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Abstract


Social media platforms host abundant and timely descriptions of medication experiences that can complement traditional pharmacovigilance systems. Yet the linguistic informality of these data presents a major challenge for mapping adverse drug event (ADE) expressions to standardized medical terminology. In this study, we developed BERT-based language models to classify ADE mentions from social media into MedDRA System Organ Classes (SOCs). Using the SMM4H and CADEC corpora, as well as their combination, we performed 20 iterations of 20% holdout validation for 3-, 6-, 22-, and 25-SOC classification tasks with a selected fixed training configuration (learning rate, batch size, and training epochs) based on training-loss convergence. The models achieved accuracies ranging from 75% to 94%, demonstrating strong performance for SOC-level classification of noisy and informal ADE expressions under the evaluated settings. These results are based on a controlled mention-level evaluation using deduplicated adverse drug event strings and do not establish document-level or real-world deployment generalization. This work provides a systematic evaluation of BERT-based models for SOC-level classification of ADEs and demonstrates consistent performance within the evaluated datasets and label granularities. While direct comparison with prior studies is limited by differences in datasets and evaluation protocols, the results demonstrate that transformer-based models can effectively classify ADEs into SOCs. These findings support the use of transformer-based normalization for SOC-level aggregation of user-reported adverse events and their integration into large-scale social media pharmacovigilance pipelines as a downstream component under controlled conditions.
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1. Introduction


Drug safety is a fundamental component of public health and regulatory science. Spontaneous reporting systems, such as the FDA Adverse Event Reporting System (FAERS), are widely used for post-marketing pharmacovigilance and safety signal detection [1,2,3]. Beyond these reporting systems, patients increasingly share information about adverse drug reactions, treatment experiences, and medication use on social media platforms. As a result, social media has emerged as an important source of real-world data for drug safety surveillance in recent years [4,5,6,7,8,9]. Experiences and opinions on drug safety are posted on platforms like Facebook, X, and web forums. Such content provides real-time, rich, and diverse information that is complementary to traditional sources in pharmacovigilance [10,11,12]. For instance, social media data can be used to identify adverse drug events that may not be detected in traditional sources such as clinical trial reports, which are constrained by limited numbers of participants and controlled environments [13,14]. Recent studies showed that social media data can be effectively utilized to detect adverse drug events in real-time, aiding drug safety signal detection [15,16]. It is noteworthy that social media data have been used for identifying adverse events associated with COVID-19 treatment drugs during the COVID-19 pandemic [17,18,19,20], demonstrating the value of social media data in drug safety monitoring.



Social media posts often contain informal language, including slang, abbreviations, and misspellings, which makes the terms used to describe adverse drug events quite different from those used in clinical trial reports. Techniques used for identifying adverse drug events in traditional data sources may not be able to accurately detect adverse drug events in social media posts. Therefore, language models have been developed to identify adverse drug events in social media posts [21,22,23].



Another challenge is that different terms are used to describe the same adverse drug event in social media posts, affecting the accuracy of subsequent drug safety profile analysis. Therefore, normalizing adverse drug events extracted from social media posts into standardized terms is important for improving the accuracy of analysis on drug safety profiles obtained from these posts. Rule-based methods have been explored for normalizing adverse drug events identified from drug labeling documents to Medical Dictionary for Regulatory Activities (MedDRA) terms [24].



Normalizing adverse drug events identified from social media data is a challenging task due to the unstructured format and informal language used in user-generated content [25]. Models trained on clinical trial reports to normalize adverse drug events may not be effective when applied to social media data, owing to the significant differences in language style between clinical trial reports and social media content [26,27]. Moreover, the large amount of irrelevant information in social media posts makes it harder to detect and normalize adverse drug events. These irrelevant inputs can lead to incorrect associations, ultimately reducing the accuracy of models for drug safety monitoring [6,7,28,29,30,31]. These challenges underscore the need for language models to improve both the extraction and SOC-level classification of adverse drug events. Mapping to MedDRA System Organ Classes (SOCs) provides a coarse-grained representation that supports the aggregation of user-reported adverse drug events into standardized safety profiles. This task is distinct from the finer-grained task of mapping to Preferred Terms (PTs) or Lowest Level Terms (LLTs), which involves detailed concept-level normalization.



Traditional methods use preferred terms or lower-level terms from medical dictionaries to match and filter adverse drug events. These rule-based methods work well with adverse drug events identified in medical reports and drug labeling documents which are in a formal style. However, such rule-based methods are not able to handle adverse drug events expressed in informal language, which are common in social media data. Therefore, different methods are needed to understand and standardize adverse drug events identified from social media data [5,32,33].



MedDRA [34] is a widely used standardized medical terminology that facilitates uniform reporting and analysis of adverse drug events globally. MedDRA is organized in a hierarchy with 27 System Organ Classes (SOCs) at the top. The terms in MedDRA are grouped at different levels based on the organ system affected. Under SOCs, levels of terms (from high to low) are High-Level Group Terms (HLGTs), High-Level Terms (HLTs), Preferred Terms (PTs), and Lowest Level Terms (LLTs). There are over 80,000 LLTs that give detailed descriptions of adverse drug events. MedDRA is updated frequently to incorporate common terms used by healthcare professionals and to hierarchically classify frequently used adverse drug event terms into 27 SOCs. It serves as a standard for ensuring consistency and providing a framework for the classification and comparison of adverse drug events [35,36,37,38]. This standard is crucial for integrating findings from diverse data sources into a cohesive drug safety profile and maintaining a clear and consistent analysis of drug safety data with a shared understanding of adverse drug events.



BERT can understand the context of words by learning bi-directional representations of text, making it effective for handling complex and unstructured textual data [39,40]. Therefore, BERT-based models could be developed for extracting and normalizing adverse drug events from diverse sources, including social media. Normalizing adverse drug events to MedDRA term categories by BERT-based models ensures that adverse drug events identified from social media data can be compared with those detected in clinical trial documents, improving drug safety monitoring [41,42,43]. The ability of BERT-based models to standardize adverse drug events makes them valuable tools for creating consistent and reliable drug safety profiles across different data sources.



Recent studies have explored automated extraction and normalization of adverse drug event mentions from social media, using methods such as rule-based pipelines, deep learning architectures, semantic similarity models, and early transformer-based approaches [44,45,46,47,48,49]. Although these efforts have advanced the field of social media-based pharmacovigilance, adverse drug event normalization—particularly the mapping of noisy, informal patient language to MedDRA terminology—remains a persistent challenge. Current methods often struggle with spelling variability, colloquial symptom expressions, and contextual ambiguity, resulting in limited accuracy and inconsistent performance across datasets. Because robust normalization is essential for aggregating user-reported events, detecting emerging safety trends, and reliably integrating social media signals into broader pharmacovigilance workflows, there remains a clear need for more effective, domain-adapted supervised models.



