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Abstract
Developing compounds with novel structures is important for the production of new drugs. From an intellectual perspective, confirming the patent status of newly developed compounds is essential, particularly for pharmaceutical companies. The generation of a large number of compounds has been made possible because of the recent advances in artificial intelligence (AI). However, confirming the patent status of these generated molecules has been a challenge because there are no free and easy-to-use tools that can be used to determine the novelty of the generated compounds in terms of patents in a timely manner; additionally, there are no appropriate reference databases for pharmaceutical patents in the world. In this study, two public databases, SureChEMBL and Google Patents Public Datasets, were used to create a reference database of drug-related patented compounds using international patent classification. An exact structure search system was constructed using InChIKey and a relational database system to rapidly search for compounds in the reference database. Because drug-related patented compounds are a good source for generative AI to learn useful chemical structures, they were used as the training data. Furthermore, molecule generation was successfully directed by increasing and decreasing the number of generated patented compounds through incorporation of patent status (i.e., patented or not) into learning. The use of patent status enabled generation of novel molecules with high drug-likeness. The generation using generative AI with patent information would help efficiently propose novel compounds in terms of pharmaceutical patents. Scientific contribution: In this study, a new molecule-generation method that takes into account the patent status of molecules, which has rarely been considered but is an important feature in drug discovery, was developed. The method enables the generation of novel molecules based on pharmaceutical patents with high drug-likeness and will help in the efficient development of effective drug compounds.
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Introduction
Generative artificial intelligence (AI) is an aspect of AI application that has received significant attention, particularly, as an important tool for drug discovery; consequently, numerous chemical structure-generating AIs have been reported [1, 2]. Development of the methods implemented by these AIs to learn and generate chemical structures is one of the ways in which they are currently evolving; various methods have been proposed, including generative adversarial networks [3, 4], recurrent neural networks (RNN) [5, 6], and transformers [7, 8]. The implementation of techniques, such as genetic algorithms [9], variational autoencoders [10], and reinforcement learning [6, 11, 12], to produce molecules with desired properties is another way in which chemical structure-generating AIs are evolving. The inclusion of properties, such as pharmaceutical activity and absorption, distribution, metabolism, excretion, and toxicity (ADMET), are important during drug discovery. For example, potentially active compounds or compounds with desirable ADMET properties can be generated based on their prediction scores of machine learning or deep learning models using features, such as molecular properties, fingerprints, and graph descriptors, and docking scores obtained by molecular docking against target protein structures. In addition, generative AI that can simultaneously optimize multiple properties has been reported [13, 14].
Although patent information is an important source in drug discovery, it is rarely considered in structure-generating AI. Using generative AI trained with patented compound data of tyrosine kinase inhibitors, Subramanian et al. [15] generated molecules structurally similar to FDA-approved drugs, such as erlotinib, by calculating their Tanimoto similarities as the property to be optimized. However, it is not known if the generated molecules are patented. Obtaining intellectual property rights, particularly substance patents, is important in drug discovery to protect the discovered molecules. Despite its importance, patentability is also rarely considered when using generative AI. This is likely because validating patentability requires specialized equipment, such as the use of patent-specific commercial software and databases [16]; additionally, automatically authenticating patentability through calculations or other means is difficult.
The recent availability of open patent data, such as patent documents provided by Google [17] and patent–compound information provided by SureChEMBL [18], has enabled the development of unprecedented approaches to the patenting of compounds. Attempts have been made to extract patents related to drug discovery. Falaguera et al. [19] used patent classification, and Subramanian et al. [15] used keyword searches to extract patents related to drug discovery from patents published by the United States Patent and Trademark Office (USPTO). However, validating the patentability of compounds in drug discovery requires a global approach; therefore, using only the USPTO patents is insufficient.
This study aimed to create a generative AI that can use information on the global patentability of generated molecules to direct exploration of chemical space of the molecules. To this end, chemical structures included in pharmaceutical-related patent documents published in the world were collected from open patent sources and incorporated into a drug-related patented compound database. To generate novel molecules by exploring and expanding chemical space of patentable compounds in drug discovery, calculation system of properties, which represent the patentable status of generated molecules, were developed. The properties were computed in the form of reward functions and learned in a generative AI.

Materials and methods
Data preparation and integration for drug-patent database
Drug-related patented compounds were collected to develop a reward function that can determine if a generated molecule is present in drug-related patents. The SureChEMBL database (January 2021) was used as the source of drug-related patented compounds because it consists of 20,000,411 compounds from 4,799,617 patents, covering patent authorities, the World Intellectual Property Organization, and the patent offices of Europe, the United States, and Japan.
The extraction of only drug-related patented compounds from the SureChEMBL compounds was necessary because that database contains drug-related and non-drug-related patented compounds (e.g., food, fertilizers, dyes, oils, and organic compounds). To extract drug-related patented compounds, two types of patent classification information were used: International Patent Classification (IPC) and Cooperative Patent Classification (CPC). Patents classified as A61K (preparations for medicinal, dental, or toilet purposes) or A61P (specific therapeutic activity of chemical compounds or medicinal preparations) were defined as drug-related. Patent numbers and compounds described in patents were extracted from the SureChEMBL downloadable bulk dataset. Because the downloadable dataset did not contain IPC/CPC information, patent numbers and their IPC/CPC codes were extracted from Google Patents Public Datasets [20]. The IPC/CPC information was then attached to SureChEMBL based on their patent numbers, resulting in 13,448,634 compounds in 1,057,881 drug-related patents. The SQL codes used to retrieve the IPC/CPC information from Google Patents Public Datasets are available in Additional file 1: Method S1.
Chemical structures registered in SureChEMBL that were erroneous or possibly erroneous were removed. A part of compounds in SureChEMBL are registered by the automated chemical entity recognition of images of the chemical structures in patent documents. The registered chemical structures that were identified using optical character recognition (OCR) are denoted as OCR structures. Structural errors were observed in some OCR structures; for instance, SCHEMBL13574165, registered as a compound in patent WO-2009153592-A1, has an incorrect structure. The original compound has a pyrazole ring; however, the ring is broken in the SureChEMBL entry (Additional file 1: Fig. S1). A recognition error during the conversion of the structural image to the chemical structure likely caused the registration of incorrect structures. Although some OCR structures were correctly recognized, verifying the accuracy of all OCR structures was difficult; therefore, all OCR structures—2,727,799 structures that are annotated as appearing in compound images of patent documents—were removed from the study to prevent the incorporation of these inaccuracies. This resulted in a reduction of the number of drug-related patented compounds from 13,448,634 to 10,720,835.
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Fig. 1Overview of this study



