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We assessed the generalizability of machine learning methods using natural language processing (NLP) techniques to detect adverse drug events (ADEs) from clinical narratives in electronic medical records (EMRs). We constructed a new corpus correlating drugs with adverse drug events using 1,394 clinical notes of 47 randomly selected patients who received immune checkpoint inhibitors (ICIs) from 2011 to 2018 at The Ohio State University James Cancer Hospital, annotating 189 drug-ADE relations in single sentences within the medical records. We also used data from Harvard’s publicly available 2018 National Clinical Challenge (n2c2), which includes 505 discharge summaries with annotations of 1,355 single-sentence drug-ADE relations. We applied classical machine learning (support vector machine (SVM)), deep learning (convolutional neural network (CNN) and bidirectional long short-term memory (BiLSTM)), and state-of-the-art transformer-based (bidirectional encoder representations from transformers (BERT) and ClinicalBERT) methods trained and tested in the two different corpora and compared performance among them to detect drug–ADE relationships. ClinicalBERT detected drug–ADE relationships better than the other methods when trained using our dataset and tested in n2c2 (ClinicalBERT F-score, 0.78; other methods, F-scores, 0.61–0.73) and when trained using the n2c2 dataset and tested in ours (ClinicalBERT F-score, 0.74; other methods, F-scores, 0.55–0.72). Comparison among several machine learning methods demonstrated the superior performance and, therefore, the greatest generalizability of findings of ClinicalBERT for the detection of drug–ADE relations from clinical narratives in electronic medical records.
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1 INTRODUCTION
Adverse drug events (ADEs) are unintended harmful effects of taking medication (Hohl et al., 2018), which is a leading cause of death in the United States (Classen et al., 1997; Binkheder et al., 2022) and responsible for the hospitalization of 9,440,757 patients from 2008 to 2011, with an increasing trend over time (Poudel et al., 2017). The estimated annual cost of drug-related morbidity and mortality resulting from non-optimized medication therapy was $528.4 billion, equivalent to 16% of total US healthcare expenditures, in 2016 (Watanabe et al., 2018). Patients with ADEs have demonstrated significantly longer hospital stays and an almost two-fold greater risk of death than patients without ADEs (Classen et al., 1997). Nevertheless, ADEs are mostly preventable (Rommers et al., 2007), and early detection can substantially reduce morbidity and, thereby, decrease associated healthcare costs (Classen et al., 1997; Kaushal et al., 2006; Handler et al., 2007).
ADEs are largely detected after marketing, so timely surveillance at this time is important for patient safety (Botsis et al., 2011; Polepalli Ramesh et al., 2014). Pharmacovigilance has traditionally employed spontaneous reporting systems (SRSs), but as many as 90% of ADEs may remain unreported in this voluntary scheme (Hazell and Shakir, 2006). In contrast, electronic health records (EHR) represent a potentially great source for post-marketing surveillance of drug safety, accommodating real-time clinical data gathered from routine clinical care (Coloma et al., 2013). One study revealed relevant ADE information, for example, in the structured data of 9,020 of 31,531 patients (28.6%) with side effects of statin documented in provider notes (Skentzos et al., 2011). Furthermore, clinical notes in EHRs provide longitudinal information related to drug-induced adverse events, but the manual review and extraction of ADEs from enormous clinical narratives is labor intensive, and clinical notes in EHRs vary from patient to patient, physician to physician, and hospital to hospital. Therefore, an automated system that utilizes artificial intelligence (AI) is needed to extract ADEs from clinical notes, and attempts have been made to build such a system.
The Medication and Adverse Drug Events Challenge (MADE1.0) (Jagannatha et al., 2019) aimed to automatically identify clinical concepts and relations from clinical narratives that included ADEs. The Challenge included three tasks: 1) naming the recognized entity (NER) and identifying the medication and its route, dosage, duration, frequency, and indication, as well as associated ADEs and their severity; 2) identifying relations (RI) of medications with ADEs, indications, and other entities; and 3) performing the NER and RI tasks jointly. The Challenge released 1,089 fully de-identified clinical notes from 21 randomly selected patients with cancer at the University of Massachusetts Memorial Hospital that included 2,612 drug–ADE relations. Methods used to classify relations ranged from statistical machine learning (ML)-based methods, such as support vector machine learning (SVM), random forest, and others, to neural-network-based bidirectional long short-term memory (BiLSTM). The best-performing model for the classification of ADE–drug name relations achieved an F-score of 0.72.