Although mapping to PTs or LLTs is the ideal objective, it remains challenging in the context of social media due to extreme label sparsity and long-tail distribution, where many specific terms lack sufficient training examples. In this setting, mapping to SOCs provides a more tractable alternative, offering clinically valuable meaningful and coarse-grained categorization that supports high-level drug safety profiling.



In this study, we address this gap by developing a supervised BERT-based language model for SOC-level classification of adverse drug events identified from social media posts. This is a coarse-grained task, distinct from fine-grained normalization to PTs or LLTs. We, therefore, focus on evaluating the ability of BERT-based model to map informal adverse drug event expressions into clinically meaningful SOCs under a controlled supervised setting. We conduct a systematic evaluation across multiple datasets, including SMM4H, CADEC, and their combination, and examine performance under different class configurations. In particular, we assess the impact of class size and class distribution on model performance and compare results across datasets with different characteristics. Our results show that BERT-based models can classify informal adverse drug event mentions into MedDRA SOCs with the defined evaluation framework. These findings highlight the potential of transformer-based models for addressing linguistic variability in normalizing adverse drug events from social media. More broadly, this study demonstrates social media data at a coarse-grained level. It supports the use of SOC-level classification as a practical step toward aggregating user-reported adverse drug events and integrating social media data into pharmacovigilance workflows, while recognizing that fine-grained PT/LLT normalization remains an open challenge.




2. Methods


2.1. Study Design


The adverse drug event normalization models were designed to map adverse drug events identified in social media posts to MedDRA SOCs. The modeling framework assumes that adverse drug event mentions have been correctly identified and focuses on the downstream classification task. Nine models were developed and tested with two data sources, SMM4H (Social Media Mining for Health) [50] and CADEC (CSIRO Adverse Drug Event Corpus) [51], as shown in Figure 1. In brief, for each of the nine datasets that were derived from the two initial data sources, 80% were randomly selected and used to train a model and the remaining 20% were used to test the developed model. To prevent information leakage from repeated expressions, we removed duplicated adverse drug event mentions prior to data partitioning. This preprocessing step reduced the SMM4H corpus from 1717 raw records to 1106 unique adverse drug event strings, and the CADEC corpus from 5959 raw records to 3348 unique adverse drug event strings. Datasets were then partitioned such that no adverse drug event string in the test set appeared in the training set. During model development, the training dataset (80% of the whole dataset) was further split into 80% and 20% to evaluate training behavior under different parameter settings. Hyperparameters were selected based on training convergence and applied consistently across all datasets. The developed model was then evaluated using the remaining 20% of the data. This 20% holdout validation process was repeated 20 times with different random splitting to reach a statistically consistent performance evaluation within datasets.




2.2. SMM4H Dataset


The SMM4H dataset, a valuable resource in health informatics, contains human expert annotations of adverse drug events identified in social media posts. The annotated adverse drug events are mapped to MedDRA SOCs. This dataset is a useful data source for developing language models to automatically normalize adverse drug events identified from unstructured textual data such as social media posts. The SMM4H dataset includes 1717 adverse drug events which are mapped to 25 MedDRA SOCs (Table 1).




2.3. CADEC Dataset


The CADEC dataset contains human expert annotated adverse drug events extracted from online health forums (https://www.askapatient.com, forum from 2001 to 2013, accessed on 18 February 2026) where patients discuss their experiences with medications. This dataset contains 5959 annotated adverse drug events which are mapped to the same 22 MedDRA SOCs (Table 1).




2.4. Datasets for Model Development


The frequency of adverse drug events differs significantly across various MedDRA SOCs in both SMM4H and CADEC datasets, as shown in Table 1. The top six SOCs with most adverse drug events in the SMM4H dataset are SOC codes 10018065, 10037175, 10029205, 10017947, 10028395, and 10022891 (Table 1). In addition to the 25-class SMM4H and 22-class CADEC datasets, the following seven datasets were derived from the SMM4H and CADEC datasets. The 3-class and 6-class datasets were constructed by selecting the most frequent SOCs from the SMM4H and CADEC datasets. These subsets were designed to evaluate model performance under reduced class cardinality. They represent simplified classification scenarios and should not be considered equivalent to the full SOC normalization task.



Both: A 25-class dataset that merges SMM4H and CADEC datasets. When constructing the ‘Both’ models, we adopted a merge-then-deduplicate strategy. This process identified 146 unique adverse drug event terms shared between the SMM4H and CADEC corpora, which were consolidated prior to dataset partitioning. The resulting combined dataset contained 4307 unique adverse drug event mentions. This combined dataset reflects the union of SOCs present in both SMM4H and CADEC (Table 1). Specifically, SMM4H contains 25 SOCs and CADEC contains 22 SOCs; their integration yields 25 unique SOCs due to partial overlap between the two datasets. To ensure consistency comparability, all SOC labels were standardized according to MedDRA version 26.1.



SMM4H-3: A three-class dataset that consists of 1200 adverse drug events categorized under the three SOCs with codes 10018065, 10037175, and 10029205, derived from the SMM4H dataset.



CADEC-3: A three-class dataset comprising 2541 adverse drug events belonging to the three SOCs with codes 10018065, 10037175, and 10029205, derived from the CADEC dataset.



Both-3: A three-class dataset combining SMM4H-3 and CADEC-3.



SMM4H-6: A six-class dataset containing 1462 adverse drug events, including SMM4H-3 dataset and additional 262 adverse drug events in the three SOCs with codes 10017947, 10028395, and 10022891, derived from the SMM4H dataset.



CADEC-6: A six-class dataset incorporating 4953 adverse drug events, including CADEC-3 dataset and additional 2412 adverse drug events in the three SOCs with codes 10017947, 10028395, and 10022891, derived from the CADEC dataset.



Both-6: A six-class dataset merging SMM4H-6 and CADEC-6.



These nine datasets were used to build and evaluate BERT-based models for normalizing adverse drug events in different scenarios.




2.5. Model Architecture


Figure 2 shows the architecture of the BERT-based model for normalizing adverse drug events to SOCs. The model takes text with adverse drug events and predicts SOCs they belong to. First, the text is broken into individual words which are termed as tokens. These tokens are converted into vectors that represent their meaning, helping the model understand the text context. The model uses a pretrained BERT model to convert tokens into vectors. The vectors are then input to a fully connected neural network. This network compresses the vectors to a smaller space that matches the number of SOCs. It uses transformations and activation functions to learn the differences in adverse drug events between SOCs. Our model uses a softmax function to convert the raw scores from an adverse drug event into probabilities, and the SOC with the highest probability is selected for the adverse drug event. The final output is the predicted SOCs for the input adverse drug events. For example, the adverse drug event “feeling like a zombie” is predicted to the SOC with code 10018065, “general disorders and administration site conditions.”



