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Abstract: Our ability to perceive the correlation of different substances in the world is one of the key aspects of human
intelligence. The passing of this faculty to artificial intelligence (AI) represents arguably one of the long-standing challenges in
the application of AI to scientific problems. To meet this challenge in the burgeoning field of AI for chemistry, we may adopt
the paradigm of knowledge graph. Herein, focusing on catalytic chemical reactions, we have developed a semantic knowledge
graph framework based on both structured and unstructured data, the latter of which are extracted from the text of 220,000
articles on catalysts for organic molecules. The framework captures the latent knowledge of reactant-catalyst-product re-
lationships and can therefore provide accurate recommendation on potential catalysts for targeted reaction, which especially
facilitates the research involving large molecules. This study presents a viable pathway towards the implementation of
literature-based data management in a catalyst recommendation platform.
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INTRODUCTION

Most of the state-of-the-art knowledge in scientific fields is scattered in the massive body of academic
publications, generally without quantitative interpretation. This has prompted a need to extract and collate the
valuable information from scientific literature, which could facilitate data-driven innovation and the dis-
covery of latent knowledge. With the rapid development of artificial intelligence (AI) [1–3], atural language
processing (NLP) [4–7] technology in company with domain-specific knowledge sources has sprung up and
served as a companion to assist researchers in literature-based data mining. These AI steering tools can
overcome the limitations of human processing speed, enabling the simultaneous analysis of billions of data
points and offering substantial time saving. Among the typical NLP techniques, a knowledge graph [8–11] is
a promising data management method that can provide a flexible and structured framework to organize
information in diverse formats. In a knowledge graph, human knowledge is represented in the form of
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entities, relationships, and semantic descriptions. Entities refer to objects and abstract concepts, while
relationships depict connections between entities with types and attributes that have clear relevance to the
corresponding field. Here in this work, we propose a procedure to construct the catalyst-specific knowledge
graph in the field of chemical science, which can collaborate with scientists by recommending potential
catalysts for the targeted reactants and/or products. This protocol is extendable to other relationship-pre-
diction problems in multiple disciplines, which may benefit interdisciplinary research in chemistry, physics,
biology, medicine, etc. [12–16].
Previous studies utilizing knowledge graph in science generally relied on a single data source [17–20]. For

example, Mrdjenovich and co-workers [21] have established a knowledge graph of materials science using
Materials Project data, with a focus on the estimation of physical properties through a graphical re-
presentation of the relationships among different properties. Recently, our group [22] has developed a
semantic knowledge graph based on the abstracts of the articles for lithium-ion battery cathodes, which could
tease out the text-mining processes and help identify potential cathode materials. However, in the field of
catalysis [23–28], multi-source data fusion is presumably a prerequisite for the knowledge graph, because we
need both a structured database of reliable catalytic relationships (reactant-catalyst-product) to serve as the
backbone in the construction process and an unstructured database of academic texts so as to keep up to date
with current findings in scientific literature.
In this regard, we propose a multi-source semantic knowledge graph framework that incorporates both

structured and unstructured data, which is apt to handle relationship-prediction problems in the field of
catalysis for organic molecules. The as-constructed catalytic knowledge graph (CatKG) functions as a
convenient assistant for organizing and merging the domain knowledge extracted from the text of 220,000
research articles correlated with catalysts. We also demonstrate the capability of CatKG in learning and
exploiting the underlying trends of the catalytic chemical reactions, which gives accurate recommendation of
potential catalysts and points the way towards an AI-accelerated platform for chemistry research.

METHODS

Schema design of CatKG

We built the schema of CatKG based on the property graph as displayed in Figure S1. We started by
establishing substance nodes for reactants, products, and catalysts, and then we extracted the element
composition of each substance node and established a composition relation with the element node. The
reactant-product relation edge (denoted as “Produce”) was established from the reactant to the product, along
with the reactant-catalyst relation edge (denoted as “Catalyze”) from the reactant to the catalyst. Two types of
nodes and three types of edges were thus abstracted, and the nodes of the same type were merged together to
obtain the schema. Meanwhile, we added attributes to edges and nodes to enrich their semantics. For element
nodes, we added attributes like group number and atomic number; for the substance node, we considered its
different expressions, such as its name and SMILES string, and different physical properties, such as boiling
point; for the reactant-product relation edge, we recorded the corresponding catalyst. In this schema, “cat-
alyst” property was added to the reaction type, and multiple react edges were established for different catalyst
properties between two nodes. For the theoretically predicted reaction, the reaction energy was also recorded.
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Overall, the CatKG schema summarizes the key reactions and catalytic information that we care about in the
field of catalysis in a concise form. The attributes of element nodes and substance nodes are displayed in
Table S1.

