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Abstract
Quality defects in substandard medicines represent a threat to public health. Rapid 
and accurate identification of these defects is critical to prioritise the cases and 
implement regulatory measures. However, the development of surveillance systems 
to classify reports of health product defects remains a largely unmet need in 
medicine safety monitoring. The objective of this study is to implement an AI 
system to support the classification and prioritization of health product defect 
reports. To develop a deep learning system for the classification of health product 
defect reports, 13,830 reports collected between 2010 and 2021 were used. The 
reports were labelled by a panel of pharmacovigilance experts into 21 categories 
following standardised medical terminology. Our system harnesses state-of-the-art 
language algorithms that extract rich textual features to classify the reports. The 
functionality of the system is enhanced with explainable features that provide 
interpretability and actionable insights to decision-makers. Our system achieves 
top-1, top-2, and top-3 accuracies of 86%, 93%, and 96%, respectively. There is a 
statistically significant positive correlation between sample size and top-1 
(Pearson’s r: 0.643; 95% CI: [0.2921, 0.8411]; p-value: 0.0016), top-2 (Pearson’s r: 
0.735; 95% CI: [0.4439, 0.8856]; p-value: 0.0001), and top-3 (Pearson’s r: 0.635; 
95% CI: [0.2808, 0.8374]; p-value: 0.0020) performance metrics. Likewise, model 
accuracy is positively correlated with confidence scores (Pearson’s r: 0.927; 95% CI: 
[0.8253, 0.9703]; p-value <0.00001). A feature analysis reveals that the most 
influential words in model decision are conceptually and semantically related to 
their respective product defect categories. Our model has been validated with 
prospective data. The developed classification system allows for standardisation in 
case triage, and potentially improves case prioritisation and processing workflows, 
leading to more prompt response for quality defects with high public health impact.

Keywords
Deep Learning, Drug Safety, Health Information Management, Health Product 
Defects, Large Language Model (LLM), Medical Dictionary for Regulatory Activities 
(MedDRA)

