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Abstract: This paper presents a comparative analysis of two transformers-based language models, that is, ChemBERT and 

BioBERT, in the binary molecular activity prediction task. ChemBERT is a pretrained model that is built over large-scale chemical 

SMILES corpora that is supposed to replicate structural and syntax properties of molecular representations. BioBERT is, however, 

trained on biomedical text and trained on natural language processing tasks in life sciences. We test the two models on the provided 

dataset of molecular activities and find out what one would be more appropriate in predictive modeling with the help of SMILES. 

The experiment outcomes have revealed that ChemBERT is significantly more efficient, as compared with BioBERT with ROC-

AUC of 0.8969 and accuracy of 0.9145 and 0.8391 of BioBERT. These findings prove the effectiveness of domain pretraining of 

chemical representation learning and the efficiency of chemics-aware transformer-based learning to predict molecular properties 

and predict computational drug discovery. 
Keywords: —ChemBERT, BioBERT, Transformer Models, Molecular Activity Prediction, SMILES, Drug Discovery, Machine 

Learning. 
 

1. Introduction 
It has been observed that the recent invention of deep learning that has taken place in the past few years has 

transformed how chemical and biological data are conceptualized. The traditional approaches of cheminformatics 

extensively follow engineered descriptors and the descriptors are not always the best to provide a reflection of the 

delicate structural and electronic interaction within the molecules [1]. They are gaining popularity in predicting 

molecular properties with transformer models presenting a more detailed architecture of self-attention mechanisms 

which can potentially learn complex dependencies. Particularly, it is important to predict the type of activity of the 

molecule in drug discovery during the initial stages of the discovery process and successful identification of promising 

candidates can potentially save hours and money. The trained SMILES models must see the stereochemistry, branching 

and rings structures coded in the linear form [26]. The benefit of the specially developed ChemBERT is that it has 

been trained using millions of chemical structures, and thus can acquire chemical grammar and substructural motifs 

[3]. 
Conversely, BioBERT has proven to be useful in biomedical natural language processing including named 

entity recognition, relation extraction and question answering [4]. It does not, however, structure chemical information 

in its pretraining domain, which is biomedical text. Accordingly, it is not representational enough to hold that BioBERT 

despite the syntactically processed SMILES strings, will have the ability to understand the correlation of molecular 

structureactivity, which may limit its predictive capability in chemical tasks [2, 27]. Direct comparison of ChemBERT 

and BioBERT can produce valuable results on the impact of downstream performance on domain-aligned pretraining 
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[5]. The analysis, which compares the two models using the same data of molecular activities, proves the superiority 

of chemically based informed transformers, as well as the poor out-of-context performance of text-trained models. 

The findings apply to the growing body of information on model specialization in scientific machine learning. 
Transformer-based architectures have become the paradigm of natural language processing as well as scientific 

machine learning. The representation learning Domain-specific transformers (such as ChemBERT) have demonstrated 

potent results in the domain of cheminformatics [3]. Meanwhile, BioBERT has been trained on biomedical corpora 

on a large scale to create biomedical text mining [5]. The comparison of the two models to each other in the binary 

molecular activity prediction task is presented in this paper. 

2. Related Work 
The second direction of research is the use of chemical graph neural networks (GNNs) with embeddings of 

transformers to create hybrid networks. As has been shown, the combination of SMILES-based attention mechanisms 

and graph-based neighborhood aggregation can be used to predict better, and this fact is especially true in the case of 

properties that depend on 3D conformations [26]. This is a positive sign of moving chemical language models beyond 

linear notations. Moreover, several studies, which studied contrastive learning algorithms aligning the molecular 

representations of different modalities that involve, SMILES, IUPAC names, and 2D molecular graphs, are also 

present [27]. Their multimodal procedures have been shown to yield more generalizable embeddings and this further 

underscores the importance of applying chemical structural information during pretraining. 
Recent literature has paid attention to the application of large-scale chemical language models to tackle the 

problems of molecular generation, retrosynthesis planning, and reaction prediction. Transformers are capable of 

learning generalized rules of chemistry in the absence of explicit structural information such as MolGPT, ChemGPT 

and SMILES-BERT models [27]. These advancements show that there is a growing tendency of unsupervised 

pretraining in order to acquire chemical priors that are meaningful in order to make valid predictions. Biomedical NLP 

