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Abstract  

Catalysis informatics has received tremendous attention in recent years as a tool to design catalysts 

and discover unique descriptors that capture the relationships between chemical properties and 

catalytic performance. One of the stop-gaps in understanding catalytic effects, which is often 

ignored and limits the deployment of data science tools, relates to the lack of uniform data. The 

catalytic cleavage of C–X (X= H, C, N, and O) bonds is relevant to many fundamental catalytic 

processes. In this perspective, we performed data analytics on four groups of C–X cleavage 

reactions that are common in production, upcycling, or reactive separation: the C–C cleavage in 

cyclopropanol, the C–H cleavage in hydroacylation reactions, the C–O cleavage in β-O-4 linkages, 

and the C–N cleavage in amides, using experimental data collected from the literature to 

understand their underlying correlations. Experimental variables of high impact are identified for 

each reaction by dimensionality reduction methods. We highlight the urgent need for experimental 

datasets that include full details on the reaction conditions, such as reagent concentration, reaction 

temperature, or time in machine-readable forms. We discuss the potential improvement of data of 

these reactions and promising approaches such as autonomous experiments to fill the gaps in 

unbiased experimental data. We also address the early-stage consideration of separation aspects in 

the experimental design of efficient catalytic systems for these fundamental examples of chemical 

reactivity. 
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Introduction 

Understanding how to control the chemical bond cleavage and formation is the grand 

challenge essential for managing desired reaction pathways and ultimately achieving high catalytic 

performance. Cleavage of carbon-heteroatom bonds is of particular interest due to their high 

bonding stability and high value of potential byproducts, once cleaved.1-4 To mimic the efficient 

cleavage of highly stable chemical bonds5-8 by enzymes in nature and explore their catalytic 

application9-11, inorganic non-biocatalysts, containing metal elements such as Pd, Pt, and Fe, have 

become a prominent class of catalytic species.12-14 Numerous review articles have illustrated the 

success of these catalysts for cleaving different types of C–H15-22, C–O23, 24, and C–N25 bonds in 

addition to C–C16, 26-32 bonds in different compounds. Still, energy-efficient methods for cleaving 

C–X (X=C, N, O, H) bonds are emerging every year, and the critical insights from the past to 

inform these efforts will undoubtedly guide researchers in the fine control of catalytic reactions. 

The rapid development of data-driven technology has greatly changed the way of 

discovering new chemical reaction pathways or developing novel catalytic systems.33-41 Many 

successful attempts have been made to predict and interpret reaction pathways using machine 

learning (ML).42-44. To date, there are several excellent review articles 45-49 that illustrate the 

current state-of-the-art approaches to employing ML in classifying and exploring reaction 

networks. They all suggest that the application of ML has empowered the transfer of theoretical 

predictions into the practical experimental design of novel chemical reaction pathways.50-52 

However, many of these studies focus on the classification of reactions, i.e. identifying what types 

of reactions can happen given reacting reagents.53 To better describe the outcomes of catalytic 

reactions,  the quantitative prediction of reaction performance, such as reaction yield, has also 

drawn tremendous attention in recent years.54-57 Although more challenging, these studies have 

developed different types of ML models, ranging from random forests to neural networks, to 

predict reaction yields in different chemical reactions. However, given the huge chemical space in 

reaction exploration, the lack of an adequate amount of publicly available, unbiased data could 

result in poor transferability of developed ML models, hindering their practical use in real-world 

reactions until the data gap can be overcome. In addition, the input information to ML models, 

such as reaction SMILES,58 only describes the composition of reactant reagents, but it does not 
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explicitly contain many quantitative details of experimental conditions such as reaction 

temperature, reactant ratio, and reagent concentration. 

