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Abstract: With the rapid development of radical initiation technologies such as photocatalysis and 
electrocatalysis, radical reactions have become an increasingly attractive approach for constructing 
target molecules. However, determining how to efficiently synthesize a specific target molecule using 
radical reactions remains a challenging task, requiring years of education, training, and extensive 
trial-and-error by synthetic chemists. The advancement of computer-aided synthesis planning 
(CASP) has opened new possibilities for accelerating the optimization of radical reaction pathways 
through artificial intelligence. In this study, we collected 21.6K entries of radical reaction data to build 
the Radical Reaction Database (RadicalDB). After pre-training with ZINC-15 and USPTO database, 
we fine-tuned the Chemformer model using RadicalDB, resulting in the development of 
RadicalRetro, a retrosynthetic prediction model specialized in radical reactions. RadicalRetro 
achieved a top-1 prediction accuracy of 69.3% for radical retrosynthesis, outperforming similar 
models such as LocalRetro and Mol-Transformer by 23.0% and 25.4%, respectively. Case studies and 
attention weight analyses confirm that RadicalRetro effectively captures the unique characteristics of 
radical reactions.  

Keywords: radical reactions; retrosynthesis; deep learning; drug synthesis 
 

1. Introduction 

Since E. J. Corey[1] introduced the concept of retrosynthesis, polar disconnections (two-electron 
reactions) have been widely adopted due to their intuitive and easily understandable nature. 
Classical cross-coupling reactions, such as the Suzuki[2], Negishi[3], or Heck[4] reactions, as well as 
polar addition reactions like the Aldol reaction[5], Michael addition[6,7], or Grignard reaction[8], are 
mainstream methods for constructing pharmaceutical molecules. In contrast, the inherent instability 
and uncontrollability of radicals have historically hindered the development of radical chemistry 
(single-electron reactions)[9,10]. Nonetheless, recent advancements, particularly in chemical 
oxidation[11,12], photocatalysis[13,14], and electrocatalysis[15,16], have brought exciting progress. 
Compared to two-electron processes, radical reactions exhibit unique advantages, including 
sequential bond formation (such as cascade cyclization), high stereoselectivity and regioselectivity, 
and excellent functional group compatibility[17–19]. These features make radical chemistry an 
increasingly valuable tool in modern synthesis, playing a crucial role in the development of drugs for 
cancer, viral infections, malaria, hyperlipidemia, and depression[17].  

This raises the pivotal question: can we design synthetic routes for known drugs or candidate 
compounds by leveraging the unique properties of radical reactions? Furthermore, how can reactants 
be designed to utilize radical chemistry effectively for drug development? Addressing these 
challenges requires not only deep theoretical knowledge but also extensive laboratory experience and 
iterative experimentation to ensure reliable and practical solutions. With the rapid advancement of 
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pharmaceutical big data technologies, AI models for retrosynthesis prediction[20–22] targeting 
specific reaction types, such as biocatalysis[23,24] and carbohydrate chemistry[25], are continually 
being developed. However, to the best of our knowledge, there has yet to be a deep learning-based 
retrosynthesis AI model specifically designed for radical reactions. One likely reason for this is the 
lack of dedicated databases for radical reactions. Training AI models using general chemical reaction 
databases (such as USPTO[26], Reaxys[27], ChEMBL[28], SciFinder[29]) may lead to the unique 
characteristics of radical reactions being overlooked.  

This study collected high-impact literature on radical reactions, with a particular focus on 
coupling and cyclization reactions involving radicals for drug molecule construction. By analyzing 
reaction mechanisms, we built the first-ever database dedicated to radical reactions, named 
RadicalDB (Radical reaction database). Following model screening and optimization of training 
strategies with deep learning, we developed a retrosynthesis model capable of capturing the unique 
characteristics of radical reactions, which we named RadicalRetro. Test results demonstrated that 
RadicalRetro effectively recognizes radical reaction features and utilizes radical-involved coupling 
and cyclization methods to design synthetic routes for drugs. Attention weight analysis showed that 
RadicalRetro exhibits strong interpretability in single-step retrosynthesis design for drug molecules. 
By developing this AI model for retrosynthetic analysis of radical reactions, this study advances the 
application of radical reactions in drug synthesis. 