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS

mailto:vicente.enrique@synapxe.sg


Introduction
Post-marketing defects in health products represent potential threats to public 
health due to lack of quality, safety, and/or efficacy1. The magnitude and impact of 
such defects is illustrated by the fact that in fiscal year 2022, the FDA classified 343 
recall events relating to more than 1,500 violative drug products, including 64 that 
were potentially life-threatening2. Timely understanding and diagnosis of the nature 
of issue and root cause of defects, especially those that can potentially lead to 
adverse events, can guide effective regulatory oversight, enabling more risk-
appropriate corrective and preventive measures to be taken, and hence 
safeguarding public health and safety. In Singapore, the Health Sciences Authority 
(HSA) is the national authority that regulates and monitors the post-market safety 
of health products to safeguard public health. Besides monitoring the spontaneous 
adverse event reports from healthcare professionals, the HSA Vigilance and 
Compliance Branch routinely receives product defect reports associated with 
substandard medicines from multiple sources and assigns them a priority level 
based on the nature of the defect and the potential risk to public health. To classify 
the nature of product defects and facilitate priority review, HSA has adapted 
Medical Dictionary for Regulatory Activities (MedDRA) terminology, a standardised 
collection of medical terms created by the International Council for Harmonisation 
of Technical Requirements for Pharmaceuticals for Human Use (ICH) to facilitate the 
reporting of health product defect issues and used by health regulators 
internationally to exchange information3. HSA has developed a customised list of 
MedDRA terms that encompass the various types of product defect reports 
received, denoted as MedDRA-HSA4. MedDRA-HSA terms are hierarchically 
structured into Highest Level (HLT), Preferred (PT), and Lowest Level (LLT) terms. 
LLT provide the finest granularity and therefore the highest specificity to categorise 
a product quality issue. There are a total of 30 MedDRA-HSA LLT terms grouped into 
high, medium, and low severity categories based on their estimated impact to 
public health (Supplementary Table S1). Identifying the correct MedDRA-HSA term is 
a critical decision-making checkpoint as it determines the priority of each case for 
subsequent intervention4. Currently, HSA vigilance officers perform manual review 
of reports to determine the nature of the defects. This process is laborious and time-
consuming due to both complexity and workload. There is also potential for 
inconsistency in classifying the reports given the subjectivity in case assessment, 
which may delay the detection of high-priority cases and have negative 
downstream consequences.
Artificial intelligence (AI) is emerging as a powerful decision support tool to enhance 
clinical workflows5. In recent years, advances in NLP research have led to significant 
progress in natural language understanding (NLU) and generation (NLG), largely 
enabled by the rise of a novel attention-based neural network, the transformer6. 
Transformers bring two major advantages over previous architectures: 1) 
Computational efficiency; and 2) Ability to capture long distance dependencies7–9. 
Transformers surpass traditional Recurrent Neural Networks (RNNs) and 
probabilistic models achieving state-of-the-art (SOTA) performance in multiple NLP 
tasks6,10–18. Since their inception, a progressive escalation in transformers size has 
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led to the emergence of large language models (LLMs) or foundation models19,20. 
Typically, LLMs are pre-trained with vast amounts of text corpora12,13,16 and 
subsequently fine-tuned with domain-specific data21,22. One of the most successful 
and broadly studied foundation models is Bidirectional Encoder Representations 
from Transformers (BERT)23. BERT was originally pre-trained on two NLP tasks: 
Masked Language Modeling (MLM), where it predicts hidden words in a sentence, 
and Next Sentence Prediction (NSP), where it determines if two sentences follow 
each other in the original text, enabling it to learn deep contextual understanding 
for various NLP tasks. BERT has been thereafter extensively fine-tuned by 
researchers in the biomedical, communication, acoustics, linguistics, education, and 
legal domains24–38. Among other innovations, BERT introduced the special token 
[CLS], which captures global feature representations of documents and can be used 
for text classification. The base configuration of BERT comprises 12 attention layers 
and 110M parameters23. An advantage of BERT base over other foundation models 
is its relatively lightweight size and high performance39–41.
Despite its proven success, the fine-tuning paradigm requires considerable compute 
power and storage capacity. More recent strategies leverage on conditioning a pre-
trained frozen model to perform a task by providing a few demonstrations (few shot 
learning)42 or by reformulating the task as a cloze question (zero shot learning)43,44. 
In the past these frameworks have been successfully applied to LLMs12,13,16 and 
more recently have been adapted to smaller LMs45,46. In context conditioning, a 
short sequence of tokens, or prompt, is prepended to the input sequence to query a 
pre-trained model with the aim of extracting factual knowledge47. Prompt 
embeddings are learnt during training while keeping the rest of the model 
parameters frozen48,49. Furthermore, prompts can be prepended to all the layers of 
a transformer model (deep prompts)50,51. Notably, deep prompt tuning has been 
shown to achieve comparable results to fine-tuning across NLP tasks and model 
scales52.
The purpose of this study was to develop and characterise an AI system to classify 
reports of health product quality defects using MedDRA-HSA terminology. The 
system is designed as a decision support tool, rather than a fully automated system, 
to reduce manual labour, assist officers with case prioritization, and accelerate 
regulatory intervention to protect public health. We selected a BERT-based 
architecture due to its lightweight and ability to extract long term syntactic and 
semantic dependencies7–9 compared to less efficient RNNs18,53. Related work using 
AI to predict MedDRA terms focused on the identification of adverse drug reactions 
(ADRs) rather than medical product defects. One study developed a rule-based 
scoring system to classify ADRs based on word matching54. This system is only 
suitable for very short descriptions of up to 20 characters and loses accuracy for 
longer narratives. In addition, rule-based systems fail to capture contextual 
information, word derivations, and do not adapt to changes in data patterns. Two 
more recent studies adopted MedDRA terminology to identify ADRs from drug 
labels55 or patients’ reports56 using machine learning and deep learning. These 
methods achieve higher performance than rule-based algorithms. However, the 
machine learning methods rely on sparse term frequency features that omit richer 
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contextual information, while the deep learning architectures chosen (CNNs and 
RNNs) are inferior to transformers in retaining long range dependencies18.
While previous work to identify ADRs showed promising results, automated 
classification of product defect reports following MedDRA terminology remains an 
unmet need for drug regulators. In contrast to previous literature, our study 
implemented an AI system to assists drug regulators in classifying the nature of 
health product quality issues in documents using text-based case descriptions. In 
addition, this work brings 3 additional advances: 1) The implementation of an 
efficient transformer-based architecture; 2) The enhancement of fine-tuning 
performance with prompt-based learning; 3) The provision of explainability features 
to assist officers in case review and decision-making. Our system achieves top-1 
accuracy of 86% on the classification of the 21 most common categories of 
MedDRA-HSA product defects, which represent 99.2% of all cases. We show that the 
model can be custom-tuned to further increase its accuracy and recall. Due to its 
lightweight the model is easily transferable to domain-related tasks and deployable 
as a web application or API.
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Results
Performance evaluation
Overall performance
In order to develop robust text classifiers that captures contextual information to 
classify medical product defect alerts into the 21 most common MedDRA-HSA 
terms, we implemented a deep learning model using a backbone transformer 
architecture (BERT base) as feature extractor and adapting it to a sequence 
classification task (Methods). We call our fine-tuned model MedDefects-BERT. 
MedDefects-BERT achieved a top-1 accuracy (across all 21 MedDRA-HSA terms) of 
86%, a macro F1 score of 72%, and a macro average Recall of 72% in the test set 
(Table 1). MedDefects-BERT outperformed two baseline probabilistic classifiers that 
rely only on the distribution of MedDRA-HSA terms in the training dataset (Wilcoxon 
signed-rank test; p-value <0.00001) and on word frequency counts (Wilcoxon 
signed-rank test; p-value <0.00001) (Supplementary Table S2). Notably, 
MedDefects-BERT outperformed two BERT models specialised in the clinical domain 
[Bio_ClinicalBERT (Wilcoxon signed-rank test; p-value: 0.0385) and 
Bio_Discharge_Summary_BERT (Wilcoxon signed-rank test; p-value: 0.0434)] and 
matched the performance of one BERT model specialised in the scientific domain 
[SciBERT (Wilcoxon signed-rank test; p-value: 0.395)] fine-tuned with identical 
methodology (Supplementary Table S3), indicating no additional benefit of using 
specialist BERT models over BERT-base as the initial checkpoint for fine-tuning.
Positive and negative performance
To assess the effect of the variety and number of reports on the positive and 
negative performance of MedDefects-BERT during batch inference, we conducted 
two spiking experiments. In the experiments we randomly sampled subsets of 1) 
the 21 MedDRA-HSA terms; and 2) the 5 sources of product defect reports used in 
this study from the test dataset and subsequently injected them with positive or 
negative samples of each group. We then computed the accuracy score for each 
group pre and post-spiking (Methods). Supplementary Tables S4 and S5 show that 
there are no statistically significant differences in the performance of the 
classification system across the 21 classes of product defects before and after 
spiking the test data with positive samples or across the 5 sources of reports before 
and after spiking the test data with positive samples and negative samples. In 
addition, there is a statistically significant increase in model performance across the 
MedDRA-HSA terms (+6% average accuracy increment) after spiking the test data 
with negative samples. These findings indicate that the positive and negative 
performance of MedDefects-BERT is not affected by the diversity and quantity of 
MedDRA-HSA classes or report sources during batch inference.
Top-k multi-label performance
In health product defect prioritisation, missing high impact cases (type II errors) is 
more critical than overrating low impact ones (type I errors). In addition, product 
defects may not always belong to a unique MedDRA-HSA label, but suit multiple 
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categories. Therefore, in a decision support scenario, it may be more effective to 
suggest more than one defect category to the surveillance officer. Although this 
approach increases ambiguity, it minimises the chances of type II errors with little 
impact on the workflow. When considering the 3 most probable MedDRA-HSA terms 
predicted by the model, top-3 accuracy increased to 96%, macro F1 score to 92%, 
and macro average Recall to 91% (Table 1).
At a lower granularity level, the model identified “Product adulterated and/or 
contains prohibited substance” with the highest top-1 F1 score (95%) and “Product 
label/leaflet issues NOT impacting strength, dose and/or safety” with the lowest 
(27%). This disparity is likely caused by the skewed distribution of samples across 
MedDRA-HSA terms in the development and test sets (Table 2). We found a 
statistically significant positive correlation between the sample size in the 
development set and the top-1 (Pearson’s r: 0.643; 95% CI: [0.2921, 0.8411]; p-
value: 0.0016), top-2 (Pearson’s r: 0.735; 95% CI: [0.4439, 0.8856]; p-value: 
0.0001), and top-3 (Pearson’s r: 0.635; 95% CI: [0.2808, 0.8374]; p-value: 0.0020) 
macro F1 scores achieved in the test set (Fig. 1a; Supplementary Table S6), 
suggesting that collection of more samples from the minority classes would 
presumably improve class-specific and overall model performance. Remarkably, 
top-3 predictions increased the F1 scores above 70% across all MedDRA categories 
irrespective of sample size, significantly improving the model robustness to 
correctly identify product defect reports.
Error analysis
An error analysis revealed 4 possible causes for 93.5% of the misclassified reports 
while the remaining 6.5% remain unclear (Table 3). The majority of errors (50.6%) 
may be attributed to the presence of keywords that are strongly associated with 
certain MedDRA terms other than the ground truth. Other possible sources of error 
include potential class label overlap (24.2%), multi-defect reports (10.0%), and 
incomplete defect description (8.7%). A common example of case misclassification 
is distinguishing between “Contamination with chemical substance” and “Product 
adulterated and/or contain prohibited substance”. “Adulteration" involves the 
deliberate, often illicit, modification of a product's content, whereas "contamination 
with chemical substance" is often the undesired presence of chemical substances in 
the product that were not intended to be present. For example, a vitamin & mineral 
supplement was reported to contain beta-phenyl-gamma-aminobutyric-acid. There 
was insufficient information at the initial receipt of the report to determine whether 
the contamination was deliberate or unintended. In this case, our tool predicted the 
nature of issue label to be "Product adulterated and/or contains prohibited 
substance", where in fact the correct label was “Contamination with chemical 
substance” as it was not an illicit activity. More details on the various categories of 
