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Abstract

The Virtual Epileptic Patient (VEP) refers to a computer-based representation of a patient
with epilepsy that combines personalized anatomical data with dynamical models of abnor-
mal brain activities. It is capable of generating spatio-temporal seizure patterns that resemble
those recorded with invasive methods such as stereoelectro EEG data, allowing for the eval-
uation of clinical hypotheses before planning surgery. This study highlights the effectiveness
of calibrating VEP models using a global optimization approach. The approach utilizes
SaCeSS, a cooperative metaheuristic algorithm capable of parallel computation, to yield
high-quality solutions without requiring excessive computational time. Through extensive
benchmarking on synthetic data, our proposal successfully solved a set of different configu-
rations of VEP models, demonstrating better scalability and superior performance against
other parallel solvers. These results were further enhanced using a Bayesian optimization
framework for hyperparameter tuning, with significant gains in terms of both accuracy and
computational cost. Additionally, we added a scalable uncertainty quantification phase after
model calibration, and used it to assess the variability in estimated parameters across differ-
ent problems. Overall, this study has the potential to improve the estimation of pathological
brain areas in drug-resistant epilepsy, thereby to inform the clinical decision-making process.

Author summary

Motivated by the problem of parameter estimation in a set of whole-brain network models
of epilepsy (of increasing complexity), this study addresses the question of choosing a
robust global optimization solver that can be accelerated by exploiting parallelism in dif-
ferent infrastructures, from desktop workstations to supercomputers. By leveraging data-
driven techniques with robust cooperative global optimization methods, we aim to
achieve accurate parameter estimation with reduced reliance on prior information. This is
due to the dependency of Bayesian inference on the level of information in the prior,
while this approach allows us to quantify uncertainty in the absence of any prior knowl-
edge effectively. In this work, we construct an efficient and accurate method to perform
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parameter estimation and uncertainty quantification for the whole-brain models, and we
use it to infer the brain regional epileptogenicity from source and sensor level data. Of
specific interest is the ability of our method to produce inference for high-dimensional
state-space models governed by deterministic, stochastic, well-behaved, and stiff differen-
tial equations, using only partial observations and sparse encoding from system states to
the observation.

Introduction

Achieving maximum accuracy in predictive modeling poses a significant challenge in inferring
critical information from recording data, such as characterizing pathological brain networks
from (stereoelectro) EEG data. Optimizing parameters efficiently is therefore essential for
gaining insights into underlying mechanisms of the data-generating process in pathological
conditions, such as the dynamics and connectivity of abnormal brain networks.

The quantitative approaches have accompanied a major conceptual and theoretical evolu-
tion in epilepsy surgery, moving beyond the concept of an epileptogenic focus and proposing
several definitions of different zones (e.g., the epileptogenic zone, the seizure onset zone, and
the irritative zone [1-5]). In partial epilepsy, seizures originate from a network of hyperexcit-
able regions referred to as the epileptogenic zone (EZ; [6]) and then propagate to a secondary
connected network, the so-called propagation zone (PZ; [7]). However, defining the EZ based
on stereoelectro EEG (SEEG) can be difficult, as the patterns of seizure onset and early spread
may exhibit complex organization, influenced by network dynamics [4, 8]. For instance, it has
been reported that the seizure onset zone (SOZ) is not always a good marker of the EZ [9].
Given that epileptogenic regions often originate beyond a single epileptic focus, a network of
brain regions that is necessary and sufficient for initiation of seizures, the removal of which
guarantees the complete abolition of seizures [5, 10]. In this study focusing on model-based
inference using in-silico data, we assume that the EZ is equivalent to the SOZ. Nevertheless,
the success of surgical interventions for drug-resistant patients critically depends on the preci-
sion and reliability of the initial hypotheses, e.g., the spatial map of EZ/PZ as an identification
of the seizure organization [5, 10-15].

Virtual Epileptic Patient (VEP; [10, 16]) is a digital modeling approach that integrates
mathematical modeling of abnormal neural activity with patient-specific anatomical data to
predict the brain network involved in seizure generation and propagation in individuals. By
accurately capturing diverse seizure dynamics and generating computer simulations resem-
bling intracranial EEG recordings, this technique offers a versatile platform to optimize the
surgical strategy and to aid in clinical decision-making [5, 10, 17, 18]. The VEP is a model-
based approach that relies on estimating the parameters in a high-dimensional state-space
representation to accurately identify the network of EZ/PZ in the brain. Besides the issues of
sparsity, stochasticity, and scalability, the reliability of prediction on the EZ/PZ is challenging
due to the nontrivial effects of brain networks, the non-linearity involved in the spatiotemporal
organization of the brain, and the uncertainty in model components.

Several studies [5, 10, 13, 17, 19-22] have demonstrated that advancements in more accu-
rate estimation of the VEP parameters have the potential to more informed clinical decision-
making and optimize surgical strategies. This motivation drove us to benchmark various paral-
lel global search optimization techniques that eliminate the need for strong initial assumptions,
such as informative prior information in a Bayesian setup. Although clinical information or
knowledge extracted from multimodal data integrated into the prior can significantly enhance
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the accuracy of EZ/PZ estimation [13, 20], the use of global optimization methods becomes
crucial in scenarios where such prior knowledge is lacking. Global search optimization meth-
ods offer several advantages, such as an scalability and flexibility in objective functions and
constraints, enhanced exploration-exploitation trade-off, robustness to initial conditions, and
the capability to deal with non-convex and multimodal problems. By leveraging the advantages
of global search optimization methods with high-performance computing (HPC) infrastruc-
tures, we can achieve faster and more accurate parameter estimation, thereby enhancing the
overall efficacy of our approach.

Materials and methods
Individual patient data

For this study, we use secondary data from a selected patient (a 35 year-old male) initially diag-
nosed with left temporal lobe epilepsy (Histopathology: Gliosis, Surgical procedure: resection,
Surgical outcome: seizure free, Engel score I). The patient underwent comprehensive presurgi-
cal evaluation, including clinical history, neurological examination, neuropsychological test-
ing, structural and diffusion MRI scanning, Stereotactic-EEG (SEEG) recordings along with
video monitoring as previously described in [7, 13]. The evaluation included non-invasive
T1-weighted imaging (MPRAGE sequence, repetition time = 1900 ms, echo time = 2.19 ms,
1.0 x 1.0 x 1.0 mm, 208 slices) and diffusion MRI images (DTI-MR sequence, angular gradient
set of 64 directions, repetition time = 10.7 s, echo time = 95 ms, 2.0 x 2.0 x 2.0 mm, 70 slices, b-
weighting of 1000 smm ). The images were acquired on a Siemens Magnetom Verio 3T MR-
scanner.