The pretrained BERT model used is distilbert-base-uncased, with a vector dimension of 768. Each token is represented by a 768-dimensional vector, and this size remains the same throughout the model training process. Distilbert-base-uncased is a compact and efficient version of BERT, designed with fewer parameters to enhance speed and reduce memory usage. Despite its smaller size, it retains most of BERT’s language comprehension capabilities, performing well on various natural language processing tasks. This architecture leverages the rich information in BERT’s embeddings, making the developed model effective in predicting SOCs for adverse drug events.



The experiments were conducted using Python 3.10, PyTorch 2.1.0, and the Hugging Face Transformers library (version 4.38.2). All models were based on the distilbert-base-uncased architecture and fine-tuned for multi-class classification. Text inputs were tokenized using the corresponding tokenizer, with sequences truncated or padded to a maximum length of 256 tokens.



Models were trained using the AdamW optimizer. Hyperparameters were tuned using a sequential strategy. The number of training epochs was evaluated up to 100, with 40 epochs selected based on training loss convergence. Learning rates were evaluated over the set {1 × 10−6, 1 × 10−5, 5 × 10−5, 1 × 10−4, 5 × 10−4}, and batch sizes over {8, 16, 32, 64, 128}. The final configuration (40 epochs, learning rate 5 × 10−5, batch size 16) was applied across all datasets.



To ensure reproducibility, the 20% holdout evaluation was repeated 20 times using a fixed sequence of random seeds {2, 4, 6, …, 40}, ensuring consistent data partitioning and performance evaluation across runs.



In this study, the input to the model is the isolated adverse drug event mention string rather than the full post or document context. Although exact duplicate strings were removed prior to splitting, the evaluation remains at the mention level. As a result, near-duplicate expressions and contextual dependencies within posts or users may still exist across training and test sets. Therefore, this setup should be interpreted as a controlled mention-level evaluation and does not fully eliminate potential information leakage present in real-world scenarios.



To provide a reference for model performance, we implemented a traditional machine learning classifier using TF-IDF features and Logistic Regression. Adverse drug event mention strings were represented using TF-IDF with a vocabulary size capped at 2500 and an n-gram range of 1–2. These features were used to train a multi-class Logistic Regression model with a maximum of 1000 iterations.



The baseline was evaluated on the same dataset variants as the BERT-based models, including SMM4H, CADEC, and the combined dataset under 3-class, 6-class, and full SOC settings. Data was split into 80% training and 20% testing sets using stratified sampling. Each experiment was repeated with three random seeds, and performance was reported as mean accuracy and standard deviation.




2.6. Selection of Algorithmic Parameters


As shown in Figure 2, for a set of algorithmic parameters, a model was trained to predict SOCs for the training adverse drug events. The predicted SOCs were then compared with the true SOCs, and the difference was calculated as LOSS, which measures performance of the model. A parameter setting associated with stable training-loss convergence was selected to train the final BERT-based model.



Algorithmic parameters epochs, learning rates, and batch size are important in training the BERT-based model and were explored in this study. In an epoch, the model processes all training adverse drug events and adjusts weights of its neurons based on the computed LOSS to improve performance. The number of epochs is vital for the model’s generalization, as too few epochs may lead to underfitting while too many could cause overfitting. Learning rates control how much the model’s weights change in response to the LOSS. Batch size determines how many samples the model processes before updating the weights. Hyperparameters, including number of epochs, learning rate, and batch size, were selected based on training loss convergence behavior. Specifically, we identified parameter settings converged training loss. The identified hyperparameter settings (40 epochs, learning rate 5 × 10−5, batch size 16) were then applied across all datasets and class settings to ensure comparability. We did not perform validation-based hyperparameter selection or early stopping, which may limit generalization performance, particularly for smaller or imbalanced datasets.




2.7. Performance Metrics


Multiple metrics were used in this study for assessing performance of the BERT-based model for normalizing adverse drug events to SOCs. The first metric is accuracy, which measures overall performance of the multi-class classification models. Accuracy was calculated as the proportion of number of adverse drug events with their SOCs correctly predicted among all adverse drug events predicted using the equation below.


  A c c u r a c y =    N u m b e r   o f   a d v e r s e   d r u g   e v e n t s   c o r r e c t l y   p r e d i c t e d   T o t a l   n u m b e r   o f   a d v e r s e   d r u g   e v e n t s   p r e d i c t e d     



(1)







We used the mean value and standard deviation of the 20 accuracy values obtained from the 20 iterations of 20% hold-out validation (Figure 1). The mean accuracy measures the overall performance of the models. The standard deviation indicates consistent performance within datasets.



The second metric is normalized confusion matrix. For an N-class model, this metric is an N-by-N matrix, and its element Ci,j indicates the likelihood of adverse drug events in SOCi to be predicted in SOCj. To calculate this metric, a confusion matrix was generated from each of the 20 hold-out validations. An overall confusion matrix was then generated by adding up the elements of the 20 confusion matrices. The sum of each row of the overall matrix (20 times number of the adverse drug events in each SOC) was used to divide the element in the row, resulting in the normalized confusion matrix that shows average probabilities of adverse drug events in SOCi (i = 1,2, …, N) to be predicted in SOCj (j = 1,2, …, N).



To account for class imbalance, we computed precision, recall, and F1-score for each SOC using Equations (2)–(4).


  P r e c i s i o n =    T P   T P + F P     



(2)






  R e c a l l =    T P   T P + F N     



(3)






  F 1 =    2 × P r e c i s i o n × R e c a l l   P r e c i s i o n + R e c a l l     



(4)




where TP, FP, and FN represent true positives, false positives, and false negatives, respectively. We computed macro-averaged metrics by averaging across all SOCs using Equations (5)–(7).


  M a c r o − P r e c i s i o n =    1   N      ∑  i = 1   N      P r e c i s i o n   i      



(5)






  M a c r o − R e c a l l =    1   N      ∑  i = 1   N      R e c a l l   i      



(6)






  M a c r o − F 1 =    1   N      ∑  i = 1   N      F 1   i      



(7)




where N is the number of SOCs. We calculated the mean and standard deviation of these metrics across 20 repeated holdout evaluations. In addition, 95% confidence intervals for macro-F1 were computed using Equation (8).


    C I   95 %   =   x   ¯   ± 1.96    s    n      



(8)




where     x   ¯     is the mean macro-F1, s is the standard deviation, and n = 20.





3. Results


3.1. Training-Loss-Based Parameters Selection


Figure 3 shows the results of fine-tuning parameters for the nine BERT-based models. With a fixed learning rate of 1 ×      10   − 5     and a batch size of 16, the training LOSS values of 100 epochs were calculated for each of the nine models. LOSS value decreases as the number of epochs increases for all models, indicating that the models learned from the training data to improve their prediction performance. Initially, the LOSS starts at a higher value, reflecting the models’ initial inaccuracies. By the 40th epoch, the LOSS values remained stable for all nine models. Training for more epochs did not significantly improve the models as the LOSS values did not dramatically reduce. Therefore, 40 epochs were used in training the BERT-based models.