Creation of drug-related patented compound database
To implement the reward function, which determines if the generated structure was included in the 10,720,835 drug-related patented compounds, a relational database of drug-related patented compounds (drug-patent DB) and a search system to examine the generated structure were created (Fig. 1). The chemical structures of 10,720,835 compounds were standardized and desalted using ChEMBL Structure Pipeline 1.0.0 [21]. InChIKeys [22], 27-character strings representing the chemical structures, were generated without stereochemical layer using RDKit 2022.03.2 [23] and stored in the drug-patent DB using an SQLite 3.36.0 library to be used in text-based search systems. The InChIKey index was created for a rapid search. The drug-patent DB includes the chemical structures of drug-related patented compounds in the form of InChIKeys and their SureChEMBL entry identifiers, which are easily connected to the SureChEMBL information (e.g., the original chemical structures and patent numbers).

Preparation of training data for RNN
ChemTSv2 software was used for chemical structure generation because it can easily incorporate user-defined reward functions [24]. ChemTS generates molecular structures using an RNN trained on SMILES [25] strings and explores structures using Monte Carlo tree search (MCTS) [26] with the desired properties defined as a reward function [12, 13]. Structures in databases, such as ChEMBL [27] or ZINC [28], can be used as learning sources for RNN; however, the structures of drug-related patented compounds were used to learn a more specific RNN for patented compounds (patent RNN) in this study. Because 10,720,835 compounds were surplus to the requirement for RNN training, approximately 250,000 compounds were selected for this purpose. The training data for the patent RNN were extracted from the drug-patent DB using the following procedure: First, five million compounds were randomly selected from the DB. Subsequently, compounds that were not appropriate for training, such as those lacking SMILES, having no ring, and containing non-drug-like elements (e.g., metals and isotopes) and substructures (Additional file 2), were removed. Compounds consisting of multiple components were then desalted using the KNIME RDKit, leaving only molecules of one component. Thereafter, atypical compounds, belonging to both ends of the distribution of molecular properties, such as the number of atoms, number of heavy atoms, molecular weight, SlogP, number of aromatic rings, and fraction of sp3 carbon atoms, were removed, resulting in a remaining selection of compounds (4,008,514 molecules including 1,177,174 unique Murcko scaffolds). From these compounds, 247,738 molecules were randomly selected. The selected molecules included 145,443 unique Murcko scaffolds. Finally, the structures were standardized using the ChEMBL Structure Pipeline and converted into canonical SMILES strings (RDKit) to be used as training data for the patent RNN model. The training data for RNN are available in Additional file 3.

RNN training and parameter optimization
To train the patent RNN model, four parameters—dropout rate, learning rate, batch size, and number of hidden state dimensions of gated recurrent units—were optimized using Optuna [29] to maximize the ratio of the chemically interpretable, filter-passed, and unique SMILES strings to all SMILES strings generated in 15 min of molecular generation (see “Generation of molecules using ChemTS” section for details of the filters used). The remaining parameters for training were set to default, excluding the length of the sequence for padding the SMILES tokens, which was the maximum token length (109) of the training data. Training was performed for 500 epochs, with 10% of the data being used for validation. Molecular generation during parameter optimization was performed using a reward function that always returned a value of one to eliminate the influence of the reward function; herein, C was set to 1.0, and the other parameters to the default values. The optimization resulted in dropout rate, learning rate, batch size, and units of 0.1077, 0.000434, 384, and 896, respectively.

Reward functions
To assess patentability when generating molecules, a method that determines if the generated compounds were included in drug-related patented compounds was used. Two reward functions (Rpatent and Rnot-patent), which yield opposing results, were defined. For a given generated molecule x, the reward Rpatent is defined as:[image: $${R}_{\text{patent}}\;(x)= \left\{\begin{array}{ll}1 &amp;\text{if}\;x\;\text{is}\;\text{matched}\;\text{to}\;\text{a}\;\text{patented}\;\text{compound}\;\text{in}\;\text{the}\;\text{drug-patent}\;\text{DB}\\ 0 &amp; \text{if}\;x\;\text{is}\;\text{not}\;\text{matched}\;\text{to}\;\text{any} \;\text{patented}\;\text{compounds}\;\text{in}\;\text{the}\;\text{DB}\end{array}\right.$$]




and the reward Rnot-patent is defined as:[image: $${R}_{\text{not-patent}}\;(x)= \left\{\begin{array}{ll}1 &amp; \text{if}\;x\;\text{is}\; \text{not}\; \text{matched}\; \text{to}\; \text{any}\; \text{patented}\; \text{compounds}\; \text{in}\; \text{the}\; \text{DB}\\ 0 &amp; \text{if}\;x\;\text{is}\; \text{matched}\; \text{to}\; \text{a}\; \text{patented}\; \text{compound}\; \text{in}\; \text{the}\; \text{DB} \end{array}\right.$$]




When Rpatent is used as the ChemTS reward function, ChemTS tries to generate molecules that can be found in drug-related patents; when Rnot-patent is used, ChemTS tries to generate molecules that are not found in drug-related patents. To test the baseline performance of the models, a random reward function Rrand, which returns a random value between zero and one, was used.