misclassified cases and some common examples are available in Table 3. 
Collectively, this analysis supports the multilabel view, where multiple rather than a 
unique MedDRA term may be assigned to each report.
Thresholding analyses
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Classification models output a confidence score associated to each class label as a 
probability distribution over all classes. Fig. 1b shows the median confidence score 
of the most probable MedDRA-HSA label predicted by the model as a function of the 
F1 score across the 21 labels. In general, MedDRA-HSA terms with higher rate of 
misclassification errors (lower F1 score) were predicted with lower confidence 
scores and vice-versa. This correlation is statistically significant (Pearson’s r: 0.927; 
95% CI: [0.8253, 0.9703]; p-value <0.00001) (Supplementary Table S6), indicating 
that higher confidence predictions are more likely to be correct. Fig. 1c, shows the 
distribution of the confidence scores for each class label on the test set for correctly 
classified and misclassified samples. In general, misclassified cases were predicted 
with lower confidence than correctly classified cases in the 18 MedDRA categories 
with the highest F1 scores. This observation suggest that confidence thresholds 
may be effective to augment prediction accuracy.
Medical product defects can be grouped into multiple levels of severity based on 
their potential impact to public health (Table 2). When deploying an AI model for 
decision support in regulatory settings, it is crucial to maximise the recall of high 
impact cases. This objective can be attained by setting lower bound probability 
thresholds to the model confidence scores. Predictions with a probability below the 
threshold are annotated as “uncertain” whereas the rest (“certain”) are annotated 
with the predicted product defect class. This strategy increases prediction accuracy 
at the cost of increasing uncertainty. To ascertain the effect of increasing 
confidence thresholds on the model accuracy and recall, we performed a threshold 
analysis. Fig. 1d shows the top-1 accuracy, macro F1-score, Precision, Recall (of 
both total and above-threshold predictions), and the fraction of uncertain cases as a 
function of confidence threshold. A threshold of 0.78 increased top-1 accuracy to 
91%, macro average F1 score to 76%, and macro average Recall to 76% while only 
returning 14.3% of all cases as uncertain (Table 1), thus maximising the recall over 
the certain cases and keeping the uncertainty rate low. This parameter can be 
tuned to attain a tolerable trade-off between performance and uncertainty.
Performance validation with prospective data
Our system development is retrospective in nature, since only historical records 
were used for both training and validation. As such, any model developed using 
historical data and implemented for future predictions is at risk of data and concept 
drifts. To measure the potential impact of data and/or concept drifts in the 
performance of our system, we tested the performance of MedDefects-BERT with a 
dataset of reports collected prospectively. MedDefects-BERT showed comparable 
accuracy on the prospective and retrospective datasets, with no significant 
differences in metrics across product defect categories (Supplementary Table S7). 
This finding indicates that our model is robust to potential changes in data 
distribution or that no significant drifts occurred in the prospective data.
Interpretability analysis
A) Global feature analysis
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Deep learning models extract dense features that capture rich and complex 
dependencies between text entities7–9 and thus achieve higher performance in NLU 
tasks than bag-of-words (BOW) and other probabilistic models, which only capture 
statistical features. In particular, BERT models represent documents as 768-feature 
vectors that can be used for downstream NLP tasks, such as classification23. In order 
to visualise the features extracted by MedDefects-BERT, we projected the 
multidimensional representations of 8 classes of documents from the development 
set into a lower 2-dimensional space using the Uniform Manifold Approximation and 
Projection (UMAP) algorithm57 (Methods). Fig. 2 shows that the 8 categories of 
product defects cluster in distinct regions of the vector space, confirming that 
MedDefects-BERT extracts distinct features that are suitable to discriminate 
between unrelated MedDRA terms. In addition, misclassified documents are 
projected outside the boundaries of their ground truth cluster. These findings 
provide insights into the model misclassification errors and can potentially be 
helpful to further improve model accuracy, for example by refining the pre-
processing pipeline to obtain more consistent vector representations of documents 
within each class.
B) Local feature analysis
The UMAP analysis provides an explanation for the misclassification based on global 
(document-level) features extracted by the model but does not take into 
consideration local (i.e. word-level) features. Moreover, dense vector 
representations of documents are not directly interpretable, and consequently 
actionable, by humans. To investigate the importance of individual tokens to the 
model outputs, we conducted a SHapley Additive exPlanations (SHAP) analysis58 of 
MedDefects-BERT (Methods). Table 4 displays a global summary of the top-10 
tokens with the highest average Shapley values in each class. Overall, the most 
important tokens for each class appear to be conceptually and semantically 
correlated to their respective MedDRA terms. For example, the words ‘fungi’, 
‘transmission’, and ‘variant’ are among the top 10 most influential terms to classify 
a product defect report as ‘Contamination with microbes’ (High severity), the words 
‘sediment’, ‘precipitation’, and ‘deposit’ as ‘Product deposit’ (Medium severity), and 
the words ‘shaved’, ‘squash’, and ‘oversized’ as ‘Product physical issue’ (Low 
severity). This analysis provides a high-level explanation for the model decision-
making factors.
In addition to the global summary, SHAP analysis also provides instance-level 
explanations of the model predictions that can be easily verified and actioned by 
domain experts. The analysis highlights the importance of each token in a particular 
document by a colour gradient and displays a force plot that ranks the contributions 
of all tokens to the final classification output. Fig. 3 displays the SHAP analysis of a 
single instance in the test dataset. Consistent with the expectations of the 
transformer architecture, the SHAP analysis illustrates how MedDefects-BERT not 
only attends to individual tokens, as probabilistic models do, but also to richer 
contextual information. The provision of explainable features that are intelligible to 
humans can assist officers to quickly verify the model decisions. Therefore, this 
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explainability analysis provides the end-user with a friendly interface for human-
machine interaction and a visualisation tool for rapid decision making.
Model improvement
With the aim of improving the performance of MedDefects-BERT, we further tuned 
the model to learn deep prompts, while freezing the rest of the model parameters. 
We call the resulting model MedDefects-DPT-BERT. Notably, this refinement 
increased the F1 score of the model in 12 out of 21 categories, while decreased the 
score in only 6 (Table 1). Our findings indicate that fine-tuning and prompt-tuning 
are not mutually exclusive strategies but can used in combination to synergise 
outcomes of small language models.
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Discussion
The ISO Identification of Medicinal Product (IDMP) and the Global Substance 
Registration System (GSRS) are extraordinary resources developed to help identify 
and accommodate all of the substances found in global commerce. The goal of such 
projects is to help facilitate the understanding of the relationships between 
substances and products from a quality, safety, and drug utilization perspective 
throughout the world. This knowledge can be useful to help identify and avoid 
manufacturing defects from re-occurring around the world59. In this study, we have 
developed and validated a deep learning model to identify the 21 most common 
classes of health product defects in company reports and regulatory alerts following 
standardised MedDRA terminology.  
The observed correlation between sample size and F1 score helps to elucidate the 
minimum number of cases required to develop a model with a target performance. 
For example, Fig. 1a shows that if the target was to achieve a top-1 F1 score of 80% 
or above in a particular MedDRA-HSA category, the required number of samples 
would be around 1000, whereas for a top-3 equivalent performance, a relatively 
small set of 50 reports would suffice. These insights can guide future data collection 
efforts by prioritising the most relevant class labels where misclassification errors 
are more critical.
The strong correlation between confidence and F1 score enables to gauge the 
reliability in individual model predictions and to set up acceptability criteria for 
further scrutiny by human experts. For example, Fig. 1b shows that, on average, to 
achieve a top-1 F1 score of 80% or above, confidence scores should be around 0.90. 
The thresholding analysis in Fig. 1d supports this claim: Rising the confidence 
threshold increases the accuracy of the model outputs at the cost of growing 
uncertainty, i.e., the number of predictions that do not pass the confidence 
acceptability criteria, and therefore requires deeper human intervention. These 
findings inform on the selection of adequate cut-off values to meet desired 
reliability targets with an acceptable level of incertitude.
Related studies have developed models to identify ADRs for pharmacovigilance use-
cases54–56,60. The scope of these studies is different from the present one as they 
perform token-level classification tasks to extract the segments of text that contain 
mentions to ADRs. In contrast, the goal of our study was to develop a document-
level classifier of product defect reports using MedDRA terminology. From a 
technical perspective, previous studies focused on rule-based, regex, or machine 
learning algorithms. Those algorithms have the limitations of being restricted to 
human defined rules or to simple text representations, such as term frequency 
features. Subsequent studies implemented more sophisticated RNNs to capture 
richer contextual features. However, the performance of those models degrades 
with sequence length due to the inability of those features to retain long distance 
dependencies18. By contrast, our study took advantage of the more optimised 
transformer architecture, which extracts far reaching dependencies via an attention 
mechanism and is computationally more efficient, delivering SOTA results across 
NLP tasks and domains24–38. By adapting the transformer architecture to a 
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classification task and applying transfer learning61, we could fine-tune our model 
efficiently. 
To better understand the underlying reasons behind the model correctness and 
errors, we investigated the properties of the feature vectors extracted by the 
transformer backbone. A document-level analysis revealed that correct and 
erroneous predictions can be explained by the topology of the corresponding vector 
representations in a multidimensional space. While correctly classified reports 
within the same MedDRA label tend to cluster together, misclassified ones deviate 
significantly from their expected regions. This analysis indicates that for 
misclassified documents, the model failed to extract features which are congruent 
to other documents within the same label. This phenomenon may be attributed to 
three main (not mutually exclusive) reasons. First, the contents of the misclassified 
document are substantially different from those of other documents from the same 
category, making it an intra-class outlier. Second, the sample size of the MedDRA 
label to which the misclassified document belongs is not sufficiently large for the 
model to learn features that can be generalised to the entire class. Limited training 
data can lead to biased classifications, whilst evolving language patterns and 
domain-specific terminology may not be adequately represented in the model's 
knowledge base. Third, the model fails to properly extract features from the 
misclassified document due to intrinsic limitations, such as input size or vocabulary 
repertoire. Furthermore, models may struggle with nuanced language, context-
dependent meanings, or ambiguous phrasings that humans could interpret 
accurately with sufficient context and experience. These factors may result in 
content being incorrectly classified. The first two limitations may be addressed by 
collecting a wider variety of samples from the minority classes, thus enabling the 
model to learn more generalizable embeddings during training. The third limitation 
may be addressed by further improving the processing pipeline to extract more 
consistent vector representations of documents within each class.
Deep learning model predictions are complex to interpret solely in terms of the 
corresponding feature outputs. In decision support set-ups, it is generally more 
useful to understand model predictions in terms of the actual input data, rather 
than the intermediate or the final feature maps. Our system provides a user-friendly 
explainability tool that highlights the individual tokens and segments the input text 
with a colour gradient according to their positive or negative influence in the final 
model decision. These explanations can be easily contrasted by domain experts to 
verify the validity of the model predictions. This tool adds interpretability and 
insights for the officers to make more expedite and informed decisions. Indeed, a 
global analysis revealed that the most important tokens for the classification of the 
21 MedDRA-HSA terms considered in this study are semantically and conceptually 
associated with their corresponding class labels. This finding reinforces the notion 
that during fine-tuning the model learns word embedding representations that are 
both individually and contextually suitable for the task of classifying product defect 
reports.
Fine-tuning is currently the most widely used approach to adapt pre-trained 
language models to domain-specific tasks. However, more recent strategies rely on 