Figure 4 presents the training LOSS values at different learning rates for the nine BERT-based models with 40 epochs and a batch size of 16. Results from different learning rates were plotted as curves in different colors: blue for 1 × 10−6, orange for 1 × 10−5, green for 5 × 10−5, red for 1 × 10−4, and purple for 5 × 10−4. A learning rate of 5 × 10−5 resulted in the lowest LOSS values and was used in training all nine BERT-based models.



Figure 5 shows the batch size fine-tuning results, illustrating the training LOSS values over 40 epochs with a learning rate of 5 × 10−5. The LOSS curves for all nine BERT-based models are color-coded according to batch size: blue for 8, orange for 16, green for 32, red for 64, and purple for 128. While nearly all batch sizes achieved their lowest LOSS values by the 40th epoch, we selected a batch size of 16 as the parameter for training. This decision was based on the rapid decrease in loss values at this batch size, leading to a stable convergence earlier than the others.




3.2. Model Performance


For each of the nine datasets, 80% of the samples were randomly selected to train a BERT-based model with the selected training configuration (40 epochs, batch size 16, and a learning rate of 5× 10−5). The remaining 20% of samples were then used to evaluate model performance. To reach a statistically consistent performance evaluation within datasets, this process was repeated 20 times. Figure 6 displays the mean accuracy and standard deviation from the 20 repeats of 20% holdout evaluations on the nine datasets. Overall, the models performed well. Further examination of the results indicates that models trained on the CADEC datasets outperformed the models constructed on the SMM4H datasets. It is important to note that model performance is evaluated under a mention-level setting using deduplicated adverse drug event strings. This setup isolates the classification task but does not reflect document-level dependencies or deployment conditions.



To evaluate model performance under class imbalance, we calculated macro-averaged precision, recall, and F1-score (Table 2). The results show a consistent decline in performance as the classification task shifts from reduced-class settings to the full SOC label space. In SMM4H, macro-F1 decreases from 0.76 (3-class) and 0.78 (6-class) to 0.45 in the full 25-class setting. A similar trend is observed in CADEC, where macro-F1 decreases from 0.94 and 0.93 to 0.74, and in the combined dataset, where it decreases from 0.85–0.86 to 0.62. Macro-precision and macro-recall exhibit similar trends, with increased variability in the full SOC setting, as indicated by larger standard deviations. The wider confidence intervals in the full setting (e.g., [0.42, 0.49] for SMM4H and [0.69, 0.77] for CADEC) further highlight the impact of class imbalance. Together, these results indicate that model performance on less frequent SOCs is substantially lower in the full classification setting, which is not captured by accuracy alone.



Figure 7 presents the normalized confusion matrices for the nine models. The x-axis represents the predicted SOC categories, while the y-axis corresponds to the actual SOC categories. The color scale indicates the percentage of instances for each prediction outcome. Diagonal elements represent correct classifications, whereas off-diagonal elements denote misclassifications. Overall, the models demonstrate strong performance, as most adverse events were accurately normalized to their correct SOC categories. A closer examination of the confusion matrices reveals that models trained on the SMM4H-3 dataset (average accuracy = 0.76) performed slightly better than those trained on SMM4H-6 (average accuracy = 0.75), both of which outperformed models built using the SMM4H dataset (average accuracy = 0.70). Similar trends were observed for the CADEC datasets (average accuracies of 0.94, 0.92, and 0.89 for CADEC-3, CADEC-6, and CADEC, respectively) and the combined datasets (average accuracies of 0.85, 0.86, and 0.82 for Both-3, Both-6, and Both, respectively).



These results highlight a clear distinction in model performance between reduced-class and full SOC settings. The full SOC models (25 classes for SMM4H, 22 for CADEC, and 25 for the combined dataset) demonstrate the feasibility of applying BERT-based models to SOC-level classification in realistic scenarios characterized by large label spaces and class imbalance. In contrast, the higher accuracies observed in the 3-class and 6-class settings reflect reduced task complexity, where classification is limited to the most frequent SOCs with more concentrated data distributions. Therefore, performance in reduced-class settings should be interpreted as reflecting simplified conditions, whereas results from the full SOC setting provide a more realistic estimate of real-world applicability. Furthermore, models trained on CADEC consistently outperformed those trained on SMM4H. This difference is likely attributable to several factors, including more samples per SOC in CADEC.



To provide a reference for model performance, we evaluated a traditional Term Frequency-Inverse Document Frequency (TF-IDF) and Logistic Regression baseline. The baseline shows lower accuracy than the BERT-based models across all datasets and class settings. In the reduced-class settings, the baseline has accuracies of 0.61 and 0.55 on SMM4H-3 and SMM4H-6, 0.83 and 0.77 on CADEC-3 and CADEC-6, and 0.74 and 0.73 on Both-3 and Both-6. In the full SOC setting, baseline performance dropped further to 0.41 on SMM4H, 0.71 on CADEC, and 0.65 on the combined dataset. In comparison, the BERT-based models have higher performance in each corresponding setting, with the largest gap observed in SMM4H. This pattern is consistent with the characteristics of the datasets. SMM4H contains shorter, noisier, and more informal social media expressions, which are difficult to represent using sparse TF-IDF features alone. In contrast, contextualized embeddings from BERT can capture word meaning in relation to surrounding tokens and are therefore better suited to variable and colloquial adverse drug event expressions. The smaller gap in CADEC may reflect its larger size and more repeated phrasing, which can be captured more effectively by traditional feature-based models. Overall, these results show that contextualized representations provide more effective modeling of adverse drug event mentions than TF-IDF features, particularly in settings with greater variation in expression and larger label spaces.



Per-class precision, recall, and F1-score across SOC categories are presented in Table 3, Table 4 and Table 5. The results show substantial variability across SOCs, particularly in the full SOC setting. Frequently represented SOCs achieve consistently high performance, whereas rare SOCs exhibit low and unstable performance, with some categories showing near-zero recall and F1-scores. This pattern reflects the long-tail distribution of SOC categories where limited training samples constrain model learning. These results complement macro-averaged metrics and demonstrate that overall performance is largely driven by frequent SOCs. Performance on rare SOCs remains a key limitation.