BioBERT has been used to form the underpinning of specialized biomedical NLP models including BlueBERT, 

ClinicalBERT and PubMedBERT, all of which specialize on different subsets of biomedical text [6]. In spite of these 

models being extremely efficient in semantic extracting of large corpora, they could hardly be applied to symbolic 

chemical data. This comparison shows that domain specificity is important in transformer based pretraining. 
The most recent advancement in the model of transformers has been exhibited to deliver a high level of 

performance, specifically in chemical studies prediction [13], in natural language interpretation and biomedical text 

mining. SMILES pretraining has served as the foundation of chemBERT and its derivatives, but BioBERT has much 

potential in biomedical literature. There is very minimal literature that compares these two fields in order to predict 

chemical activity [7,8]. 

3. Methodology 
All models were trained and tested under the controlled computational environment using fixed random seeds 

in order to ensure consistency of results in running the experiment. This reduced variability due to the use of stochastic 

training activities caused less performance variation to be attributed to the models themselves. In addition, data 

preprocessing operations were implemented in a logical manner (e.g. SMILES strings canonicalization, removal of 

invalid molecular entries etc.) in order to guarantee consistency of the datasets [26, 27]. 
Another aspect of methodology shown in Fig.1 was the analysis of tokenization fidelity. The token segmentation 

is structurally sensitive in the SMILES strings [28]. ChemBERT tokenizer is designed to accept chemical strings, and 

it preserves the substructures as opposed to the tokenizer of BioBERT, WordPiece, which splits SMILES into semi-

readable fragments [9,10]. This comparison offers interpretability to the methodology and offers the reasons why 

specific models are a priori conceived to possess representational benefits. 
To further address strength, the dataset was checked on the problem of the class imbalance. Despite the fact that 

the dataset provided a reasonable balance, to maintain the distribution of the labels in the training and evaluation 

subsets, a stratified sampling approach was applied during the splitting. This reduced the chances of biased 

performance estimates. 
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Fig.1 Research flow diagram 

To train both models, the same optimization parameters were used. This consisted of Adam optimizer, fixed 

learning rate schedule, and early stopping to avoid overfitting. The same held-out test set was evaluated to confirm 

that the difference in performance was due to the characteristics of the model and not variation in data. 
Besides baseline SMILES representations, this research study also provided consistency by ensuring the same 

rules of tokenization and classification architecture were used in both models [30]. This removed architectural bias 

and enabled the effect of pretraining differences to be separated. Learning rate, number of epochs and batch size were 

standardized as hyper parameters in order to ensure that the evaluation would be fair. 
The methodological design has avoided the use of graph-based molecular inputs or other auxiliary molecular 

descriptors, instead depending on the capacity of each model to decode SMILES strings. This decision is a support to 

the legitimacy of comparing ChemBERT and BioBERT based on their transformer-based interpretation of linear 

chemical notation [11]. 
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The data utilized in the study includes SMILES representations that have binary activity labels [29,30]. 

ChemBERT was used in direct interaction with SMILES, and BioBERT was used in direct interaction with the same 

SMILES sequences, even though it is optimal when working with natural language [28, 29]. Performance was 

measured using standard evaluation metrics, such as ROC-AUC and accuracy [21,22]. 

4. Results and Discussion 
Further discussion of false positives and false negatives revealed the molecular structures that BioBERT 

performed the worst. They usually included molecules that contained rare substructures or complex stereochemical 

patterns that could not be encoded in BioBERT because of its linguistically inspired tokenization model [12, 15]. 

Conversely, ChemBERT was more stable over such compounds. 
In addition, error distribution analysis recommended that the predictions of ChemBERT were more confidence-

calibrated than BioBERT. The probability predictions of ChemBERT were more consistent with the ground-truth 

labels, whereas BioBERT had a tendency toward either too uncertain or too sure in ambiguous situations. This 

distinction highlights the effect of domain-specific pretraining on the reliability of models. 
In addition to the first three metrics, qualitative analysis of prediction trends showed that ChemBERT was 

always more accurate in structurally diverse compounds. This indicates a high strength in learning substructural 

similarity, in situations where explicit patterns were not present in the training distribution. On the other hand, 

BioBERT had a larger variance in prediction among structurally complex molecules. 
Moreover, it has been also found that the poor performance of BioBERT could be caused by its division of 