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



conditioning frozen language models with a prompt to perform a task13,44. One such 
strategy is prompt tuning, which consists in learning the optimal prompt 
embeddings for a specific task while keeping the rest of the model parameters 
frozen48,49. An improved variation of this methodology is deep prompt tuning, where 
a prefix is prepended to all model layers and not just the input layer50–52. Empirical 
evidence shows that prompt tuning and deep prompt tuning achieve comparable 
performance to fine-tuning for moderate to large language models (330M 
parameters and above) in multiple NLP tasks52,62. However, the effectiveness of 
prompt tuning for smaller language models such as BERT base (110M parameters) 
and complex multiclass classification tasks (> 20 classes) has not been tested 
experimentally. Although prompt-based learning is typically used as an alternative 
to fine-tuning, we show that, in combination, both strategies can synergise to 
deliver superior outcomes. In our case, model performance was enhanced by 
prepending learnable soft prompts to all the model layers. Our MedDefects-DPT-
BERT model surpassed the prediction accuracy of MedDefects-BERT in 12 out of 21 
MedDRA categories and improved the macro average recall to 73%. Our 
experiments demonstrate that lightweight fine-tuned models, such as BERT base, 
can be successfully conditioned with deep prompts to achieve higher performance.
Despite its high accuracy, our model is susceptible to further revisions and 
improvements. First, despite their efficiency, transformers have a limitation to their 
input sequence size. In particular, BERT has a maximum context window of 512 
tokens, including special tokens. Therefore, relevant information located in the last 
sections of long documents may be disregarded by the model. Although we applied 
some filters to extract key information from certain reporting templates, additional 
improvements could be implemented to the processing pipeline to generalise the 
extraction of critical information from all sources. Second, although the MedDRA 
terms in our dataset were currently reviewed by domain experts to add consistency 
to the standard reference labels, certain products defects may qualify to be 
annotated with multiple terms due to the complexity of the issues, which makes it 
challenging to evaluate the accuracy of the model. An error analysis confirmed that 
a substantial number of the misclassified reports 1) may indeed be reclassified with 
alternative, non-mutually exclusive, terms, as they describe multiple defects 
(10.0%), or 2) have a ground truth label that depends on subtle contextual 
information, not always available in the report (24.2%). To deal with this ambiguity, 
the classification task could be reformulated as a multilabel use-case. Third, our 
dataset is highly imbalanced. Our analyses show that per class performance is 
correlated with class size. This observation indicates that class-specific and overall 
model performance would benefit from gathering more reports from those 
categories. One possibility would be to collate data from more countries and 
jurisdictions to enrich the size and diversity of the training dataset, particularly of 
the minority classes. While this approach is limited to the availability of actual cases 
collected, other data augmentation methodologies, such as resampling strategies 
and generation of synthetic reports, are feasible. Future work will also need to 
address the generalisation of the model to the full set of 30 MedDRA-HSA terms, 
including those that were excluded from this study due to small sample sizes. For 
example, one strategy to circumvent the limitations imposed by the sample size of 
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the rare categories would be to implement a hierarchical system where multiple 
modules collaborate to sequentially predict the High, Preferred, and Lowest Level 
terms. This approach would reduce the number of categories predicted by each 
module and therefore minimise the class imbalance faced by the single-model 
approach. In combination with oversampling and undersampling techniques, the 
hierarchical approach would allow to incorporate rare categories into the 
classification system by reducing the number samples required to train the modules 
responsible for the classification of the minority classes. One additional strategy to 
improve the system’s performance on minority classes would be to enrich the 
dataset with synthetic samples. While this strategy is technically feasible due to the 
emergence of generative AI, it holds concerns about data privacy protection and 
may be impractical in resource constrained environments.
Detection and management technologies of quality defect issues associated with 
substandard medicines have been significantly understudied in general, and yet 
they form an essential component of the entire ecosystem of medicines safety 
monitoring. In particular, substandard medicine issues can be wide-ranging with 
varying severity of impact to public health. Notably in recent years, defect issues 
that affected healthcare systems globally, such as the detection of nitrosamine 
impurities in medicines (https://www.hsa.gov.sg/announcements/press-release/hsa-
recalls-three-brands-of-losartan-medicines-from-hetero-labs-ltd), or quality issues 
with COVID-19 vaccines that affected national vaccination programs to combat the 
COVID-19 pandemic63, have put health product quality surveillance in the spotlight. 
Enhanced vigilance systems may thus be crucial to prevent the widespread 
development of such issues. Our study describes the development of a deep 
learning system, in particular a transformer architecture, to assist drug regulators in 
the task of classifying the nature of health product defects reported in text files, 
specifically using MedDRA-derived terminology. Our system can potentially enhance 
current workflows and augment the detection and management of health product 
defects cases in multiple ways. First, the system can assist vigilance officers in 
reviewing the reports, thus increasing productivity, facilitating standardisation of 
nature of defect issues, streamlining case prioritisation, and accelerating case 
management. Second, the system can be customised to attain desirable levels of 
recall with little impact on uncertainty or ambiguity. For example, the model can 
suggest multiple options to the officer, rather than a single one, including some that 
may not be immediately obvious, hence increasing the probability of a correct 
diagnostic. Custom confidence thresholds can be further adjusted to reach a 
tolerable trade-off between accuracy and uncertainty. Third, the system is further 
enhanced with additional explainability tools that facilitate decision making by 
human experts. These tools highlight the segments of text that are most influential 
in the prediction, thus adding interpretability to the model decisions and actionable 
insights for decision-making. Finally, the methodology and models implemented in 
this study can potentially be generalised to related domains, such as monitoring of 
medical devices, and geopolitical zones with region-specific product defect 
terminologies.
Although the classification terminology used in this study is highly specific to the 
regulatory environment in Singapore, there is potential in adapting or testing the 
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model in different regulatory environments or healthcare systems. For instance, a 
mapping of the classification terminology between MedDRA-HSA and the ontology 
of interest used by the target regulator could be discussed, which would allow the 
model to be applied in the target setting. Nonetheless, there should still be careful 
consideration into how comparable the different terminologies are in terms of 
semantics and granularity, as the model might over-specify or over-simplify 
predictions, leading to artificial precision that might not be meaningful to the target 
setting. Within the local context in Singapore, the developed model could also 
potentially be used to enhance existing health monitoring systems. This additional 
technology would likely complement, rather than replace, current detection and 
reporting workflows.
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Conclusion
The technology described in this study will be useful for drug regulatory agencies 
like HSA as it serves as a first-pass screening tool, standardising case triage and 
augmenting routing workflows for more precise case prioritisation. Standardised 
categorisation could also improve signal detection algorithms and trend analysis 
capabilities. These insights could be potentially valuable in identifying emerging 
safety and/or product quality patterns across the health product ecosystem 
(information that could also impact clinical decisions made by healthcare 
professionals). The methodology and models implemented in this study can 
potentially be generalised to related domains, such as monitoring of medical 
devices, and geopolitical zones with region-specific product defect terminologies.
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Methods
Fig. 4 illustrates the end-to-end development pipeline described in this study.
MedDRA-HSA dictionary
The MedDRA-HSA dictionary is an adapted version of ICH’s MedDRA ontology 
(v24.0; available since 1 March 2021) for localised use within HSA. Specifically, this 
dictionary was generated in two major steps. Firstly, all LLTs under the High Level 
Group Term (HLGT) of “Product quality, supply, distribution, manufacturing and 
quality system issues” (n=384) were systematically reviewed by the 
pharmacovigilance team in HSA for relevance. Additionally, terms related to 
“advertisement non-compliance” (n=2) and “lack of efficacy” issues (n=5) were 
included for review, although strictly speaking these are not typically considered 
defects of product quality attributes. The reason for including these additional terms 
was to allow the model to have the capability to detect such issues – especially 
during environmental scans – as these issues are still relevant as part of the holistic 
assessment of a product’s overall quality.  
All reviewed terms (n=391) were then grouped into meaningful categories based on 
semantic description of the issues and local relevance. This gave a total of 38 
distinct terms, denoted as MedDRA-HSA LLTs. To systematically reduce the number 
of LLT labels for classification, the HSA pharmacovigilance team further grouped 
some of the 38 terms into broader categories. Specifically, the 4 LLTs related to 
advertising compliance issues were grouped into a single term “advertisement non-
compliance”; product label (whether inner or outer label), leaflet, and batch number 
issues were reduced from 8 individual LLTs into 3 separate terms, namely “Product 
label issue impacting strength, dose and/or safety”, “Product leaflet issue impacting 
strength, dose and/or safety”, and “Product label/leaflet issue NOT impacting 
strength, dose and/or safety”. This reduction led to a final number of 30 MedDRA-
HSA LLTs. Supplementary Table S1 shows the 30 MedDRA-HSA LLTs and the ICH 
terms that are related to each LLT. 
Dataset collection and labelling
To train and develop a deep learning model that classifies reports of health product 
quality defects, a corpus of 13,948 product defect reports collected between 
January 2010 and December 2021 were used. The types of products include 
medicines, vaccines, complementary health products, health supplements and 
cosmetics. Records were collected from multiple sources, including but not limited 
to, companies’ product defect reports (n=875), manual or automated 
environmental scanning of overseas product defect alerts posted by international 
drug regulatory agencies (n=8,638), good manufacturing practice inspections, 
product quality surveillance programmes, local adverse event reports submitted to 
HSA, and enforcement activities conducted by HSA (n=110), information sharing via 
international regulatory working groups, such as the Pharmaceutical Inspection 
Convention and Pharmaceutical Inspection Co-operation Scheme (PIC/S), and the 
Association of Southeast Asian Nations Post Marketing Alert System (ASEAN PMAS) 
(n=3,822), local government agencies, public sources of consumer data, and 
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patients’ reports (n=237). Each report consists of a short title, typically between 5 
and 20 words, and a description of the case of variable length. The title and the 
description contain the necessary information to classify the nature of the product 
defect reported and were used to train our system as described in the next sections. 
The corpus includes reports in non-English languages, mainly simplified and 
traditional Chinese and Malay. Reports in non-English languages were translated to 
English as described in the next section.
Training a machine learning system for classification requires providing samples of 
input data and the corresponding real class (ground truth) to the model. During 
training the model learns abstract features from the provided examples in the form 
of numerical vectors that enable it to discriminate between the different classes. 
Subsequently, during inference, the model generalizes the learned relationships 
between features and classes to predict the most probable class label of previously 
unseen data. To develop the deep learning classification system described in this 
study, each of the 13,948 collected reports were labelled with one of the 30 
MedDRA-HSA LLT terms of product defects (Supplementary Table S1). To ensure 
consistency in the reference labels (ground truth), all the reports were revised and 
manually annotated for this study by a panel of domain experts following 
standardised criteria. These annotators were pharmacists trained and experienced 
in the areas of pharmacovigilance and the management of substandard medicine 
issues. They were actively handling such cases for at least 3 years at the time of 
annotation, signifying their currency in the subject domain. Out of the original 30 
MedDRA-HSA categories, 9 were excluded from this study due to the insufficient 
availability of samples (less than 50 per class). The 9 categories excluded were: 
“Contamination with body fluid”, “Product secondary packaging issue”, “Product 
adhesion issue”, “Product volume incorrect”, “Product quantity incorrect”, “Product 
storage issue”, “Inappropriate release of product for distribution and distribution 
issue”, “Distribution non-compliance (others)”, and “Distribution non-compliance 
(non-registrable product)”. The remaining 21 classes were used to develop our deep 
learning classifiers. Supplementary Table S8 shows examples of specific product 
defects for the 21 categories of MedDRA-HSA terms. The curated dataset comprised 
a total of 13,830 product defect reports accounting for 99.2% of all the collected 
reports. Table 2 shows the distribution of the 13,830 reports across the 21 class 
labels. The dataset is significantly imbalanced, with the majority class (Product 
adulterated and/or contains prohibited substance) representing 29.4% of the cases, 
and the minority class (Product formulation issue) representing only 0.58% of the 
cases.
Besides the case title, description, and class label, our dataset also contains other 
metadata of the reports, including a unique case identifier, the dates when the case 
was first reported and received by HSA, the level of severity, and the source of the 
report. Both the reporting source and date were used for data pre-processing and 
partitioning, respectively. On one side, reports received from three sources 
(“Company – Product Defect Report”, “International work group – PIC/S”, 
“International work group –ASEAN PMAS”) follow a standard reporting template 
whereas the rest of reports received from other sources do not follow any specific 
format. The reports with a standard template underwent an additional pre-
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processing step as described in the next subsection. On the other side, dates were 
used for a stratified partition of the data as described in the next sections.
To validate our model with prospective data, product defect reports received by 
HSA between January and June 2022 (n = 463) were manually labelled following the 
same criteria used to annotate the retrospective dataset. Prospective data 
comprised reports reported routinely to HSA and collected similarly to the reports 
used for model development. It was reasonably fair to assume that prospective 
reports (January to June 2022) were comparable in terms of quality and relevance to 
the retrospective reports used in this study (January 2010 to December 2021). 
However, due to the relatively small size of the prospective dataset, 5 categories of 
MedDRA-HSA terms were not represented.
Data pre-processing pipeline
The text of the reports was pre-processed to prepare the input data for model 
training. The following processing steps were applied:

1. Case descriptions in non-English languages were translated to English using 
the python libraries pylangtools for traditional Chinese and googletrans for 
other languages. 

