Supplementary data

1. Examples of quinoline-based medicines
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Sup. 1 Fig. 1 | Structural representations of quinoline scaffold and derivatives. Quinoline is a foundational scaffold in medicinal chemistry, underlying its potential in anticancer, anti-inflammatory, antibacterial, and antiviral activities.


2. Dataset characterization
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Sup. 2 Fig. 1 | PubChem and ZINC15 datasets. Characterization for quinoline-scaffold molecules
ZINC15 data was obtained from the website https://zinc15.docking.org/tranches/home/ with a filter for Drug-Like properties (981 million substances). The filter for quinoline molecules and conversion to SMILES is available in a CSV file and the conversion to Graphs is available in numpy compressed files for adjacency and node features, all in the github repository (https://github.com/bmacedo111/MedGAN/tree/main/data).

3. Model architecture

Input
Latent Vector (z)
A random vector of shape according to the latent dimension, sampled from a Gaussian distribution.

Architecture
Dense Layers
The latent vector (z) is passed through multiple dense layers and each layer applies an hyperbolic tangent (tanh) function:


Adjacency Matrix Generation (A):
The final dense layer is reshaped and symmetrized to an adjacency tensor. Softmax is applied to the tensor along axis=1.

Feature Matrix Generation (F):
The final dense layer is reshaped to a feature tensor. Softmax is applied to the tensor along axis=2.

Discriminator
Graph Convolution Layers:
These layers perform Relational Graph Convolutions (ReLU in model 3 and LeakyReLU in model 2).




where Aggregate(A,F) is a function that takes the adjacency matrix A and the feature matrix F as input and aggregates information from neighboring nodes. This aggregated information is then passed through a weighted linear transform W and activated by the ReLU function. The constant α determines the "leakiness" of the function in LeakyReLU.

Dense Layers:
The output of the Graph Conv layers is passed through Dense layers with activation as ReLU.

A dropout layer is applied with dropout rate.
Final Dense Layer: 
Outputting a single scalar value representing the "realness" of the input graph.

Loss Functions
Discriminator Loss

Generator Loss

Gradient Penalty

||∇Α|| and ||∇F|| are the norms of the gradients of the discriminator’s output with respect to Adjacency and Feature matrix, respectively.

Optimizer: RMSProp
The RMSProp algorithm is used to update the weights W and biases b for both the Discriminator (D) and the Generator (G), aiming to minimize their respective loss functions with a gradient:


Update the moving average of past squared gradients for both the Discriminator and the Generator:

Update the weights W and biases b for both the Discriminator and the Generator:


where,
α is the learning rate.
β is the decay rate.
ϵ is a small constant to prevent division by zero.

4. Hyperparameter search

Sup. 4 Table 1 | Hyperparameter search. The configurations that offered the most promising results when compared to the baseline model were identified by their validity performance.
	
	Base model
	Improvement
	No improvement

	Neuron units
	128
	-
	64
	256
	512
	
	

	Latent dimension
	64
	256
	128
	512
	2048
	
	

	Activation function
	Tanh/ReLU
	Leaky ReLu
	Tanh
	ReLU
	SELU
	
	

	Optimizer and 
learning rate
	Adam 
(1e-5)
	RMSprop 
(1e-4,
1e-5)
	Adam (1e-3, 1e-4, 1e-6)
	RMSprop (1e-3,
1e-6)
	SDG (1e-4, 1e-5, 1e-6)
	Adagard 
(1e-4, 
1e-5, 
1e-6)
	Adadelta (1e-4, 1e-5, 1e-6)

	Regularizer
	Dropout 
(0.2)
	Dropout 
(0.01, 0.5)
	Dropout (0.8)
	L1/L2
	L1/l2 + Dropout (0.2)
	
	

	Generator units
	512
	4092
	1024
	2046
	8184
	
	

	Discriminator units
	512
	4092
	1024
	2046
	8184
	
	

	Batch size
	32
	128
	8
	512
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Sup 4 Fig. 1 | Validity performance using various optimized parameters. The percentage of valid generated molecules was assessed, and better results were observed for LeakyReLU activation function, RMSProp optimizer with a lower learning rate, and increased Latent dimension and neuron units for the generator and discriminator.



5. Tox21 Model training and results
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Sup. 5 Fig. 1 | Training Progression of the Tox21 Model. Convolutional Graph constraints were applied to ensure the same molecule size and atom types. 

Sup. 5 Table 1 | Toxicity. Models 2 and 3 generated molecules were evaluated with the pre-trained tox21 model for 12 targets and the results show the percentage of non-toxic compounds with mean and median values.
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* random sample of 10,000 molecules


6. Molecules generated samples
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Sup. 6 Fig. 1 | Samples of molecules generated with model 3 trained with subset ZINC15 III
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image5.emf
Target  Training data  Model 2 (ZINC15 - II)  Model 3 (ZINC15 - II)  Model 3 (ZINC15 - III)  

NR - AhR  94%    0.09 0   (0.006)  100%    0.011 (0.001)  96%    0.055 (0.002)  97%    0.045 (0.002)  

NR - AR  98%    0.041 (0.002)  100%    0.007 (0 .000 )  96%    0.051 (0.001)  98%   0.031 (0.001)  

NR - AR - LBD  38%    0.608 (0.731)  50%    0.499 (0.501)  54%    0.473 (0.434)  52%    0.479 (0.457)  

NR - Aromatase  78%    0.238 (0.051)  96%    0.046 (0.005)  87%    0.152 (0.014)  82%    0.198 (0.031)  

NR - ER  86%    0.176 (0.039)  100%    0.027 (0.007)  93%    0.105 (0.015)  94%    0.097 (0.015)  

NR - ER - LBD  96%    0.06 0   (0.003)  100%    0.004 ( 0 .000 )  97%    0.045 (0.001)  98%    0.043 (0.002)  

NR - PPAR - gamma  94%    0.089 (0.006)  87%    0.17 0   (0.044)  93%    0.098 (0.007)  91%    0.114 (0.006)  

SR - ARE  60%    0.413 (0.322)  87%    0.237 (0.134)  73%    0.294 (0.142)  71%    0.322 (0.172)  

SR - ATAD5  89%    0.129 (0.006)  100%   0.011 (0 .00 )  97%    0.042 (0 .000 )  97%    0.051 (0.001)  

SR - HSE  94%    0.088 (0.006)  98%    0.032 (0.004)  93%    0.093 (0.006)  92%    0.103 (0.005)  

SR - MMP  68%    0.345 (0.187)  67%    0.319 (0.188)  75%    0.283 (0.12 0 )  72%    0.306 (0.153)  

SR - p53  88%    0.145 (0.014)  96%    0.05 0   (0.001)  90%    0.122 (0.009)  91%    0.123 (0.009)  

All   targets  22%    0.202 (0.023)  37%    0.118 (0.006)  22%    0.151 (0.011)  31%    0.159 (0.012)  
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Tox21 model training ROC (Validity AUC = 0.71)
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