Network anatomy

The structural connectome was built using the TVB-specific reconstruction pipeline with gen-
erally available neuroimaging software, as described in [17, 23]. First, the command recon-all
from the Freesurfer package [24] in version v6.0.0 was used to reconstruct and parcellate the
brain anatomy from T1-weighted images. Then, the T1-weighted images were coregistered
with the diffusion-weighted images using the linear registration tool flirt [25] from the FSL
package in version 6.0, with the correlation ratio cost function and 12 degrees of freedom.

The MRtrix package version 0.3.15 was then used for tractography. The fiber orientation
distributions were estimated from diffusion-weighted images using spherical deconvolution
[26] by the dwi2fod tool, with the response function estimated by the dwiZresponse tool using
the tournier algorithm [27]. Next, we used the tckgen tool, employing the probabilistic tracto-
graphy algorithm iFOD2 [28] to generate 15 million fiber tracts. Finally, with the generated
fiber tracts and the regions defined by the brain parcellation, the connectome matrix is built
by counting the fibers connecting all regions. Using the tck2connectome tool and the Desikan-
Killiany parcellation [29], the patient’s brain is divided into 68 cortical regions and 16 subcorti-
cal structures. See S1 File for the label names and indices of the sub-divided brain regions. The
connectome was normalized so that the maximum value is equal to one (see S1 File).

Virtual Epileptic Patient (VEP) model. In the process of building a personalized brain
network model, the brain regions (network nodes) are defined using a parcellation scheme,
and a set of dynamical equations, known as the neural mass model, is placed at each network
node to generate the regional brain activity [16, 30]. Neural masses are commonly used to
model the collective behavior of populations of neurons in the brain, such as firing rates, cap-
turing macroscopic dynamics and interactions rather than focusing on individual neuron
behavior [31-34]. They have demonstrated efficiency in capturing the main features of brain
functional behaviors in a single computational framework by accounting for interactions
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among brain regions in healthy and diverse pathological conditions [10, 21, 30, 35-38]. Taking
a data-driven approach that integrates subject-specific brain anatomy, the network edges are
subsequently encoded using a personalized structural connectivity matrix derived from non-
invasive imaging data, such as diffusion magnetic resonance imaging (dMRI), for an individ-
ual subject [16, 17]. Moreover, the anatomical data imposes a constraint on simulated data,
wherein the salient aspects of the dynamics emerged at each brain region, allowing the hidden
state dynamics to be inferred from the data. In the Virtual Epileptic Patient (VEP model; [16]),
a personalized brain network model of epilepsy spread, the dynamics of brain network nodes
are governed by the so-called Epileptor model [39]. The Epileptor is a general description of
epileptic seizures (in humans, mice, rats, and zebrafishes), which contains the complete taxon-
omy of system bifurcations to realistically reproduce the dynamics of onset, progression, and
offset of seizure-like events [40, 41]. The full Epileptor model consists of five state variables
that couple two oscillatory dynamical systems operating on three distinct time scales. At the
fastest time scale, an oscillatory dynamical system accounts for fast discharges during ictal sei-
zure states, whereas on the intermediate time scale, another system represents the slow spike-
and-wave oscillations. On the slowest time scale, a permittivity state variable is responsible for
the transition between interictal and ictal states. The permittivity variable represents the slow-
evolving extracellular processes that occur during epileptiform activity, such as levels of ions,
oxygen, and energy metabolism. Depending on its values, the dynamics of Epileptor may drive
it into or out of a seizure, which accounts for its bi-stable behavior (for more details, see [39]).

Motivated by Synergetic theory [42, 43] and assuming a time-scale separation (7 >> 1), the
fast variables swiftly converge onto the slow manifold, which is governed by the dynamics of
the slow variable. This adiabatic approximation [44, 45] leads to the 2D reduction of VEP
model, given by:

X = 1—x—2x2—z+1,
1 N
Z.i = ; (4(‘xi - ’71‘) — %= KZCij(xj - xi))7

=1

(1)

where x; and z; indicate the fast and slow variables corresponding to i-th brain region, respec-
tively. The parameter I = 3.1 represents the flow of electric current, and 7 scales the length of
the seizure. The degree of epileptogenicity at each brain region is represented by the value of
the excitability parameter 7; (Hopf bifurcation parameter). The network nodes are coupled by
a linear diffuse approximation of permittivity coupling through K Z]N:1 C;(x; — x,), which
includes a global scaling factor K on the subject’s connectome C;;. In this paper, this set of VEP
equations is solved using a Euler integration scheme with a step size of 0.1 msec. The initial
conditions for the x and z variables at each brain region were selected as (-2.5, 3.5),
respectively.

Spatial Map of Epileptogenicity. In the VEP model, the occurrence of seizures in each
brain region depends on its individual excitability (node dynamics) and its connectivity to
other regions (network coupling). The excitability parameter, denoted by 7, regulates the level
of tissue excitability, and its spatial distribution is the focus of parameter estimation. The brain
regions can be classified into three main types based on their excitability parameter:

« Epileptogenic Zone (EZ): If n > 1, the brain region will autonomously trigger seizures,
which are responsible for initiating and organizing the early stages of epileptic activity. The
Epileptor model exhibits an unstable fixed point in these regions, allowing seizures to occur
independently of network effects.
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o Propagation Zone (PZ): If n. — An < n < 1, the brain region does not autonomously trigger
seizures. However, it can be recruited in seizure propagation since its equilibrium state is
close to the critical value. In these regions, a supercritical Andronov-Hopf bifurcation
occurs at 17 = 1),, triggering seizure onset when a sufficiently large external input is present.
Otherwise, the Epileptor model remains in a stable equilibrium state.

o Healthy Zone (HZ): If n < 1. — An, the brain region remains seizure-free. In these regions,
all trajectories in the phase-plane of the Epileptor model converge to a single stable fixed
point, indicating a healthy (non-epileptic) state.