2. Each case description was cleaned by identifying and removing sentences 
that contain irrelevant information for the classification task, such as url sites, 
email addresses, and commonly reused expressions. Punctuation, casing, and 
digits were kept as in the original documents.

3. Reports from the three sources that follow standard reporting templates (see 
previous section) were further pre-processed by extracting relevant text from 
specific sections of the reporting template and discarding non-relevant and 
repetitive sections. These reports account for 5.6% of all the cases.

4. Finally, case title and case description were combined into a single attribute 
by inserting a period punctuation mark as separator.

5. To prepare the pre-processed records in a suitable format to feed into the 
model, the text from the previous step was tokenized, i.e., split into its basic 
building blocks, and the special token [CLS] was inserted at the beginning of 
each document. To ensure that all tokenized documents had the same length 
(512 tokens), short documents were padded with a special padding token 
whereas long documents were truncated. For further details on the tokenizer 
and [CLS] token, refer to the section Models and tokenizers.

Data partition
Machine learning models are first developed and subsequently evaluated with non-
overlapping datasets. The development set is usually partitioned into a training set 
used to teach the model to recognize discriminatory patters in the data and a 
validation set used to optimize model hyperparameters by iterative cycles of 
training and validation. The test set is eventually used to evaluate the optimized 
model after development with previously unseen data. For the process to be 
successful data must be split evenly to ensure that training, validation, and test sets 
have the same or similar distribution of class labels. One strategy to achieve this 
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outcome is stratified sampling. In this strategy, the original dataset is segmented by 
class label. Subsequently, each segment is randomly sampled proportionally to their 
size in the dataset to preserve the same ratio of class labels in the training, 
validation, and test sets.
To minimise the impact of the COVID-19 pandemic on potential data drifts, the 
dataset was first split into pre-COVID (2010 to 2019 cases) and post-COVID (2020 to 
2021 cases) groups. Due to the severe class imbalance, each subset was then 
partitioned into development and test sets in an 8:2 ratio using a stratified strategy 
to preserve the relative proportion of class labels in both datasets. The 
development set was further partitioned in an 8:2 ratio into the training and 
validation sets by stratified sampling. The resulting partitions from the pre-COVID 
and post-COVID groups were subsequently combined to obtain the final 
development (11,063 reports), training (8,849 reports), validation (2,214 reports), 
and test (2,767 reports) sets (Table 2). The training and validation sets were used to 
tune the models hyperparameters, whereas the development and test sets were 
used to train and evaluate the model with the optimal set of hyperparameters.
Models and tokenizers
Our product defects report classification system consists of two modules: a feature 
extractor and a classifier. The function of the feature extractor is to convert the text 
of the report into a dense numerical vector of 768 dimension that represents the 
contents of the document. The function of the classifier is to map the feature vector 
of the document to a particular MedDRA-HSA term. To extract features from text the 
BERT base architecture was selected due to 2 main reasons: 1) Relatively small 
scale (110 Million parameters, 12 encoder layers, and 12 attention heads) as 
compared to other language models with billions of parameters and hundreds of 
layers; 2) demonstrated SOTA performance in NLP classification tasks27,29,32,33. 
The original BERT architecture was designed to perform masked language 
modelling and next sentence prediction tasks23. To adapt this architecture to our 
text classification task, we replaced the language modelling head by a classification 
head.  The classifier consisted of a shallow neural network containing one hidden 
layer of size 768 with linear activation and one output layer of size 21 (the number 
of MedDRA-HSA class labels) with softmax activation. Both layers were connected 
by an additional dropout regularisation layer.
To prepare the pre-processed text for model ingestion, the pre-trained BERT 
tokenizer was used. BERT tokenizer apply WordPiece, a tokenization algorithm that 
segments strings of text into subwords based on their relative frequencies64. The 
vocabulary of BERT comprises 30,522 tokens, including special tokens. BERT 
tokenizer always inserts the special [CLS] token at the start of each document. The 
function of this token if to capture a numerical vector representation of the entire 
document that can be subsequently used for text classification23. The maximum 
input length of BERT is 512 tokens. The BERT variant used in this study is case-
sensitive.
Model tuning, training, and evaluation
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Training LLMs from scratch is computationally expensive and requires large 
amounts of data. Instead, the most common paradigm employed to adapt LLMs to 
specific tasks is fine-tuning. Fine-tuning consists of taking a model pre-trained for 
general language tasks and re-training it with domain and task-specific data. During 
fine-tuning, the parameters of the algorithm are updated to minimize the error 
between the model predictions and the true labels. Pre-trained BERT23 was fine-
tuned using our curated dataset of health product defect reports. Besides the 
computational time and power savings, fine-tuning foundation models such as BERT 
has the advantage of an optimised initialisation of the model parameters and a 
quick convergence61,65,66.
Pre-trained BERT base (case-sensitive) was fine-tuned using the training and 
validations datasets. Multiple rounds of fine-tuning were conducted to optimise the 
following hyperparameters: learning rate, number of training steps, and batch size. 
The training set was used to update the model parameters to maximize its 
performance on the product defect report classification task, whereas the validation 
set was used to evaluate the fine-tuned model after each round and adjust the 
hyperparameters. Model parameters were optimised using the Adam algorithm with 
weight decay, an implementation of the adaptive gradient algorithm Adam67 with 
weight decay regularisation68. The models were tuned to minimise the cross-
entropy loss between the standard reference labels and the predicted labels. To 
reduce overfitting, the optimiser weight decay rate and the kernel regularisation 
rate of the classification head were also tuned. After tuning, models were re-trained 
with the entire development set using the optimised hyperparameter values, and 
subsequently evaluated using the test set.
Baseline
To benchmark the performance of our model against baselines, we implemented 
and tested two probabilistic models. The first baseline assigns a MedDRA-HSA label 
to a test report based on the relative frequencies of each label in the training 
dataset. The second baseline was built by extracting the frequency counts of the 
words in each MedDRA-HSA label in the training dataset and subsequently training a 
Naïve Bayes classifier. This algorithm assigns a MedDRA-HSA label to a test report 
based on the probability of the observed word frequencies in the test report.
In addition, to contextualise performance against alternative BERT models 
specialised in the Scientific and Clinical domains, we fine-tuned SciBERT, 
Bio_ClinicalBERT and Bio_Discharge_Summary_BERT leveraging the same dataset 
and methodology used to fine-tune MedDefects-BERT:

- SciBERT: Initialised from BERT base and trained on a corpus of papers taken 
from Semantic Scholar69.

- Bio_ClinicalBERT: Initialised from BioBERT and trained on all notes from MIMIC 
III dataset70,71. BioBERT was in turn initialised from BERT base and trained on 
large-scale biomedical corpora72.

- Bio_Discharge_Summary_BERT: Initialised from BioBERT and trained only on 
discharge summaries from MIMIC III dataset70.
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Performance evaluation
Overall performance
The performance of our models was reported using standard metrics for multiclass 
classification tasks, including Precision, Recall, and F1 score for each class. Since 
these metrics are sensitive to class imbalance, we also reported their weighted and 
macro average scores. In addition, we reported other global performance scores 
such as Accuracy.
Positive and negative performance
To evaluate the effect of 1) the class label and 2) the report source on the positive 
and negative performance of MedDefects-BERT during batch inference, we 
conducted two spiking experiments. Spiking experiments refer to a method used to 
test the performance and scalability of a system under a sudden and significant 
increase in workload. This is often done by simulating a large, temporary surge in 
data volume. The two spiking experiments were conducted as follows:

1) Spiking experiment to assess positive and negative performance on the 21 
MedDRA-HSA terms

This experiment assesses whether the MedDRA-HSA terms of the reports in a 
batch affect model performance irrespective of the sources. The following steps 
were performed:
- First, from each MedDRA-HSA term, a subset of the test dataset comprising 

50% of the reports was randomly sampled (pre-spiked set).
- Subsequently, the pre-spiked set was injected with equal number of positive 

(same MedDRA-HSA term) or negative (any of the remaining 20 terms) 
reports randomly sampled from the test dataset to generate the post-spiked 
positive set and the post-spiked negative set, respectively.

- To obtain the baseline performance of the model on the pre-spiked set, batch 
inference was performed on this subset and the pre-spiking performance was 
evaluated by computing the Accuracy score on each MedDRA-HSA term 
(column “pre-spiking” in Supplementary Table S4).

- Finally, to obtain the post-spiking performance, batch inference was 
performed on the post-spiked positive and post-spiked negative sets and the 
Accuracy score was computed on each MedDRA-HSA term of both subsets 
(columns “post-spiking positive class” and “post-spiking negative class” in 
Supplementary Table S4).