Word2vec model

Before the training of word2vec model, we preprocessed the 220,000 articles collected with the keyword
“catalyst”. First, all contents after the “Conclusion” heading of each article were deleted, because they
usually contain acknowledgements that are not relevant to the research. Then, the entire corpus was se-
quentially subjected to punctuation removal, tokenization, stop-word removal, and lemmatization, as shown
in Figure S2. In this process, each sentence was divided into words by spaces, called tokens, and word2vec
would analyze each input sentence in token units. Words like “this” and similar words that appear in
abundance but have no real meaning were deleted as stop words. Lemmatization was performed to reduce the
number of different forms of synonyms; for example, the third-person singular of the verb and the plural form
of the noun were reduced to their prototypes. The above pre-processed corpus was used to train the word2vec
model, which uses the interface of the gensim library, a python library for statistical NLP. The training
parameters of the model are shown in Table S2. After training, the word2vec model was able to encode words
into word vectors according to the semantics of the context. As shown in Tables S3 and S4, words with high
or low similarity to a targeted word (such as “TiO2”) can be identified by the cosine similarity value, which
quantifies the internal similarity between any two word-vectors. We identified words with high similarity to
“TiO2”, such as “titania” (the English name of TiO2), “anatase”, “rutile”, and “brookite” (the different phases
of TiO2). This result indicates the ability of word2vec model in representing the semantics of information in
academic articles.
To extract catalysts from the word2vec model, we first used regular expressions to identify chemical

formula entities from the literature, which can serve as a portfolio of candidate catalysts. Then, the cosine
similarity of the chemical formula to the word vector of “catalyst” (or its similar words) was used to
determine whether it is a catalyst or not:

score X cosSim X w( ) = max{ ( , )} (1)
w V

V = {“catalyst”, “catalytic”, “catalyze”, “catalysis”, “catalytically”,
“catalyse”, “catalyzed”, “catalyzing”, “catalysts”, “catalytical”,

“catalyzer”, “catalysed”, “catalyzation”, “catalysing”} (2)

where X represents the chemical formula obtained with a regular expression, V represents the catalyst
synonym and cosSim represents the word-vector similarity. After ranking the chemical formulas according to
the above score from the highest to the lowest, the top 20 of them are displayed in Figure S3. We selected the
chemical formulas with scores above 0.25 for the catalyst list, which corresponds to a total of 987 materials.

Advantages of the full-text corpus

The previous NLP models in scientific domains were generally based on the abstracts of articles. Here, we
extracted the abstracts of the 220,000 articles and compared the model performance with that trained with the
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full-text corpus. In Figure S4, the number of catalysts identified from different corpora as a function of the
similarity score thresholds is shown. It turns out that the word2vec model trained on full-text corpus can
uncover more catalysts than that on abstract corpus. For example, at a threshold value of 0.25, the model
trained on full-text corpus output 987 catalysts, while that trained on abstract output 362 catalysts. We also
found that the selection of thresholds significantly impacts the accuracy and robustness of the model. Opting
for a lower threshold yielded a greater number of catalysts but led to a decrease in accuracy, while a higher
threshold resulted in fewer extracted catalysts and potentially reduced interference from dirty data. In this
work, we considered a threshold value (0.25) corresponding to the median number of catalysts that com-
promises with accuracy.

BERT model

The catalytic reactions in CatKG were used to train the BERT model. First, each catalytic reaction in CatKG
was modeled as a “reactant-catalyst-product” sequence. To better characterize the reactants and products,
they were represented by SMILES, while the catalyst was represented by a chemical formula. Reactants and
products were tokenized at the character level. Afterwards, we used the span mask to randomly mask all
tokens of the reactants, products, or catalysts. The corresponding token was replaced by a fixed <mask>
tokens. The sequence was fed into the BERT model, which was asked to predict the original substance at the
<mask> label. The training hyper-parameters of the BERT model are given in Table S5. In the encoding
phase, the expression of the substance rather than the entire reaction sequence was fed into the model. The
hidden layer states of the model were average-pooled to obtain a vector representation of the input. Each
substance would be encoded as a 768-dimensional vector. To visualize these vectors in two dimensions, we
use the t-SNE method for dimensionality reduction.