Based on the above dynamical properties, the spatial distribution of epileptogenicity across
different brain regions is determined by estimated heterogeneity in excitability parameters:
EZs exhibiting high excitability, while PZs have lower excitability values, and very low values
of excitability characterize all other regions as HZs.

Note that having an intermediate excitability value (i.e., close to the bifurcation value) does
not guarantee recruitment into the seizure propagation. Seizure recruitment is governed by
various factors, including structural connectivity, network coupling, and brain state depen-
dence on noise, which all play a crucial role in determining the extent of propagation within
the brain network [13, 17]. The linear stability analysis indicates that, in the absence of cou-
pling (K = 0), the isolated nodes exhibit a bifurcation at the critical value 7. = —2.05 [46], and
we set An=1.0[13, 17].

Simulated Stereotactic-EEG (SEEG) data

Simulated Stereotactic-EEG (SEEG) implantation produces data to be used in the building and
validation of VEP models. This invasive method is used in clinical situations for patients with
drug-resistant epilepsy to determine the focal location of epileptic seizures [2, 5, 6, 10]. The
implanted SEEG electrodes record the local field potential generated by the neuronal tissue in
its vicinity. The gain matrix (also known as the lead-field or projection matrix) maps the
source activity to the measurable sensor signals. Each sensor collects the source signals in its
proximity, weighted by the distance and orientation of sources. To model the SEEG signals,
here we assume an exponential relation between the source activities and the measurable sig-
nals at the sensors:

5,(t) = jjcyexp<x;<t>>, (2)

where S;(t) is the SEEG signal at sensor i € {1, 2, . .., N} with N; the number of channels (sen-
sors), x;(t) is the source activity (given by fast variable in Eq 1) in region j € {1, 2, .. ., N,,} with
N, the number of brain regions, and G;; is the element of the gain matrix representing the dis-
tances of the sensors from the sources. The exponential function used in this study introduces
anonlinear relationship between source activity and sensor measurements, allowing for poten-
tially capturing more complex dynamics. Assuming that the generated signal decays with the
square of the distance from the source, the gain matrix is approximated by

cA,
G = Z| %P (3)

kev;

where V; is the set of all vertices on the triangulated surface of region j, c is the scaling coeffi-
cient, Ay is the surface area associated with vertex k, ¥ is the position of the sensor 7, and X} is
the position of the vertex k. Note that we have not taken into account the dependence of the
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source-to-sensor decay on the orientation of the neuronal tissue, due to the lack of geometric
information about the orientation in subcortical structures. Nevertheless, this consideration
holds greater significance using neural fields compared to neural mass modeling [5, 10].

State-space modeling. State-space modeling [47-49] forms the fundamental basis of
dynamical systems theory [50, 51] and control engineering [52, 53], to describe and analyze
system dynamics over time, capturing interactions within data and actively manipulating and
regulating system behavior to steer the system towards desired states or trajectories [54, 55].
Nonlinear state-space modeling further enhances the modeling of complex systems, for
instance to capture seizure onset, progression, and offset, by incorporating nonlinear relation-
ships and dynamics [13, 16, 17, 56].

In this study, the state-space representation of the VEP model is given by a system of non-
linear differential equations as follows:

{ x(t) :f(x(t)7 u(t)’ 0) + W(t)’ x(O) =Xy (4)
4

where x(t) € R is the N,,-dimensional vector of system states evolving over time, x,, 1s the
initial state vector at time t = 0, @ € R" contains all the unknown evolution parameters, u(t)
stands for the external input, and y(¢) € R" denotes the measured data subject to the mea-
surement error ¥(t). The process (dynamical) noise and the measurement noise denoted by
w(t) ~ N(0,6%) and v(t) ~ N(0,0"), respectively, are assumed to follow a Gaussian distri-
bution with mean zero and variance > and o', respectively. Moreover, f(.) is a vector function
that describes the dynamical properties of the system i.e., summarizing the biophysical mecha-
nisms underlying the temporal evolution of system states (here, govern by VEP model, Eq 1)
and h(.) represents a measurement function i.e., the instantaneous mapping from system states
to observations (here, the gain matrix, Eqs 2, and 3).

Parameter estimation problem. In this study, it is assumed that the structure of the state-
space model is known but that the associated model parameters 0 € {n;, K} withi € {1, 2, ...,
N,} are unknown and need to be estimated from the available data. Using Desikan-Killiany
parcellation with N,, = 84, @ € R™. Although there are many strategies available for determin-
ing these parameters [17, 20, 21, 57-64], we focus on an approach based on global optimiza-
tion. This method involves formulating an optimization problem that measures the difference
between simulated data (produced by the model) and real observed data, aiming to adjust the
model parameters for a better fit.

Given this context, to minimize the discrepancy between model predictions and observa-
tions, we employ the Root Mean Square Error (RMSE). A lower RMSE value indicates a better
fit between model predictions and observed data, pointing to more accurate parameter estima-
tion and enhanced model reliability.

Note that, due to the sparse placement of SEEG electrodes, the gain matrix is not of full
rank (see S1 File), posing significant challenges for parameter estimation, particularly in accu-
rately inferring the unknown combination of activity from neighboring brain regions near the
sensor. These challenges include computational time, the reliability of estimating the epilepto-
genicity parameter, and the overall model inversion process. Consequently, the parameter esti-
mation of dynamic models generally exhibits NP-hard complexity. Given the necessity to
obtain a viable solution for the patient in a reasonable runtime, it is impractical to calculate for
weeks to reach the optimal solution. Thus, in our global optimization approach, we have
employed metaheuristics, local solvers, and HPC techniques, aiming to speedup the search as
much as possible.
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Table 1. Optimization problems for various configurations of the VEP model. The seizure propagation depends on
the interplay between node dynamics (excitability) and network coupling (structure). The signals generated by VEP
models on the brain region level are called source signals (see Eq 1). The measured signals from the electrodes are
called sensor signals. To map the simulated sources from the brain regions to the sensors, the electromagnetic forward
problem needs to be solved (see Eqs 2 and 3). Due to the sparse placement of electrodes, the gain (lead-field matrix)
used for mapping the source to the sensors is not of full rank.

problem cost function description

1 deterministic Forward simulation of VEP model with weak coupling at
source level, i.e., no propagation, and the gain matrix G =I.