To provide insights into how the detail of experimental conditions impact our description 

of bond cleavage reactions, in this work, we perform data analytics on several literature reported 

reactions to understand the hidden information that may not be apparent through chemical intuition 

alone. We note that these cleavage reactions often happen in tandem and cannot be totally 

separated, complicating the interpretation of kinetics, and make the unambiguous identification of 

descriptors problematic. Here, we focus on four reactions in the catalytic cleavage of C–X (X=C, 

N, O, H) bonds, and we carry out analytical methods such as t-distributed stochastic neighbor 

embedding (t-SNE) and principal component analysis (PCA) to understand the underlying 

knowledge of key factors for reactivity. The t-SNE is quite powerful in identifying clusters of high-

dimensional data with complex underlying correlations. It applies nonlinear dimensionality 

reduction to visualize similar objects by nearby data points and dissimilar objects by distant points 

on a two- or three-dimensional map. On the other hand, PCA is a linear dimensionality reduction 

method to transform a dataset onto a low-dimensional map where the directions of principal 

components capture the largest variation of data. Readers can refer to other tutorial articles59, 60 for 

more methodology backgrounds. In this work, t-SNE and PCA are applied to cluster different 

chemical reactions using their chemical fingerprints and experimental conditions extracted from 

literatures. PCA also illustrates the relative importance of input variables. All input data are 

normalized before passing to these two methods to avoid numeric bias. 

Considering the broad range of reactions leading to these types of bond cleavage, we 

choose to restrict our scope to the catalytic conversion of biomolecules or upcycling of heteroatom 

containing polymers: the C–C cleavage in cyclopropanol, the C–H cleavage in hydroacylation 

reactions, the C–O cleavage in β-O-4 linkages, and the C–N cleavage in amides. These reactions 

will be discussed in detail in the subsequent sections. For each reaction, we typically collect the 

experiment variables including the reaction temperature, time, reactant compound, catalyst, ligand, 

base, solvent, additive if relevant, and their relative amounts used in the reactions, as illustrated in 

the schematic of Figure 1. The reactant reagents are first converted to the Simplified Molecular-

Input Line-Entry System (SMILES) symbols, and then to PubChem 881-bit fingerprint 

representations. To reduce the dimension of these 881-bit representations, we remove all bits that 
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have zero variance (i.e., the mean squared error is equal to zero), indicating all values in each of 

these bits are identical. We also compute the Pearson correlation coefficient (P) between each pair 

of bits and remove the highly correlated fingerprint bits with |P|>0.8. We will demonstrate the 

analysis results for each reaction with brief discussion in each section, then we will dive deeper 

into more insights in our discussion at the end. 

 

Figure 1. A template example of C–N cleavage reaction and reported reaction conditions relevant to this 

template. X, Y, Z and W indicate chemical moieties (chemical groups) of a molecule. The first reactant is 

named “XY” and the second reactant is named “WZ”. Only the product of interest is shown in the figure. 

The typical experimental information extracted from this reaction is highlighted with color (green, orange). 

 

C–C cleavage 

The modern C–C bond cleavage seeks converting relatively simple compounds into more 

complex, value-added products, instead of simply splitting one molecule into two. This gives the 

cleavage of C–C bonds an important role in the synthesis and manipulation of organic molecules, 

thus is of fundamental interest to scientists.61 One important example of the applications of C–C 

cleavage is the ring-opening reaction of cyclopropyl alcohols. The facile preparation and relative 

ease of opening the three-membered ring in cyclopropanol makes it a proper synthetic intermediate 
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for a wide range of transformations.62-64 Extensive studies have succeeded in achieving various 

products via selective C–C cleavage of cyclopropanol, but questions still remain in the aspects of 

fully understanding the reaction mechanism, extending available catalysts, and producing complex 

products.64 

We collected several experimental papers65-70 reporting on the C–C cleavage in 

cyclopropanols to produce -aryl ketones. All the reported reactions fit into the reaction template 

shown in Figure 2(a). The X, Y, and Z are the three chemical moieties on the three-membered 

ring of cyclopropanol where the Z group shares a carbon atom with another hydroxyl group. Upon 

reacting with AB, A forms a new bond with the carbon atom connected to Y in cyclopropanol after 

the C–C bond is broken. We extracted and summarized the experimental information used in these 

reactions, typically including the molecules of reactants, catalysts, ligands, bases, solvents, their 

corresponding amounts used in each reaction, and the reaction temperatures and times. Ultimately, 

we collected 193 reaction data, and the dataset is provided in the supporting materials (SI). After 