Methods used to identify an exact match between two compounds
Two types of methods—fingerprint-based and text-based—were used to identify generated molecules that can also be found in the drug-patent DB. These methods were implemented through Python scripts using RDKit. In the fingerprint-based method, the drug-patent DB compounds were converted into MinHash fingerprints (MHFP6, 2048 bits) [30]. The locality-sensitive hashing (LSH) approximate nearest neighbor search using the MHFP6 with LSHForestHelper [31] was used to examine the exact match between query compounds and the drug-patent DB compounds. As a baseline, a fingerprint-based search method using Morgan fingerprints (radius = 3, 2048 bits) with BulkTanimotoSimilarity function of RDKit was also used. In the text-based method, InChIKeys of the two compounds were compared to determine if they were exact matches. Query molecules were searched against drug-patent DB using the SQL SELECT command in the Python sqlite3 module.

Validity and uniqueness of molecular generation
The validity and uniqueness of molecular generation were calculated as follows:[image: $$\text{Validity}=\frac{\text{Number}\; \text{of}\; \text{valid}\; \text{generated}\; \text{SMILES}\; \text{strings}}{\text{Number}\; \text{of}\; \text{all}\; \text{generated}\; \text{SMILES}\; \text{strings}}$$]



[image: $$\text{Uniqueness}=\frac{\text{Number}\; \text{of}\; \text{unique}\; \text{generated}\; \text{SMILES}\; \text{strings}}{\text{Number}\; \text{of}\; \text{all}\; \text{valid}\; \text{generated}\; \text{SMILES}\; \text{strings}}$$]




where a valid SMILES string indicates that the generated SMILES string is interpretable as a molecule by RDKit and is not filtered out by ChemTS filters. Notably, this “validity” is a combination of “validity” and “filters” defined in the benchmarks of molecular generation models, such as MOSES [32] and Guacamol [33].

Generation of molecules using ChemTS
By adjusting the value of the MCTS exploration parameter C of ChemTS, the user can control the way of search; particularly, the user can decide to search deeper into the chemical space around previously generated structures or perform a shallower search in a different space. Molecular generations using a large C (e.g., 1.0) explore new chemical spaces more extensively, whereas those using a small C (e.g., 0.1) explore narrower chemical spaces more deeply. Six values of C—0.1, 0.2, 0.4, 0.6, 0.8, and 1.0—were used in this study. The ChemTS user can remove undesired generated molecules using prepared or user-defined filters in various settings. In this study, at each generation step, a generated SMILES string was removed if it was trapped by at least one of five ChemTS filters that filter out (1) molecules with rarely occurring molecular patterns based on the frequency of occurrence in the PubChem database [12, 34], (2) those that violate at least one of Lipinski’s rule of five [35], (3) those that contain radicals, (4) those with a synthetic accessibility score [36] ≥ 3.5, and (5) those with a ring size > 6. Molecules removed by the filters were not used in reward calculations. At each C setting, molecular generation was performed in triplicate. Each run was executed for 24 h using a GPU (Nvidia Quadro RTX 8000) and at least 250,000 valid and unique molecules were generated.

Visualization of chemical space
The chemical space of the generated molecules was visualized using a uniform manifold approximation and projection (UMAP) that projects close points in a high-dimensional space onto close points in a low-dimensional space [37]. UMAP-learn 0.5.3 was used [38] with a Jaccard metric to transform the 2048-bit Morgan fingerprint (radius = 2) arrays of compounds into two-dimensional components (UMAP components 1 and 2). To show the chemical space of patented pharmaceutical compounds, 500,000 molecules randomly selected from the drug-patent DB were included in the calculation.

Analysis of generated molecules
Structural similarities between the generated molecules and the molecules in the drug-patent DB were calculated as the Tanimoto coefficient of Morgan fingerprints (radius = 2, 2048 bits) using RDKit. The quantitative estimate of drug-likeness (QED) [39] values of the generated molecules were calculated using RDKit.


Results and discussion
Selection of a method that can identify an exact match
The computation times for the matching of 10,000 molecules randomly selected from SureChEMBL with 1,000,000 molecules randomly selected from the drug-patent DB using the Morgan, MHFP6, and InChIKey methods were 3.8 h, 4.1 min, and 7.9 s, respectively (Fig. 2). The time required for preparing the reference dataset, such as creating the LSH forest, SQL database, and SQL index, was excluded from the computation time. Text-based InChIKey was the fastest method, matching the compounds approximately 1733 times faster than the Morgan fingerprint-based method. The speed of the text-based InChlKey was sufficient for practical use in ChemTS. Although the MHFP6 method was approximately seven times faster than the Morgan fingerprint method, it was slower than the InChlKey method and required a large amount of memory. Therefore, the InChIKey method was used in the reward function to identify exact matches between two compounds.