2 deterministic Forward simulation of VEP model with weak coupling at
sensor level, i.e., no propagation, and a low rank gain matrix.

3 deterministic Forward simulation of VEP model with strong coupling at
source level, i.e., with propagation, and the gain matrix G = I.

4 deterministic Forward simulation of VEP model with strong coupling at
sensor level, i.e., with propagation, and a low rank gain matrix.

5 stochastic Forward simulation of SDE VEP model with large 7 (stiff equations) at
source level, with propagation, and the gain matrix G = I.

6 stochastic Forward simulation of SDE VEP model with large 7 (stiff equations) at
sensor level. with propagation, and a low rank gain matrix.

https://doi.org/10.1371/journal.pchi.1011642.t001

Subsequently, we can rearrange various configurations of the VEP model for benchmarking
based on the connectivity matrix of a patient. Table 1 presents 6 different optimization prob-
lems and a summary of their main characteristics. As we are assuming no noise in problems 1
to 4, they are treated as ODEs, and their parameter estimation problems are deterministic.
However, in the case of problems 5 and 6, we handle the noise, so the SDEs result in our cost
function in the calibration being stochastic.

Cooperative optimization methods. The domain of High-Performance Computing
(HPC) offers essential methodologies and advanced technologies designed to significantly
boost the efficiency of classical optimization algorithms, particularly within the context of con-
temporary many-core infrastructures. These methods and techniques play a pivotal role in
specific applications where computation speed is intrinsically linked to the patient’s well-
being, underscoring the critical nature of rapid model calibration. In this context, messaging
libraries like MPI emerge as key tools, providing an effective avenue for code parallelization.
Concurrently, programming strategies such as the master-worker paradigm provide a stream-
lined and intuitive strategy for coordinating distributed optimization agents, further contribut-
ing to improve the overall efficacy and performance of numerical optimization methods.

Recently, leveraging the methodologies and technologies mentioned above, the Self-adap-
tive Cooperative enhanced Scatter Search (SaCeSS) [65] optimizer was presented as a competi-
tive method to solve parameter estimation problems in large-scale nonlinear dynamic models.
SaCeSS is a cooperative parallel (using an island-based model) implementation of an evolutio-
nay algorithm, enhanced scatter search (eSS) [66, 67]. Independent eSS instances (workers)
run in parallel in a cooperative fashion, and a master process manages communications
between them. Each parallel eSS instance is a hybrid method, combining global search with
calls to an efficient local search (LS) method (in this study, Dynamic Hill Climbing, DHC
[68]).

During the execution of SaCeSS, if a worker explores a solution that improves the best-
known one (considering all workers), this solution is asynchronously sent to the master,
assessing its quality and determining whether it should be propagated to other MPI processes.
This hybrid optimization strategy is enriched with several innovative mechanisms. These
include: (i) the establishment of asynchronous collaboration amongst parallel processes,
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Fig 1. General overview of SaCeSS. This method employs a parallel cooperative scheme based on a master-worker strategy. An example of solution
propagation flow is illustrated: when a worker obtains a good solution, it is shared with the rest of the workers through the master. Additionally, the
master implements an adaptation mechanism to replace the settings of those workers with poor performance (as registered in a scoreboard), helping to

improve their performance.

https://doi.org/10.1371/journal.pcbi.1

011642.9g001

ensuring a seamless and efficient exchange of information; (ii) the integration of both coarse
and fine-grained parallelism, providing a balanced and versatile computational structure; and
(iii) the implementation of self-tuning strategies, which autonomously improve performance
and adapt to varying conditions, ultimately enhancing the reliability and efficiency of the
search process.

To provide a visual representation of the communication and adaptation mechanisms in
SaCeSS, Fig 1 offers a detailed pictorial overview. In previous research, SaCeSS demonstrated
good performance and robustness in addressing complex, large-scale model calibration prob-
lems within the domain of computational systems biology [69]. Leveraging these strengths,
here we have tailored SaCeSS to tackle the specific optimization challenges associated with
parameter estimation in VEP models.

Scope and contributions. In this study, we employed SaCeSS algorithm to calibrate vari-
ous configurations of the VEP model, thereby demonstrating the potential of this solver for
rapid parameter estimation in such contexts. As the VEP models serve as personalized brain
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network models tailored to individual patients, they could lead to more informed clinical deci-
sion-making and optimize surgical strategies. For this reason, the primary objective is to ascer-
tain whether our proposed approach can address the associated optimization problem within a
reasonable computational time to avoid excessive waiting times for the patient.

We also evaluate the parallel efficiency and scalability of SaCeSS in the context of VEP mod-
els using two types of HPC infrastructures, a supercomputer and a PC workstation. Based on
these results, we analyze the computational resources required to obtain fast and sufficiently
accurate estimations, which is important to prevent extended delays in delivering medical
results in a real-world application. Further, we also compare SaCeSS with other competitive
parallel optimizers.

Additionally, since the calibration of large-scale models always contains some degree of
uncertainty due to non-identifiabilities, we extend SaCeSS with a method of uncertainty quan-
tification based on a recent ensemble approach [70, 71].

Finally, while SaCeSS is equipped with a self-adjusting mechanism for its settings, there
remain certain global hyperparameters associated with its overall cooperation and adaptation
functionalities. To enhance SaCeSS’s robustness and efficiency even further, here we have used
Optuna, a hyperparameter tuning tool [72]. This tool leverages Bayesian optimization tech-
niques to determine the most effective global hyperparameters considering the specific nature
of the VEP parameter estimation challenges.

Results

In this section, our aim is to assess the performance of our proposed parameter estimation
method in VEP models. To achieve this, we tested the SaCeSS method with the different
benchmarks presented in Table 1. For each optimization problem, SaCeSS was run using the
same computational resources: 12 parallel processors within a specific time threshold. Due to
the non-deterministic nature of SaCeSS, it was necessary to perform multiple runs (10 times
per problem) to ensure a comprehensive assessment. Recognizing the differing complexities of
each benchmark and aiming to provide adequate time for convergence, we established the fol-
lowing stopping times (wall time limits) in the FT3 supercomputer: 3 hours for problem 1, 18
hours for problems 2-4, and 39 hours for problems 5 and 6.