Catalyst prediction task

The predictive ability of CatKG can be manifested in two aspects: analogical inference using text information
and reasoning using knowledge coding model. Analogical inference was carried out based on the existing
catalytic relationships:

v v r v v r(catalyst ) ( ) (catalyst ) ( ) (3)1 1 2 2

where v(x) represents the word embedding of word x. This equation represents the translation invariance of
word embeddings. The known catalytic relationship was filled into the left side of the formula, and the
targeted reactant that we want to recommend catalyst for was set as r2. Appropriate catalysts would be
recommended from the database by searching for the highest cosine similarity between the left and right sides
of the formula. The reasoning using knowledge coding model corresponds to the catalyst prediction task from
BERT model. The model assigned a score to all tokens, and the three materials with the highest score were
considered the predicted catalysts for the targeted reaction. That is to say, the model will recommend three
catalysts in the prediction, and in this work, if any of the recommended catalysts appeared in the test set, the
recommendation would be considered correct.
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RESULTS AND DISCUSSION

A schematic workflow of text mining using a multi-source semantic knowledge graph is illustrated in
Figure 1. To begin with, both structured and unstructured data were collected, from which we can design the
schema format that defines the types of nodes and edges in the knowledge graph (see METHODS for details).
The nodes consist of two types, including substance and element; while the edges consist of three types,
including composition relation, reactant-product relation, and reactant-catalyst relation. A property graph
model was employed to represent data, allowing nodes and edges to have their own attribute lists. Following
this procedure, we developed a word embedding module by utilizing the unstructured text. The module was
then integrated with the structured data to form the knowledge graph according to the schema. In addition, a
knowledge encoding module using the masked language modeling task was introduced, which is central to
the intelligent capability of predicting new catalytic relationships. By navigating these relationships, we may
identify the potential catalyst that, although it exists in the literature, is still unexplored for a targeted reaction
we are interested in. This pipeline works as a catalyst recommendation system without any expert scrutiny.
The detailed architecture of CatKG is shown in Figure 2. The corpus of structured data was retrieved from

the existing databases of organic molecules and their corresponding catalysts in a well-formatted manner
[28,29]. An ontology extractor was implemented to extract the critical information from this corpus, which
generates the initial nodes and edges of CatKG. For the corpus of unstructured text data, both article abstract
and full text were employed to train the word2vec model, which encodes words into vectors according to the
contextual semantic relations. A total of 220,000 research articles containing the keyword “catalyst” were

Figure 1 Conceptual workflow of text mining using a semantic knowledge graph. This protocol can produce natural language doc-
umentation for both structured and unstructured data in the domain of catalytic chemical reactions, and is predictive of catalytic relationships.
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adopted for this embedding model, and entities with a high word-vector similarity to “catalyst” (or related
words) would be added to the nodes of substance after a simple rule-based classification (Figure S3).
Through this step, we could feed the knowledge graph with text data from contemporary research findings.
Furthermore, by comparing the outputs with and without utilizing full text for training, we illuminate that the
number of extracted catalysts was considerably higher when a full-text corpus was incorporated (Figure S4).
This underscores the significance of full text in augmenting the search space for potential catalysts based on
CatKG. As a final step, the reasoning capability of CatKG is accommodated via a combination of the popular
language model BERT [30] and the analogical inference of word embeddings of existing catalysts and
reactants (see METHODS for details). New catalytic relationships will be inferred from these relation
extrapolation schemes, thus allowing for the exploration of catalysts for various chemical reactions.
An exemplified set of nodes and edges in CatKG are visualized in Figure 3A, justifying the successful

establishment of reactant-catalyst-product relationships. These relationships, along with more specific re-
action conditions, can be stored as attributes for the reactant-product relation edges, thereby achieving high
flexibility and scalability. We would like to emphasize that node- and edge-centric queries could be per-
formed in the network to locate the reaction path as needed. The real chemical space is much larger than
displayed here, since a total of 11,649 catalytic reactions have been employed as the dataset for the BERT
model. To visualize this, we make a projection of the high-dimensional descriptors for reactants and products
onto two dimensions, as shown in Figure 3B. This mapping can enable an evaluation of the model efficiency
in capturing the underlying features of the catalytic reactions. We take the reactants/products related to the Cu
catalyst as an example, indicated by the red/blue dots in the left panel of Figure 3B. The distribution of most
of these data points exhibits a noticeable tendency to be organized into multiple groups, as highlighted in the

