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Abstract 

Classifying organometallic reactions into distinct reaction types is fundamentally important for understanding mechanisms 

and predicting reactions, for synthesis optimisation. Fundamental to classification of organometal reactions is reaction 

representation, but current methods often fail to capture organometal chemical transformation adequately. The study has 

adopted a hybrid fingerprinting approach, whereby new fingerprints were concatenated with permutation important Morgan 

fingerprints to create 49 to 63 bits fingerprints. The hybrid fingerprints were used to build KMeans clustering, Guassian 

mixtures, Affinity propagation and Heirarchical clustering models for classification of organometal reactions. The models 

successfully classified reactions into 6-8 major organometal reaction types. Of note, the fingerprints consistently 

outperformed Morgan fingerprints across all clustering models with good Davies–Bouldin Index (DBI) ranging from 0.3 to 

0.6 and Silhouette score from 0.3 to 0.8. Furthermore, the clustering models were visualized using Principal Component 

Analysis. Affinity Propagation and KMeans demonstrated superior performance over Hierarchical and GMM algorithms in 

distinguishing major reaction categories. In contrast, the Hierarchical model excelled at identifying sub-level classifications 

compared to the other methods. Consequently, Affinity Propagation and KMeans are recommended for broad reaction type 

classification, while the Hierarchical approach is better suited for resolving detailed subclass distinctions. The observed 

variability in model performance further highlighted the importance of feature selection and representation in clustering 

models. Future studies should look into improving the fingerprints to recognize subcategories. 
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1. Introduction 

The categorization of organometallic reactions into specific reaction classes is essential in building models for 

predicting reactivity patterns, guiding synthetic strategies, and designing catalytic processes with enhanced accuracy and 

efficiency [1, 2]. Organizing reactions into defined classes such as oxidative addition, reductive elimination, migratory 

insertion, and σ-bond metathesis researchers can train machine learning algorithms with consistent descriptors, facilitating 

accurate forecasting of chemical behaviour and enabling rational design in organometallic chemistry [3, 4]. Reactions were 

systematically classified by their functional groups, products formed and by the inventor’s name. Functional group based 

classification often oversimplifies mechanistic diversity and fails to account for the influence of catalysts, ligands, and 

reaction conditions, particularly in organometallic systems [5]. Product-based schemes tend to emphasize retrosynthetic 

outcomes while neglecting mechanistic insights and intermediate species, which are crucial for understanding selectivity 

and yields [6, 7]. Naming reactions after inventors, while historically significant, introduces redundancy, and excludes 

newer or less prominent transformations [5]. Recent progress in machine learning has enabled the automation of chemical 

reaction classifications, allowing algorithms to systematically categorize reactions based on learned patterns and features 

[8-10]. Classifications can be based on two strategies a) model-driven which is based on predefined rules, expert systems, 

or chemical knowledge (e.g., SMARTS patterns, reaction templates) and b) data-driven which relies on machine learning 

and statistical models that learn patterns from large datasets without manual rule-setting [3, 11]. Central to all is reaction 

representations or fingerprinting. The accuracy and efficiency of models in reaction classifications and predictions is 

greatly dependent on the type of fingerprints used in training the models [3, 9]. 

The Table 1 summarizes and compares features of the model-driven and data-driven approaches [12]. 

 
Table 1. 

Comparison of data-driven and model-driven approaches. 

Feature Model-Driven Data-Driven 

Foundation Expert rules, templates Statistical patterns from data 

Interpretability High Moderate to low 

Scalability Limited by rule coverage High with large datasets 

Flexibility Rigid (rule-bound) Adaptive (learns new patterns) 

Use in Organometallics Mechanistic modeling, SMARTS filters Catalyst prediction, yield modeling 

 

The drawback of data-driven approach is interpretation or understanding the reasoning or decision process behind 

results. Subsequently, for chemistry, where mechanistic understanding is crucial, if the models’ decision cannot be 

explained, then it becomes difficult to verify or reproduce it [7, 13]. The other limitation is that these models depend 

heavily on the structural connectivity within the extended reaction center, which can cause them to overlook reactions that 

follow the same mechanism but differ in how their atoms or bonds are arranged [3]. The drawback of model-driven strategy 

is that it focuses on reaction centers only and that might cause the model to fail to identify related subclasses that share 

broader chemical features or mechanistic traits [14-16]. The other way of representing chemical reactions is through 

reaction fingerprinting or molecular descriptors [17]. These descriptors are used to characterize reactants and reactions, for 

instance [18-21]. 