PubChem fingerprint generation for the reactant reagents, the dimension of our raw descriptor is 

5293. This dimension is further reduced by removing features with zero variance across the dataset 

(i.e., constant number for all data points) and features with high Pearson correlation coefficients 

(>0.8). The dimension of our final features is 148. Then, we performed a t-SNE analysis using 

these features to visualize the clustering of these reactions in a two-dimensional space as illustrated 

in Figure 2(b). The reaction yields of these reactions are not well clustered although certain 

high/low yield reactions are clustered. Instead, most of these reactions could be clustered well by 

their reporting source, i.e., their publication. This may indicate some underlying bias in these 

experiments conducted by different authors although different reagents and conditions used in 

these experiments fall into the same reaction template.  
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Figure 2. (a) The reaction template considered in this work for C–C bond cleavage and a practical example 

of this reaction. (b) The visualization of t-SNE clustering on the two-dimensional plot for different 

reactions. Data points are colored by reaction yield (top) and reporting source (bottom). (c) The individual 

and total explained variance by different principal components. (d) The visualization of PCA clustering on 

the two-dimensional plot for different reactions. Data points are colored by reaction yield (top) and 

reporting source (bottom). Arrows in the plot indicate the top 10% features with the largest weighting 

contribution. 
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Although t-SNE is powerful in clustering data points to identify underlying patterns, their 

components at low dimensions are not well interpretable. Therefore, we further performed PCA 

using the same input features to both cluster the data points and understand the underlying feature 

importance. Figure 2(c) suggests that 41 principal components would be required to maintain at 

least 80% explained variance of the original 148 features. The explained variances of single 

principal components are between 2-9% for the first ten principal components and lower than 2% 

for the other principal components. Furthermore, the loading biplot of the primary two components 

and the top 10% features with the most significant weightings in all principal components are 

provided in Figure 2(d). As expected, t-SNE generally shows better clustering visualization than 

PCA. Both methods suggest that the reaction data points are clustered well by their reporting 

source and the reaction yields of these data are not clearly clustered. In addition, the top 10% 

features are correlated to the distribution of data points in the biplot. We highlighted the names 

and chemical meanings of these features in Figure S1. The top features are composed of multiple 

reagents such as catalyst, solvent, base, ligand, and reactants, indicating the underlying complexity 

of these reactions. We also note that the amount of reactant compound (AB mmol) used in the 

reaction is identified among the top features, suggesting that not only the type but also the 

concentration of reagents is not negligible. Furthermore, we observed that solvent and bromide 

concentration are two major distinctions across the reactions reported from different papers used 

here. When we consider extracting additional experimental work to fill the gap of variables in the 

entire reaction space, other factors such as varying temperature and cyclopropanol compounds 

should be prioritized. 

In summary, there is no single “golden” principal component that can capture the entire 

variance of reactions alone. Instead, it becomes evident that tens of variables are influencing the 

chemical reactivity. The corollary to this is that significantly large datasets are necessary to 

distinguish likely combinations of reactants, catalysts, and reaction conditions. To further address 

this point, we performed an additional literature search71-79 to augment the numbers of reaction 

data by about 60%, from 193 data to 308 data. Then we carried the same t-SNE and PCA analysis 

to cluster reactions, and results are provided in Figure S2 in the supporting materials. Although 

more data is included in the dataset, the observed clustering shows no significant change that the 

clustering is more obvious based on the reporting source of reaction rather than reaction yields. 
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This further implies that a significant amount of additional data, beyond the available literature 

data, is required to avoid the bias of consistently compiled experimental data. 

 

C–H cleavage 

Given the abundance of C-H bonds in organic molecules, the cleavage of C–H bonds has 

been one of the key elementary steps in the construction of carbon-based functional molecules. 