2) Spiking experiment to assess positive and negative performance on the 5 
sources of product defects reports

This experiment assesses whether the sources of the reports in a batch affect 
model performance irrespective of the MedDRA-HSA terms. The same 
methodology described in experiment 1) was followed, except for the reports 
being grouped and evaluated by source instead of MedDRA-HSA term 
(Supplementary Table S5).
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Top-k multi-label performance
To simulate multi-label prediction scenarios, where minimisation of type II errors is 
prioritised at the cost of increasing ambiguity, we reported performance metrics for 
the top-1, top-2, and top-3 most probable predictions of the model. In addition, to 
simulate high-recall prediction scenarios, where recall of high impact cases is 
prioritised at the cost of increasing uncertainty, we reported performance metrics at 
different confidence threshold values for the subset of predictions with confidence 
above the threshold. We also reported the increments in F1 score and Recall 
between different models and prediction scenarios.
Error analysis
Out of the 397 reports misclassified by MedDefects-BERT (14% of the test set), 231 
(58%) were randomly sampled to perform error analysis. Report title and 
description were manually inspected to identify possible sources of misclassification 
errors and categorised into four distinct groups by comparing the model output with 
the ground truth label (“Presence of specific keywords influencing predicted label”, 
Overlap in label semantics”, “Multiple related defects”, and “Insufficient 
information”). Reports without any obvious reason for misclassification were 
assigned to an “Unclear reasons for misclassification” category (Table 3).
Correlation analyses
The correlation of top-1, top-2, and top-3 F1 scores for individual MedDRA-HSA 
categories with sample size in the development set was analysed by linear 
regression. The sample size (n) was 21 (the number of class labels). Pearson 
correlation coefficient (r), 95% confidence intervals, region of acceptance of the null 
hypothesis, and p-value were reported.
The correlation of median confidence scores for the top-1 predictions in individual 
MedDRA-HSA categories with F1 score was analysed by linear regression. The 
sample size (n) was 21 (the number of class labels). Pearson correlation coefficient, 
(r), 95% confidence intervals, region of acceptance of the null hypothesis, and p-
value were reported.
Statistical tests
The significance in the observed differences in performance metrics under various 
scenarios was assessed by non-parametric one-tailed Wilcoxon signed-rank test and 
sign test. Non-parametric tests were selected because the distribution of the 
population data is not assumed to be normal. The Wilcoxon signed-rank test 
assesses the difference in the median between 2 populations, whereas the sign test 
assesses the differences in sign. Both the Wilcoxon signed-rank test and the sign 
test use 2 matched pairs of observations, such as the 21 class labels or the 5 
sources of reports in our study. Two types of tests were conducted:

1) When assessing differences in performance across the 21 MedDRA-HSA 
terms, one-tailed tests were conducted to test the alternative hypothesis that 
the median F1 score and Recall in the new models and prediction scenarios 
are higher than in the baseline model (Table 1, Supplementary Tables S2 and 
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S7) or that the median Accuracy score in the post-spiking sets is lower than in 
the pre-spiking set (Supplementary Table S4). When testing the first 
hypothesis, the sample size (n) was always 21, whereas when testing the 
second hypothesis the sample size (n) was 16 when injecting positive 
samples and 20 when injecting negative samples. The reduction in sample 
size in the spiking test occurs because the Accuracy score differences 
between the pre-spiking and post-spiking sets for some MedDRA-HSA terms 
are null and the test discards those pairs.

2) When assessing differences in performance across the 5 sources of product 
defect reports, one-tailed tests were conducted to test the alternative 
hypothesis that the median Accuracy score in the post-spiking sets is lower 
than in the pre-spiking set (Supplementary Table S5). In those tests the 
sample size (n) was 5.

To run the sign test, the Z statistic was always used to test the hypothesis. 
However, to run the Wilcoxon signed-rank test, two types of statistics were used to 
evaluate the hypothesis, depending on the sample size (n):

- When n was higher than 10, the Z statistic was used.
- When n was lower than 10, the Z statistic does not qualify to test the 

hypothesis and the W value was used instead.
In both tests the corresponding p-values or the critical value for W (at p < 0.05) 
were reported.
Interpretability analysis
A) Global feature analysis
To understand the usefulness of the numerical vectors extracted by our system to 
represent the different categories of product defects described in the reports, and 
therefore to predict their MedDRA-HSA class labels, we visualised and compared the 
representations of multiple documents belonging to different categories in a low 
dimensional vector space. To perform classification, our system uses the last hidden 
state (feature map) of the [CLS] token output by the feature extractor as a vector 
representation of the full document23. To visualise the distance between vectors 
belonging to different class labels, the [CLS] vectors from the 8 MedDRA-HSA 
product defect categories with the highest F1 scores were projected into a lower 
dimensional space (2D) using the UMAP algorithm57 and colour coded according to 
their standard reference labels.
B) Local feature analysis
To identify the segments of text that the model pays attention to when classifying a 
report into one category versus the rest and quantify their contributions (positive 
and negative) to the final model prediction, we performed a token influence analysis 
for multiple documents of each of the 21 MedDRA-HSA term categories. Individual-
level (per sample) and aggregated-level (per class) token importance was derived 
by computing their Shapley values58,73. Briefly, documents were iteratively masked 
at random positions and passed to the model for prediction. Per sample token 
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importance was scored by averaging the influence of the masked tokens on the 
model output (i.e. the difference between the output of the unmasked and the 
masked documents) throughout all iterations for each document individually. Per 
class token importance was computed as the average Shapley value of the tokens 
in all the documents within each category of product defects. Per sample token 
importance analysis was illustrated by overlaying a gradient map of the Shapley 
values to the corresponding tokens in a document sample and by a force plot 
displaying the relative contribution of the tokens to the model output. Per class 
token importance analysis was reported by retrieving the top-10 full-word tokens 
with the highest average Shapley value for each class label. Average values were 
computed from up to 400 documents in each category of the training dataset.
Deep prompt tuning
Although fine-tuning is the standard paradigm to adapt language models to specific 
tasks, recently there has been research trend to develop alternative learning 
strategies to reduce the computational cost of updating all the model parameters. 
One such strategy is prompt tuning or its more advanced variant deep prompt 
tuning. Prompt tuning consists in injecting a small fraction of trainable parameters 
to the model while keeping the original parameters untrainable. Unlike in fine-
tuning, during prompt tuning only the injected parameters are updated (learnt), 
while the rest the model parameters are frozen. This strategy has been shown to 
achieve comparable levels of performance as fine-tuning in specific tasks, while 
saving significant computational resources.
Our fine-tuned model was further improved by prompt-based learning. We 
sequentially combined fine-tuning with deep prompt tuning in an attempt to 
synergise the outcomes. Deep prompt tuning was performed by prepending a short 
sequence of 20 soft tokens to each layer of our fine-tuned model and re-training the 
model using the development set for an additional 5 epochs (when loss function 
converged) to learn the optimal prompt embeddings while freezing the parameters 
of the feature extractor module52. The resulting model was evaluated using the test 
set as described in previous sections. 
Resources
The models described in this study were implemented using the TensorFlow 
framework (version 2.4.0) (https://www.tensorflow.org/). The pre-trained model 
parameters were downloaded from Hugging Face (https://huggingface.co/). The 
source code for deep prompt tuning is available at https://github.com/THUDM/P-
tuning-v2. Shapley scores were calculated using the SHAP library (version 0.41.0) 
(https://shap.readthedocs.io/en/latest/api.html). UMAPS were obtained using the 
UMAP library (version 0.5.3) (https://umap-
learn.readthedocs.io/en/latest/index.html). Metrics for model evaluation were 
computed using the scikit-learn library (version 1.0.2) (https://scikit-
learn.org/stable/). The MedDRA-HSA dictionary used in this study is available in 
Supplementary Table S1. The sign test and the Wilcoxon signed-rank test were run 
using the open access social science statistics calculators 
(https://www.socscistatistics.com/tests/signtest/default.aspx; 
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https://www.socscistatistics.com/tests/signedranks/default2.aspx). The Pearson 
correlation test was run using the open access statistics kingdom calculator 
(https://www.statskingdom.com/correlation-calculator.html)

Code availability
Open source libraries used in this study are referenced in the Resources section of 
the Methods. Custom code developed in this study is available at the following 
GitHub repository: https://github.com/hytting/Product-defect
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Figures and Tables
Figure 1. Performance and confidence analyses. a. Top-1 (blue), top-2 
(orange), and top-3 (green) F1 scores for individual MedDRA-HSA categories as a 
function of sample size in the development set. A linear model was fit by regression 
to the data points. Solid lines represent the best fitted models for each top-k group. 
Shaded areas represent 95% confidence intervals. Top-1 (Pearson’s r: 0.643; 95% 
CI: [0.2921, 0.8411]; p-value: 0.0016), top-2 (Pearson’s r: 0.735; 95% CI: [0.4439, 
0.8856]; p-value: 0.0001), top-3 (Pearson’s r: 0.635; 95% CI: [0.2808, 0.8374]; p-
value: 0.0020). b. Median confidence scores for the top-1 predictions in individual 
MedDRA-HSA categories as a function of F1 score. A linear model was fit by 
regression to the data points. Solid lines represent the best fitted model. Shaded 
areas represent 95% confidence intervals (Pearson’s r: 0.927; 95% CI: [0.8253, 
0.9703]; p-value <0.00001). c. Boxplot distribution of the confidence scores for the 
top-1 correct (orange) and incorrect (blue) predictions for individual MedDRA-HSA 
categories ranked by increasing F1 scores. The upper and lower edges of the boxes 
represent the 25th and 75th percentiles, respectively, and the central line represents 
the median. d. Model performance metrics as a function of increasing confidence 
thresholds. To illustrate the impact of the threshold on recall, this metric is shown 
for all predictions and for predictions above the confidence threshold. Blue: 
accuracy; orange: percent of predictions with confidence below threshold; green: 
precision; dashed red: recall (all predictions); solid red: recall (predictions with 
confidence above threshold). Vertical dotted line indicates threshold for optimal 
recall.
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Figure 2. Global (document-level) feature analysis. UMAP projection of the 
feature vectors (document representations) from reports in the 8 most common 
MedDRA-HSA categories. Colours represent the standard reference label (ground 
truth) of the report as follows: 