[image: ]
Fig. 2Calculation times for the identification of exact matches using three methods. Searches for 10,000 query compounds were performed against 1,000,000 drug-related patented compounds. The search time is shown in the log scale



Creation of patent RNN models for molecular generation
After optimizing the ChemTS hyperparameters for training, the optimized patent RNN model generated molecules containing 47.5% filter-valid and unique SMILES strings within 15 min. In comparison, molecular generation was performed using the ChemTS ZINC RNN model trained with commercial compounds extracted from the ZINC database. The filter-valid and unique SMILES rate was 38.2% for the ChemTS ZINC model, suggesting that the patent RNN model could generate valid molecules more efficiently than the ChemTS ZINC model. A detailed analysis of the performance of AIs generating a large number of molecules is described in the following section.

Molecular generations using the patent RNN model
To evaluate the ability to generate molecules independent of the reward function, the validity and uniqueness of ChemTS using the patent RNN model with a random reward function Rrand in a C = 1.0 setting, were assessed. The first 250,000 valid and unique molecules generated using the patent RNN were compared with those generated using the ZINC RNN model. The average validity and uniqueness of the patent RNN model were 0.45 and 0.84, respectively; those of the ZINC RNN model were 0.39 and 0.92, respectively. These results showed that the performances of the patent RNN model was comparable to that of the ChemTS ZINC RNN model for the generation of valid and unique molecules.
The patented-compound-generating ability of the patent RNN model was evaluated. The number of patented compounds generated by the patent RNN model that could be found in the drug-patent DB was 2.6-fold higher than those generated by the ZINC model (Fig. 3a). This result indicates that the patent RNN model was better suited for generating drug-related patented compounds. However, the drug-related patented compounds generated by the patent RNN model represented a small percentage (2.6%) of the 250,000 molecules.

[image: ]
Fig. 3Number of generated molecules matched to the drug-patent DB compounds. Each bar represents the average values of three replicate molecular generations. Error bars represent the standard deviation. In each run, the first 250,000 valid and unique molecules that were generated were evaluated. a Number of patented compounds generated by the patent RNN model and the ChemTS ZINC RNN model under conditions: C = 1.0 and Rrand reward function. These numbers are used as baseline values of patented compound-generations for the RNN models. b Number of patented compounds generated by the patent RNN model across varying reward functions. The baseline values of the patent/ZINC RNN models are also shown as dashed lines



Reward functions
The effect of reward functions on the generation of drug-patent DB molecules were examined by comparing the number of drug-patent DB molecules generated by the RNN model using the Rpatent reward function with that of the RNN model using Rnot-patent. Under all conditions of C, the number of drug-related patented compounds generated using Rpatent was higher than that generated by Rnot-patent (Fig. 3b). Furthermore, the number of patented compounds generated using Rpatent was higher than that generated by the random reward function Rrand; additionally, the number of patented compounds generated by Rnot-patent was lower than that generated by Rrand, indicating that Rpatent and Rnot-patent performed as intended. When Rnot-patent was used as the reward function, the number of generated drug-related patented compounds increased as the value of C increased. The larger the value of C, the larger the variety of scaffolds generated, and the more likely the compounds generated using Rnot-patent are going to be patented.

Chemical space of generated molecules
With regard to the structural fingerprints, the chemical space of the molecules generated using Rpatent and Rnot-patent was compared with that of the compounds in the drug-patent DB. The chemical space of most molecules generated using Rpatent was distributed within that of the drug-patent DB compounds, particularly in the region indicated by the dense gray dots where the drug-patent DB compounds were abundant (Fig. 4a and Additional file 1: Fig. S2). Therefore, although the 250,000 molecules generated using Rpatent do not cover the entire chemical space of the drug-patent DB compounds, molecules corresponding to a significant proportion of the space were generated. Collectively, the results shown in Figs. 3b and 4a indicate that most of the 250,000 compounds generated using Rpatent were in the chemical space of the drug-patent DB compounds; additionally, more than 10,000 of the generated compounds matched the 10,720,835 drug-patent DB compounds, regardless of the value of C. However, most of the molecules generated using Rnot-patent and C = 0.1 were distributed in the region that was not occupied by the drug-patent DB compounds (Fig. 4b). Combining the results of Figs. 3b and 4b indicates that most of the 250,000 compounds generated by Rnot-patent and C = 0.1 were in the least populated regions of the chemical space of the drug-patent DB compounds; therefore, less than 3000 compounds produced using this method matched the drug-patent DB compounds. On the other hand, in the C = 0.2–1.0 settings, most of the molecules generated using Rnot-patent were distributed in the region that was occupied by the drug-patent DB compounds (Additional file 1: Fig. S2). In addition, in high values of C (0.8 and 1.0), the molecules generated using Rnot-patent were distributed in the same region to that was occupied by the molecules generated using Rpatent; therefore, relatively large number of patented molecules were found in the molecules generated using Rnot-patent.

[image: ]
Fig. 4Chemical space of generated molecules and the drug-patent DB compounds. Molecules generated using Rpatent and Rnot-patent as reward functions in a C = 0.1 setting were compared with 500,000 drug-patent DB compounds. The generated molecules using the Rpatent and Rnot-patent rewards were shown in orange (a) and blue (b), respectively, and the drug-patent DB compounds were colored gray in the background. The chemical space was visualized using UMAP