Therefore, the catalytic activation of C–H bonds with low-cost catalysts, reduced toxicity, and high 

selectivity has been of great interests over the last several decades.20, 22, 80-82 Among the various 

reactions for C–H bond cleavage, hydroacylation is a useful method to obtain valuable ketones 

from aldehydes and olefins. The metal-catalyzed intermolecular reactions have been studied and 

proven to be quite challenging due to the need of preventing decarbonylation, which is the major 

side reaction.83, 84 Identifying a broader array of substrates and new catalytic systems that improve 

reaction activity and selectivity as well as reduce the cost of reagents remains a significant 

challenge for intermolecular hydroacylation.83, 84 

In this work, we collected several experimental papers 85-95 reporting on hydroacylation 

reactions via the cleavage of C–H bonds in aldehydes and the formation of new bonds with 

alkene/alkyne. In general, the reactions we gathered fit into the reaction template in Figure 3(a). 

The X indicates a chemical moiety in the aldehyde and the A, B indicate the two chemical moieties 

on two sides of the carbon-carbon double bond in alkene. We extracted experimental information 

used in these reactions, similar to the C–C cleavage case above. Typical data contains the 

molecules of reactants, catalysts, ligands, bases, solvents, their corresponding amounts used in 

each reaction, and the reaction temperatures and times. In total we obtained 149 reaction data and 

results are provided in the supporting materials. Our raw descriptor array contains 6175 features 

after converting reagents to PubChem fingerprint. This array is reduced to 124 features after 

removing zero variance and highly correlated features. Then the t-SNE analysis was carried out 

and the clustering of reactions is visualized in the two-dimensional space in Figure 3(b). Similar 

to the C–C cleavage results, the reaction yields do not adequately cluster these C–H cleavage 

reactions, and most reactions are clustered primarily by the reporting source, but less so than the 

C–C case. 



 9 

 

Figure 3. (a) The reaction template considered in this work for C–H bond cleavage and a practical example 

of this reaction. (b) The visualization of t-SNE clustering on the two-dimensional plot for different 

reactions. Data points are colored by reaction yield (top) and reporting source (bottom). (c) The individual 

and total explained variance by different principal components. (d) The visualization of PCA clustering on 

the two-dimensional plot for different reactions. Data points are colored by reaction yield (top) and 

reporting source (bottom). Arrows in the plot indicate the top 10% features with the largest weighting 

contribution. 
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Further, the PCA was performed using the same input features, and 33 principal 

components were needed to maintain at least 80% explained variance of the original 124 features 

in C–H cleavage as shown in Figure 3(c). Again, the explained variances of single principal 

components are around 3-10% for the first seven components and less than 3% for the others. The 

biplot of the primary two principal components and the top 10% features of the largest significance 

are illustrated in Figure 3(d). Both t-SNE and PCA suggest a visually better clustering of these 

reactions by their reporting source than their reaction yields. The names and chemical meanings 

of the top 10%  features in the biplot are further explained in Figure S3. Interestingly, the top 

feature of all is the amount of aldehyde used in the reactions, and the remaining top features are 

mostly (8 out of 11) from the aldehyde and the alkene, indicating these C–H cleavage reactions 

are mostly differentiated by the selection of reactant compounds and their concentrations. To 

explore the reaction space more efficiently, the reaction conditions such as reaction 

temperature/time and base/solvent composition are the major factors to be considered in additional 

work of information extraction. 

In summary, for this class of reactions, our analysis points to the critical role of reaction 

species, which we associate with the known fact that some C–H bonds are easier to activate than 

others. Nonetheless, there is no clear other single-variable that can account for a large fraction of 

the variance across the datasets. Instead, like for C–C cleavage, we observe that reactivity depends 

on tens of variables. Similar to our additional analysis in the C-C cleavage, we performed an 

additional literature search to further increase the numbers of reaction data by about 60%, from 

149 data to 236 data and the t-SNE and PCA analysis to cluster reactions are illustrated in Figure 

S4 in the supporting materials. The observed clustering with additional data shows no significant 

change, and if anything, the clustering is still more pronounced if we consider  the reporting source 

of reaction rather than reaction yields. Again, the analysis suggests that a significant amount of 

additional data beyond the current available literature is required to avoid the bias of individual 

experiments. 