 

Product adulterated and/or contains prohibited substance 
Out of specification or out of trend test result
Manufacturing non-compliance
Contamination with microbes
Contamination with foreign matter
Product counterfeit
Product expiration date missing, illegible or incorrect
Contamination with glass and/or metal particle
Other categories (only for predictions)
Correctly classified reports
Misclassified reports
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Figure 3. Local (token-level) feature analysis. Example of instance-level SHAP 
analysis for a single report correctly predicted in the category of “Contamination 
with microbes” with a confidence score of 0.69. a. Force plot displaying the relative 
influence of all the document tokens to the final predicted probability. The 
magnitude of each token importance is proportional to the size of its chevron arrow. 
b. Gradient map highlighting the relative contribution of each token in the 
document to the final prediction. The magnitude of the contribution is proportional 
to the intensity of the colour. Sensitive words referring to drugs or businesses have 
been replaced by generic names. Red: positive influence; Blue: negative influence.
a

b
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Figure 4. Schematic diagram of the model development and evaluation 
flow performed in this study. A total of 13,948 Health product defect reports 
were collected from January 2010 to December 2021 from multiple sources, 
including web sites, company reports and alerts raised by pharmaceutical 
inspection authorities (PIC/S). Records were coded by a panel of domain experts 
into 30 different categories following MedDRA-HSA terminology. Minority classes 
were removed from the study and the remaining 13,830 reports belonging to 21 
categories were used to train our system by a two-step methodology. In the first 
step (fine-tuning) the weights of all the layers of a pre-trained BERT model plus a 
newly initialised classification head were updated during training. In the second step 
(deep prompt-tuning) learnable soft prompts were prepended to all the model 
layers and updated during training while freezing the rest of the model parameters. 
After development, performance and interpretability analyses were conducted to 
evaluate the system. See Methods section for further details. PIC/S: Pharmaceutical 
Inspection Convention and Pharmaceutical Inspection Co-operation Scheme.

Model 
Fine-tuning

Deep prompt 
tuning

Web scrapping

Data collection
2010-2021

13,948 reports

Data labelling
30 MedDRA terms

Data processing
13,830 reports

21 MedDRAterms

Data partition
Training 8,849

Validation 2,214 
Testing 2,767

Company reports

Alerts from regulators

Model evaluation

Interpretability
analysis

…RecPrecF1
…0.90.70.8A
…0.50.50.5B
…0.70.80.7C
……………

PIC/S
PHARMACEUTICAL INSPECTION

CO-OPERATION SCHEME

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



Ta
bl

e 
1.

 P
er

fo
rm

an
ce

 m
et

ri
cs

 o
f v

ar
io

us
 m

od
el

s 
de

ve
lo

pe
d 

in
 t

hi
s 

st
ud

y.
 C

om
pa

ris
on

 o
f t

he
 p

er
fo

rm
an

ce
 

m
et

ric
s o

f t
he

 v
ar

io
us

 m
od

el
s d

ev
el

op
ed

 a
nd

 d
es

cr
ib

ed
 in

 th
is 

st
ud

y.
 E

ve
ry

 m
od

el
 is

 id
en

tif
ie

d 
by

 th
e 

fo
llo

wi
ng

 se
t 

of
 fe

at
ur

es
: F

in
e-

tu
ni

ng
/P

ro
m

pt
-tu

ni
ng

: t
he

 p
ar

ad
ig

m
 u

se
d 

to
 tr

ai
n 

th
e 

m
od

el
; N

o 
th

re
sh

ol
d/

Co
nf

id
en

ce
 th

re
sh

ol
d:

 
Po

st
-p

ro
ce

ss
in

g 
m

et
ho

d 
us

ed
 to

 g
en

er
at

e 
th

e 
fin

al
 m

od
el

 o
ut

pu
t; 

to
p-

1;
 to

p-
2;

 to
p-

3:
 th

e 
nu

m
be

r o
f m

os
t p

ro
ba

bl
e 

ca
te

go
rie

s p
re

di
ct

ed
 b

y 
th

e 
m

od
el

 to
 c

om
pu

te
 th

e 
m

et
ric

s (
se

e 
M

et
ho

ds
 fo

r f
ur

th
er

 d
et

ai
ls)

. P
re

cis
io

n,
 R

ec
al

l, 
an

d 
F1

 sc
or

e 
we

re
 c

om
pu

te
d 

on
 th

e 
te

st
 se

t f
or

 e
ac

h 
in

di
vi

du
al

 M
ed

DR
A 

te
rm

 a
nd

 a
gg

re
ga

te
d 

as
 m

ac
ro

 a
nd

 w
ei

gh
te

d 
av

er
ag

e 
sc

or
es

 fo
r e

ac
h 

se
ve

rit
y 

gr
ou

p 
an

d 
ac

ro
ss

 a
ll 

th
e 

te
rm

s. 
In

 a
dd

iti
on

, A
cc

ur
ac

y 
wa

s r
ep

or
te

d 
fo

r e
ac

h 
se

ve
rit

y 
gr

ou
p 

an
d 

ov
er

al
l. 

In
cr

em
en

ts
 (

) i
n 

F1
 sc

or
e 

an
d 

Re
ca

ll 
be

tw
ee

n 
se

le
ct

ed
 m

od
el

s w
er

e 
al

so
 c

om
pu

te
d 

as
 

de
sc

rib
ed

 in
 th

e 
m

ai
n 

te
xt

. T
he

 si
gn

ifi
ca

nc
e 

in
 th

e 
ob

se
rv

ed
 in

cr
em

en
ts

 w
er

e 
as

se
ss

ed
 b

y 
no

n-
pa

ra
m

et
ric

 o
ne

-
ta

ile
d 

W
ilc

ox
on

 si
gn

ed
-ra

nk
 te

st
 a

nd
 si

gn
 te

st
, a

nd
 th

e 
co

rre
sp

on
di

ng
 Z

 st
at

ist
ic 

an
d 

p-
va

lu
es

 w
er

e 
re

po
rte

d.
 F

1:
 

F1
-s

co
re

; P
re

c:
 P

re
cis

io
n;

 R
ec

: R
ec

al
l; 

Su
p:

 S
up

po
rt;

 **
*: 

p-
va

lu
e 

< 
0.

00
00

1.
 

F1
* a

nd
 

Re
c*

: i
nc

re
m

en
t i

n 
F1

-s
co

re
 

an
d 

Re
ca

ll 
re

la
tiv

e 
to

 to
p-

1;
 

F1
#  

an
d 

R
ec

# :
 in

cr
em

en
t i

n 
F1

-s
co

re
 a

nd
 R

ec
al

l r
el

at
iv

e 
to

 N
o 

th
re

sh
ol

d;
 

F1
$  a

nd
 

R
ec

$ : 
in

cr
em

en
t i

n 
F1

-s
co

re
 a

nd
 R

ec
al

l r
el

at
iv

e 
to

 F
in

e-
tu

ni
ng

.
Fi

ne
-t

un
ed

(M
ed

D
ef

ec
ts

-B
ER

T)
D

ee
p 

pr
om

pt
 t

un
ed

(M
ed

D
ef

ec
ts

-D
PT

-B
ER

T)
N

o 
th

re
sh

ol
d

Co
nf

id
en

ce
 t

hr
es

ho
ld

: 
0.

78
N

o 
th

re
sh

ol
d

To
p-

1
To

p-
2

To
p-

3
To

p-
1

To
p-

1
 S

ev
er

i
ty

M
ed

D
RA

-H
SA

 t
er

m
Su

p
F1

Pr
e c

Re
c

F1
F

1*
Pr

e c
Re

c
R

ec *
F1

F
1*

Pr
e c

Re
c

R
ec *

F1
F

1#
Pr

e c
Re

c
R

ec #
F1

F
1$

Pr
e c

Re
c

R
ec $

Hi
gh

Co
nt

am
in

at
io

n 
wi

th
 g

la
ss

 a
nd

/o
r m

et
al

 p
ar

tic
le

30
81

%
76

%
87

%
87

%
6%

84
%

90
%

3%
90

%
9%

90
%

90
%

3%
86

%
5%

81
%

91
%

4%
82

%
1%

81
%

83
%

-4
%

Co
nt

am
in

at
io

n 
wi

th
 m

icr
ob

es
12

8
93

%
95

%
91

%
96

%
3%

98
%

93
%

2%
98

%
5%

99
%

98
%

7%
94

%
1%

97
%

92
%

1%
91

%
-2

%
91

%
91

%
0%

Pr
od

uc
t c

ou
nt

er
fe

it
73

94
%

96
%

92
%

96
%

2%
10

0 %
93

%
1%

97
%

3%
10

0 %
95

%
3%

97
%

3%
97

%
97

%
5%

93
%

-1
%

96
%

90
%

-2
%

Pr
od

uc
t f

or
m

ul
at

io
n 

iss
ue

16
31

%
40

%
25

%
56

%
25

%
78

%
44

%
19

%
71

%
40

%
83

%
62

%
37

%
0%

-3
1%

0%
0%

-2
5%

23
%

-8
%

30
%

19
%

-6
%

Pr
od

uc
t l

ab
el

 is
su

e 
im

pa
ct

in
g 

st
re

ng
th

, d
os

e 
an

d/
or

 sa
fe

ty
14

6
69

%
65

%
74

%
89

%
20

%
85

%
92

%
18

%
93

%
24

%
92

%
95

%
21

%
80

%
11

%
78

%
82

%
8%

72
%

3%
73

%
70

%
-4

%
 

Pr
od

uc
t m

ix
 u

p
50

65
%

69
%

62
%

83
%

18
%

84
%

82
%

20
%

89
%

24
%

87
%

92
%

30
%

73
%

8%
76

%
71

%
9%

66
%

1%
64

%
68

%
6%

Ac
cu

ra
cy

79 %
 

 
89 %

10
%

 
 