Another effort, the n2c2 Shared Task Challenge (Henry et al., 2020), mirrored MADE1.0 and included similar tasks. The n2c2 dataset comprised 505 discharge summaries taken from the Medical Information Mart for Intensive Care-III (MIMIC-III) clinical care database (Johnson et al., 2016). Records were selected by searching ADEs in the International Classification of Diseases (ICD) code descriptions of the records, which yielded a total of 1,840 ADE-drug relations. Methods used for the relation-classification task ranged from SVM to attention-based BiLSTM, with the best-performing model for ADE-drug name relation yielding an F-score of 0.85.
The use of data from a single EHR source in the two challenges allowed NLP approaches developed from these models to be data-specific. The model that performed the best (Wei et al., 2020) in relation extraction for the n2c2 Shared Task, for example, contained a post-processing technique that was dependent on the n2c2 annotation guideline to improve the performance of their BiLSTM conditional random field (CRF) algorithm. This n2c2 paper (Wei et al., 2020) also suggested that language models like BERT (Devlin et al., 2018) in the biomedical domain may further improve the NLP performance, and it remains to be an interesting topic for future research. In the best-performing model (Chapman et al., 2019) from the MADE 1.0 Challenge, the best model was random forest. The paper (Chapman et al., 2019) stated that generalizability of the best-performing model was unclear.
Though transformer-based methods like BERT (Devlin et al., 2018), BioBERT (Lee et al., 2020), and ClinicalBERT (Alsentzer et al., 2019) have become popular in recent years, they have not been applied to identify ADEs from the clinical notes of EHRs. Therefore, it is critical to implement the same model on data from different data sources to assess the generalizability of a model. No study has been conducted yet that used EHRs from different data sources to address the issue of generalizability. BERT-based methods have performed better than other machine and deep learning methods (Sun et al., 2019; González-Carvajal and Garrido-Merchán, 2020; Minaee et al., 2022) in mining biomedical texts, and methods that integrate biomedical corpora, such as ClinicalBERT, outperformed BERT models (Huang et al., 2019). In this article, we investigate the performance of deep learning (CNN, BiLSTM) and transformer-based (BERT and ClinicalBERT) methods, as well as classical SVM, in clinical notes of two different EHR systems.
The preprocessing of data is important in NLP in clinical text and challenged by the inherent variations in EHRs, and the preprocessing of clinical text in EHRs, such as tokenization, which breaks the text into meaningful elements and detects sentence boundaries, is different and more challenging than the processing of data in the literature (Griffis et al., 2016). Publications often inadequately present the end-to-end data preprocessing method, but in this paper, we sufficiently detail the end-to-end data preprocessing for all NLP methods used.
Our primary goal is to address whether and how ADE NLP algorithms developed from the n2c2 Shared Task can be generalized to a drug-specific ADE in a different EHR. There are two types of generalizability in the NLP algorithm development for detecting drug-induced ADEs. First, we want to know whether the NLP model developed in one dataset maintains a comparable performance in a different dataset. Second, if one NLP method has a better performance than the others, will it maintain its supreme performance in a different dataset? In this paper, we study both types of generalizability for NLP algorithms designed for drug–ADE relationship detection. We will use ADEs induced by immune checkpoint inhibitors (ICI) (Nashed et al., 2021) as recorded in clinical notes as examples for analysis. MADE1.0 (Jagannatha et al., 2019) data were not available to us when we conducted this study.
2 MATERIALS AND METHODS
2.1 Datasets
We used two datasets to analyze the generalizability of ADE detection from EHRs; one was developed from the EHR system of The Ohio State University James Cancer Hospital, and the second was that of the n2c2 Shared Task (Henry et al., 2020).
2.2 ICI-OSU corpus
We built the ICI-OSU corpus by manually annotating 1,394 clinical notes of 47 randomly selected patients who received immune checkpoint inhibitors (ICIs) from 2011 to 2018 at The Ohio State University James Cancer Hospital. Supplementary materials contain a detailed annotation guideline that we developed to assist the annotators with manual annotation. Supplementary Table S1 contains the annotation guideline for entity annotation, whereas Supplementary Table S2 contains the guideline for relation annotation. Figure 1 shows different types of entity tags and relation annotations.
[image: Figure 1]FIGURE 1 | Annotation example for different entities in the ICI-OSU corpus.