Figs 2, 3 and 4 present the VEP configurations and estimations for different spatial maps of
epileptogenicity, at source and sensors levels (see Table 1). For each problem, we have shown
the whole-brain simulations (see Eq 1) at source level and corresponding SEEG simulations at
sensor level (see Eq 2). Moreover, the trajectories in the phase-plane for different regions are
illustrated. These results aim to showcase the capabilities of SaCeSS in capturing the true
mechanism underlying seizure initiation and propagation from a dynamical systems theory
perspective. We have utilized the confusion matrix, which was computed based on the inferred
excitability 7;, to report the estimation accuracy for three node types: Epileptogenic Zone (EZ),
Propagation Zone (PZ), and Healthy Zone (HZ).

Fig 2 shows the estimation result for the deterministic VEP model with weak coupling, i.e.,
no seizure recruitment from EZ to PZ. Fig 2A displays the simulated fast activities across brain
regions at source level (cf., x; variables in Eq 1). In this scenario, two regions with high excit-
ability n; are identified as EZ (shown in red), while three regions are designated as candidate
regions with excitability close to the critical value for seizure propagation (PZ, shown in yel-
low). The remaining regions with low excitability are classified as healthy (HZ, shown in
green). Fig 2B displays the true and estimated trajectories in the phase-plane. In the phase-
planes depicted, the x- and z-nullclines are highlighted in blue, and the intersection of these
nullclines indicates the fixed point of the system. A full circle represents a stable fixed point,
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Fig 2. Best solutions obtained by SaCeSS using 12 processors for the deterministic VEP model with weak coupling at source and sensor levels (problems 1 and 2).
(A) The simulated fast activities across brain regions at source level used for optimization. No propagation is observed due to weak coupling. (B) The true and estimated
trajectories at phase-plane for three node types as Epileptogenic Zone (EZ, in red), Propagation Zone (PZ, in yellow), and Healthy Zone (HZ, in green). (C) The envelope
of the simulated SEEG signals at the sensor level. (D) The confusion matrix indicates 100% accuracy in the estimation of three node types (EZ/PZ/HZ) based on SEEG
signals.

https://doi.org/10.1371/journal.pcbi.1011642.9g002
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Fig 3. Best solutions obtained by SaCeSS using 12 processors for deterministic VEP model with strong coupling at source and sensor levels (problems 3 and 4). A)
The simulated fast activities across brain regions at source level used for optimization. Due to strong coupling, the seizure propagates from epileptogenic zone (in red) to
other brain regions (in yellow). (B) The phase-plane displayed both the actual and predicted trajectories for three node categories as EZ, PZ, and HZ. (C) The simulated
SEEG signals at the sensor level. (D) The confusion matrix that illustrates 100% accuracy for the estimation based on SEEG signals.

https://doi.org/10.1371/journal.pcbi.1011642.9g003
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Fig 4. Best solutions obtained by SaCeSS using 12 processors for stochastic VEP model with stiff equations at source and sensor levels (problems 5 and 6). A) The
simulated fast activities across brain regions with large sizure lenght (due to large time scale separation 7) at source level used for optimization. Due to strong coupling,
the seizure propagates from EZ (in red) to PZ (in yellow). (B) The true and estimated trajectories in phase-plane for EZ, PZ, and HZ. (C) The simulated SEEG signals at
the sensor level. (D) The confusion matrix that illustrates that one of the PZ is mis-classified as HZ.

https://doi.org/10.1371/journal.pchi.1011642.9004

while an empty circle represents an unstable fixed point. From this figure, we can observe that
the trajectory of an HZ is attracted to the stable fixed point of the system (located on the left
branch of the cubic x-nullcline), indicating that it does not trigger an epileptic seizure. For a
PZ, the coupling and the value of excitability, which is close to the critical value of epilepto-
genicity, cause the z-nullcline to move downward. However, the coupling is not sufficient for
propagation as the system’s fixed point remains stable. For the EZ, the system exhibits an
unstable fixed point due to the high value of excitability. In this regime, Epileptor possesses a
limit cycle and the seizure triggers autonomously. We can observe that in all cases, the esti-
mated trajectories closely follow the true trajectories due to the accurate estimation of excit-
ability (see Table 2). Fig 2C shows the simulated SEEG signals at the sensor level given a low-
rank sparse gain matrix. Fig 2D indicates a 100% accuracy in the estimation of three node
types (EZ/PZ/HZ) based on SEEG signals. Overall, these results indicate that SaCeSS is able to
accurately capture the system dynamics for different node types in the absence of noise in the
VEP model.

Fig 3 shows the estimation result for the deterministic VEP model but with strong coupling,
i.e., with seizure recruitment from EZ to PZ. Fig 3A displays the simulated fast activities across
brain regions at the source level, where the seizure propagates to the candidate brain regions as
PZ. In Fig 3B, the seizure recruitment to these regions is due to the network effects, as their
equilibrium is close to the bifurcation value. Here, due to the sufficient coupling strength and
the value of excitability which is close to the critical value of epileptogenicity, the z-nullcline
moves down, causing a bifurcation thereby allowing the seizure to propagate. This indicates
that seizure propagation depends on the interplay between the brain region’s excitability (node
dynamics), and the network coupling (parameter K). Fig 3C and 3D show the observed SEEG
signals and the accuracy of the estimation. These results indicate that SaCeSS is able to
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Table 2. Results for different parallel GO methods considering the set of VEP problems. Each solver was executed 10 times (different parallel jobs), with different stop-
ping times depending on the problem. Resulted obtained using 12 parallel processors in the FT3 supercomputer. Here, fx stands for the cost function defined as the root
mean square error between observed and generated data.