SMILES tokens into linguistically meaningless subwords. This interferes with the tendency of the model to identify 

common chemical motifs, which results in weaker generalization [14, 26]. These results support the fact that 

pretraining mismatch can cause serious damage to transformer-based models when deployed out of context. 
Experimental evidence shows that ChemBERT is higher than BioBERT in terms of major evaluation measures 

[23,24]. ChemBERT ac attained an ROC-AUC of 0.8969 and an accuracy of 0.9145, compared to the BioBERT which 

had an ROC-AUC of 0.8391. These results confirm that the linguistic pretraining of BioBERT is inadequate in the 

ability to encode the chemical structure information found in SMILES representations [13, 27]. 
MW-based model had a limited discriminative ability with ROC-AUC and PR-AUC of 0.3794 and 0.1217 

respectively. The best decision level determined through J statistic of Youden was 230.2270. However, the confusion 

matrix at the default value of 0.5 indicated that it falsely classified 1,190 features as true positive and 0 false negative 

and 151 true positive, and it was too biased to predict the positive classification. Conversely, the LogP-based model 

did not perform much better with ROC-AUC and PR-AUC of 0.3552 and 0.0838, respectively. Its optimum threshold, 

which is based on Youden J, was -0.4165. With a 0.5 threshold, the confusion matrix obtained 9 true negatives, 1181 

false positives, seven false negatives, and 144 true positives, which once again represented large values of false-

positive and a weak capability of distinguishing among active and inactive molecules. The two of these findings 

demonstrate that neither MW nor LogP will alone give good predictive ability to molecular activity classification. 
Table-1 Comparison of ChemBERT and BioBERT 

Metric ChemBERT BioBERT 

Pretraining 

Domain 
Chemical SMILES Corpus Biomedical Text (PubMed, PMC) 

Strengths Captures chemical grammar, structural 

motifs, and strong molecular activity 

prediction. 

Excels in biomedical NLP tasks, with 

strong text understanding. 

Limitations Requires large chemical datasets; 

SMILES-sensitive. 
Not optimized for understanding 

chemical structure; weak SMILES 

tokenization. 

ROC-AUC 0.8969 0.8391 

Accuracy 0.9145 Not explicitly stated 
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Tokenization Chemically aware tokenizer; preserves 

substructures. 
WordPiece tokenizer fragments 

SMILES into non-chemical subwords. 

 
Fig.1 ROC Curve 

The given Receiver Operating Characteristic (ROC) curve in Fig.1 gives a full picture of how this model can 

distinguish between active and inactive molecular classes at all possible thresholds. The curve shows the increase of 

True Positive Rate with the decrease of False Positive Rate to provide information about the sensitivity and specificity 

of the classifier. A good model usually gives a curve which tends towards the upper-left corner implying that it is very 

sensitive and shows a few false alarms. The area under the curve (AUC) is a one-value measure of the effectiveness 

of classification, where a value close to 1.0 means the classification is highly discriminative and the value close to 0.5 

means the classification is at random guessing. It is based on this ROC curve that researchers can compare the 

robustness of the model in various datasets and identify weaknesses that are related to the threshold. The visualization 

plays a pivotal role in the field of cheminformatics, where the ability to draw the line between biologically active and 

inactive molecules is essential in the drug discovery pipelines [16]. 

 
Fig 3. Precision Recall plot 

The Precision-Recall (PR) curve in Fig 3. is particularly helpful because the curve emphasizes the trade-off 

between precision and recall over different classification thresholds and is especially valuable with an imbalanced 

dataset of classes (the case in ligand activity prediction). Precision is the ratio of predicted actives that are actually 

active, whilst recall is the proportion of all true actives that the model actually finds. An increased area under the PR 

curve shows an enhanced capacity to ensure successful prioritization of active molecules without bringing a large 

number of false positives. Contrary to the ROC curve, the PR curve focuses on positive-class performance with further 

understanding of the real-life performance of screening accuracy. This renders it useful in processes where many active 

compounds are required to be retrieved as well as high-quality output is necessary. A combination of precision and 

recall can be used to evaluate whether the model can be effectively applied to inform downstream molecular selection 

stages. 
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Fig 4. Confusion Matrix 