Novelty of generated molecules
ChemTS generated 250,000 molecules using the patent RNN model, Rpatent reward function, and C = 0.1; however, 946 molecules (0.38%) matched (i.e., similarity = 1) the training data compounds (247,738 drug-patent DB compounds) for the patent RNN model (Fig. 5a). Thus, 99.6% of the generated molecules were not included in the training data. The peak of the distribution was where the similarity to the training compounds was between 0.4 and 0.45. Molecules similar to the training compounds—similarity of 0.7 or greater—were also generated at a percentage of 2.2%. In the other values of C (0.2–1.0), similar results were observed (Additional file 1: Fig. S3). When using the Rnot-patent reward in C = 0.1 setting, the peak of the distribution was where the similarity to the training compounds was between 0.3 and 0.35; over 99.9% of the generated molecules were similarity of < 0.7 to the training compounds (Fig. 5a). Using larger value of C with the Rnot-patent reward, the peak of the distribution became relatively high (Additional file 1: Fig. S3). In all C settings, the peak of the distribution using the Rnot-patent reward located in lower similarity value than that using the Rpatent reward did. Regarding the maximum similarity between the 10,720,835 drug-patent DB compounds and the molecules generated by ChemTS, the peak of the distribution was where the similarity to the drug-patent DB compounds was between 0.5 and 0.55 for Rpatent and between 0.4 and 0.45 for Rnot-patent in the C = 0.1 setting (Fig. 5b). Regarding Rpatent, 21.5% of the molecules had a similarity ≥ 0.7, whereas only 0.1% of the molecules generated using Rnot−patent had a similarity ≥ 0.7. The differences in the similarity peaks and in the rate of generation of molecules that are similar to the drug-patent DB compounds are because of the differences in reward functions. The fact that the use of Rpatent in the reward function generates molecules that do not match the drug-patent DB compounds but have a very high degree of similarity suggests that it can generate molecules that are not patented but may have the desired activity.

[image: ]
Fig. 5Frequency of structural similarities of generated molecules against the drug-patent DB compounds. a Maximum similarities of generated molecules using the Rpatent (orange) and Rnot-patent (blue) rewards to the 247,738 drug-patent DB compounds used as training data of the patent RNN. b Maximum similarities of generated molecules using the Rpatent (orange) and Rnot-patent (blue) rewards to the drug-patent DB compounds. Molecular generation was performed at C = 0.1



Drug-likeness of generated molecules
The QED for the most molecules generated with the Rpatent in all C settings and the Rnot-patent in most C settings was high (Additional file 1: Fig. S4). The QED for the molecules generated with the Rpatent reward function was distributed in a region of higher values than that for the molecules generated using Rnot-patent in each C setting. The difference of QED distributions using Rpatent and Rnot-patent was large particularly in low C settings (C = 0.1 and 0.2). Using the Rnot-patent reward in the C = 0.1 setting, many of the generated molecules were in different chemical space to that of drug-related patented compounds (Figs. 4b and 5b), increasing accidental generation of unusual scaffolds as drug and resulted in the wide distribution of their QEDs. Taken together with the similarity results presented in the previous section, the use of the Rpatent reward function can generate novel molecules in terms of patents with high drug-likeness.

Examples of generated molecules
Herein, three examples of ChemTS-generating molecules that are structurally similar to approved drugs, diclofenac, baricitinib, and brexpiprazole, are discussed. These molecules have a similarity of ≥ 0.5 to the approved drugs that are not included in the training data of the patent RNN model. They were generated by ChemTS using the patent RNN model, Rpatent reward function, and C = 0.4—the conditions under which most molecules were matched to the drug-patent DB compounds (see Fig. 3b). Diclofenac was generated using ChemTS and six of the eight generated diclofenac derivatives were included in the drug-patent DB compounds (Fig. 6).

[image: ]
Fig. 6Examples of generated molecules including an approved drug. A generated molecule matched to an approved drug, diclofenac, and generated molecules similar to it are shown. The molecules were generated using the Rpatent reward function. The similarity values to diclofenac and the QED values are indicated below the structures. Compounds registered in the drug-patent DB are marked with an asterisk


Baricitinib was not generated using ChemTS, but four baricitinib analogs were generated and one of them was patented (Fig. 7a). Similarly, brexpiprazole was not generated by ChemTS, but six brexpiprazole derivatives were generated and one of them was patented (Fig. 7b). ChemTS can generate molecules similar to approved drugs, but the percentage of generated molecules that are covered by patents vary from case to case (Fig. 7). Regarding drug-likeness, the QED values of the structural analogs of approved drugs generated by ChemTS was case-dependent. The QED values of diclofenac, baricitinib and their derivatives were high (Figs. 6 and 7a). The QED of brexpiprazole analogs was not high; however, most of their QED values were higher than that of brexpiprazole (Fig. 7b). These results suggest that the generative AI developed in this study using Rpatent reward functions can generate non-patented molecules with favorable drug-likeness properties.

[image: ]
Fig. 7Examples of generated molecules similar to approved drugs. The generated molecules similar to approved drugs, a baricitinib and b brexpiprazole, are shown with their similarity and QED values. The molecules were generated using the Rpatent reward function. Patented compounds are marked with an asterisk




Conclusion
A generative AI that constructs molecules by considering their patentability was developed. To consider patentability, two reward functions, Rpatent and Rnot-patent, were defined utilizing a method to determine if the generated molecules are compounds in drug-related patents. The compounds in drug-related patents were extracted from open data and stored in the drug-patent DB, which were also used as the training data of the generative AI (ChemTS). ChemTS, with a drug-related patent RNN and Rpatent reward function, enables molecule generation with the consideration of patentability. Results showed that compounds structurally similar to the approved drugs could be generated without being included in the drug-patent DB. By changing the drug-patent DB used in this study to a database of patented compounds in specific fields, such as agriculture and organic materials, one can use the model for molecular generation in other fields. However, this study only considered the presence of the compounds in the drug-patent DB and not if they are patentable in the true sense of the word. Despite these limitations, the patent-aware molecular generation method developed in this study, in combination with activity and ADMET predictions, is expected to improve drug discovery capabilities through multi-objective optimizations that account for patentability.