problem stopping time

3h
18h
18h
18h
39h
39h

QN W=

3h
18h
18h
18h
39h
39h

G W N | =

o)}

best fx
SaCeSS
5.30E-07
2.20E-03
4.93E-07
3.39E-03
7.35
632.38
asynPDE
2.15E-05
1.11E+00
4.31E-13
1.07
27.01
961.30

https://doi.org/10.1371/journal.pcbi.1011642.1002

mean fx + std problem stopping time best fx mean fx + std
PS-CMA-ES
5.72E-07 + 2.56E-08 1 3h 1.70E-13 1.76E-13 + 4.99E-15
2.71E-03 + 4.30E-04 2 18 h 1.70E+00 6.38E+00 + 6.49E+00
5.21E-07 + 1.75E-08 3 18 h 1.59E-13 1.70E-13 + 5.55E-15
1.01E-02 + 4.82E-03 4 18 h 2.82E+00 7.28E+00 + 3.88E+00
7.74 £ 3.09E-01 5 39h 22.48 24.46 £ 1.19
719.24 + 130.47 6 39h 1143.70 1302.89 £ 171.17
SaCeSS optuna
8.68E-05 + 1.01E-04 1 3h 5.00E-07 5.47E-07 + 3.31E-08
1.35E+01 + 1.37E+01 2 18 h 3.31E-04 7.32E-04 £ 3.15E-04
5.99E-05 + 9.18E-05 3 18 h 4.99E-07 5.15E-07 + 1.17E-08
19.60 + 9.47 4 18 h 4.90E-04 8.84E-04 £ 3.75E-04
30.95 + 3.32 5 39h 7.22 7.69 £ 0.25
1195.68 + 109.48 6 39h 535.88 792.44 +£197.92

accurately capture the system dynamics for different node types with strong coupling in the
VEP model.

Fig 4 shows the estimation result for the stochastic and stiff VEP model, i.e., with a long sei-
zure envelope (see Fig 4A) due to a large time scale separation (parameter 7in Eq 1). In partic-
ular, we have considered a high value of noise dynamics, which is a zero-mean Gaussian noise
with a standard deviation of 0.1. Therefore, given a known values of excitability and coupling,
the seizure propagation is random and depends on the brain state dependency caused by the
noise dynamics. Fig 4B shows that the system dynamics of regions corresponding to EZ and
HZ are accurately estimated. However, the estimated trajectory corresponding to one of PZs
dampens to a stable fixed point, despite the presence of a limit cycle in the observation. Fig 4C
shows the simulated SEEG signals used for optimization, where one of the PZ regions is mis-
classified as HZ, as indicated by the confusion matrix (Fig 4D). This result indicates that while
SaCeSS can effectively handle the very fast-changing components in the VEP model, accurately
estimating the EZ/PZ from noisy signals can be challenging when using an error function such
as RMSE for optimization.

Table 2 lists the best costs (RMSE) for each problem, alongside average and deviation val-
ues, where in problems from 1 to 4 (ODEs) approached zero. In contrast, the convergence of
problems 5 and 6 (SDEs) is not close to zero as for the models based on ODEs, but the estima-
tions are close to ground truth values.

We further assessed the scalability of SaCeSS on two platforms: the FinisTerrae III (FT3)
supercomputer (details at https://www.cesga.es/en/), and a DELL Precision 5820 workstation
equipped with 18 cores (Intel i9-10980XE at 3.00GHz). We conducted ten runs of each opti-
mization problem using both the sequential eSS and the parallel SaCeSS solvers, employing 6,
12, and 24 processors—although only 6 and 12 cores were used in the case of the DELL Preci-
sion 5820. This exercise served to highlight the performance advantages of SaCeSS over eSS
and offered valuable observations regarding the behavior of SaCeSS with varying numbers of
parallel processors (workers).

The detailed results of this analysis are shown in Table 3, where, in general, all SaCeSS con-
figurations achieved fitness functions close to zero, except for problems 5 and 6, where the

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1011642  July 11, 2024 12/23


https://www.cesga.es/en/
https://doi.org/10.1371/journal.pcbi.1011642.t002
https://doi.org/10.1371/journal.pcbi.1011642

PLOS COMPUTATIONAL BIOLOGY

Calibration of a whole-brain network model of epilepsy

Table 3. Scalability of SaCeSS in an supercomputing infrastructure (FT3) and in a desktop workstation (DELL Precision 5820). SaCeSS was executed 10 times using
different number of processors, varying the stopping time for each problem. In the case of one processor, the sequential enhanced scatter search (eSS) solver was used.

problems

1

https://doi.org/10.1371/journal.pcbi.1011642.t003

processors

1
6
12
24
1
6
12
24
1
6
12
24
1
6
12
24
1
6
12
24
1
6
12
24

FT3 supercomputer

stopping time

3h

18h

18h

18h

39h

39h

DELL Precision 5820
best fx mean fx + sd problems | processors | stopping time best fx mean fx * sd
5.96E-07 | 6.34E-07 + 2.76E-08 1 1 3h 1.11E-06 2.16E-06 = 5.75E-07
5.37E-07 5.91E-07 + 2.98E-08 6 6.42E-07 7.60E-07 + 7.70E-08
5.30E-07 5.72E-07 + 2.56E-08 12 5.88E-07 6.97E-07 + 7.61E-08
5.10E-07 5.47E-07 + 1.74E-08 - - - -
8.20E-03 7.63E-02 + 2.02E-01 2 1 3h 3.31E-02 5.92E+00 + 7.63E+00
2.78E-03 3.28E-03 + 3.78E-04 6 6.35E-03 1.52E+00 * 2.30E+00
2.20E-03 2.71E-03 + 4.30E-04 12 3.54E-03 5.79E-03 + 2.51E-03
1.31E-03 1.77E-03 + 4.22E-04 - - -
5.12E-07 | 5.63E-07 + 3.01E-08 3 1 3h 5.42E-07 7.55E-07 £ 1.37E-07
5.02E-07 | 5.34E-07 + 1.76E-08 6 5.28E-07 5.71E-07 + 2.48E-08
4.93E-07 | 5.21E-07 + 1.75E-08 12 5.08E-07 5.66E-07 + 3.40E-08
4.91E-07 | 5.14E-07 + 1.15E-08 - - -
6.86E-03 1.34E-02 + 2.89E-03 4 1 3h 2.07E-02 | 2.25E+01 + 6.08E+01
4.83E-03 1.15E-02 + 6.45E-03 6 1.74E-02 | 3.49E+00 + 7.55E+00
3.39E-03 1.01E-02 + 4.82E-03 12 4.51E-03 1.40E+00 * 3.13E+00
1.49E-03 | 2.03E-03 + 3.83E-04 - - -
8.00 8.38 £ 0.23 5 1 3h 11.99 13.26 £ 0.96
7.51 7.89 +0.28 6 10.10 10.71 £ 0.43
7.34 7.73 £ 0.30 12 9.71 10.07 £ 0.21
6.93 7.45 +0.32 - - -
691.45 975.04 + 177.04 6 1 3h 918.34 1086.80 + 82.48
641.97 777.83 £171.07 6 782.74 990.37 + 127.55
632.38 719.24 £ 130.47 12 730.25 948.03 + 142.55
593.41 638.19 + 29.35 - - -