2. Results and Discussion 

2.1. Construction and Analysis of the Radical Reaction Database (RadicalDB) 

2.1.1. Data Collection Strategy for RadicalDB 

Leveraging our research group's expertise in radical reactions[30] and AI-assisted drug 
synthesis[31], this study manually curated hundreds of high-impact journal articles on radical 
reactions, gathering a total of 21.6K radical reactions. Special attention was given to the mechanisms 
of these reactions during the literature review to avoid missing any reactants. The chemical reactions 
in both data sources are represented using SMILES notation[38], with reactants separated by a "." and 
reactants and products separated by ">>". Each reaction entry is accompanied by its literature source. 
RadicalDB is an open database. 

2.1.2. Composition and Distribution of RadicalDB Data 

Multi-component radical reactions (green) account for 47.3% of the total in RadicalDB, making 
them the primary reaction type in the database. These reactions are characterized by high atom 
economy and operational simplicity[39,40], reflecting the data value of RadicalDB through their 
significant proportion. From the perspective of product molecular weight distribution, Figure 1a 
shows that both multi-component radical reactions (green) and bi-component reactions (pink) exhibit 
a normal distribution of product molecular weights. The overall molecular weight distribution of 
products in the dataset (Figure 1b) ranges from 80 to 965 and also follows a normal distribution, 
indicating that the data in RadicalDB are homogeneous. This suggests that the database avoids 
excessive collection of similar radical reactions, maintaining a diverse dataset[41].  
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Figure 1. Statistical overview and distribution of data in RadicalDB. (a) Multi-component radical reactions 
account for 47.3% of the database, and the molecular weight of the products from different component radical 
reactions follows a normal distribution. (b) Overall, the molecular weight of radical reaction products in 
RadicalDB also exhibits a normal distribution. (c) RadicalDB includes classic named reactions, each well-
clustered according to its reaction type. (d) Photocatalytic and electrocatalytic radical reactions constitute 31.6% 
of RadicalDB. However, some photo/electrocatalytic reactions (indicated by the red dots in the lower-left corner) 
show less distinct clustering among radical reactions. 

To further analyze the dataset, we utilized T-map[42], a tree-based unsupervised learning 
algorithm, to visualize RadicalDB. Overall, the data does not exhibit excessive clustering, providing 
additional evidence that RadicalDB has not over-collected similar types of radical reactions. As 
shown in Figure 1c, RadicalDB contains classic named radical reactions such as Barton-
McCombie[43], Birch[44], Giese[45], Keck[46], and Minisci[47] reactions. These named reactions are 
well-classified in the chemical space, forming distinct clusters, demonstrating that T-map effectively 
distinguishes the characteristic types of these reactions. 

We also analyzed the rapidly developing photocatalytic/electrocatalytic reactions in recent 
years, labeling them separately from other radical reactions. From Figure 1d, it is evident that 
photocatalytic/electrocatalytic reactions (red) account for a significant portion of RadicalDB, 
representing 31.6%. Unlike the typical clustering of named reactions, the red points in the lower-left 
corner of Figure 1c are evenly distributed in space, blending smoothly with general radical reactions 
(purple). This indicates that photocatalytic/electrocatalytic radical reactions do not exhibit distinct 
characteristic differences from other general radical reactions. In other words, there is a high potential 
for general radical reactions to be optimized through photocatalytic or electrocatalytic synthetic 
methods. 

2.2. Training and Testing of the Radical Reaction Retrosynthesis Prediction Model (RadicalRetro) 

To select the deep learning model suitable for the task of radical reaction retrosynthesis, we 
chose three models that have achieved state-of-the-art (SOTA) performance in single-step 
retrosynthesis on the USPTO-50K dataset. These models include the graph neural network-based 
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LocalRetro[48], the natural language processing-based Mol-Transformer[49], and Chemformer[50]. 
Among them, LocalRetro is a template-based deep learning model, while Mol-Transformer and 
Chemformer are template-free deep learning models.  

(1) Training Strategy for Mol-Transformer. Mol-Transformer typically employs transfer 
learning[25,51] to enhance its performance. In this study, a multi-task strategy[52] was used by 
combining the USPTO dataset with the target dataset (RadicalDB) for training, allowing the 
Transformer model to learn both the USPTO dataset (containing 1M reactions) and the chemical 
reaction features of RadicalDB. The ratio for mixed sampling was set at 9:1 (USPTO: RadicalDB). 