C–N cleavage 

The C–N bonds exist in a wide range of important natural and synthetic molecules. The 

chemical transformation via C–N bond cleavage would be a useful and powerful method in organic 

chemistry, but the inertness of the C–N bond makes such transformation difficult. It has been 
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shown that the C–N bond linkage can be cleaved by enzymes in many compounds such as amide, 

carbazole, quinoline, and choline 96-104. Enzymes can even efficiently break the C–N triple bond.105 

Due to the complex conditions of these reactions, the mechanism of C–N bond cleavage by 

biocatalysts is still not fully understood, but it has been suggested that the existence of hydrogen 

bonds, radicals, and metal elements in enzymes helps the weakening of the C–N linkages by 

forming intermediates with low energy barriers. Distortion of bonds with resonance such as amide 

bonds also makes these C–N linkages more active. Meanwhile, the selective C–N cleavage using 

synthetic chemistry is still underdeveloped. As one of the promising solutions, metal-catalyzed 

reactions by ions or complexes have been reported to selectively activate C–N bonds and convert 

them to other valuable products. For instance, selective C–N bond cleavage has been applied for 

the recycling of cured epoxy-polymers.106 Phenylation products and aryl ethers have also been 

obtained via aryl C–N bond activation.107, 108 Similarly, a Ru-catalyzed coupling reaction of 

acylaniline and organoboronate via direct C–N cleavage was reported.109 The C–N bond cleavage 

of allylic amines was realized in the Pd-catalyzed allylic alkylation to form new C–C bonds.110, 111 

A Ni-catalyzed Stille cross-coupling reaction of quaternary ammonium salts via C–N bond 

cleavage was also reported.112 Recently, a synthetic coupling reaction of gem-difluoroalkenes has 

been achieved via C–N and C–F bond activation using Ni and Zn catalysts.113  

As one of the most important C–N bonds, amides have received considerably more 

attention over the recent few years in the Suzuki-Miyaura-type cross coupling for ketone synthesis, 

catalyzed by Pd and Ni.114-117 They have also been converted to esters 118, aromatic119 and biaryl 

compounds 120 using Ni-based catalysts, and employed in Pd-catalyzed cross-coupling of 

fluoroacetamides121 and decarbonylation reactions122. Researchers have suggested the prominent 

role of amide bond destabilization as a driving force in the development of transition-metal-

catalyzed cross-coupling via C–N bond activation.123-125 Similar to the effects of enzymes, the 

metal-based catalysts make the C–N bonds active by introducing intermediates where the metal 

species might be inserted into the C–N bonds. 

We mined a collection of papers 114-118, 121, 122, 126 that reported on the C–N bond cleavage 

in amides, where these reactions could fit into the reaction template shown in Figure 4(a). X and 

Y are the two chemical moieties in the amide and the W and Z are the two moieties in the second 

reactant, where W binds to the amide after C–N bond cleavage. The typical experimental 
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information extracted from these reactions includes the reactants, catalysts, ligands, bases, 

solvents, additives where applicable, their corresponding concentration, and the reaction 

temperatures and times. A total of 392 reactions were summarized, with a descriptor array of 6175 

features after incorporating PubChem fingerprints. The dataset is provided in the supporting 

materials as well. The dimension of the array was reduced to 194 after removing zero-variance 

and highly correlated features. The t-SNE analysis was performed here as well to assess the 

clustering of these reactions as shown in Figure 4(b). Again, we observe prominent clustering of 

these reactions by reporting source rather than by reaction yield performance. However, we also 

notice that, compared with the results of previous C–C and C–H cleavage, a more significant 

overlap is observed even in the clustering by reporting source, indicating a more complex 

underlying pattern in the C–N decomposition. 
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Figure 4. (a) The reaction template considered in this work for C–N bond cleavage and a practical example 

of this reaction. (b) The visualization of t-SNE clustering on the two-dimensional plot for different 

reactions. Data points are colored by reaction yield (top) and reporting source (bottom). (c) The individual 

and total explained variance by different principal components. (d) The visualization of PCA clustering on 

the two-dimensional plot for different reactions. Data points are colored by reaction yield (top) and 

reporting source (bottom). Arrows in the plot indicate the top 10% features with the largest weighting 

contribution. 
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The PCA approach using the same input features was carried out and 56 principal 

components would be required to keep at least 80% variance of the original 196 features as shown 