The result of this model is a confusion matrix in Fig. 4, which is the summary of the classification performance 

of the model, i.e., the number of True Positives, True Negatives, False Positives and False Negatives. Such values 

provide a strict analysis of the correspondence of predictions and real activity labels. True Positives are identified 

active molecules that were correctly identified and the False Positives are identified as where inactive molecules were 

predicted to be active. False Negatives, on the one hand, represent missed active molecules, and True Negatives 

represent identified correctly inactive samples. These metrics, in combination, contribute to the determination of the 

necessary scores of evaluation accuracy, precision, recall, and F1-score. Following the distribution of errors, it will be 

possible to identify whether the model is over predicting one of the classes, imbalanced, or simply needs to be adjusted 

in terms of a threshold. This type of analysis of errors is crucial to scientific modeling as it advises on how the model 

should be improved in terms of design, training techniques, and chemical data representation. 

 
Fig.5 ROC curve for active and inactive molecular classes 

This Receiver Operating Characteristic (ROC) curve in Fig.5  is a complete picture of the capability of the 

model to differentiate between active and inactive classes of molecules at all of the possible threshold levels. The 

curve shows the relationship between True Positive Rate and False Positive rate where a lower false positive rate 

results in a large increase in the true positive rate and this gives information on the sensitivity and specificity of the 

classifier. A good model will most often give a curve that is nearer to the upper-left side, meaning that it is very 
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sensitive with few false alarms. The region beneath the curve (AUC) is a single-value measure of the performance of 

the classification such that values close to 1.0 indicate excellent discrimination whereas values close to 0.5 indicate 

random guessing. By comparing such ROC curve, researchers are able to compare the model robustness across 

datasets and identify weaknesses depending on the threshold. This visualization plays a vital role in cheminformatics, 

in which it is necessary to separate bioactive molecules and non-active molecules during drug discovery pipelines 

[17]. 

 
Fig.6 – Precision–Recall (PR) curve 

The Fig.6 depicts Precision-Recall (PR) curve can be used to emphasize the trade-off between precision and 

recall at different classification thresholds, and so it is particularly useful when dealing with imbalanced datasets in 

classification, such as when analyzing ligand activity. Precision is used to represent the percentage of the predicted 

actives which are in fact actives, and recall is used to represent the percentage of all actives which are correctly 

identified by the model. A large area under the PR curve means that it is able to rank active molecules correctly without 

introducing too many false positives. In comparison with the ROC curve, the PR curve focuses on the performance of 

the positive-class, which gives a more refined account of the accuracy in screening in real-world applications. This 

renders it useful in activities where it is important to have as many active compounds as possible and still have high 

quality output. Looking at the precision and the recall simultaneously aids in identifying whether the model can be 

consistently relied upon to inform subsequent molecular selection steps. 

 
Fig.7 Confusion Matrix – Classification performance 

The Fig.7 shows confusion matrix is a summary of the classification performance of the model that reports the 

number of True Positives, True Negatives, False Positive and False Negatives. These values provide a straightforward 

de-composition of the conformity of predictions and the real activity labels. True Positives are the active molecules 

that were identified correctly, whereas False Positives are the instances of inactive compounds as predicted to be 
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active. Equally, False Negatives are observed to represent the missed active molecules, and True Negatives represent 

the correctly identified inactive samples. A combination of these metrics assists in computing the required evaluations 

scores of accuracy, precision, recall, and F1 -score. The analysis of errors distribution will result in the determination 

of whether the model is overpredicting a particular class, there is imbalance, or it needs to be adjusted regarding the 

threshold. This type of analysis of error is necessary in scientific modeling, as it guides the processes of model 

improving, training, and representation of chemical data. 

5. Conclusion 
The comparative study, in general, demonstrates the importance of domain-consistent pretraining in the process 

of helping models to analyze and learn highly structured scientific data successfully. Transformers that make use of 

chemical corpora in pretraining have proven to be advantageous in chemical informatics, as shown by the high 

performance of ChemBERT. In the future, the research can be enhanced by the use of hybrid architectures that 

implement structural graph models, SMILES-based transformers, and transform different biomedical texts. These 

multimodal systems would be useful in filling the knowledge gaps between chemical structure education and 

interpretation of biological context, possibly allowing more holistic solutions in drug discovery and forecasting of 

molecular activity.This paper finds that domain-adapted transformers, like ChemBERT are better at performance on 

molecular activity prediction problems than biomedical text-based models, like BioBERT. Further future studies can 

investigate the multimodal combination of text and chemical representations. 
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