(2) Training Strategy for LocalRetro. First, DGL-LifeSci (https://github.com/awslabs/dgl-lifesci) was 
used to initialize the features of atoms and bonds, with the molecules in RadicalDB represented 
as graphs where vertices denote atoms and edges denote bonds. The message passing neural 
network (MPNN)[53] was applied to update the features of each atom, considering its 
neighboring atoms and bonds. Local reaction templates were then extracted by comparing the 
atomic mapping differences between products and reactants. This process resulted in the 
identification of 2,877 radical reaction retrosynthesis templates, including 2,227 bond-changing 
templates and 1,342 atom-changing templates. LocalRetro applies a global reaction attention 
mechanism (GRA)[48] to account for non-local effects in chemical reactions, using template 
classifiers to score the templates. During retrosynthesis analysis, the model predicts a set of local 
reaction templates for each chemical center, and these predicted templates are ranked by score 
to derive the final reactants. 

(3) Training Strategy for Chemformer. First, the ZINC-15 dataset[54] (containing 100 million 
molecules) was used for molecular pretraining. The pretraining process involved masking 
molecular SMILES codes, primarily through a span-masking algorithm, where short sequences 
within the SMILES were randomly replaced with a single "<MASK>" token to help the model 
better understand the combination patterns of atoms and bonds. Next, reaction pretraining was 
conducted using the USPTO dataset[26] (containing 1M reactions), allowing the model to learn 
chemical reaction patterns and features. Finally, fine-tuning was performed on the RadicalDB to 
help the model grasp the specifics and patterns of radical reactions. The resulting retrosynthesis 
Chemformer model, after molecular pretraining, reaction pretraining, and RadicalDB fine-
tuning, is named RadicalRetro (Figure 2). 
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Figure 2. Training strategy diagram of RadicalRetro. The Chemformer model, initially pre-trained on 100 million 
molecules and 1 million reactions, is fine-tuned using RadicalDB to develop the retrosynthesis model, 
RadicalRetro, specifically tailored for radical reactions. 

3. Test Results and Analysis 

This section analyzes the test results of the radical reaction retrosynthesis model. To minimize 
testing errors, 5-fold cross-validation was used to evaluate the results. For each cross-validation 
experiment, RadicalDB was split into a ratio of 8:1:1 for training, validation, and testing, respectively. 
The model's performance in predicting radical reactions was compared using Top-K accuracy (K=1, 
3, 5, 10) as the evaluation metric.  

In the task of retrosynthesis prediction for radical reactions, the performance of the three models 
is shown in Figure 3. As illustrated in Figure 3a, RadicalRetro, trained using the Chemformer model, 
achieved the best performance in this task, with an average Top-1 accuracy of 69.31%. The average 
Top-K (K=3, 5, 10) accuracies were 76.11%, 78.24%, and 80.07%, respectively, demonstrating that the 
training strategy of RadicalRetro is scientifically sound and effective. The second-best performing 
model was LocalRetro, with an average Top-1 accuracy of 46.35%, and average Top-K (K=3, 5, 10) 
accuracies of 55.63%, 59.21%, and 61.42%. MolTransformer's performance was slightly lower than 
that of LocalRetro, achieving a Top-1 accuracy of 43.91%, and average Top-K (K=3, 5, 10) accuracies 
of 55.89%, 60.36%, and 63.54%. 
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Figure 3. Comparison of the prediction results of the three models. (a) RadicalRetro, based on the Chemformer 
model, achieved the highest prediction accuracy. (b) RadicalRetro outperformed MolTransformer in avoiding 
invalid SMILES predictions. 

It is worth noting that in the single-step retrosynthesis task on the USPTO-50K dataset, the 
prediction performance of the three models, Chemformer, LocalRetro, and MolTransformer, is quite 
close, with Top-1 accuracies of 54.3%[50], 53.4%[48], and 51.4%[55], respectively. The difference in 
prediction performance in this task may be attributed to the fact that radical reactions represent a 
newer type of reaction, particularly driven by the rapid development of 
photocatalytic/electrocatalytic synthesis technologies over the past decade[40]. The USPTO dataset 
contains relatively few radical reaction data[41], which likely limited MolTransformer's ability to 
fully extract the characteristic features of radical reactions during training. This hypothesis is further 
supported by the proportion of invalid SMILES generated by MolTransformer and RadicalRetro 
(Figure 3b). Additionally, the relatively small number of reactions in RadicalDB (26,000 reactions) 
may not have been sufficient for LocalRetro to fully extract relevant reaction templates, contributing 
to the larger performance gap between LocalRetro and RadicalRetro. 