Author contributions
YS conducted the research. YS and KI designed the study. M. Ohta curated the training data of the patent RNN model. SI and KT provided support to ChemTS. SI, KT, M. Osawa, and TH provided critical advice. All authors reviewed and approved the final manuscript.

Funding
This research was conducted in “Development of a Next Generation Drug Discovery AI through Industry-Academia Collaboration (DAIIA)” supported by Japan Agency for Medical Research and Development (AMED) under Grant Number JP22nk0101111.

Availability of data and materials
The data used in this study were retrieved from the publicly available databases, SureChEMBL and Google Patents Public Datasets. SQL codes for retrieving IPC/CPC information from Google Patents Public Datasets are described in Additional file 1: Method S1. An SQLite database file of the drug-patent DB is downloadable at https://​doi.​org/​10.​5281/​zenodo.​8303450. The training data for the patent RNN are available in Additional file 3.

Declarations
Competing interests
The authors declare no competing interests.


References
	1.
Bilodeau C, Jin W, Jaakkola T, Barzilay R, Jensen KF (2022) Generative models for molecular discovery: recent advances and challenges. WIREs Comput Mol Sci 12:1–17. https://​doi.​org/​10.​1002/​wcms.​1608Crossref

	2.
Walters WP, Murcko M (2020) Assessing the impact of generative AI on medicinal chemistry. Nat Biotechnol 38:143–145. https://​doi.​org/​10.​1038/​s41587-020-0418-2CrossrefPubMed

	3.
Goodfellow I, Pouget-Abadie J, Mirza M, Xu B, Warde-Farley D, Ozair S, Courville A, Bengio Y (2014) Generative adversarial nets. In: Ghahramani Z, Welling M, Cortes C, Lawrence N, Weinberger KQ (eds) Advances in neural information processing systems. MIT Press, Cambridge, pp 2672–2680

	4.
Prykhodko O, Johansson SV, Kotsias P-C, Arús-Pous J, Bjerrum EJ, Engkvist O, Chen H (2019) A de novo molecular generation method using latent vector based generative adversarial network. J Cheminform 11:74. https://​doi.​org/​10.​1186/​s13321-019-0397-9CrossrefPubMedPubMedCentral

	5.
Rumelhart DE, McClelland JL, Group PR (1987) Parallel distributed processing, volume 1: explorations in the microstructure of cognition: foundations. MIT press, Cambridge

	6.
Olivecrona M, Blaschke T, Engkvist O, Chen H (2017) Molecular de-novo design through deep reinforcement learning. J Cheminform 9:48. https://​doi.​org/​10.​1186/​s13321-017-0235-xCrossrefPubMedPubMedCentral

	7.
Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, Kaiser Ł, Polosukhin I (2017) Attention is all you need. In: Guyon I, Von Luxburg U, Bengio S, Wallach H, Fergus R, Vishwanathan S, Garnett R (eds) Advances in neural information processing systems. MIT PRess, Cambridge, pp 5998–6008

	8.
Bagal V, Aggarwal R, Vinod PK, Priyakumar UD (2022) MolGPT: molecular generation using a transformer-decoder model. J Chem Inf Model 62:2064–2076. https://​doi.​org/​10.​1021/​acs.​jcim.​1c00600CrossrefPubMed

	9.
Nigam A, Friederich P, Krenn M, Aspuru-Guzik A (2020) Augmenting genetic algorithms with deep neural networks for exploring the chemical space. arXiv:​1909.​11655 [cs.NE]

	10.
Gómez-Bombarelli R, Wei JN, Duvenaud D, Hernández-Lobato JM, Sánchez-Lengeling B, Sheberla D, Aguilera-Iparraguirre J, Hirzel TD, Adams RP, Aspuru-Guzik A (2018) Automatic chemical design using a data-driven continuous representation of molecules. ACS Cent Sci 4:268–276. https://​doi.​org/​10.​1021/​acscentsci.​7b00572CrossrefPubMedPubMedCentral

	11.
Zhou Z, Kearnes S, Li L, Zare RN, Riley P (2019) Optimization of molecules via deep reinforcement learning. Sci Rep 9:10752. https://​doi.​org/​10.​1038/​s41598-019-47148-xCrossrefPubMedPubMedCentral

	12.
Ma B, Terayama K, Matsumoto S, Isaka Y, Sasakura Y, Iwata H, Araki M, Okuno Y (2021) Structure-based de novo molecular generator combined with artificial intelligence and docking simulations. J Chem Inf Model 61:3304–3313. https://​doi.​org/​10.​1021/​acs.​jcim.​1c00679CrossrefPubMed

	13.
Yoshizawa T, Ishida S, Sato T, Ohta M, Honma T, Terayama K (2022) Selective inhibitor design for kinase homologs using multiobjective Monte Carlo tree search. J Chem Inf Model 62:5351–5360. https://​doi.​org/​10.​1021/​acs.​jcim.​2c00787CrossrefPubMedPubMedCentral

	14.
Liu X, Ye K, van Vlijmen HWT, Emmerich MTM, IJzerman AP, van Westen GJP (2021) DrugEx v2: de novo design of drug molecules by Pareto-based multi-objective reinforcement learning in polypharmacology. J Cheminform 13:85. https://​doi.​org/​10.​1186/​s13321-021-00561-9CrossrefPubMedPubMedCentral

	15.
Subramanian A, Greenman P, Gervaix K, Yang A, Gómez-Bombarelli T (2023) Automated patent extraction powers generative modeling in focused chemical spaces. Digit Discov 2:1006–1015. https://​doi.​org/​10.​1039/​D3DD00041ACrossref