The entities included drug names, mentions of ADEs, dates drugs were taken, dates of ADEs, terms drawing causal relation between a drug and an ADE, and grades of ADE intensity. It is worth mentioning that reasons for drug administration were not considered as ADEs. Supplementary Figure S1 shows the difference between ADE and reason for drug administration with an example. Relations were annotated for entities located within a single sentence and across sentences. Two annotators with informatics skills and knowledge in cancer clinical trials independently annotated each note, and a third annotator performed the validation for inconsistent annotations between the two annotators. One annotator was a resident physician with hands-on experience with EHRs; the second had a master’s degree in biology with 7 years of experience in corpus development and annotation; the third annotator, who performed the validation, was a graduate student in biomedical informatics. The institutional review board of The Ohio State University approved this study (#2020C0145).
2.3 ICI-OSU data processing pipeline
Figure 2 illustrates the data processing pipeline we built that feeds processed data to the ADE NLP models for generalizability analysis.
[image: Figure 2]FIGURE 2 | ICI-OSU data processing pipeline. Python and C++ programming were used at different steps to automate the process.
In the first step, we collected the clinical notes of the targeted patient. The ICI-OSU corpus contains the patient’s notes for the first 12 months from the date of the first ICI dose in the structured data. The order of note dates is maintained to keep track of longitudinal data, such as the date of first drug use, date of first ADE, and date of drug discontinuation.
In the second step, we cleaned data using regular expression techniques (Wang et al., 2019), which included but were not limited to normalizing uneven spaces and drug names and manipulating abbreviations. For drug name normalization, we used the DrugBank database (Wishart et al., 2008) as our primary source, and we built a lookup table that contained all possible mentions (such as the generic and brand name) of a drug. Supplementary Figure S2 shows a raw original clinical note, and Supplementary Figure S3 shows the cleaned data.
In the third step, we performed automatic screening for drugs and ADEs, tagging predefined drug and ADE terms for follow-up manual annotation. Table 1 delineates the drug names and the ADE list of our study. We used the Common Terminology Criteria for Adverse Events (CTCAE) (Freites-Martinez et al., 2021) and the DrugBank database as our primary guidelines for ADE and drug mentions, respectively. Then, we built a lookup table for screening that contained all possible mentions of these drugs and ADEs found in EHRs. We discussed with a physician and annotators who had hands-on experience working with EHRs, thus enriching and verifying our lookup table to ensure accuracy.
TABLE 1 | List of drug names and adverse drug events. We used all possible mentions of these drugs and ADEs in our study.
[image: Table 1]In the fourth step, we used the Apache clinical Text Analysis and Knowledge Extraction System (cTAKES)™ (Savova et al., 2010), an open-source NLP tool, to segment sentences in the EHRs, which is one of the most challenging tasks because of variations, such as in use of punctuation and abbreviations, that are unique to the recorder (Griffis et al., 2016). To optimize cTAKES™ performance on sentence segmentation, we also encrypted the unexpected line breakers to be consistent with the cTAKES™ segmentation rules. After segmentation, we decrypted the data to preserve their originality. Supplementary Figure S4 shows the data’s appearance after sentence segmentation in cTAKES™.
In the fifth step, we performed automatic de-identification using de-identification software (Neamatullah et al., 2008) from PhysioNet (Goldberger et al., 2000) followed by manual de-identification by the annotators to ensure accuracy. The recall value of PhysioNet was over 98% in the de-identification task on our dataset. Supplementary Figure S5 shows the data after de-identification.
In the sixth step, we performed automatic tagging, annotating the drug name, mention of ADE, and date of ADE, to reduce the burden of subsequent manual annotation. For drug and ADE annotation, we performed exact matching of the data with our predefined drug and ADE lists. We used a rule-based method to annotate the dates in the clinical text automatically, and this annotation was consistent with that of the web-based brat rapid annotation tool (BRAT) (Stenetorp et al., 2012), which we used later for manual annotation. Though automatic annotation greatly reduced the burden of manual annotation, the annotators were free to annotate any new form of a drug name, mention of ADE, or date of ADE. The annotators could also correct anything incorrectly tagged in automatic tagging. Supplementary Figure S6 shows the automatically annotated notes.
In the seventh step, our annotators performed manual annotation in BRAT following the well-defined guideline mentioned previously and included in the supplementary materials. Supplementary Figure S7 shows the manually annotated notes.
In the eighth and final step, we extracted relevant annotation information automatically after manual annotation to build our corpus. Information extracted to prepare the data for machine learning models included drug–ADE relations, drug–ADE pairs, and neighboring words. We built an automatic system to extract that information from the annotated corpus based on the input format of the ML models. Due to the repetitive nature of EHRs, several drug–ADE relations were repeated when the text between a drug and an ADE, as well as the context, were exactly the same. We removed those duplicates in the automatic extraction.