RadicalRetro, on the other hand, benefited from molecular pretraining, which enabled the model 
to learn atomic composition features, and from reaction pretraining, which helped it capture bond 
change patterns. Moreover, RadicalDB's reaction data was collected using methods that explored 
reaction mechanisms, ensuring consistent data quality, thereby enabling RadicalRetro to achieve 
higher retrosynthesis prediction accuracy for radical reactions compared to USPTO-50K. 

(2) Analysis of RadicalRetro’s Retrosynthesis Prediction Results for Different Types of Radical 
Reactions 

To investigate the predictive performance of RadicalRetro across different reaction types, this 
study analyzed the first set of data from the 5-fold cross-validation experiments, and the results are 
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shown in Figure 4. From the perspective of radical initiation methods (Figure 4a), the retrosynthesis 
prediction accuracy for photocatalytic/electrocatalytic radical reactions was 71.22%, higher than the 
60.96% accuracy for other types of radical reactions. 

The reason for this may lie in the composition of the RadicalDB dataset: while the number of 
photocatalytic/electrocatalytic radical reactions (11,900 reactions) is slightly lower than the number 
of other radical reactions (14,100 reactions), photocatalytic/electrocatalytic reactions have 
experienced exponential growth in recent years, with research focused more intensively on these 
reactions. This likely made it easier for the model to extract reaction patterns. This hypothesis is 
further supported by the data distribution characteristics of photocatalytic/electrocatalytic reactions 
in RadicalDB, as shown in Figure 1d. 

 
Figure 4. Comparison of RetroSynthesis Accuracy of RadicalRetro across Different Types of Radical Reactions. 
(a) From the perspective of radical initiation, the retrosynthesis accuracy for photocatalytic/electrocatalytic 
radical reactions is slightly higher than that for other types of radical reactions. (b) In terms of name reactions, 
the Faterno Biichs reaction and the Meerwein arylation reaction exhibit the highest retrosynthesis prediction 
accuracy. However, due to the abundance of C-H bonds in molecules, the model struggles to determine which 
hydrogen atom in the precursor was originally part of a hydroxyl group. As a result, the Barton-McCombie 
deoxygenation radical reaction shows the lowest retrosynthesis prediction accuracy. 

From the perspective of named radical reactions, RadicalRetro achieved the highest 
retrosynthesis prediction accuracy in the Faterno-Biichs and Meerwein arylation reactions, with Top-
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1 accuracies of 92.31% and 84.12%, respectively. The prediction accuracy for Birch, Giese, and Minisci 
reactions was also close to or even exceeded the average accuracy of RadicalRetro. However, the 
retrosynthesis prediction accuracy for the Barton-McCombie deoxygenation radical reaction was the 
lowest, with a Top-1 accuracy of only 41.13%, significantly below the average accuracy of 
RadicalRetro. A possible reason for this lower performance lies in the nature of the reaction itself: in 
the Barton-McCombie reaction, a hydroxyl group in an organic compound is replaced by a hydrogen 
atom[43]. Since drug molecules typically have an abundance of C-H bonds, the model struggles to 
determine which hydrogen atom in the precursor was originally part of a hydroxyl group. From this 
perspective, the achieved prediction accuracy for the Barton-McCombie reaction can still be 
considered relatively ideal. 

In summary, RadicalRetro demonstrated robust retrosynthesis prediction capabilities from the 
perspectives of both different radical initiation methods and named reactions, further confirming the 
robustness of the Transformer model with molecular and reaction pretraining in the domain of 
chemical reactions. 

Interpretability of RadicalRetro 

Good interpretability is crucial for users to trust and manage AI tools. It not only helps users 
understand the decision-making process of AI but also enhances their confidence in its use. 
Furthermore, clear interpretability is essential for monitoring and adjusting AI applications to ensure 
they meet the specific needs of a given field[56]. 

