Machine learning-guided catalyst design: optimization by combining targeted screening, intrinsic properties and techno-economic criteria for volatile organic compounds (VOC’s) oxidation
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SUPPLEMENTARY MATERIALS

NEURAL NETWORK TRAINING AND VALIDATION
For this study, a multilayer perceptron was constructed. It had the following three layers: i) one input layer, ii) one output layer, and iii) one or more hidden layers. Neurons were connected from one layer to the next without feedback, this means a non-recurrent ANN. The information was transferred from the input to the output layers. The scalar input (pi) from a neuron in each layer was multiplied by the corresponding scalar weight (wij) of the layer forming the term wijpi, which was sent to the sum1. The sum had also as input the multiplication of a constant [1] by a bias (bj). During the learning process, the weight that corresponded to the connection of units from i to j as well as the bias were continuously adjusted. The output (nj), which is also referred to as the net input was expressed as:
										(1)
the nj went into an activation function (f) which produced the scalar neuron output (aj) that can be expressed as:
											(2)
[bookmark: OLE_LINK9][bookmark: OLE_LINK10]For example, for the Log-Sigmoid activation function, the scalar neuron output (aj) would be:  
											(3)
In the input layer, the number of input variables (independent variables) fixed the number of neurons whereas in the output layer (just including linear activation functions) they were fixed by the number of output variables (dependent variables). 
Levenberg-Marquardt algorithm [2] coupled to an ANOVA analysis (with α= 0.05) was used for training the network [3-6]. The training process was performed by minimizing the function j2 by nonlinear regression:
 									(4)
where m is the number or experiments, n is the number of output variables, yik and are the values of the output experimental variables and the values predicted by the neural network that corresponds to scenario j, respectively. 
The regression procedure was maintained whenever the relative error (RE) was lower than 10-4. The RE was defined as follows:
										(5)
with j being the number of iterations in the non-linear regression procedure, comparing the results of the prediction made by the ANN in the scenario j and in the scenario j+1. 
Once the fitting process for a given scenario is finished, the above defined function j2, the Pearson's ratio coefficient for the model, r, and the root mean squared error (RSME) were collected. The RMSE was defined as:
 											(6)
To minimize overfitting in the validation process, a discrimination procedure was established. For this purpose, a function presented by equation (4) was defined for the experiments used for the validation (mv), obtaining equation (7):
 								(7)
This way, a new function was defined from equations (4) and (7):
 										(8)
The scenario with the lower value of the function represented by equation (8), was selected, since it was the scenario that led to an optimized result. Finally, non-linear regression was taken as the reference of the selected model until a new value of RE lower than 10-6 was reached. With the values of the parameters finally obtained, the validation procedure was completed. In both cases, the final fitting and validation, the above defined function j2 plus those defined for each output variable k, can be expressed as jk2:
 										(9)

















TABLES

[bookmark: _Toc164427721]Table S1. Activation functions used in this study for generating ANNs [4,7-12].
	Activation function
	ID code
	Mathematical expression

	Log-Sigmoid
	LOGSIG
	

	Hyperbolic Tangent Sigmoid
	HTANSIG
	

	Linear
	LINEAR
	

	Swish
	SWISH
	

	ELU
	ELU
	

	RELU
	RELU
	

	Polynomial*
	POL
	


* where i is in the range from 1 to the total neurons in layer j
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Figure S1. Schematic diagram of Co3O4 synthesis using sodium carbonate as the precipitant.
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Figure S2. Representation of the 9-ELU-3-RELU-2-LINEAR-1 artificial neural network.
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