in Figure 4(c).  The first ten components have explained variances of 2 to 7% while the remaining 

components are generally less than 2% each. The loading biplot of the primary two principal 

components and the top 10% features in the biplot are illustrated in Figure 4(d). The PCA result 

was able to cluster some of the reactions by their reporting source, but a significant number of 

reactions was aggregated in the two-dimensional space. This again points to the complicated nature 

of these C–N cleavage reactions, such that the appropriate descriptors are difficult to identify. The 

names and chemical meanings of top features are illustrated in Figure S5. The catalyst and amide 

are two major compounds in the top features, but we see that the reaction time and the 

concentration of the catalyst were also found to be significant. Unlike the two previous classes of 

reactions, C–N decomposition is more sensitive to catalyst concentration and reaction conditions. 

 

C–O cleavage 

C–O bond activation is a critical component of biomass processing127, 128. Biomass, whose 

resources could be from agriculture, forestry, or industry, is considered as a great source of 

renewable energy and fuels, which has been used in different fields for decades127. A major 

component in biomass is lignin, which is an extremely complex polymer created by numerous 

combinations of side chain structures of p-hydroxyphenyl, guaiacyl, and syringyl 129. Certain 

chemical segments of lignin are valuable for chemical production, for instance, phenolics130. 

Therefore, breaking the lignin into compounds with low molecular weights is an essential process 

to obtain the valuable products in lignin. To date, it has been a significant challenge in part due to 

the diversity in the linkage between subunits in lignin131. Among the several types of major 

linkages found in the lignin polymer, β-O-4 linkage is the most abundant one, with 46% and 60% 

of total linkages found in softwood and hardwood, respectively 132. The search for the efficient 

routine to break this C–O bond has invoked numerous studies,133 such as the acid or base mediated 

depolymerization 134, 135 and oxidative or reductive degradation 136, 137.  
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The “β-O-4” C–O bond is illustrated in Figure 5(a), where the X and Y are chemical 

groups that could be versatile in the chemical transformation processes of lignin 138, existing in 

different intermediates such as β-O-4-alcohol (X=hydrogen, Y=hydroxyl group), β-O-4-ketone 

(X=oxygen, Y=oxygen), β-O-4-olefin (X, Y=hydrogen, and carbon/carbon double bond between 

them). These types of linkages could often be converted to each other under proper conditions. For 

instance, conversion from β-O-4-alcohol to β-O-4-ketone in a two-step photo-redox approach 139 

or to β-O-4-olefin in a dehydration process140. In addition, the chemical group X could be more 

complex than simply hydrogen, such as –CH2OH 133. 

Similar to our approach above, we collected experimental papers reporting on β-O-4 C–O 

decomposition138, 141-155 that fit into the reaction template shown in Figure 5(a). We then extracted 

experimental information regarding the reactants, catalysts, bases, solvents, concentrations, and 

the reaction temperatures and times. In total, we obtained 127 reaction data, and the full dataset is 

provided in the supporting material. The descriptor array has 3529 features after incorporating 

PubChem fingerprint information, and its dimension is reduced to 58 after the removal of zero 

variance and highly correlated features. The results of t-SNE analysis using these features are 

shown in Figure 5(b). Again, clustering by their reporting source is more prominent compared to 

classification by reaction yields. We also noticed that in the clusters by reporting source, there are 

several smaller sub-clusters for which we did not find proper features to describe. 
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Figure 5. (a) The reaction template considered in this work for C-O bond cleavage and a practical example 

of this reaction. (b) The visualization of t-SNE clustering on the two-dimensional plot for different 

reactions. Data points are colored by reaction yield (top) and reporting source (bottom). (c) The individual 

and total explained variance by different principal components. (d) The visualization of PCA clustering on 

the two-dimensional plot for different reactions. Data points are colored by reaction yield (top) and 

reporting source (bottom). Arrows in the plot indicate the top 10% features with the largest weighting 

contribution. 
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We then carried out PCA using the same features and we found that 18 principal 

components were required to maintain at least 80% explained variance of the original 58 features 

as shown in Figure 5(c). The explained variances of single principal components, ranging from 