In the drug synthesis process, the general steps of a radical reaction usually include the 
following[9]: (1) Radical generation. The reaction begins with the formation of radicals, which can be 
achieved through various means, such as photocatalysis[14], electrocatalysis[57], 
mechanochemistry[34], or the use of specific chemical reagents[58]; (2) Radical addition or 
abstraction. Radicals react by adding to unsaturated bonds or by abstracting an atom (such as a 
hydrogen atom) from a saturated molecule; (3) Chain propagation: Radical reactions often proceed 
through a chain mechanism. In the chain propagation step, newly formed radicals continue to react 
with other molecules, generating more radicals and perpetuating the reaction; (4) Chain termination: 
When two radicals meet, they may combine to form a stable molecule, terminating the reaction chain. 
Therefore, retrosynthetic analysis of radical reactions must consider not only the global and local 
structures of the target molecule (such as functional group substitutions) but also the generation, 
propagation, and termination of radicals. 

In this section, we explore the interpretability of RadicalRetro by selecting a phenylindene 
scaffold molecule, which has been shown to exhibit various biological activities[59]. Specifically, we 
analyzed the retrosynthetic prediction of 2-(2-phenyl-1H-ind-1-yl)acetonitrile 1. RadicalRetro 
predicted the precursors to be 3-(2-phenylethynylphenyl)acrylonitrile 2 and tributyltin 3 (Figure 5a). 
The rationale behind this retrosynthetic route has been confirmed by the work of the Alabugin 
group[60], and the reaction process shown in the figure was computationally validated. 

The attention weight heatmap (Figure 5c) reveals several insights: On a global scale, the 
predicted precursor structures (on the vertical axis) focused on the overall structure of 1 (on the 
horizontal axis). When generating tributyltin 3, which only serves as a radical initiator, the model 
paid attention to the entire structure of 1. However, when generating precursor 2, the model focused 
on the detailed structure of 1. Locally, when generating the radical receptor alkene structure "C=C" 
in 2, the model paid attention to the chemical environment of the α and β carbons of the electron-
withdrawing nitrile group (region 1') and the structural information of the phenyl ring (region 2'). 
When generating the radical receptor alkyne structure "C≡C" in 2, the model focused on the chemical 
structure surrounding the indene (region 3') and the structural information of the unsaturated bonds 
within the indene scaffold (region 4'). This attention mechanism, from global to local focus, mirrors 
the way chemists approach retrosynthetic analysis. 
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Figure 5. Interpretability of LocalRetro. (a) and (b) demonstrate that RadicalRetro successfully identifies the 
appropriate radical reaction pathways for synthesizing biologically active phenylindane scaffold molecules and 
nitrogen-containing polycyclic aromatic hydrocarbons, respectively. (c) and (d) illustrate that, during the 
retrosynthesis process for these two compounds, RadicalRetro’s attention mechanism, from global to local, 
aligns closely with how chemists approach retrosynthetic analysis, confirming the interpretability of the model. 

This study also selected a fused-ring scaffold molecule as a case for retrosynthetic analysis to 
explore the interpretability of RadicalRetro. Azapolycyclic aromatic hydrocarbons (PAHs) 4, due to 
the electron-donating nitrogen atom, are prone to oxidative decomposition, making their synthesis 
particularly challenging[61]. When RadicalRetro was used for the retrosynthetic analysis of 6-4 
(Figure 5b), it predicted the precursor to be a diyne 5, which undergoes a radical cascade cyclization 
reaction. The validity of this retrosynthetic route was confirmed by the Xu group's work on 
electrocatalytic synthesis of PAHs[62]. From the attention heatmap of RadicalRetro's retrosynthetic 
analysis (Figure 5d), it can be seen that the structure of diyne 5 was generated based on the structure 
of the PAH. The structural information of the precursor can be correspondingly traced back to 4. 
Interestingly, the two alkyne groups "C≡C" formed through the "cleavage" characteristic of radical 
reactions were generated based on the structural information of the two aromatic rings in 4 (regions 
5' and 6'), which mirrors the thought process of human chemists. These cases demonstrate that 
RadicalRetro shows good interpretability when performing retrosynthetic analysis based on the 
characteristics of radical reactions. Further examples are shown in Figure S1–S3 (ESI†) 

4. Application of RadicalRetro in Synthesis 

Retrosynthetic Analysis Using Radical Reaction Characteristics 

In this section, we explore whether RadicalRetro has effectively learned the principles of radical 
reactions through specific retrosynthetic analysis cases. In this study, the Chemformer model, trained 
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with molecular and reaction pretraining but without fine-tuning on the RadicalDB dataset, is referred 
to as GeneralRetro, which serves as the baseline model for RadicalRetro. Several drug intermediates 
were selected for retrosynthetic analysis, and both GeneralRetro and RadicalRetro were used to 
analyze them. The results of the retrosynthetic outputs were then compared (Figure 7). 