RMSE metric is unable to capture the noisy nature of the observation at the sensor level. The
results indicate that increasing the number of processors (workers) leads to an enhancement
in the accuracy of solutions. This improvement is also mirrored in the reduction of mean and
deviation values. Fig 5 provides additional details: the boxplots show the spread of the best
solutions obtained, and the convergence curves (evolution of objective function versus time
considering the best run of each method) illustrate the speedup gains with more processors.
The bootstrapping on different runs complements this observation, indicating that the distri-
bution of solutions has reduced its variability and is pushed towards better results.

On the other hand, we also evaluated the behavior of SaCeSS when scaling the dimension of
the problem. To investigate this, we generated instances of varying sizes using the Desikan-
Killiany parcellation with 42, 84 regions, the VEP atlas with 162 regions, and Schaefer atlas
with 400 regions, for problem 1, which is the most tractable for this experiment with all param-
eters identifiable. We then proceeded to solve these instances using SaCeSS with 12 processors
and a time threshold of 3 hours. In Fig 6, the convergence curves and solution boxplots indi-
cate that although the dimension increases and convergence takes longer to reach RMSE val-
ues close to zero, SaCeSS performs reasonably well, and no run gets stuck at an unusual value.

Additionally, we benchmarked SaCeSS against two competitive parallel global optimizers
which have previously shown good performance in various computational biology problems:
the Particle Swarm CMA Evolution Strategy (PS-CMA-ES) [73] and the asynchronous parallel
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Fig 5. Scalability analysis of SaCeSS on the Finisterrae III supercomputer. Each convergence curve represents the best run for the sequential method (eSS) and for
SaCeSS using 6, 12, and 24 processors. The boxplots illustrate the spread in the solutions obtained in repeated runs (using different number of parallel workers for the

case of SaCeSS).

https://doi.org/10.1371/journal.pchi.1011642.g005

Differential Evolution (asynPDE) [74]. Maintaining the same computational testbed with 12
parallel processors per run and the previously mentioned time thresholds, we analyzed for
these solvers the quality of the best solutions and the associated means and deviations. Table 2
presents a comprehensive summary of results, and Fig 7 shows the convergence curves and
final solution spread (with boxplots). These reults unequivocally demonstrate the enhanced
performance of our proposed method over both asynPDE and PS-CMA-ES in various aspects
of solving VEP problems. Our method exhibits a more rapid convergence rate, better robust-
ness in the estimations (as indicated by a lower dispersion in results across multiple runs), and
the ability to find superior solutions. The sole exceptions are observed when addressing the
deterministic VEP at the source level (problems 1 and 3), where the estimations are much eas-
ier due to the full identifiability of all parameters involved. In these particular problems,
PS-CMA-ES yields results very close to zero (in the order of 1E — 13), outperforming SaCeSS,
which provides results in the order of 1E — 7. While SaCeSS converges more swiftly, it tends to
level off at these values. Nonetheless, it is important to note that these fits are exceptionally
accurate and, from a practical standpoint, they are virtually indistinguishable.
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represent runs for SaCeSS using 12 processors solving problem 1, VEP with weak coupling at the source level, having different number of brain regions
(NN): 42, 84, 162, and 400. The boxplots illustrate the spread in the solutions obtained in repeated runs.
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We also explored the use of a Bayesian optimization framework (via Optuna [72]) to further
improve the performance of SaCeSS in the VEP benchmarks. The objective was to fine-tune
specific configuration settings related to the cooperation mechanism. This approach required
the formulation of a new mixed-integer optimization problem with six decision variables asso-
ciated with the configuration options to be tuned. The objective was to minimize a cost func-
tion defined by the geometric mean of cost values from five independent SaCeSS runs. Each of
these five runs used 12 processors with stopping criteria only based on time (30 seconds). We
used this threshold because it is the time required to reach quality solutions in problem 1. In
other words, we used the Bayesian optimization scheme provided by Optuna to obtain the best
SaCeSS hyperparameters for problem 1. This process required 13 hours to complete and was
repeated 10 times due to the stochastic nature of Bayesian optimization. We only performed
this Bayesian tuning for problem 1, the easiest case study. Detailed results are given in S1 File.
The computational cost of repeating this fine-tuning for the other problems would be very
significant.

For this reason, we applied the best settings obtained during the calibration of problem 1 to
the others. assuming that the Bayesian fine-tuning would generalize well. The results are
reported in Table 2, where the fine-tuned SaCeSS outperformed the original SaCeSS configura-
tion in terms of both the best solution and its mean. Fig 8 provides a side-by-side comparison,
visually illustrating the differences in solution spread and convergence curves (across all runs)
between the standard and the fine-tuned SaCeSS. The latter converged faster and to better
solutions in problems 1-4, reduced the spread in the results. However, the results for problems
5 and 6 were not statistically different, indicating that the SaCeSS default self-adaptive mecha-
nisms are capable of handling the more challenging problems.

Regarding uncertainty quantification, we used an approach based on ensemble model-
ing [70, 71]. This method takes samples from the SaCeSS optimization in the vicinity of the
global solution, building an ensemble of calibrations which represent equally well the data.
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Fig 7. Comparison of SaCeSS with other parallel optimizers. Each convergence curve represents the best run for SaCeSS, asynPDE, and PS-CMA-ES, all using 12
processors. The boxplots illustrate the dispersion in the solutions obtained with the aforementioned solvers. Each colored spot within the boxplots represents the
solution cost obtained by a single run for each solver.

https://doi.org/10.1371/journal.pcbi.1011642.9007

During the optimizations, SaCeSS stores all the explored solutions of certain quality
(defined by a threshold). After convergence, our workflow selects a representative subsam-
ple of the stored solutions, normalizes it, and then illustrates the variability in the estimated
parameters for each problem using parallel coordinate graphs. These results are shown in
Fig 9, wherein the y-axis, the time-varying distribution percentiles are shown as shaded red
bands around a central black line (the median). The x-axis represents the parameters’
index in the VEP models: the level of epileptogenicity 7; at each brain region and the global
coupling K (for the label names and indices of the sub-divided brain regions, see S1 File).
Due to the sparsity of the gain matrix, we observe a higher level of uncertainty in the esti-
mation at the sensor level (problems 2, 4, and 6) compared to the source level (problems 1,
3,and 5).