• Morgan Fingerprints, generates fingerprints by looking at the bond between atoms and types of atoms within a 

molecule and then turn the information into binary strings  

• MACCS keys, generates bit values by asking questions about the molecule for example, does the molecule contain 

lanthanides, group 1B and 2B metals among others?  

• Differential reaction fingerprints, encodes the structural changes occurring during a chemical reaction 

These descriptors have been successfully used in quantitative structure-activity relationship (QSAR) studies to predict 

toxicity of toxicants, molecular docking and discovery of novel drugs[18, 22-24]. They have also been used in organic 

chemistry reaction predictions [13, 25, 26]. The challenge arises when applying these models in predicting and classifying 

organometallic reactions. The approaches fail to capture organometallic reaction specific features such as metal-mediated 

mechanisms, variable oxidation states and coordination chemistry [27]. To address the limitations of relying solely on 

either data-driven or model-driven frameworks for organometallic reactions, the research was adopted a hybrid modelling 

approach. A wide range of chemical reactions can systematically be analysed and classified by integrating SMARTS-

derived reaction features with novel organometallic transformation fingerprints, and then applying unsupervised machine 

learning algorithms. This strategy leverages the rigor and transparency of rule-based classification alongside the 

adaptability and scalability of data-driven learning, enabling a more nuanced understanding and robust classifications of 

organometallic reactions 

 

2. Methods 
The research used a qualitative study design method to develop machine learning models for classification tasks. 

Secondary data from peer reviewed databases was utilized in training the model to classify organometallic reactions. The 

training dataset was derived from ORD with dataset name, ord_dataset-de0979205c84441190feef587fef8d6d. The final 

data set contained 82 organometallic reactions.  
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2.1. Fingerprinting 

The research methodology employs a computational approach to automatically classify organometallic reaction 

mechanisms by analysing changes in molecular structure using the RDKit cheminformatics toolkit. The section provides a 

summary of how some fingerprints were generated.  

Atom and Bond Analysis: The methodology begins by defining a comprehensive set of metal atoms based on their 

atomic numbers. Two core functions are used to quantify atomic connectivity: one that counts only non-hydrogen 

neighbours and another that counts all neighbours (including hydrogen). A third function is used to identify and map the 

non-hydrogen ligands attached to metal centers. These functions provide the necessary data to track changes in 

coordination. 

Reaction Pre-processing and Atom Tracking: A given reaction is parsed into its reactant and product components. A 

key step involves using atom map numbers—unique identifiers assigned to atoms—to reliably track specific metal atoms 

and their ligands as they transform from reactants to products. 

Automated Reaction Classification: The changes in coordination and connectivity are then used as a basis for 

classifying the reaction into distinct types: 

Dissociation/Association: Identified by a decrease or increase of one non-hydrogen neighbour, respectively. 

Oxidative Addition/Reductive Elimination: Identified by an increase or decrease of two total neighbors (including 

hydrogen), respectively. 

Transmetallation: Detected by tracking a ligand (identified by its map number) that breaks its bond with one metal 

center in the reactants and forms a new bond with a different metal center in the products. 

 

2.2. Morgan Fingerprints 

Fingerprints are created by analysing the atomic connectivity and element types in a molecule, which are then encoded 

into binary strings. These strings form a distinctive 2048-bit fingerprint that uniquely represents each molecule. Only 

Important features were used in training the model. The important features in training the model were identified by using 

permutation importance. Permutations were performed for each feature in triplicates with a fixed random state for 

reproducibility. Model generalization was improved by reducing dimensionality using reduced permutation importance, 

and features were ranked based on their impact on model performance. For a trained model ƒ, the importance of feature j is 

computed by permuting its values across the dataset and measuring the change in prediction error:  

Importance(j) = 𝔼perm [L(ƒ(Xperm(j) , y)-L(ƒ(X), y)]       (1) 

Where L is the loss function (mean squared error), X is the original feature matrix and Xperm(j) is a modified version 

of X where the values in column  have been randomly permuted. If permuting feature j causes a large increase in the loss L, 

then feature j was important for accurate predictions. 

The “classifications fingerprint" and Morgan fingerprints were the concatenated to form final 49 - 63-bit fingerprints, 

which were used in model training.  

 

2.3. Algorithm Training 

Classification models were deployed using different featurization methods i.e. Morgan fingerprints (2046 bits) and 

novel fingerprints (24 bits). Significant Morgan fingerprint features, identified through permutation importance for each 

model, were selectively retained and concatenated with novel fingerprint components. This process yielded final composite 

fingerprints ranging from 49 to 63 bits in length. These datasets were then used to train KMeans clustering, Guassian 

mixtures, Affinity propagation and Heirarchical clustering models.  