Through case analysis, it was found that RadicalRetro can leverage the characteristics of radical 
reactions to design synthetic routes involving radical-mediated coupling reactions. For example, 1,1-
S,S-functionalized tetrasubstituted alkene 6 is the starting material for the estrogen receptor 
modulator Tamoxifen[63] (Figure 6a). When retrosynthetically analyzing this molecule using the two 
AI models trained in this study, two different synthetic strategies were provided: GeneralRetro 
suggested the starting materials for a Wittig reaction, namely triphenylphosphine 9 and 4,4-
bis(methylthio)-3-phenylbut-3-en-2-one 10. This route is one that would commonly come to mind for 
chemists, and it has been used in recent synthesis efforts by Zhang's group and Monfette's 
group[63,64]. In contrast, RadicalRetro proposed a strategy involving radical coupling, with the 
predicted precursors being (3-methylbut-1,3-diene-1,1-diyl)bis(methylthio) 7 and phenyl diazonium 
salt 8. Upon reviewing the literature, we found that this route's rationale was supported by recent 
photocatalytic synthesis work by Yu's group[65]. Comparing the two retrosynthetic strategies, The 
strategy proposed by GeneralRetro involves the use of unstable ylides, requiring low temperatures 
(-78°C) and strong bases (e.g., tert-butyllithium) across three steps[63]. In contrast, the photocatalytic 
coupling strategy suggested by RadicalRetro only requires a small amount of photosensitizer and can 
proceed under mild conditions, such as room temperature and light exposure, making the reaction 
conditions milder and the process simpler[65]. 

 

Figure 6. Comparison of the retrosynthesis between RadicalRetro and GeneralRetro. For the Tamoxifen 
Precursor (a) and Glycoside Derivative (b): Compared to GeneralRetro without fine-tuning on RadicalDB, the 
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synthesis pathways proposed by RadicalRetro demonstrate a better grasp of radical reaction characteristics. This 
approach shows significant potential in reducing reaction steps and optimizing reaction conditions. 

Another case is the synthesis of glycoside derivative 11 (Figure 6b). Glycoside derivatives have 
been shown to possess biological activity, including anticancer and anti-Alzheimer's effects[66]. 
When both AI models were used to analyze the retrosynthesis of glycoside derivative 11, they 
proposed two different synthetic strategies: GeneralRetro suggested a Michael addition route with 
the precursors being organolithium compound 14 and the Michael acceptor but-3-en-2-one 13, 
consistent with the strategy employed by Suginome's group[67]. In contrast, RadicalRetro proposed 
a hydrogen atom transfer-initiated radical coupling retrosynthesis, with the precursors being the 
more stable alkene derivative 12 and radical acceptor 13. This approach aligns with the synthesis 
method reported by Baran's group[68]. Of the two retrosynthesis routes, RadicalRetro's strategy 
avoids the use of unstable precursors like organolithium compounds and reduces the number of steps 
by two compared to GeneralRetro, offering a more efficient radical-mediated coupling strategy. 

These retrosynthesis cases demonstrate that, compared to GeneralRetro, which was not fine-
tuned on RadicalDB, RadicalRetro is better able to utilize the characteristics of radical reactions and 
propose radical-based synthetic strategies in drug retrosynthesis predictions. This highlights the 
significant impact that fine-tuning with RadicalDB has had on the performance of the deep learning 
model. 

5. Conclusions 

Deep learning models have been applied to retrosynthetic analysis across various types of 
reactions, but the analysis of single-electron transfer (SET) retrosynthesis has not received sufficient 
attention or in-depth study. This studyr presents a data-driven model, RadicalRetro, designed to 
leverage the characteristics of radical reactions for retrosynthetic analysis of drug molecules. After 
model selection, the natural language processing-based Chemformer was found to be suitable for the 
task of predicting radical reaction retrosynthesis in drug synthesis. RadicalRetro learned atomic 
arrangement features through molecular pretraining, organic synthesis reaction features through 
reaction pretraining, and radical reaction characteristics through fine-tuning. It effectively utilizes 
features such as radical-mediated coupling and cyclization reactions to design synthetic routes, 
achieving an average Top-1 accuracy of 69.31% and a Top-10 accuracy of 80.07% in radical reaction 
retrosynthesis prediction. RadicalRetro demonstrated consistent performance across different types 
of radical reaction retrosynthesis tasks. Attention weight analysis of the model indicates that the 
output of products considers both the global structural information and local functional group details 
of the target molecule, showcasing the model's interpretability. This AI-driven approach helps 
advance the application of radical reactions in drug synthesis. 