2.4 n2c2 Shared Task corpus
The n2c2 data consisted of information from 505 discharge summaries taken originally from the MIMIC-III clinical care database (Johnson et al., 2016). The data provider described their process as first searching for ADEs in the ICD code description of each record and then manually screening the records with at least one ADE and dividing the data into a training set comprising 303 annotated files and a testing set that included 202 files (Henry et al., 2020). The n2c2 data contained several clinical concepts and relations as well as drug and ADE annotations, and we performed preprocessing as described previously to prepare the data for the ML models, first cleaning the n2c2 data, then segmenting sentences using cTAKES™, and finally using our automatic system to extract relevant annotations.
2.5 The definition of positive and negative drug–ADE relations in the n2c2 and ICI-OSU corpora
Like other researchers (Wei et al., 2020), we considered all possible combinations of drugs and ADEs to build positive and negative data for training and validating NLP models. Our generalizability analysis focused on drug–ADE relations within a single sentence; so, for example, for a sentence containing the drugs d1 and d2 and the ADEs a1 and a2, the four possible drug–ADE combinations are (d1, a1), (d1, a2), (d2, a1), and (d2, a2). A drug–ADE relation was considered positive if the drug induced the ADE. We collected the positive samples directly from annotation to build the positive dataset. A relation was considered negative if the drug did not induce the ADE and was, therefore, not annotated in the corpus. We derived the negative dataset from all the drug–ADE combinations by subtracting the annotated positive set from the corpus. After removing duplicates, we obtained 189 positive samples and 698 negative samples from our annotated ICI-OSU data. The default n2c2 training and test data yielded 1,355 positive and 865 negative samples after duplicates were removed.
2.6 Machine learning deep learning models
We implemented several machine learning, deep learning, and transformer-based models, including SVM (Joachims, 1998), CNN (Kim, 2014), BiLSTM (Sherstinsky, 2018; Xu et al., 2019), BERT (Devlin et al., 2018), and ClinicalBERT (Alsentzer et al., 2019), to analyze the n2c2 and ICI-OSU datasets, and we trained these models on one dataset and validated them on the other to analyze the generalizability of their findings.
2.6.1 Training and validation data
Training and validation data were speculated under the intra- and inter-dataset settings. The intra-dataset setting comprised training and validation data allocated from the same data source, either n2c2 or ICI-OSU. When training and validating the model on the same n2c2 dataset in the intra-set setting, we used the default training and validation data of the n2c2 dataset given by the data providers. Because the ICU-OSU dataset was relatively smaller, we applied five-fold cross-validation to avoid overfitting when we trained and validated our model on the same ICU-OSU dataset in the intra-set setting. In the inter-set setting, training was performed on one dataset, and its validation was performed in the other. We also withheld 30 percent of the data from the training set to serve as the internal validation set in the inter-dataset setting.
2.6.2 Hyperparameter selection and embedding
In the deep learning and transformer-based models, we studied different dropout rates ranging between 0.1 and 0.8 and learning rates (0.1, 0.01, 0.001, and 0.0001) with batch sizes of 16, 32, and 64. In those models, we used embedding (Mikolov et al., 2013) techniques and pre-trained word-embedding models, such as Stanford’s global vectors for word representation (GloVe) (300-dimensional) (Pennington et al., 2014). In our transformer-based model, we also incorporated biomedical domain knowledge.
2.6.3 Preparation of input data, feature selection, and model implementation
We focused on the contextual features while building the models. Because the text between a drug and an ADE contains most of the contextual information regarding a drug–ADE relation, we considered the drug name, the ADE, and the text between them as the input for all models. However, feature selection varied from model to model. Our SVM model, for example, used character-level n-grams, whereas the CNN model considered n-grams at the token level. Figure 3A shows how we extracted the input text from a drug–ADE relation.
[image: Figure 3]FIGURE 3 | (A) Input text processing from single-sentence drug–ADE relation. (B–F) Implementation details of (B) SVM, (C) BiLSTM, (D) CNN, (E) BERT, and (F) clinicalBERT models.
2.7 Implementation of the support vector machine model
We generated character n-grams from the first character of a sample to the last character of the input text using a range of values for n, converted those n-grams in term frequency (TF)-inverse document frequency (IDF) (Qaiser and Ali, 2018) vectorization, and then finally fed the feature vector into the model to predict the output y (0 or 1). We searched a range of values for c and gamma to obtain the best hyperparameter set and used the radial basis function (RBF) kernel in our SVM model. Figure 3B details the implementation of our SVM model with an example bigram.
