal to the parameter GLSDC_threshold.
Additional complication may arise when a function evaluation fails. This is usually due to numerical approximation errors in the CVODE library integration of the Ordinary Differential Equations (ODE) that need to be solved to calculate the objective function. For example, a variable of the ODE model could become negative by an absolute amount greater than the absolute tolerance parameter. If the function evaluation fails, then GLSDC is often able to recover, by bringing forward members of the population that evaluated correctly.
Parameters used:
· Maximum number of generations: 50
· Number of individuals (also called number of parents, np): if the dimensions D (number of unknown parameters) are less than 10, then np = 2 + D, otherwise np = 12
· Maximum iterations of the Powell’s method: Npowell = 10
· Converging ratio: 2.0
· ENDX: alpha=0.434, beta=0.35/sqrt(m-3), with m=np.
· GLSDC threshold for parameter convergence in the population: GLSDC_threshold = 10^-6 
· Maximum iterations of the linear search used by the Powell’s method: Nlin = 10
· Number of children (nc) in the converging phase: 10
· Powell’s method convergence parameter: PowellTolerance = 10^-5

LevMar (Levenberg-Marquardt local non-linear least squares algorithm)
LevMar can be thought of as a combination of steepest descent and the Gauss-Newton method. The combination of the two mentioned gradient based algorithms is weighted by the parameter mu, called the damping factor. When mu is large, LevMar behaves as the steepest descent method, which is usually more appropriate far from the local minimum. When mu is small, LevMar behaves as the Gauss-Newton method, which is usually more appropriate close to the local minimum. At each iteration, the gradient is computed and movement in the direction of the gradient is attempted. Several attempts can be made using the different mu, until an improved objective function value is obtained.
In order to use this local search algorithm for non-linear global optimisation, a restart approach is used. The algorithm is started Nrestarts times using different random initial points. We employ latin hypercube restarts to guarantee that the initial points are spread across the search space and are not by chance next to each other. Latin hypercube divides each dimension in Nrestarts segments. These segments define Nrestarts^D (D=number of dimensions) hypercubes. At each restart a random initial point is uniformly sampled within one of the hypercubes. The hypercube is selected randomly, ensuring that a certain segment of a certain dimension is not picked twice.  
Variables:
· The unknown parameters vector p (p has dimension D) 
· The error vector that contains the signed difference between the data and the function value e=(x-f(p)).
· The gradient or Jacobian matrix J = de/dp
Terminating criteria for each of the Nrestarts local optimisations:
1. Small gradient: 
2. Small p: 
3. Small error e: 
4. Iteration limit Niter
5. Mu cannot be increased further (numerical overflow)
6. Invalid (NaN or Inf) function value or gradient. This error may happen because of numerical errors in the CVODE library during ODE integration.

Parameters used:
· Number of latin hypercube restarts: Nrestarts = 200
· Number of maximum iterations: Niter = 100
· Delta for the forward finite difference approximation of the gradient: delta = max(10^-4*abs(p),10^-6). In words delta is whatever is larger between 10^-6 and the absolute value of the parameter p multiplied by 10^-4. The parameter p is the current value of the parameter for which the gradient is computed.
· Tolerance for small value: TOL=10^-17
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Figure 2: Generation alternation by GLSDC.