6. Method 

6.1. Deep Learning Models and Parameters 

6.1.1. Chemformer 

Chemformer is a deep learning model based on BART (Bidirectional and Auto-Regressive 
Transformers), commonly used for generative tasks such as text summarization and machine 
translation. The main parameter settings for Chemformer in this study are as follows: 

python -m molbart.fine_tune \ 
-dataset uspto_50 \ 
-data_path data/radicals/radicals_fold${fold}.pkl \ 
-task backward_prediction \ 
-n_epochs 100 \ 
-lr 0.001 \ 
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-schedule cycle \ 
-batch_size 64 \ 
-acc_batches 4 \ 
-augmentation_strategy all \ 
-aug_prob 0.5 

6.1.2. Mol-Transformer 

Mol-Transformer is a natural language processing model specifically designed for chemical 
reactions and is based on the Transformer architecture. This study utilized the multi-task learning 
method provided by OpenNMT. The mixed sampling ratio for training was set at 9:1 (USPTO: 
RadicalDB). Other parameters were consistent with the research by Probst's group, with the main 
parameter settings as follows: 

onmt_train -data ${DATASET} \ 
-save_model ${OUTDIR} \ 
-data_ids uspto transfer --data_weights 9 1 \ 
-seed 42 -gpu_ranks 0 \ 
-train_steps 50000 -param_init 0 \ 
-param_init_glorot -max_generator_batches 32 \ 
-batch_size 4096 -batch_type tokens \ 
-normalization tokens -max_grad_norm 0 -accum_count 4 \ 
-optim adam -adam_beta1 0.9 -adam_beta2 0.998 -decay_method noam \ 
-warmup_steps 800 -learning_rate 2 -label_smoothing 0.0 \ 
-layers 2 -rnn_size 384 -word_vec_size 384 \ 
-encoder_type transformer -decoder_type transformer \ 
-dropout 0.1 -position_encoding -share_embeddings \ 
-global_attention general -global_attention_function softmax \ 
-self_attn_type scaled-dot -heads 4 -transformer_ff 1024 \ 
-tensorboard --tensorboard_log_dir ${LOGDIR} 

6.1.3. LocalRetro 

LocalRetro is a template-based deep learning model that achieved 53.4% accuracy on the single-
step retrosynthesis task in the USPTO-50K dataset and was once a state-of-the-art (SOTA) model in 
this field. The main parameter settings are as follows: 

python Train.py --gpu cuda:0 --dataset RadicalDB  
-config default_config.json 
-batch-size 16 \ 
-num-epochs 50 \ 
-patience 5 -max-clip 20 -learning-rate 1e-4 \ 
-weight-decay 1e-6 -schedule_step 10 -num-workers 0 \ 
-print-every 20 

6.2. Training Strategy 

This study employed a multi-task transfer learning approach, using a convex weighting scheme 
for the USPTO and fine-tuning datasets, with weights of 9 and 1, respectively. This approach was 
based on the method used by Pesciullesi's group in their study on predicting glycosylation reactions. 

The transfer learning data comes from the USPTO dataset, originally derived from Lowe's 
dataset, which was extracted from USPTO patent data. The dataset was preprocessed to remove 
reagents, solvents, temperatures, and other reaction conditions, and then filtered to eliminate 
duplicate, incorrect, or incomplete reactions. This dataset contains 1 million reaction records. 

6.3. Testing Method 
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Cross-validation is a widely used machine learning evaluation technique that divides the dataset 
into mutually exclusive subsets for training and validation, allowing for a comprehensive assessment 
of a model's performance and generalization ability. This method effectively addresses overfitting 
and underfitting, providing a thorough understanding of the model's actual performance. 

In this study, all models were constructed and evaluated using 5-fold cross-validation, ensuring 
the robustness of the results. During the 5-fold cross-validation, the study also balanced the different 
categories of radical reactions by adopting a stratified sampling strategy. Each category, including 
photocatalytic/electrocatalytic synthesis reactions and named radical reactions, was randomly 
sampled. This approach ensured that the models were exposed to various types of radical reactions, 
thereby enhancing their prediction capabilities. 
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