 

2.4. Method Validation 

The validation metrics applied, namely, Silhouette Score and Davies–Bouldin Index (DBI) served as complementary 

internal measures to quantitatively assess the clustering outcomes. These metrics were instrumental in evaluating the 

structural quality and internal coherence of the clusters produced by the models. The Silhouette score quantifies how well 

each data point fits within its assigned cluster relative to neighbouring clusters. The Silhouette score range from -1 to +1, 

with higher scores “+1” indicating well-separated, cohesive clusters and lower scores suggesting ambiguous or overlapping 

assignments. For example, If a particular reaction lies close to the centroid of its assigned cluster and far from the centroids 

of other clusters, it will have a Silhouette Score close to +1. Conversely, if the reaction sits near the boundary between 

clusters it might score closer to 0, suggesting ambiguity in its assignment. A negative score would imply misclassification, 

where the reaction is more similar to a neighbouring cluster than its own.  

The Silhouette score 𝑠(𝑖) for a data point 𝑖 is defined as: 

𝑠(𝑖) =  
𝑏(𝑖)−𝑎(𝑖)

max (𝑎(𝑖),𝑏(𝑖))
          (2) 

Where: 𝑎(𝑖) is the average dissimilarity (Euclidean distance) of point 𝑖 to all other points in the same cluster. 𝑏(𝑖) is 

the minimum average dissimilarity of point 𝑖 to all points in any other cluster (i.e. the nearest neighbouring cluster) 

The overall Silhouette score 𝑠 for the clustering solution is the mean 𝑠(𝑖) over all data points  

𝑆 =  
1

𝑛
 ∑ 𝑠(𝑖)𝑛

𝑖=1           (3) 

 

The Davies–Bouldin Index offers a reciprocal perspective to that of Silhouette score by measuring the average 

similarity between each cluster and its most similar counterpart. An ideal DBI value is close to zero, reflecting low intra-

cluster dispersion (compact clusters) and high inter-cluster separation (distinct boundaries). In contrast, higher DBI values 
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signal either diffuse clustering or insufficient separation between groups. Together, these metrics provide a robust 

framework for assessing clustering performance across algorithms with varying assumptions and geometries, including 

KMeans, Gaussian Mixtures, Affinity Propagation, and Hierarchical clustering. 

𝐷𝐵𝐼 =  
1

𝑘
 ∑

max
𝑗 ≠ 𝑖  (

𝑆𝑖+ 𝑆𝑗

𝑀𝑖𝑗
)𝑘

𝑖=1          (4) 

Where: k is the number of clusters, 𝑆𝑖 is the average distance between each point in cluster 𝑖 and the centroid of cluster 𝑖 
(intra-cluster dispersion). 𝑀𝑖𝑗 is the distance between the centroids 𝑖 and 𝑗 (inter-cluster separation) 

 

3. Results and Discussion 
Machine learning results were based on classification algorithms. A series of experiments were conducted to determine 

the most effective clustering methods. In the first set up, Morgan fingerprints were tested for reaction type classifications 

for example, metal-mediated mechanisms, variable oxidation states and coordination compounds. The efficiency of 

clustering methods were evaluated using Silhouette score and DBI as shown in Table 2.  

 
Table 2. 

Clustering method validation. 

Model  Morgan fingerprint Novel fingerprints 

Silhouette Score Davies-Bouldin Index Silhouette Score Davies-Bouldin Index 

KMeans clustering 0.233 0.763 0.863 0.302 

Guassian Mixture  0.198 0.840 0.401 0.573 

Affinity Propagation  0.484 0.722 0.765 0.366 

Hierarchical Clustering 0.219 NA 0.356 NA 

 

The Affinity propagation model demonstrated relatively superior performance with a DBI score of 0.722 and 

Silhouette Score of 0.484 using Morgan fingerprints, which is significantly higher than the 0.198 achieved by the Gaussian 

Mixture Model, indicating that the clusters formed by the Affinity Propagation method are relatively more cohesive (points 

are tighter) and better separated. Conversely, the Gaussian Mixture Model's Silhouette Score near 0.2 suggests a less 

effective partitioning where many data points are near cluster boundaries or fall into overlapping regions. Regarding the 

DBI, the Gaussian Mixture Model yielded a value of 0.840; since lower values (closer to 0) are optimal for the DBI, this 

suggests moderate separation and compactness, though the metric was Not Applicable for the Hierarchical Clustering 

model. KMeans was not effective in producing well separated clusters, this was shown by a high DBI score of 0.763 and a 

low Silhouette Score of 0.233.  