2% to 16%, are higher than the other cleavages because of a smaller total number of principal 

components in this C–O case. The PCA biplot of the primary two principal components and the 

top 10 features are illustrated in Figure 5(d). The biplot demonstrates the clustered distribution of 

these reactions by their reporting sources, as well as a correlation between the data distribution 

and the top features. We also observe a stronger overlap between different reactions compared 

with the other bond cleavages. Furthermore, the names and chemical meanings of the top features 

are provided in Figure S6. We note that for this class of reactions, the top features mostly include 

catalyst and solvent characteristics, indicating a strong dependence on these two factors. In 

addition to the structural features of reactant reagents, the reaction temperature was also identified 

as a significant variable. Nonetheless, a predictive set of descriptors still remains high-dimensional 

(in the 10’s), requiring a significantly larger dataset for reliable predictions.  

Insights into bond-cleavage reactions and beyond 

When we collected experimental data for the cleavage of different C–X bonds (X=C, H, 

N, and O), we found no appropriate reference to any current database of chemical reactions with 

adequate experimental details and standardized format that included relevant metadata. Therefore, 

a further improvement in the availability of standardized experimental data, especially with 

adequate details, still constitutes an urgent need. This will further help the integration of automated 

extraction by chemistry language processing156, 157. Moreover, the significant correlation of the 

results to the publication origin observed for all reactions strongly indicates that standardization 

of data and reporting is very much required for reliable data science-based predictions.158 This is 

particularly true given the small size of the available or anticipated datasets. Due to the complexity 

of reactions in the large scope of chemical spaces, several databases of chemical reactions have 

been developed in the past decade by representing reactions in different forms. For instance, the 

JESS thermodynamic database159 contains over 80 thousand reactions represented by their reaction 

equations. To adapt to the need of machine-readable reaction representations, a chemical reaction 

database160 was curated via text-mining and its reactions could be represented by reactions 

SMILES. In fact, reactions SMILES have been widely used coupled with machine learning in 
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numerous previous studies of mapping chemical reaction networks161-163. Other forms of reaction 

representations, such as condensed graphs164, have also been developed in recent years. However, 

most of these representations carry only the information of the structures of reaction reagents (e.g., 

reactant, agents, products), but leave the full experimental details in machine-unreadable forms or 

even disregard them. To facilitate the FAIR (findability, accessibility, interoperability, and 

reusability) principles of scientific data management, the Open Reaction Database165 was 

developed containing more than two million reactions with additional experimental details such as 

the concentration of reactants. Still, in many reported reactions, important details, such as the 

reaction time and temperature to achieve the desired yields, are not clearly indicated in 

standardized forms. 

Manual extraction of reaction details from existing literature166-169 and, more recently by 

automated methods using customized computer codes170-172 has been the main approach used to 

compile data and metadata. The limited accuracy and transferability of available algorithms and 

models has been the major bottleneck for information extraction of chemical reaction details. 

However, we believe that automated approaches will be significantly improved due to the recent 

progress of large language models173. Nonetheless, such a community-supported database will 

undoubtedly benefit future research if adequate experimental details are reported in a consistent 

form. Not only do we need the structural information of reaction reagents, but also their 

concentrations used in each reaction and the explicit reaction conditions (e.g., temperature, 

reaction times etc) to be clearly documented in machine-readable forms rather than simple 

unstructured, text-based narratives. A recent success in the application of the datasets with full 

experimental conditions has been reported to highlight the promising future of such an approach.174 

However, we note that even after reducing the dimension of reaction spaces by limiting the 

compounds and reaction conditions, it still requires at least hundreds of reaction threads to explore 

a comprehensive space and develop a reliable predictive model. 

To acquire high-quality reaction data with a minimized bias for these reactions, 

autonomous laboratories, or self-driving labs, have the potential of an unprecedented approach in 

a closed-loop workflow that unifies artificial intelligence with automated robotic platforms175-177. 