Discussion

The accurate parameter estimations in different configurations of the VEP model, as shown in
Table 2 and Figs 2, 3 and 4 highlight the capability of SaCeSS to solve high-dimensional prob-
lems within a reasonable computational time, using just 12 processors (additional details can
be found at https://doi.org/10.5281/zenodo.10057788). The convergence curves further sub-
stantiate this observation: in different deterministic problems, SaCeSS exhibit fast convergence
while obtaining solutions close to the global optimum. The use of SaCeSS with 12 processors
and a time threshold of 3 hours demonstrates the algorithm’s convergence in deterministic
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Fig 8. Comparison between the original and the fine-tuned SaCeSS. Convergence curves for original (orange) and fine-tuned SaCeSS (blue), plus
boxplots illustrating the solutions spread.

https://doi.org/10.1371/journal.pcbi.1011642.9008

problems, even for a large number of regions (see Fig 6), confirming the method’s scalability.
However, in stochastic problems, SaCeSS presents a less efficient behavior due to the complex-
ity introduced by dynamical noise. In particular, the solution for problem 6 did not estimate
the phase-plane trajectories in the PZ region adequately. Nevertheless, considering a slightly
modified cost function for problem 6 (details given in S1 File), SaCeSS was able to obtain bet-
ter fitness than the ground truth model. Technically this corresponds to a slight overfitting,
thus explaining why we could not recover the nominal values of the parameters. However, we
also suspect that there are identifiability issues caused by lack of enough information in the
data. Thus, in order to enhance efficiency when addressing stochastic models, a promising
strategy could be to study the integration of SaCeSS with Bayesian optimization methods,
known for their proficiency in such challenges, at least for problems of moderate number of

parameters.
Moreover, our method demonstrates versatility across different computational infrastruc-
tures. The original SaCeSS was designed for high-performance computing environments
because of its parallel nature and scalability, i.e. adding parallel workers to the search increases
the probability of finding a better solution faster. Nevertheless, SaCeSS also delivers steadfast
performance on smaller-scale systems, such as desktop workstations equipped with a moderate
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Fig 9. Uncertainty quantification of the parameters estimated using SaCeSS: Dispersion as parallel coordinates
plots. On the y-axis, the time-varying distribution percentiles are manifested as shaded red bands encircling a central
black line, which signifies the median. The x-axis represents the parameters in the VEP models: the level of
epileptogenicity 7; at each brain region and the global coupling K.

https://doi.org/10.1371/journal.pcbi.1011642.g009
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quantity of cores and memory, even when operating under stringent time limitations (see
Table 3, “DELL Precision 5820 results). This flexibility ensures accessibility for a broad user
base, including those with limited experience in high-performance computing, allowing them
to fully exploit the advantages offered by our methodology.

In the comparison of SaCeSS with two other leading parallel solvers (asynPDE and
PS-CMA-ES), as showcased in Table 2, our approach demonstrates a consistent advantage
over these competitors across multiple criteria in addressing VEP problems. These results
highlight the competitive edge of cooperative parallel methods like SaCeSS against other strate-
gies utilizing more conventional parallelization techniques. Moreover, considering the scarcity
of parallel global optimization methods, and the complexities entailed in handling estimation
problems involving differential equations, this comparative analysis emerges as a significant
and informative contribution in itself.

Finally, the hyperparameter fine-tuning of SaCeSS using Bayesian optimization (with the
Optuna solver) has resulted in significant improvements, particularly in the VEP problems
with a deterministic cost function. Despite the time-consuming nature of evaluating the asso-
ciated cost function, Optuna can provide a good solution without requiring excessive itera-
tions. The fine-tuning revealed that four of the hyperparameters are similar to their default
values, which were established based on our previous experience with SaCeSS optimizations.
However, the Optuna results found larger values for two specific settings: the maximum num-
ber of evaluations for local solvers and the maximum number of evaluations before reconfigur-
ing inactive workers. These larger values result in a more diverse search strategy, allowing local
and global solvers more opportunities to identify and propagate effective solutions. We regard
this as a first step exploring a promising field: the fine-tuning of cooperative parallel methods
for challenging global optimization problems. In this particular context, as opposed to sequen-
tial algorithms, the settings to be fine-tuned are related to “social” features of multi-agent sys-
tems, such as communications among different workers. Therefore, several open questions
remain for future consideration, including the calibration of stochastic problems given their
high computational cost, and enhancing this procedure through a sensitivity analysis to deter-
mine the most impactful settings for inclusion or exclusion during fine-tuning.

In summary, driven by the challenge of estimating parameters in a series of progressively
complex whole-brain network models related to epilepsy, this study started with the objective
of selecting a resilient and efficient global optimization solver. As a second objective, we
wanted a solver capable of leveraging parallel computing across various platforms, ranging
from personal desktop workstations to supercomputers.

Our investigation revealed the robustness and efficiency of the SaCeSS parallel solver in
addressing the complex parameter estimation problems associated with VEP models. This
algorithm outperformed other parallel solvers in most VEP benchmark problems and exhib-
ited enhanced performance when scaling the number of parallel processors. Additionally,
using a Bayesian framework for hyperparameter tuning, we were able to further improve its
performance. We also extended SaCeSS with a mechanism to store and post-process the
parameter space sampled in the vicinity of the global solution and, after convergence, use the
sampling to perform approximate uncertainty quantification. This extension allowed a com-
putationally efficient assessment of the variability in the estimated parameters. Overall, these
findings collectively highlight the potential of our global optimization approach in contribut-
ing to more informed clinical decision-making through fast and accurate parameter estima-
tion in VEP models. However, this needs to be investigated using real empirical data in future
studies.
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