The KMeans Clustering model significantly outperformed the alternative models for novel fingerprint, achieving the 

highest Silhouette Score of 0.863, which indicates exceptional cluster cohesion and separation. This superior performance 

was further confirmed by the lowest DBI of 0.302. The Affinity propagation model also demonstrated strong performance 

with a Silhouette Score of 0.765 and a DBI of 0.366. In contrast, the Gaussian Mixture Model (Silhouette=0.401, 

DBI=0.573) and Hierarchical Clustering (Silhouette=0.356) showed non-effective clustering, suggesting greater cluster 

overlap or dispersion. Based on the consistent results from both metrics, the K-Means Clustering model was chosen as the 

optimal solution for the final segmentation of the data. The novel fingerprints consistently outperformed Morgan 

fingerprints across all clustering models, particularly KMeans and Affinity Propagation. These results suggest that the 

novel descriptors capture structural or reactivity features more effectively, leading to more coherent clustering in chemical 

space. However, it is important to acknowledge limitation of the developed fingerprints organometallic reactions. These 

have reduced capacity to encode catalytic activity in organometallic systems. They fall short in representing dynamic 

catalytic behaviour, such as turnover frequency, substrate activation, or transition state stabilization because catalytic 

performance is influenced by static molecular features and reaction conditions, reaction mechanisms (pathways) and 

kinetics [27, 28] that are not readily captured by current fingerprint design.12,28,29. Nonetheless, these descriptors excel at 

capturing structural motifs and reaction patterns.  

 

3.1. Principal Component Analysis Visualization of Clustering Models 

Principal Component Analysis (PCA) was employed to project the high-dimensional data into two dimensions in order 

to visually and quantitatively assess the clustering performance of KMeans applied to the novel fingerprint representation. 

The resulting scatter plot reveals six well-separated clusters, each marked by distinct colours and clearly defined centroids 

(Figure 1). This visual coherence aligns strongly with the quantitative metrics: the Silhouette Score of 0.863 indicates 

excellent intra-cluster cohesion and inter-cluster separation, while the DBI of 0.302 confirms minimal overlap and compact 

cluster formation. The tight grouping of data points around their respective centroids in the PCA plot which reinforces the 

interpretation that the novel fingerprints capture chemical reactions features. This provides a meaningful distinction that is 

effectively more than traditional Morgan fingerprints.  
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Figure 1. 

KMeans clustering PCA using hybrid of novel fingerprints and Morgan fingerprints. 

 

Figure 2, GMM Clusters (PCA) shows the scatter plot showcasing six clusters, each assigned a unique colour and 

labelled “0 – Reductive elimination”, “1 – Not clearly defined”, “2 – beta hydride elimination”, “3 – Not clearly defined”, 

“4 – Transmetallation and Association”, “5 – Not clearly defined”. The clustering results revealed a mixed outcome in 

terms of mechanistic clarity. Among the six identified clusters, only two clusters (Reductive Elimination and β-Hydride 

Elimination) exhibited well defined mechanistic identities. These clusters likely benefited from distinct structural or 

fingerprint features that aligned strongly with reaction patterns, enabling the model to consistently group them with high 

confidence. In contrast, clusters 1, 3, and 5 remained not clearly defined. The improved performance of the novel 

fingerprints across clustering models, particularly in KMeans and Affinity Propagation highlights their ability to capture 

chemically relevant features. However, the comparatively low mechanistic clarity observed in the GMM clusters suggests 

that the issue may lie not in the descriptors themselves, but in the clustering algorithm’s assumptions and structure. GMM 

relies on probabilistic distributions and soft assignments, which can blur boundaries between mechanistically distinct 

reactions, especially when feature separation is subtle or nonlinear. The ambiguity is reflected in the presence of multiple 

“Not clearly defined” clusters, despite the fingerprints’ demonstrated capacity to distinguish those clusters in other models. 

Cluster 4, labeled as Transmetallation and Association, appears partially resolved but still encompass mechanistic 

heterogeneity. These findings also underscore the importance of aligning clustering algorithms with the chemical structure 

of the data. 
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Figure 2. 

GMM clustering PCA using hybrid of novel fingerprints and Morgan fingerprints. 