	16.
Ohms J (2021) Current methodologies for chemical compound searching in patents: a case study. World Pat Inf 66:102055. https://​doi.​org/​10.​1016/​j.​wpi.​2021.​102055Crossref

	17.
Google patents. https://​patents.​google.​com. Accessed 01 Aug 2023

	18.
Papadatos G, Davies M, Dedman N, Chambers J, Gaulton A, Siddle J, Koks R, Irvine SA, Pettersson J, Goncharoff N, Hersey A, Overington JP (2016) SureChEMBL: a large-scale, chemically annotated patent document database. Nucleic Acids Res 44:D1220–D1228. https://​doi.​org/​10.​1093/​nar/​gkv1253CrossrefPubMed

	19.
Falaguera MJ, Mestres J (2021) Identification of the core chemical structure in SureChEMBL patents. J Chem Inf Model 61:2241–2247. https://​doi.​org/​10.​1021/​acs.​jcim.​1c00151CrossrefPubMed

	20.
Google patents public datasets on BigQuery. https://​console.​cloud.​google.​com/​bigquery?​p=​patents-public-data. Accessed 01 Aug 2023

	21.
Bento AP, Hersey A, Félix E, Landrum G, Gaulton A, Atkinson F, Bellis LJ, De Veij M, Leach AR (2020) An open source chemical structure curation pipeline using RDKit. J Cheminform 12:51. https://​doi.​org/​10.​1186/​s13321-020-00456-1CrossrefPubMedPubMedCentral

	22.
Heller SR, McNaught A, Pletnev I, Stein S, Tchekhovskoi D (2015) InChI, the IUPAC international chemical identifier. J Cheminform 7:23. https://​doi.​org/​10.​1186/​s13321-015-0068-4CrossrefPubMedPubMedCentral

	23.
RDKit open-source cheminformatics software. https://​www.​rdkit.​org. Accessed 01 Aug 2023

	24.
Ishida S, Aasawat T, Sumita M, Katouda M, Yoshizawa T, Yoshizoe K, Tsuda K, Terayama K (2023) ChemTSv2: functional molecular design using de novo molecule generator. WIREs Comput Mol Sci. https://​doi.​org/​10.​1002/​wcms.​1680Crossref

	25.
Weininger D (1988) SMILES, a chemical language and information system. 1. Introduction to methodology and encoding rules. J Chem Inf Comput Sci 28:31–36. https://​doi.​org/​10.​1021/​ci00057a005Crossref

	26.
Coulom R (2007) Efficient selectivity and backup operators in Monte-Carlo tree search. In: Computers and games: 5th international conference, CG 2006, Turin, Italy, May 29–31, 2006, pp 72–83

	27.
Mendez D, Gaulton A, Bento AP, Chambers J, De Veij M, Félix E, Magariños MP, Mosquera JF, Mutowo P, Nowotka M, Gordillo-Marañón M, Hunter F, Junco L, Mugumbate G, Rodriguez-Lopez M, Atkinson F, Bosc N, Radoux CJ, Segura-Cabrera A, Hersey A, Leach AR (2019) ChEMBL: towards direct deposition of bioassay data. Nucleic Acids Res 47:D930–D940. https://​doi.​org/​10.​1093/​nar/​gky1075CrossrefPubMed

	28.
Sterling T, Irwin JJ (2015) ZINC 15—ligand discovery for everyone. J Chem Inf Model 55:2324–2337. https://​doi.​org/​10.​1021/​acs.​jcim.​5b00559CrossrefPubMedPubMedCentral

	29.
Akiba T, Sano S, Yanase T, Ohta T, Koyama M (2019) Optuna: a next-generation hyperparameter optimization framework. In: KDD ’19: proceedings of the 25th ACM SIGKDD international conference in knowledge discovery & data mining, AK, Anchorage, USA, 4–8 Aug 2019, pp 2623–2631

	30.
Probst D, Reymond J-L (2018) A probabilistic molecular fingerprint for big data settings. J Cheminform 10:66. https://​doi.​org/​10.​1186/​s13321-018-0321-8CrossrefPubMedPubMedCentral

	31.
Molecular MHFP fingerprints for cheminformatics applications. https://​github.​com/​reymond-group/​mhfp. Accessed 01 Aug 2023

	32.
Polykovskiy D, Zhebrak A, Sanchez-Lengeling B, Golovanov S, Tatanov O, Belyaev S, Kurbanov R, Artamonov A, Aladinskiy V, Veselov M, Kadurin A, Johansson S, Chen H, Nikolenko S, Aspuru-Guzik A, Zhavoronkov A (2020) Molecular sets (MOSES): a benchmarking platform for molecular generation models. Front Pharmacol 11:1–10. https://​doi.​org/​10.​3389/​fphar.​2020.​565644Crossref

	33.
Brown N, Fiscato M, Segler MHS, Vaucher AC (2019) GuacaMol: benchmarking models for de novo molecular design. J Chem Inf Model 59:1096–1108. https://​doi.​org/​10.​1021/​acs.​jcim.​8b00839CrossrefPubMed

	34.
Kim S, Chen J, Cheng T, Gindulyte A, He J, He S, Li Q, Shoemaker BA, Thiessen PA, Yu B, Zaslavsky L, Zhang J, Bolton EE (2023) PubChem 2023 update. Nucleic Acids Res 51:D1373–D1380. https://​doi.​org/​10.​1093/​nar/​gkac956CrossrefPubMed

