The Optimization Framework
An optimization workflow was implemented to further study the model and to optimize
the parameters. ESTECO’s modeFrontier was used to wrap the SEIR model and
automate the analysis.
The workflow implemented is shown below along with a brief explanation of the workflow
regions:

•
•
•
•
•

Inputs: Variables that will be changed during the optimization study.
Computation: Process control, DOE definition and optimization algorithm
selection.
Optimization Goals: Output variables of the model that will be optimized.
Constraints: Constraints applied to the output variables during the optimization
solution.
Outputs: Other observable states and variables of the models useful for postprocessing.

The strategy for studying and optimizing the model consisted of running a DOE (Design
of Experiment) scheme of approximately 2000 total individuals with a mix of SOBOL,
Latin Hypercube and Latin Square individuals. This scheme was chosen to better
represent the design space, without the need of a full-factorial solution. A full-factorial
solution would be computationally expensive.

The DOE (Design of Experiments)
As best practice on the Design of Experiments, the least possible correlation between
input variables was sought out and guaranteed achieving values lower than 0.02.

DOE Results - SP
Below it is shown the result of the correlation scatter matrix of the DOE for São Paulo,
as an example. The darker the color, the strongest the mathematical correlation. RED
indicates positive correlation; BLUE indicates negative correlation.

The diagonal shows the histograms of each variable. The upper triangular region of the
matrix shows the scatter plot of the Column variable (X-axis) versus the Line Variable
(Y-axis).
Even though a numerical correlation was found to be high, the scatter plot suggests that
there are second and third order effects affecting the output of ICU_E.

Optimization - SP
After the analysis of the DOE, the next step was to run a multi objective optimization of
the model, seeking to Minimize the variable ICU_E, ICUE_1 and ICUE_2 and Social
Distancing. These two variables are in direct opposition and this strategy should yield a
Pareto frontier of optimum solutions. One studying the public health strategy, might then
use this Pareto frontier to choose an optimum solution for his/her local reality.
As a first approach to the optimization problem, the solution was unconstrained so the
algorithm could select freely within the search space.
A MOGA - Multi Objective Genetic Algorithm was used to drive the optimization, due to
the discrete nature of the Variables Strategy and Window. It would be rather difficult for
a gradient based algorithm to find a gradient solution with such types of variables.

Optimization Results - Global SP (unconstrained)
The result of the unconstrained optimization, i.e. with the same boundaries as the DOE,
is shown here:

Two opposing design variables, driving the so-called Pareto frontier. By the area density
of points in the plot, it can be seen how the MOGA Algorithm uses evolution pressure to
drive the individuals towards the Pareto frontier.
From this plot, it can also be seen what appears to be a secondary Pareto front (marked
green). Since the Strategy and Window are combinatorial discrete solutions, it will be
shown later that this is the case: for every combination of Strategy and Window, there is
a well-defined Pareto frontier.

These SD and Protection levels might be considered unrealistic for both the SP and
Brazilian realities, so a Constrained optimization was then used to try to find an optimal
solution which is also feasible and realistic. In such a scenario, the Pareto front can and
in fact has found solutions that can be misleading in terms of Window and Strategy.

Results - Constrained SP

SD and Protection Levels have been constrained to 30 to 80% and 50 to 70%
respectively, which are arguably reasonable values for the Brazilian and SP reality.
By constraining the optimization problem, a change in best solution (Strategy and
Window) was observed since the search space was confined within the boundaries of
the constraints. From the MOGA algorithm standpoint, results which violate the
constraints are not chosen to yield offspring to the next generation, thus reducing the
likelihood of a certain gene to be perpetuated.
This evolutionary pressure drives the results to within the constrained boundaries,
creating new Pareto frontiers which are feasible and best suited for the constrained
reality.
Below we show all results, both the constrained and the unconstrained.

When only the results that fall within the constraints are shown, Figure XXX tells a
different story:

Not only the Pareto frontier has been changed, but now two very distinct frontiers are
visible. This can be cause either by a combination of Strategy and Window, or by a local
minimum during the optimization which has been overcome by the Genetic Algorithm.
To further understand this phenomenon, a discussion on the influence of the Strategy
and Window variables is proposed and the results are presented in the main study.

Efficiency of MOGA and Convergence
For the convergence of the optimization strategy, ICU_E was chosen as the most
important variable to be monitored, as can be seen:

It can be observed as each step shows the convergence of the GA towards the desired
solution and therefore, the results shown in the main study are considered in the state
are robust from the optimization standpoint.

Conclusion
In this supplement it has been shown how an optimization framework can be useful for
the study of complex problems and to optimize solutions in a fast-paced fashion. This is
a valuable tool for such a pandemic scenario which evolves every day and the most
effective solution, within so many, might be paramount for saving lives.