4. Discussion


This study demonstrates that supervised fine-tuned BERT-based models can achieve strong performance for SOC-level classification of adverse drug event expressions from social media under the evaluated experimental setting. While prior studies have explored a variety of methods for adverse drug event normalization, including rule-based pipelines, word-embedding approaches, semantic similarity techniques, and more recent deep learning and transformer-based frameworks [44,45,46,47,48,49], direct comparisons are limited by differences in datasets, label spaces, task definitions, and evaluation protocols. In particular, many previous studies focus on fine-grained normalization to MedDRA PTs or LLTs, whereas the present study evaluates a coarser SOC-level classification task. Therefore, the results reported here should be interpreted within the scope of the current study rather than as evidence of superiority over existing approaches.



Although the models show consistent performance across SMM4H, CADEC, and the combined dataset, these results reflect learning within the evaluated datasets and do not directly establish cross-domain generalization. Training and testing within the same dataset or pooled datasets do not fully capture variability across platforms, annotation styles, or real-world deployment conditions. More rigorous evaluation strategies, such as training on one dataset and testing on another, are needed to assess robustness across domains and should be explored in future work.



Our study highlights ongoing challenges in adverse drug event normalization. Like prior work, our models were affected by the long-tail distribution of adverse drug event mentions across SOCs. Several SOC categories in existing corpora contain very few examples, limiting the model’s ability to learn discriminative features for rare classes. This issue has been noted in earlier normalization studies, particularly those using social media data, where many adverse drug event categories are sparsely represented. This effect is also evident in our results. The higher accuracy observed in the 3-class and 6-class settings is largely due to reduced task complexity, as these settings focus on the most frequent SOCs. While these findings demonstrate model performance under simplified conditions, they do not fully reflect performance in the full SOC classification task. In contrast, the full SOC setting includes a larger number of classes and substantial imbalance, making it both more difficult and more representative of real-world scenarios. In addition, differences between datasets further influence model performance. The combined dataset integrates SOC annotations from two sources with different distributions and coverage. Although SOC labels were standardized using the same MedDRA version, differences in dataset composition and class distribution may contribute to variation in model performance and confusion patterns. These factors should be considered when interpreting results derived from the combined dataset. Expanding annotated datasets—either through new corpus development or through augmentation and active learning—will be essential to boosting performance, especially for the full 25-SOC classification.



Another challenge is the diversity and rapid evolution of language across platforms. While prior studies have evaluated methods across sources such as X, online forums, and Reddit, cross-platform generalizability remains limited. Future models should consider supervised fine-tuned pretraining or continual learning to mitigate performance degradation as linguistic patterns shift over time.



While the present study evaluates performance using deduplicated mention-level inputs, the results do not establish document-level or deployment-level generalization. Although exact duplicate strings were removed prior to splitting, near-duplicate expressions, shared linguistic patterns, and contextual dependencies within posts or users may still introduce implicit leakage, particularly in datasets such as CADEC. Therefore, the reported results should be interpreted as a mention-level semantic baseline under controlled conditions rather than a fully leakage-resistant evaluation. More rigorous strategies, such as grouped splitting at the post-, review-, or user-level, are needed to better assess real-world generalization and should be explored in future work. Such evaluations may result in lower performance, but would provide a more realistic estimate of model robustness in practical pharmacovigilance applications.



This study evaluates SOC-level classification under the assumption that adverse drug event mentions are correctly identified. In practical pharmacovigilance pipelines, adverse drug event detection from raw social media posts is an upstream step that may introduce errors. These errors can propagate to the normalization stage and reduce overall system performance. Therefore, the reported accuracies represent performance under idealized conditions and should be interpreted as an upper bound for the normalization task rather than end-to-end pipeline performance.



Hyperparameters were selected based on training loss convergence rather than validation-based optimization. Therefore, the reported configuration should be interpreted as a controlled baseline setting rather than a performance-optimized model. Future work incorporating validation-based tuning and early stopping may improve generalization.



While our study demonstrates that supervised fine-tuning of a general-domain pretrained model can achieve strong performance for adverse drug event normalization, the use of domain-specific pretrained models may further enhance results. Models such as BERTweet, BioBERT, and PubMedBERT are pretrained on social media or biomedical corpora and may better capture domain-specific linguistic patterns, terminology, and contextual nuances. In addition, domain-adaptive pretraining on large-scale unlabeled health-related social media data could further improve model representations by aligning them more closely with the target domain. Such approaches may be particularly beneficial for handling informal expressions, misspellings, and emerging terminology commonly observed in user-generated content. Future work will explore these strategies to assess their potential for improving performance and robustness in real-world applications.



Finally, although SOC-level normalization is a crucial step toward making social media adverse drug event data analyzable for pharmacovigilance, more granular MedDRA mapping (e.g., to PTs or LLTs) remains a key unmet need. Mapping to PT/LLT levels introduces additional challenges, including synonym (multiple expressions referring to the same concept), polysemy (ambiguous expressions with multiple meanings), and the multi-axial structure of MedDRA, where a single concept may belong to multiple hierarchical categories. In addition, some adverse event mentions may correspond to multiple plausible PTs depending on context, requiring more precise disambiguation. Despite these challenges, SOC-level normalization provides a practical and scalable approach for aggregating adverse events into SOCs, enabling downstream analyses such as frequency comparison and trend analysis across heterogeneous data sources. While recent developments in multi-level classification offer promising directions, robust solutions for fine-grained normalization, particularly in the context of noisy social media data, remain limited.




5. Conclusions


This study demonstrates that BERT-based models can effectively perform System Organ Class (SOC)-level classification of adverse drug event (ADE) mentions from social media under a supervised, mention-level setting. Across multiple datasets and class configurations, the models show strong performance within the evaluated experimental framework, highlighting the ability of transformer-based approaches to handle linguistic variability in informal user-generated content.



However, the findings should be interpreted within the scope of the current study. The evaluation assumes correctly identified ADE mentions and is conducted at the mention level using deduplicated inputs. As a result, the reported performance represents an upper bound for the classification task and does not reflect end-to-end pharmacovigilance performance or deployment conditions. In addition, the results do not establish cross-domain generalization, and further evaluation using leakage-resistant splitting strategies and cross-dataset validation is needed.