	35.
Lipinski CA (2004) Lead- and drug-like compounds: the rule-of-five revolution. Drug Discov Today Technol 1:337–341. https://​doi.​org/​10.​1016/​j.​ddtec.​2004.​11.​007CrossrefPubMed

	36.
Ertl P, Schuffenhauer A (2009) Estimation of synthetic accessibility score of drug-like molecules based on molecular complexity and fragment contributions. J Cheminform 1:8. https://​doi.​org/​10.​1186/​1758-2946-1-8CrossrefPubMedPubMedCentral

	37.
McInnes L, Healy J, Melville J (2018) UMAP: uniform manifold approximation and projection for dimension reduction. arXiv:​1802.​03426 [stat.ML]

	38.
McInnes L, Healy J, Saul N, Großberger L (2018) UMAP: uniform manifold approximation and projection. J Open Source Softw 3:861. https://​doi.​org/​10.​21105/​joss.​00861Crossref

	39.
Bickerton GR, Paolini GV, Besnard J, Muresan S, Hopkins AL, Bickerton GR, Paolini GV, Besnard J, Muresan S, Hopkins AL (2012) Quantifying the chemical beauty of drugs. Nat Chem 4:90–98. https://​doi.​org/​10.​1038/​nchem.​1243CrossrefPubMedPubMedCentral



Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


OEBPS/navigation.xhtml

    
      Contents


      
        		AI-driven molecular generation of not-patented pharmaceutical compounds using world open patent data


      


    
    
      Landmarks


      
        		Body Matter


      


    
  

OEBPS/images/13321_2023_791_Fig2_HTML.png
1000

Search time (ms) per query
- S
(=) o

[any

0.1

InChiKey + MHFP6 +

SQLite

LSH forest

Morgan





OEBPS/images/13321_2023_791_Fig6_HTML.png
(0}
Cl H OH
L
Cl

Sim = 1.00*

QED =0.88

Diclofenac

0

OH

cl

cl

Sim = 0.59*

QED =0.81

(0]
F OH
H
CIQN
Br

Sim = 0.55
QED =0.86

o

Sim = 0.63*
QED =0.84

Cl H
CE T2
Cl OH

Sim = 0.56*
QED =0.88

(0]
OH
F

Cl

Sim = 0.54*
QED =0.77

cl O~ _OH
Sim =0.61*
QED =0.74
(0]
OH
HO
Cl
Sim = 0.56*
QED =0.74
(0]
OH
Br.
Cl
Sim = 0.54
QED =0.87





OEBPS/images/13321_2023_791_Article_TeX_Equa.png
1 if x is matched to a patented compound in the drug-patent DB

Ry (3) = |

0 if = is not matched to any patented compounds in the DB





OEBPS/images/13321_2023_791_Article_TeX_Equb.png
1 if x is not matched to any patented compounds in the DB

Rnot—patent (37) - {

0 if x is matched to a patented compound in the DB





OEBPS/images/13321_2023_791_Article_TeX_Equc.png
Number of valid generated SMILES strings
Number of all generated SMILES strings

Validity =





OEBPS/images/13321_2023_791_Article_TeX_Equd.png
Number of unique generated SMILES strings
Number of all valid generated SMILES strings

Uniqueness =





OEBPS/images/13321_2023_791_Fig4_HTML.png
20+

Component_2
=
i

¢ generated using Rpatent

« drug-patent DB

20+

Component_2
=
i

 generated using Ruotpaent  © drug-patent DB

-10

0
Component_1

10

20

-10 0 10
Component_1

20






OEBPS/images/13321_2023_791_Fig7_HTML.png
HN

Baricitinib

Sim=0.71*
QED =0.72

QED =0.75

= N()“ \/\/\omo

H

Brexpiprazole
QED =0.43

QNQW@

OH
Sim = 0.57
QED =0.61

S\SJ\N/H Oy OH

(0]

Iy H
N
I(N\ i s "; WN\ N
NP N~ P
@ 7 @
- O P
N
NH, N NH o}
Sim = 0.58 Sim = 0.58 Sim = 0.53
QED =0.74 QED =0.70 QED =0.75

OH
sim=066*  ° Sim = 0.60
QED = 0.47 QED =055
g ; N
= K/N\/\/O
HO o
Sim = 0.56
QED = 0.55
OH
o NH,
~ NH
S N
— ‘\/N\/\o
Sim = 0.52

QED =0.37





OEBPS/images/13321_2023_791_Fig1_HTML.png
Creation of drug-patent DB

Drug-patent DB

#Patents: 1.1M
#Compounds: 10M

Exact match?

SureChEMBL
Google Patents

Integration

Patented compound-like molecule generator
@@ Reward: is patented?

ChemTS$v2
MiSinEA EEing Generated molecules
drug-patent DB






OEBPS/css/envelope.png





OEBPS/images/13321_2023_791_Fig3_HTML.png
Q

N (o]
o o
o o
o o

Number of patented compounds

o

RNN model

O

20000+

Number of patented compounds
al
o
o
o

-l

0.1 0204 06 0.8 1.0
C

Baseline for

= Patent RNN
= ZINC RNN

Patent RNN
with

reward function
B Not-patent

B Patent





OEBPS/images/13321_2023_791_Fig5_HTML.png
Reward Reward
Patent 80000 Patent
Not-patent Not-patent
90000
60000
> >
2 2
& 60000 S
= =
8 940000
- I
30000
20000
0 0
00 01 0.2 03 04 05 0.6 07 08 09 10 0.0 0.1 02 03 04 05 06 07 08 09 1.0

Max similarity to the training dataset Max similarity to the drug-related-patented compounds





OEBPS/css/sidebar.gif