Figure 2 Architecture of CatKG. Using both structured databases and unstructured text sources as the corpora. CatKG is constructed on an
ensemble of reactant-catalyst-product relationships, which can enable automatic catalyst recommendation via extrapolation of word em-
beddings.
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right panels. Data points in close vicinity generally imply that they have similar catalytic relationships, in line
with their common correlation with the Cu catalyst. Yet, the fact that they do not group into a single cluster
indicates a sufficient diversity of the reactants/products in the database.
The capability for predicting potential catalytic relationships by CatKG can be demonstrated by the

example of Pt and ethylene (Figure 4A), the former being a catalyst for the reaction (either redox or
isomerization) of the latter. By relation extrapolation in CatKG, it is predicted that Pt can also catalyze the
reactions for propylene and butene. Further extrapolation leads to the identification of TiO2 as a catalyst for
these two molecules, and the identification of RuO2 for catalyzing the reaction of butene. Some of the above
results have been justified by previous studies (e.g., the pair of Pt and propylene), while others warrant
further experimental examination.
Moreover, as an intriguing research topic, the prediction of catalysts for large molecules from the catalytic

relationships of small molecules could be a fundamental contribution to chemical science. Here, we test
whether CatKG can effectively accomplish this job. Specifically, we selected five different cutoff values
ranging between 100 and 500 for the relative molecular masses of the molecules as either reactants or
products (we note that the relative molecular masses are below 2000 for all molecules in this work). In the
training set, we included molecules with relative molecular masses below the cutoff value, while in the test

Figure 3 (A) A subset of nodes and edges in CatKG. (B) Projection of the BERT-encoded representations to a 2D map using t-distributed
stochastic neighbor embedding (t-SNE) [31] method.
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set, we included those above this value. Separate BERT models were trained for each of these thresholds, and
the results of the test sets are depicted in Figure 4B as a red line. We note that the accuracy can reach about
80% if the cutoff value is set at 400 or above, and this is practical for use as a catalyst recommendation
system. We also examined the case where the cutoff value was not applied to the test set; that is, molecules
are included for testing regardless of their relative molecular masses (the blue line in Figure 4B). Notably,
with higher cutoff values, the accuracy quickly approaches its maximum, as indicated by an asterisk,
suggesting that the underlying trends of the catalytic chemical reactions can be directly learned from the
relatively small molecules. This capability, when integrated with the prior knowledge of a researcher, can
greatly accelerate our search for promising catalysts regarding the complicated chemical reactions of large
organic molecules. Altogether, the CatKG model proposed in this work has proven the efficacy of a semantic
knowledge graph for the automatic generation of potential catalytic relationships between entities in
chemistry. We believe that future collaboration between knowledge graphs and large language models will
afford the opportunity for a more convenient and accurate AI system across all domains in science.

CONCLUSION

In summary, we have described a multi-source semantic knowledge graph framework for text mining the
information of catalytic relationships in chemistry. We demonstrated the success of CatKG in data man-
agement for the reactant-catalyst-product relationships extracted from scientific literature, which can capture
the hidden trends of the chemical reactions among organic molecules. Such an ability could allow for catalyst
recommendation with high accuracy, which will speed up scientific research related to complicated large
molecules. Our protocol is readily applicable to the relationship-prediction tasks in other scientific domains,
especially when both structured database and unstructured text information are indispensable for the AI-
assisted decision making.

Figure 4 (A) The predictive ability of CatKG, using the Pt-ethylene pair as a basis for deduction. (B) Results of predicting the catalytic
relationships of large molecules using small molecules as the training set. The horizontal coordinate corresponds to the threshold of relative
molecular mass, and only below this threshold can the molecule be included in the training set as a reactant/product. The red line denotes the
results of a test set, in which only above the threshold as defined by the horizontal coordinate can the molecule be included. The blue line
denotes the results without such threshold.
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