Overall, this work provides a systematic assessment of transformer-based models for SOC-level classification and supports their use as a component within broader pharmacovigilance workflows. Future work should focus on improving performance for rare SOC categories, incorporating domain-specific pretraining, and evaluating robustness under more realistic and application-oriented settings.
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Figure 1. Workflow for model training, parameter selection, and evaluation across multiple datasets. The workflow illustrates the repeated data-splitting and model training procedure applied to the SMM4H, CADEC, and combined datasets (“Both”) with varying annotation levels (3-class, 6-class, or full versions). Each iteration begins with a random split of the full dataset into 80% training and 20% testing partitions. The training portion is further divided into an internal 80/20 split for training-loss-based parameter selection. All candidate parameter sets were evaluated to select a training-loss-based parameter setting. The training-loss-based parameter configuration was then used to generate a BERT model for predicting the held-out test set. This process was repeated 20 times to obtain stable performance estimation across random data splits, with aggregated prediction results summarized at the end. 
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Figure 2. The schema of the BERT-based pipeline for normalizing adverse drug events to SOC categories. The schema illustrates the end-to-end process for training a BERT model to assign MedDRA System Organ Class (SOC) labels to adverse drug events. Adverse events are first tokenized into sub word units and wrapped with special tokens CLS and SEP. Tokens are transformed into 768-dimensional embeddings and passed through a pretrained BERT model. The resulting contextualized representation is used to predict an SOC label, which is compared with the true SOC to compute a training loss. Gradients are backpropagated for weight updates, and the process iterates until convergence. The pipeline enables fine-tuning of BERT for accurate classification of adverse drug events. 
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Figure 3. Training LOSS values across 100 epochs for the nine BERT-based models. The figure shows the training LOSS values for the nine dataset–annotation combinations described in Figure 1: SMM4H, CADEC, and the combined dataset (“Both”), each prepared in the 3-class (–3), 6-class (–6), or full versions. For each model, LOSS values were recorded across 100 training epochs using a fixed learning rate of 1 × 10−5 and a batch size of 16. LOSS curves showed the model training process and were used to select the number of epochs applied in later analyses. An inset “Epochs 0–16” was used to show the early training phase. 
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Figure 4. Training LOSS values across learning rates for nine BERT-based models. The figure presents the training LOSS values for the nine dataset–annotation combinations described in Figure 1. Each model was trained for 40 epochs with a batch size of 16. Five learning rates were evaluated: 1 × 10−6 (blue), 1 × 10−5 (orange), 5 × 10−5 (green), 1 × 10−4 (red), and 5 × 10−4 (purple). The LOSS curves were used to identify the learning rate applied in subsequent BERT-based model training. 
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Figure 5. Training LOSS values across batch sizes for nine BERT-based models. The figure presents the training LOSS values for the nine dataset–annotation combinations defined in Figure 1. Each model was trained for 40 epochs using a learning rate of 5 × 10−5. Five batch sizes were evaluated and are shown in different colors: 8 (blue), 16 (orange), 32 (green), 64 (red), and 128 (purple). These LOSS curves were used to select the batch size applied in later BERT-based model training. 
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Figure 6. Model performance for holdout evaluations for nine BERT-based models. The figure summarizes model performance for the nine dataset–annotation combinations introduced in Figure 1. For each dataset, 80% of the samples were randomly selected to train a BERT-based model using the selected parameters (40 epochs, batch size 16, and learning rate 5 × 10−5), and the remaining 20% were used for testing. This process was repeated 20 times to obtain reliable performance estimates. The bars represent the mean accuracy, with error bars indicating the standard deviation. 
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Figure 7. Normalized confusion matrices for nine BERT-based models. The figure displays the normalized confusion matrices for the nine dataset–annotation combinations defined in Figure 1. For each model, the x-axis represents the predicted SOC categories, and the y-axis represents the true SOC categories. Each cell value represents the percentage of samples belonging to a given true SOC category that were assigned to each predicted category. The color scale represents these percentage values, ranging from white (0%) to blue (100%). Diagonal cells correspond to correct classifications, while off-diagonal cells represent misclassifications. The matrices were generated by training each model on 80% of the data and evaluating on the remaining 20%, and the results were averaged across 20 repeated holdout evaluations. 
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Table 1. SOC Codes and Detailed Names Ordered by Decreasing Frequency of Annotated SOCs for adverse drug events in SMM4H, CADEC and combined Data.
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	SOC Code
	SOC Name
	ADEs in SMM4H
	ADEs in CADEC
	ADEs in Both





	10018065
	General disorders and administration site conditions
	463
	1295
	1758



	10037175
	Psychiatric disorders
	421
	775
	1196



	10029205
	Nervous system disorders
	316
	471
	787



	10017947
	Gastrointestinal disorders
	89
	627
	716



	10028395
	Musculoskeletal and connective tissue disorders
	87
	1685
	1772



	10022891
	Investigations
	86
	100
	186



	10027433
	Metabolism and nutrition disorders
	58
	7
	65



	10040785
	Skin and subcutaneous tissue disorders
	43
	284
	327



	10021428
	Immune system disorders
	30
	5
	35



	10038738
	Respiratory, thoracic and mediastinal disorders
	22
	144
	166



	10022117
	Injury, poisoning and procedural complications
	19
	44
	63



	10015919
	Eye disorders
	17
	97
	114



	10038604
	Reproductive system and breast disorders
	15
	86
	101



	10047065
	Vascular disorders
	10
	42
	52



	10041244
	Social circumstances
	8
	10
	18



	10007541
	Cardiac disorders
	7
	166
	173



	10038359
	Renal and urinary disorders
	6
	63
	69



	10021881
	Infections and infestations
	5
	6
	11



	10013993
	Ear and labyrinth disorders
	5
	30
	35



	10019805
	Hepatobiliary disorders
	2
	17
	19



	10029104
	Neoplasms benign, malignant and unspecified (incl cysts and polyps)
	2
	2
	4



	10042613
	Surgical and medical procedures
	2
	0
	2



	10077536
	Product issues
	1
	0
	1



	10014698
	Endocrine disorders
	1
	3
	4



	10010331
	Congenital, familial and genetic disorders
	1
	0
	1










 





Table 2. Performance of BERT-based models across datasets and class settings. Values are reported as mean ± standard deviation over 20 repeated holdout evaluations. Confidence intervals (95%) are reported for macro-F1.






Table 2. Performance of BERT-based models across datasets and class settings. Values are reported as mean ± standard deviation over 20 repeated holdout evaluations. Confidence intervals (95%) are reported for macro-F1.





	Model
	Macro-Precision
	Macro-Recall
	Macro-F1
	95% CI (Macro-F1)





	SMM4H-3
	0.76 ± 0.04
	0.76 ± 0.03
	0.76 ± 0.04
	[0.74, 0.78]



	SMM4H-6
	0.78 ± 0.04
	0.77 ± 0.04
	0.77 ± 0.03
	[0.76, 0.79]



	SMM4H
	0.45 ± 0.07
	0.47 ± 0.08
	0.45 ± 0.07
	[0.42, 0.49]



	CADEC-3
	0.94 ± 0.02
	0.94 ± 0.01
	0.94 ± 0.01
	[0.93, 0.95]



	CADEC-6
	0.93 ± 0.01
	0.92 ± 0.01
	0.92 ± 0.01
	[0.92, 0.93]



	CADEC
	0.74 ± 0.08
	0.73 ± 0.09
	0.73 ± 0.08
	[0.69, 0.77]



	Both-3
	0.85 ± 0.01
	0.84 ± 0.01
	0.84 ± 0.01
	[0.84, 0.85]



	Both-6
	0.86 ± 0.02
	0.86 ± 0.01
	0.86 ± 0.01
	[0.85, 0.87]



	Both
	0.62 ± 0.04
	0.59 ± 0.03
	0.60 ± 0.03
	[0.58, 0.61]










 





Table 3. Per-class recall over 20 repeated holdout evaluations. Values are reported as mean ± standard deviation.