 

The Affinity propagation clustering model Figure 3 exhibited robust performance in characterising the dataset's 

underlying structure. The dataset was partitioned into eight distinct clusters, which were subsequently examined through 

manual analysis to assign contextually meaningful labels i.e. “0 – Association”, “1 – beta hydride elimination”, “2 – 

Reductive elimination”, “3 – Dissociation”, “4 – ligand coordination”, “5 – Nucleophillic attack”, “6 – Transmetallation”, 

“7 - Intramolecular β-Hydride Elimination”. Quantitatively, it achieved a Silhouette Score of 0.765, indicating well-defined 

and cohesive clusters with substantial separation between them. Complementing this, the DBI was calculated at 0.366, 

further affirming the model’s effectiveness by reflecting low intra-cluster dispersion relative to inter-cluster distances. 

These metrics collectively suggest that KMeans and Affinity Propagation were the two best algorithms in categorising the 

dataset into major reaction classes, outperforming GMM and Hierarchical models in all metrices. The datapoints were close 

to their respective centroids, except in dissociation reactions, whereby the points were relatively scattered away from the 

centroids. The scatteredness in the cluster can be linked to the models’ inability to recognize reaction subcategories. 

Recognizing subcategories within organometallic dissociation reactions such as neutral ligand loss, anionic dissociation, or 

photochemical ejection can potentially enhances the effectiveness of ML clustering. These mechanistic distinctions 

introduce chemically meaningful variation into the feature space, allowing clustering algorithms to group reactions more 

coherently. This can improve the resolution of unsupervised models and enables dimensionality reduction techniques like 

PCA or Uniform Manifold Approximation and Projection (UMAP) to preserve mechanistic axes, resulting in interpretable 

visualizations that align with chemical intuition. Subcategory aware clustering can also strengthens modelling tasks. When 

clusters reflect subtle mechanistic patterns, they can serve as high-quality labels for supervised learning, improving the 

accuracy of predictions related to activation energies, selectivity, or reaction outcomes. Furthermore, these refined clusters 

can be mapped onto reaction networks, supporting retrosynthetic analysis and catalyst design [3, 6]. 
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Figure 3. 

Affinity Propagation clustering PCA using hybrid of novel fingerprints and Morgan fingerprints. 

 

The hierarchical clustering dendrogram Figure 4 provides a visual representation of the structural similarity among 

chemical reactions, as encoded by their molecular fingerprints. Using the Jaccard distance metric, reactions are grouped 

based on shared substructural features, enabling the identification of clusters with high internal consistency. The x-axis, 

denoting individual chemical reactions, reveals how these transformations relate to one another in terms of fingerprint-

derived descriptors. The vertical height of each branch reflects the dissimilarity between reaction clusters, with shorter 

branches indicating greater similarity. For example, Reactions 48 and 55 are very similar, sharing a reductive elimination 

process that causes the metal's formal oxidation state (OS) to drop by 2 units. The analysis groups these two reactions into a 

larger class that also contains reaction 23, despite reaction 23 only having an OS drop of 1 unit. Therefore, the clustering 

suggests a hierarchical relationship: all three are in the same overall class, but the difference in the OS change (-2 vs-1) 

defines their distinct subclasses. Hierarchical clustering frameworks benefit especially from subcategory recognition, 

enabling multi-level classification that mirrors how chemists conceptualize reactivity. 3,6 

 

 
Figure 4. 

Hierarchical clustering dendrogram for novel fingerprints. 
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4. Conclusion 
New organometallic reaction fingerprints were successfully developed. The novel fingerprints demonstrated better 

performance than Morgan fingerprints in all clustering analyses with good DBI ranging from 0.3 to 0.6 and Silhouette score 

from 0.3 to 0.8. Notably, the PCA plots aligned with the metric scores. and reaction data was classified into 6 – 8 

distinctive major reaction types namely, association, beta hydride elimination, reductive elimination, dissociation, ligand 

coordination, Nucleophillic attack, Transmetallation, intramolecular β-hydride elimination.  Affinity propagation and 

KMeans outperformed Hierarchial and GMM algorithms in classifying major reaction types. Hierarchical model performed 

better in recognising sub level classifications compared to Affinity propagation, KMeans and GMM models. Therefore, 

when classifying major reaction types Affinity propagation and KMeans should be used, and for recognising sub level 

reactions classes Hierarchical model should be used. The observed variability in model performance further highlighted the 

importance of feature and model selection in unsupervised reaction modelling. Future studies should look into improving 

the fingerprints to recognize reaction subcategories and organometallic catalytic activity.  
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