2.8 Bidirectional long short-term memory (BiLSTM)
Understanding the context of a sentence is critical and requires that classification of the sentence includes information in both directions, from the beginning of the sentence to its end and from its end to its beginning. Previous studies showed promising results using BiLSTM to extract contextual information (Xu et al., 2019). BiLSTM algorithms can learn long-term dependencies and work in both directions of text and learn contextual features in a given time stamp. For our model, the input was a sequence from the start to the end of an entity of a sample. Figure 3C shows the architecture of the BiLSTM model. We performed text vectorization on the input and then used the pre-trained word embedding of GloVe (300d) (Pennington et al., 2014) in the embedding layer. The BiLSTM layer was used over the embedding layer, and finally, the dense layer was used, producing the output, y.
2.9 Convolutional neural network (CNN)
We implemented the standard CNN model (Kim, 2014), in which we focused on contextual information while extracting features. The CNN model applies a filter to extract features from text and uses those features to classify the text. As mentioned earlier, we used the text between the start of an entity and its end to analyze sequential words to learn features to extract. We used multiple filters of different sizes (2, 3, and 4) to examine different n-grams within the text. Figure 3D shows the architecture of the CNN model. We built a sentence matrix, with rows indicating the tokens of a sentence and columns indicating the features in which we implemented pre-trained word embedding. Sn is the number of tokens in a sentence; Sd is the feature dimension of a token; Wh is the kernel size. We then applied weight filters for the convolution operation and feature mapping and, finally, applied max pooling and fully connected the output layer to generate output. We used the rectified linear unit (ReLU) activation function and the pre-trained word embedding of GloVe (300d) in the embedding layer (Pennington et al., 2014).
2.10 Bidirectional encoder representations from transformers (BERT)
The BERT (Lee et al., 2020) model is based on a transformer encoder that uses a self-attention mechanism for sequence modeling (Vaswani et al., 2017). For our classification task, the sequential information of the text could be important. We selected a segment from the start to the end of an entity of a sample and then used the tokenized segment as input in the BERT model. The class token cls was added with the input. To obtain embeddings for our text, we used the pre-trained transformer model rather than an embedding layer. For our analysis, we used BERT-base, which consists of transformer blocks of 12 layers with 12 self-attention heads, a hidden size of 768, and 110 M trainable parameters (Lee et al., 2020). Figure 3E shows the architecture of the BERT model.
2.11 ClinicalBERT
The implementation of the ClinicalBERT (Alsentzer et al., 2019) model was similar to that of our BERT model, but ClinicalBERT incorporated pre-trained biomedical domain knowledge. We used the model that was initialized on BioBERT (Lee et al., 2020) and trained on all notes of the MIMIC-III dataset (Johnson et al., 2016). The model had a batch size of 32 and a maximum sequence length of 128 (Alsentzer et al., 2019). Figure 3F shows the architecture of the ClinicalBERT model.
3 RESULTS
Annotation performance: we performed annotation in two rounds. In round one, we annotated 118 single-sentence positive drug–ADE relations and 24 cross-sentence positive drug–ADE relations. In round two, we labeled 163 single-sentence positive drug–ADE relations and 27 cross-sentence positive drug–ADE relations. Table 2 shows the average inter-annotator agreement (IAA) results of our two rounds of annotations. We calculated Cohen’s kappa (McHugh, 2012) to measure IAA. The results indicate considerable disagreement between the two annotators regarding the identification of drug–ADE relations, which is probably attributable to the diverse nature of ADE mentions in clinical notes. Supplementary Table S3 shows more annotation results and findings details of our corpus. Our OSU-ICI corpus is the first drug class-specific drug–ADE corpus. By specifically targeting ICIs, it also becomes a golden standard for developing immunotherapy-induced adverse event phenotypes.
TABLE 2 | Agreement between annotators.