Table 3. Per-class recall over 20 repeated holdout evaluations. Values are reported as mean ± standard deviation.


















	SOC
	Support (ADEs)
	SMM4H-3
	CADEC-3
	Both-3
	SMM4H-6
	CADEC-6
	Both-6
	SMM4H
	CADEC
	Both





	10037175
	1196
	0.79 ± 0.06
	0.94 ± 0.02
	0.84 ± 0.03
	0.75 ± 0.06
	0.91 ± 0.03
	0.82 ± 0.04
	0.75 ± 0.07
	0.91 ± 0.04
	0.80 ± 0.03



	10018065
	1758
	0.74 ± 0.08
	0.95 ± 0.02
	0.90 ± 0.03
	0.72 ± 0.08
	0.88 ± 0.02
	0.84 ± 0.03
	0.71 ± 0.10
	0.87 ± 0.02
	0.81 ± 0.03



	10029205
	787
	0.76 ± 0.06
	0.93 ± 0.04
	0.78 ± 0.04
	0.74 ± 0.06
	0.91 ± 0.04
	0.75 ± 0.04
	0.73 ± 0.07
	0.89 ± 0.04
	0.74 ± 0.03



	10017947
	716
	
	
	
	0.78 ± 0.11
	0.90 ± 0.04
	0.87 ± 0.03
	0.71 ± 0.16
	0.87 ± 0.05
	0.84 ± 0.04



	10028395
	1772
	
	
	
	0.84 ± 0.11
	0.95 ± 0.02
	0.95 ± 0.02
	0.78 ± 0.12
	0.94 ± 0.02
	0.93 ± 0.01



	10022891
	186
	
	
	
	0.82 ± 0.13
	0.98 ± 0.04
	0.93 ± 0.05
	0.78 ± 0.14
	0.89 ± 0.09
	0.84 ± 0.08



	10027433
	65
	
	
	
	
	
	
	0.73 ± 0.11
	0.85 ± 0.37
	0.59 ± 0.16



	10040785
	327
	
	
	
	
	
	
	0.72 ± 0.21
	0.89 ± 0.04
	0.87 ± 0.04



	10038738
	166
	
	
	
	
	
	
	0.89 ± 0.15
	0.93 ± 0.07
	0.92 ± 0.08



	10022117
	63
	
	
	
	
	
	
	0.77 ± 0.27
	0.65 ± 0.20
	0.70 ± 0.11



	10015919
	114
	
	
	
	
	
	
	0.68 ± 0.20
	0.90 ± 0.07
	0.87 ± 0.07



	10038604
	101
	
	
	
	
	
	
	0.28 ± 0.30
	0.85 ± 0.12
	0.79 ± 0.11



	10047065
	52
	
	
	
	
	
	
	0.10 ± 0.21
	0.68 ± 0.20
	0.59 ± 0.19



	10021428
	35
	
	
	
	
	
	
	0.72 ± 0.34
	0.15 ± 0.37
	0.55 ± 0.27



	10041244
	18
	
	
	
	
	
	
	0.10 ± 0.31
	0.45 ± 0.51
	0.30 ± 0.38



	10007541
	173
	
	
	
	
	
	
	0.40 ± 0.50
	0.79 ± 0.10
	0.75 ± 0.09



	10038359
	69
	
	
	
	
	
	
	0.50 ± 0.51
	0.92 ± 0.11
	0.83 ± 0.12



	10021881
	11
	
	
	
	
	
	
	0.20 ± 0.41
	0.35 ± 0.49
	0.25 ± 0.26



	10013993
	35
	
	
	
	
	
	
	0.05 ± 0.22
	0.72 ± 0.20
	0.62 ± 0.17



	10019805
	19
	
	
	
	
	
	
	1.00 ± 0.00
	0.83 ± 0.23
	0.88 ± 0.13



	10042613
	2
	
	
	
	
	
	
	0.05 ± 0.22
	0.10 ± 0.31
	0 ± 0



	10029104
	4
	
	
	
	
	
	
	0 ± 0
	0.75 ± 0.44
	0 ± 0



	10077536
	1
	
	
	
	
	
	
	0 ± 0
	
	0 ± 0



	10010331
	1
	
	
	
	
	
	
	0 ± 0
	
	0 ± 0



	10014698
	4
	
	
	
	
	
	
	0 ± 0
	
	0.38 ± 0.22










 





Table 4. Per-class precision over 20 repeated holdout evaluations. Values are reported as mean ± standard deviation.






Table 4. Per-class precision over 20 repeated holdout evaluations. Values are reported as mean ± standard deviation.


















	SOC
	Support (ADEs)
	SMM4H-3
	CADEC-3
	Both-3
	SMM4H-6
	CADEC-6
	Both-6
	SMM4H
	CADEC
	Both





	10037175
	1196
	0.78 ± 0.05
	0.93 ± 0.03
	0.85 ± 0.03
	0.78 ± 0.05
	0.92 ± 0.03
	0.84 ± 0.03
	0.77 ± 0.07
	0.91 ± 0.04
	0.81 ± 0.03



	10018065
	1758
	0.76 ± 0.05
	0.95 ± 0.01
	0.88 ± 0.02
	0.71 ± 0.05
	0.89 ± 0.03
	0.84 ± 0.02
	0.69 ± 0.06
	0.88 ± 0.04
	0.81 ± 0.03



	10029205
	787
	0.75 ± 0.07
	0.94 ± 0.04
	0.81 ± 0.03
	0.71 ± 0.07
	0.91 ± 0.04
	0.79 ± 0.04
	0.64 ± 0.05
	0.88 ± 0.04
	0.74 ± 0.04



	10017947
	716
	
	
	
	0.80 ± 0.09
	0.91 ± 0.03
	0.87 ± 0.04
	0.71 ± 0.13
	0.87 ± 0.04
	0.86 ± 0.04



	10028395
	1772
	
	
	
	0.82 ± 0.12
	0.94 ± 0.01
	0.93 ± 0.02
	0.73 ± 0.09
	0.93 ± 0.01
	0.91 ± 0.02



	10022891
	186
	
	
	
	0.87 ± 0.10
	0.99 ± 0.02
	0.93 ± 0.05
	0.77 ± 0.10
	0.90 ± 0.07
	0.87 ± 0.06



	10027433
	65
	
	
	
	
	
	
	0.75 ± 0.13
	0.69 ± 0.38
	0.62 ± 0.10



	10040785
	327
	
	
	