Several overview and perspective articles have excellently addressed the fundamental concepts 

and state-of-arts for autonomous lab178-180. For our chemical reactions of bond cleavage, we would 
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like to emphasize the following points. The autonomous lab for chemical reactions is still in a 

relatively early stage where the reaction operating robots, the characterization and decision-

making modules, and data management are all integrated in customized, non-standardized ways 

by different investors. As a result, the transferability of data and equipment between laboratories 

is extremely low leading to slow progress that fails to take full advantage of these investments. It 

is worth noting that Cloud labs181, similar to the cloud computing infrastructure in computational 

modeling, might provide a promising solution for integrated and transferable experimental tools. 

Moreover, the variable space we saw in the four cases of bond-cleavage reactions is vast and it 

requires more systematic investigation and data points to understand the common underlying 

principles across cleavage chemistries. Therefore, future studies need to focus more on the 

correlations between different types of reactions by steering away from an individual reaction 

system to larger reaction spaces that have more disconnected experimental variables with poorly 

defined boundaries. 

With the limited amounts of data that we manually extracted from these literature reports, 

we have already observed the complexity of these reactions in the C–C, C–H, C–N, and C–O 

cleavage and the differences in their impacting factors. Although we identified several variables 

of high importance in each reaction, such as certain substructural patterns of cyclopropanol and its 

concentration in the C–C cleavage or reaction times in the C–N cleavage, the number of data points 

forbid us from developing a more quantitative analysis. 
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Figure 6. The number of input features (red) and the number of experimental data points (green) for four 

reactions are considered in this work. The dashed red line is the linear fit of input features (red triangles). 

The solid blue line is the trend line for ten times the number of PCA components. 

As shown in Figure 6, we saw a correlation between the number of representative 

experimental variables (red triangles) and the number of PCA components in each reaction, 

regardless of the number of experimental data points (green circles). In general, PCA effectively 

reduces the dimension of input variables by 2/3 for the PubChem fingerprint-based descriptors in 

all these reactions. Furthermore, a rule of thumb regarding the parameterization of descriptive 

models is that the size of data samples (i.e., the number of experimental data) is at least an order 

of magnitude higher than the size of degrees of freedom (i.e., the numbers of input variables). Here 

in Figure 6, we highlight the trend line (solid blue) for ten times the numbers of PCA components. 

Clearly the current numbers of experimental data points (green circle) fall below the minimum 

requirement for the size of samples, indicating that  more data would be needed to further reduce 

the bias of samples, and potentially eliminate the need for large numbers of reaction descriptors. 

Typically, we would need at least a few thousand samples to parameterize a predictive model of 

one reaction, which is not feasible by traditional experimental practices. High throughput 

experiments by autonomous labs will play a key role in addressing such needs. 
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As a closing remark, we should mention that experimental yields also depend on the 

appropriate integration of separations into the catalytic reactor. Processes mimicking nature and 

enzymatic action are being devised by incorporating catalysts into membranes, thereby removing 

products and suppressing back and side-reactions.182-186 The efficient design of such a process 

would require a detailed understanding of catalyst, reactive yields, and reactions conditions as 

discussed here. Conversely, the inclusion of datasets connecting reactions and separations would 

also require the appropriate descriptors to represent both aspects. In this context, advanced theory 

and simulation will play a significant role in identifying key variables and augmenting available 

datasets. As has been reported in recent studies, density functional theory187 shows relatively high 

predictive power and versatility in data generation and property evaluation188, especially for ML 

developments189. It is not only applied to individual catalytic mechanism studies in heterogeneous 

catalysis190, but also employed to provide more catalysis data in complementary with experimental 

datasets, such as Open Catalysis191 and Catalysis-Hub192. We note however that due to the gap 

between complex real-world chemical reactions and nano-scale ab initio calculations, it remains a 

big challenge to realize the synergetic integration of computational and experimental datasets in 

catalysis. We also note that, although computationally generated databases represent a way to 

produce large numbers of data points, an inherent bias maybe introduced to the datasets by the 

selection of the level of theory, models and code implementation. We should also add that although 

these datasets are indispensable, they do not account for potential complexities that arise in real 

catalytic processes. 

Supporting materials 

The two sets of data analysis of bond cleavage using different amounts of data, the interpretation 

of top fingerprints in different bond cleavages, the data and code to reproduce analysis and figures 

in the manuscript. 
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