[image: Table 2]3.1 Performance evaluation and error analysis
To analyze the generalizability of findings among the models, we trained and tested each model on the dataset of the same data source (intra-data) and a different source (inter-data). Figures 4A, B show the performance of the different models in the intra-dataset setting. The CNN-based deep learning model performed the best, with an F-score of 80% for the ICI-OSU dataset, whereas the transformer-based ClinicalBERT model achieved the best F-score (87%) for the n2c2 data. The SVM model was also competitive and showed stable performance in the intra-dataset setting. Our results demonstrate that we did not get the best performance from either the BERT or ClinicalBERT model when training and testing on the ICI-OSU dataset. This is probably because the transformer models usually perform better on a large dataset, and the ICI-OSU dataset is small. Figures 4C, D show the performance of the different models in the inter-dataset setting, with the transformer-based models showing superior performance. The ClinicalBERT model achieved the highest F-score in both combinations of inter-data training and testing, probably because of the incorporation of domain knowledge as ClinicalBERT was trained on the MIMIC-III dataset. These performances indicate the importance of incorporating domain knowledge in models. Figure 5 shows the cluster map for the results of different models in the inter-dataset setting. In this NLP analysis of four combinations of training sets and test sets from n2c2 and ICI-OSU datasets, it is evident that ClinicalBERT has the best performance in three out of four combinations.
[image: Figure 4]FIGURE 4 | Comparison of precision, recall, and F-score among different models in intra- and inter-dataset settings. (A, B) show the performance of the different machine learning models when trained and tested on the same data source (intra dataset). (C, D) show the performance of the different machine learning models when trained and tested on different data source (inter dataset).
[image: Figure 5]FIGURE 5 | Cluster maps of results comparing predicted labels with true labels for every sample of positive and negative classes in inter dataset settings. Yellow: predicted and true label matched; blue: labels did not match. (A, C) shows the results for positive class. (B, D) shows the results for negative class.
Figures 5A, B show the cluster map while training on the n2c2 dataset and testing on the ICI-OSU dataset. The BERT and ClinicalBERT models performed similarly for positive sample prediction, whereas the SVM and BiLSTM models clustered together with similar results. BiLSTM and ClinicalBERT models performed similarly for negative sample prediction. Figures 5C, D show the cluster map while training on the ICI-OSU dataset and testing on the n2c2 dataset. The BERT and ClinicalBERT models performed similarly for both positive and negative sample prediction, and the SVM and BiLSTM models clustered together with similar results. Comparison of the results of Figures 4 and 5 demonstrates the better performances of the machine learning and deep learning models in the intra-dataset setting and of the transformer-based models in the inter-dataset settings. Along with the internal capacity of the models to recognize patterns, the variable length of the datasets might contribute to such performance. Supplementary Tables S4 and S5 further detail the results.
3.2 Factors contributing to error 1 (differences in data sources)
The n2c2 dataset was the more general of the two sets and looked for all drug mentions in a clinical note, whereas the ICI-OSU dataset focused on ICI drugs and annotated a specific set of ADEs. The use of these differing types of data challenged training on one source and testing on the other.
3.3 Factors contributing to error 2 (differences in annotation guidelines and causal terms)
The annotation guidelines for the two datasets differed. The guideline for the n2c2 dataset, for example, looked for the closest entity rather than causation to draw a relation, whereas the guideline for the ICI-OSU dataset looked for the presence of causal terms to identify a causal relation between entities.
4 DISCUSSION
4.1 Incorporation of domain knowledge
We attempted to analyze the generalizability of ADE detection from clinical notes using several machine learning, deep learning, and transformer-based models and observed promising performance, particularly when we applied state-of-the-art transformer-based models. The superior performance of ClinicalBERT indicated the importance of incorporating domain knowledge when using pre-trained data. Thus, future studies should incorporate more domain knowledge to further enhance the performance of the models.
4.2 Cross-sentence relation
Our study focused on single-sentence drug–ADE relations, in which the drug and ADE occurred in the same sentence, and after sentence segmentation and annotation, we ended with only a few cross-sentence relations. However, it is also important to identify cross-sentence relations. Our primary challenge in identifying cross-sentence relations was the imbalance within a dataset that could pose a very large number of negative relations against a very small number of positive relations. In addition, our experience in manual annotation showed that a drug and ADE could be distantly related across sentences with numerous sentences in between. Nevertheless, limiting the number of sentences between two entities to draw a relation could help limit the search space to accommodate most of the positive relations across sentences. It would also keep the number of negative relations considerably low.
4.3 Variation in sentence length
Variations in sentence lengths, some only a few words and some extraordinarily long, made it difficult to train the model and contributed greatly to the error. The ICI-OSU dataset included two positive samples consisting of 30 tokens each, where every single model except BERT classified them incorrectly. BERT was able to predict the true label of one of those two samples correctly. A lack of similar training data probably contributed to the error. Having more training data of similar length or building a separate rule-based approach could facilitate the management of extraordinarily long sentences.
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