	
	
	
	0.78 ± 0.15
	0.90 ± 0.05
	0.84 ± 0.05



	10038738
	166
	
	
	
	
	
	
	0.91 ± 0.14
	0.94 ± 0.06
	0.88 ± 0.07



	10022117
	63
	
	
	
	
	
	
	0.63 ± 0.23
	0.65 ± 0.16
	0.56 ± 0.12



	10015919
	114
	
	
	
	
	
	
	0.76 ± 0.21
	0.96 ± 0.06
	0.90 ± 0.08



	10038604
	101
	
	
	
	
	
	
	0.30 ± 0.37
	0.87 ± 0.11
	0.80 ± 0.11



	10047065
	52
	
	
	
	
	
	
	0.12 ± 0.28
	0.69 ± 0.21
	0.62 ± 0.16



	10021428
	35
	
	
	
	
	
	
	0.78 ± 0.34
	0.15 ± 0.37
	0.72 ± 0.28



	10041244
	18
	
	
	
	
	
	
	0.10 ± 0.31
	0.38 ± 0.46
	0.23 ± 0.32



	10007541
	173
	
	
	
	
	
	
	0.29 ± 0.41
	0.77 ± 0.09
	0.64 ± 0.08



	10038359
	69
	
	
	
	
	
	
	0.37 ± 0.42
	0.87 ± 0.10
	0.81 ± 0.11



	10021881
	11
	
	
	
	
	
	
	0.15 ± 0.33
	0.25 ± 0.38
	0.28 ± 0.36



	10013993
	35
	
	
	
	
	
	
	0.05 ± 0.22
	0.92 ± 0.16
	0.90 ± 0.20



	10019805
	19
	
	
	
	
	
	
	1.00 ± 0.00
	1.00 ± 0.00
	0.93 ± 0.11



	10042613
	2
	
	
	
	
	
	
	0.05 ± 0.22
	0.10 ± 0.31
	0 ± 0



	10029104
	4
	
	
	
	
	
	
	0 ± 0
	0.72 ± 0.44
	0 ± 0



	10077536
	1
	
	
	
	
	
	
	0 ± 0
	
	0 ± 0



	10010331
	1
	
	
	
	
	
	
	0 ± 0
	
	0 ± 0



	10014698
	4
	
	
	
	
	
	
	0 ± 0
	
	0.72 ± 0.44










 





Table 5. Per-class F1 score over 20 repeated holdout evaluations. Values are reported as mean ± standard deviation.






Table 5. Per-class F1 score over 20 repeated holdout evaluations. Values are reported as mean ± standard deviation.


















	SOC
	Support (ADEs)
	SMM4H-3
	CADEC-3
	Both-3
	SMM4H-6
	CADEC-6
	Both-6
	SMM4H
	CADEC
	Both





	10037175
	1196
	0.78 ± 0.04
	0.93 ± 0.02
	0.84 ± 0.02
	0.76 ± 0.04
	0.92 ± 0.02
	0.83 ± 0.03
	0.75 ± 0.05
	0.91 ± 0.03
	0.80 ± 0.02



	10018065
	1758
	0.75 ± 0.05
	0.95 ± 0.01
	0.89 ± 0.02
	0.71 ± 0.05
	0.88 ± 0.02
	0.84 ± 0.02
	0.70 ± 0.07
	0.87 ± 0.02
	0.81 ± 0.02



	10029205
	787
	0.75 ± 0.05
	0.94 ± 0.02
	0.80 ± 0.02
	0.72 ± 0.06
	0.91 ± 0.02
	0.77 ± 0.02
	0.68 ± 0.04
	0.88 ± 0.03
	0.74 ± 0.03



	10017947
	716
	
	
	
	0.78 ± 0.09
	0.91 ± 0.03
	0.87 ± 0.03
	0.70 ± 0.13
	0.87 ± 0.03
	0.85 ± 0.02



	10028395
	1772
	
	
	
	0.82 ± 0.09
	0.95 ± 0.01
	0.94 ± 0.01
	0.75 ± 0.09
	0.93 ± 0.01
	0.92 ± 0.01



	10022891
	186
	
	
	
	0.83 ± 0.08
	0.98 ± 0.02
	0.93 ± 0.03
	0.77 ± 0.10
	0.89 ± 0.06
	0.85 ± 0.04



	10027433
	65
	
	
	
	
	
	
	0.73 ± 0.10
	0.74 ± 0.36
	0.60 ± 0.12



	10040785
	327
	
	
	
	
	
	
	0.73 ± 0.15
	0.89 ± 0.03
	0.85 ± 0.03



	10038738
	166
	
	
	
	
	
	
	0.88 ± 0.11
	0.93 ± 0.04
	0.90 ± 0.05



	10022117
	63
	
	
	
	
	
	
	0.68 ± 0.22
	0.65 ± 0.17
	0.62 ± 0.10



	10015919
	114
	
	
	
	
	
	
	0.69 ± 0.16
	0.93 ± 0.05
	0.88 ± 0.06



	10038604
	101
	
	
	
	
	
	
	0.27 ± 0.30
	0.85 ± 0.09
	0.79 ± 0.08



	10047065
	52
	
	
	
	
	
	
	0.11 ± 0.22
	0.67 ± 0.17
	0.59 ± 0.15



	10021428
	35
	
	
	
	
	
	
	0.71 ± 0.30
	0.15 ± 0.37
	0.59 ± 0.22



	10041244
	18
	
	
	
	
	
	
	0.10 ± 0.31
	0.40 ± 0.47
	0.24 ± 0.30



	10007541
	173
	
	
	
	
	
	
	0.32 ± 0.43
	0.77 ± 0.07
	0.69 ± 0.06



	10038359
	69
	
	
	
	
	
	
	0.41 ± 0.44
	0.89 ± 0.08
	0.82 ± 0.09



	10021881
	11
	
	
	
	
	
	
	0.17 ± 0.35
	0.28 ± 0.41
	0.25 ± 0.27



	10013993
	35
	
	
	
	
	
	
	0.05 ± 0.22
	0.78 ± 0.15
	0.72 ± 0.15



	10019805
	19
	
	
	
	
	
	
	1.00 ± 0.00
	0.89 ± 0.16
	0.89 ± 0.08



	10042613
	2
	
	
	
	
	
	
	0.05 ± 0.22
	0.10 ± 0.31
	0 ± 0



	10029104
	4
	
	
	
	
	
	
	0 ± 0
	0.73 ± 0.44
	0 ± 0



	10077536
	1
	
	
	
	
	
	
	0 ± 0
	
	0 ± 0



	10010331
	1
	
	
	
	
	
	
	0 ± 0
	
	0± 0



	10014698
	4
	
	
	
	
	
	
	0 ± 0
	
	0.49 ± 0.29
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