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Table 1 Label definition for inverse synthetic model ensemble
classification task

Label Description
0 Template-based method performs better
1 Template-free method performs better

2 Both methods give the same result; Choose the template-based method
3 Both methods give the same result; Choose the template-free method

4 Neither method predicts the correct result
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Fig. 1  Structure diagram of product molecular classification model
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Table 2 MPNN-+FPS architecture model training and prediction process

Algorithm

Input: Target product molecule P
Output: Predicted reactant set R

1 Convert the input product molecule P into a molecular graph G = (N, B)

2 Initialize the atom feature matrix N , including atom type, valence, and other atomic properties
3 Initialize the bond feature matrix B , including bond type, conjugation information

4 Encode the molecular graph using a MPNN to obtain node representations N,

5 Construct bond feature representations based on atom features, where bond representations B,
6 Introduce the Global Reactivity Attention (GRA) mechanism to capture long-range dependencies within the molecule, producing enhanced feature representa-
tions N, and B,

7 Compute the ECFP4 molecular fingerprint of the molecule to obtain structural fingerprint features F

8 Fuse the multi-source features to obtain the final feature representation X = concat(N,, B, F)

9 Input the fused feature X into a classification model to predict the optimal retrosynthesis model category y for the given molecule

10 Select the corresponding retrosynthesis prediction model M from the model pool according to the predicted category vy

11 Perform single-step retrosynthesis prediction on the target molecule P using the selected model M

12 Output the predicted reactant set R
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Table 3 Top-K accuracy of different models on USPTO-50K

dataset
Accuracy/%
Model
Top-1 Top-3 Top-5 Top-10 Top-20 Top-50

RetroSim 373 547 633 741 82.0 85.3

GLN 525 69.0 756 837 89.0 92.4
GraphRetro 53.7 683 722 755 — —
LocalRetro 534 775 859 924 — 97.7
R-SMILES 563 792 862 910 93.1 94.6

Ours(MPNN+FPS) 59.1 809 872 924 95.0 96.6

Ours(AttentiveFP+FPS) 589 809 87.0 923 94.9 96.8
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Table 4 MaxFrag accuracy of different models on USPTO-50K

dataset
Accuracy/%
Model
Top-1 Top-3 Top-5 Top-10 Top-20 Top-50
MEGAN 542 757 831 892 — 95.1

Aug.Transformer 585 73.0 854 90.0 — —

Graph2Edits 56.8 803 87.5 928 — 95.4
LocalRetro 57.8 82.1 89.7 95.0 — 98.4
R-SMILES 61.0 825 885 928 94.6 95.7

Ours(MPNN+FPS) 619 839 898 939 95.8 96.9

Ours(AttentiveFP+FPS) 62.5 84.3 90.1 945 96.5 97.5
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Table 5 Accuracy of predicted model for the fourth category of

data
Method Accuarcy/%  Precision/%  Recall/%  F1/%
MPNN 71.6 64.6 53.7 58.7
FPS 75.5 70.7 52.5 60.3
AttentiveFP 69.1 63.6 44.1 52.1
MPNN+FPS 75.7 72.9 60.8 66.3
AttentiveFP+FPS 75.8 73.3 53.2 61.7
AttentiveFP+MPNN 729 61.4 50.3 55.3
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Table 6 Top-K accuracy of different models on natural product
dataset

Accuracy/%

Model
Top-1 Top-3 Top-5 Top-10 Top-20 Top-50

LocalRetro 454 582 63.1 68.6 72.5 75.6

R-SMILES 45.8 60.5 65.5 70.7 74.6 719

MPNN+FPS 48.0  61.7 66.5 72.0 75.7 79.0

AttentiveFP+FPS  49.6 63.2 68.2 74.0 77.8 80.9
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Table 7 MaxFrag accuracy of different models on natural product
dataset

Accuracy/%
Model

Top-1 Top-3 Top-5 Top-10 Top-20 Top-50

LocalRetro 49.1 61.9 66.8 72.5 76.6 79.7

R-SMILES 49.8 64.9 69.7 74.9 79.1 82.5

MPNN+FPS 51.6 654 702 75.6 79.6 82.9

AttentiveFP+FPS  53.5 67.1 72.0 77.8 81.5 84.8
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Graph Neural Network-Based Ensemble Methods for
Single-Step Retrosynthesis

WU Hexing!, REN Fuyue', PENG Yu', ZHANG Pengpeng?, LU Jingyi'
(1. School of Information Science and Engineering, East China University of Science and Technology, Shanghai
200237, China; 2. College of Pharmaceutical Sciences, Zhejiang University, Hangzhou 310058, China)

Abstract: Retrosynthetic analysis is the process of deriving commercially available precursor molecules from
target product molecules. To address the limitations of existing single-step chemical retrosynthetic methods in terms of
generalization ability and prediction accuracy, this paper proposes an ensemble prediction model integrating molecular
fingerprints and graph neural networks, which addresses the poor scalability and interpretability of individual models.
This method improves the accuracy and stability of retrosynthetic prediction by constructing multidimensional
molecular representations and dynamically selecting the optimal prediction strategy. The model is based on message-
passing neural networks (MPNNSs), global self-attention mechanisms, and AttentiveFP networks to extract molecular
structural features, and introduces extended connectivity fingerprints (ECFP) to achieve joint modeling of local
structural information and global molecular features, constructing two fusion architectures: MPNN+FPS (Fingerprints)
and Attentive FP+FPS. Extensive experiments on the USPTO-50K and natural-product datasets validate the
effectiveness of the method. The proposed ensemble retrosynthetic prediction method demonstrates significant
advantages in both prediction accuracy and generalization ability, providing a new technical approach for retrosynthetic
analysis of complex molecules and natural products.

Key words: retrosynthetic reaction prediction; graph neural networks; molecular fingerprint; product

classification; feature fusion; dynamic strategy selection
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