 
94 %

14
%

 
 

 
84 %

5%
 

 
 

78 %
-1

%
 

 
 

M
ac

ro
72 %

74 %
72 %

85 %
12

%
88 %

82 %
11

%
90 %

18
%

92 %
89 %

17
%

72 %
-1

%
72 %

72 %
0%

71 %
-1

%
73 %

70 %
-2

%

W
ei

gh
te

d
79 %

79 %
80 %

90 %
11

%
91 %

89 %
10

%
94 %

15
%

94 %
94 %

14
%

84 %
5%

84 %
84 %

4%
79 %

0%
80 %

78 %
-1

%

M
ed

iu
m

Ac
co

m
pa

ny
in

g 
do

se
 d

el
iv

er
y 

de
vi

ce
 is

su
e

25
59

%
75

%
48

%
83

%
24

%
90

%
76

%
28

%
92

%
33

%
96

%
88

%
40

%
48

%
-1

1%
83

%
33

%
-1

5%
64

%
5%

74
%

56
%

8%
Ad

ve
rti

se
m

en
t n

on
-c

om
pl

ia
nc

e
99

82
%

84
%

80
%

94
%

12
%

91
%

97
%

17
%

97
%

15
%

97
%

98
%

18
%

89
%

7%
88

%
91

%
11

%
82

%
0%

82
%

83
%

3%
Co

nt
am

in
at

io
n 

wi
th

 c
he

m
ica

l s
ub

st
an

ce
81

73
%

81
%

67
%

93
%

20
%

99
%

88
%

21
%

96
%

23
%

10
0 %

93
%

26
%

79
%

6%
82

%
76

%
9%

76
%

3%
78

%
74

%
7%

Co
nt

am
in

at
io

n 
wi

th
 fo

re
ig

n 
m

at
te

r
79

79
%

88
%

72
%

85
%

6%
91

%
80

%
8%

92
%

13
%

95
%

90
%

18
%

89
%

10
%

92
%

85
%

13
%

83
%

4%
83

%
82

%
10

%
La

ck
 o

f e
ffi

ca
cy

27
65

%
64

%
67

%
71

%
6%

69
%

74
%

7%
84

%
19

%
82

%
85

%
18

%
60

%
-5

%
56

%
64

%
-3

%
68

%
3%

62
%

74
%

7%
M

an
uf

ac
tu

rin
g 

no
n-

co
m

pl
ia

nc
e

39
4

90
%

86
%

94
%

95
%

5%
93

%
96

%
2%

97
%

7%
96

%
97

%
3%

95
%

5%
92

%
97

%
3%

91
%

1%
89

%
93

%
-1

%
Ou

t o
f s

pe
cif

ica
tio

n 
or

 o
ut

 o
f t

re
nd

 te
st

 re
su

lt
50

1
90

%
90

%
90

%
95

%
5%

95
%

96
%

6%
97

%
7%

97
%

97
%

7%
94

%
4%

93
%

96
%

6%
90

%
0%

89
%

90
%

0%
Pr

od
uc

t a
du

lte
ra

te
d 

an
d/

or
 c

on
ta

in
s p

ro
hi

bi
te

d 
su

bs
ta

nc
e

81
4

95
%

94
%

95
%

98
%

3%
98

%
99

%
4%

99
%

4%
99

%
99

%
4%

96
%

1%
97

%
96

%
1%

94
%

-1
%

95
%

94
%

-1
%

Pr
od

uc
t d

ep
os

it
14

67
%

69
%

64
%

76
%

9%
73

%
79

%
15

%
90

%
23

%
87

%
93

%
29

%
88

%
21

%
78

%
10

0 %
36

%
71

%
4%

65
%

79
%

15
%

Pr
od

uc
t e

xp
ira

tio
n 

da
te

 m
iss

in
g,

 il
le

gi
bl

e 
or

 in
co

rre
ct

23
86

%
79

%
96

%
90

%
4%

82
%

10
0 %

4%
98

%
12

%
96

%
10

0 %
4%

88
%

2%
78

%
10

0 %
4%

81
%

-5
%

72
%

91
%

-5
%

Pr
od

uc
t l

ea
fle

t i
ss

ue
 im

pa
ct

in
g 

st
re

ng
th

, d
os

e 
an

d/
or

 sa
fe

ty
26

69
%

74
%

65
%

78
%

9%
90

%
69

%
4%

92
%

23
%

10
0 %

85
%

20
%

83
%

14
%

91
%

77
%

12
%

67
%

-2
%

73
%

62
%

-3
%

Pr
od

uc
t p

rim
ar

y 
pa

ck
ag

in
g 

iss
ue

87
75

%
77

%
74

%
90

%
15

%
90

%
90

%
16

%
92

%
17

%
92

%
92

%
18

%
81

%
6%

79
%

83
%

9%
76

%
1%

77
%

76
%

2%
 

Pr
od

uc
t u

nr
eg

ist
er

ed
91

70
%

81
%

62
%

87
%

17
%

97
%

78
%

16
%

94
%

24
%

98
%

90
%

28
%

79
%

9%
84

%
74

%
12

%
70

%
0%

73
%

67
%

5%
Ac

cu
ra

cy
88 %

 
 

94 %
7%

 
 

 
97 %

9%
 

 
 

92 %
5%

 
 

 
88 %

1%
 

 
 

M
ac

ro
77 %

80 %
75 %

87 %
10

%
89 %

86 %
11

%
94 %

17
%

95 %
93 %

18
%

82 %
5%

84 %
82 %

8%
78 %

1%
78 %

79 %
4%

W
ei

gh
te

d
88 %

88 %
88 %

94 %
6%

95 %
94 %

7%
97 %

9%
97 %

97 %
9%

92 %
4%

92 %
92 %

4%
88 %

0%
88 %

88 %
1%

Lo
w

Pr
od

uc
t l

ab
el

/le
af

le
t i

ss
ue

s N
OT

 im
pa

ct
in

g 
st

re
ng

th
, d

os
e 

an
d/

or
 sa

fe
ty

24
27

%
29

%
25

%
64

%
37

%
65

%
62

%
37

%
80

%
53

%
77

%
83

%
58

%
22

%
-5

%
50

%
14

%
-1

1%
29

%
2%

29
%

29
%

4%
 

Pr
od

uc
t p

hy
sic

al
 is

su
e

39
59

%
49

%
74

%
79

%
20

%
69

%
92

%
18

%
84

%
25

%
77

%
92

%
18

%
76

%
17

%
76

%
76

%
2%

62
%

3%
58

%
67

%
-7

%
Ac

cu
ra

cy
56 %

 
 

81 %
25

%
 

 
 

89 %
33

%
 

 
 

52 %
-3

%
 

 
 

52 %
-3

%
 

 
 

M
ac

ro
43 %

39 %
50 %

72 %
29

%
67 %

77 %
28

%
82 %

39
%

77 %
88 %

38
%

49 %
6%

63 %
45 %

-5
%

46 %
3%

44 %
48 %

-2
%

W
ei

gh
te

d
47 %

41 %
55 %

73 %
26

%
67 %

81 %
25

%
82 %

36
%

77 %
89 %

33
%

55 %
9%

66 %
52 %

-3
%

49 %
3%

47 %
53 %

-3
%

To
ta

l
Ac

cu
ra

cy
 

86 %
 

 
93 %

7%
 

 
 

96 %
10

%
 

 
 

91 %
5%

 
 

 
86 %

0%
 

 
 

M
ac

ro
 

72 %
74 %

72 %
85 %

13
%

87 %
84 %

12
%

92 %
20

%
92 %

91 %
19

%
76 %

4%
78 %

76 %
4%

73 %
1%

73 %
73 %

1%

W
ei

gh
te

d
 

85 %
86 %

86 %
93 %

8%
93 %

93 %
7%

96 %
11

%
96 %

96 %
10

%
91 %

6%
91 %

92 %
6%

86 %
1%

86 %
86 %

0%
Si

gn
 t

es
t's

 Z
 s

ta
ti

st
ic

4.
58

4.
58

4.
58

4.
58

2.
84

2.
84

1.
41

0.
23

Si
gn

 t
es

t's
 p

-v
al

ue
 

 
 

 
 

**
*

 
 

**
*

 
**

*
 

 
**

*
 

0.
00 2

 
 

0.
00 2

 
0.

07 9
 

 
0.

40 9
W

ilc
ox

on
 s

ig
ne

d-
ra

nk
 t

es
t's

 Z
 s

ta
ti

st
ic

-
4.

01
-

4.
01

-
4.

01
-

4.
01

-
2.

19
-

2.
00

-
1.

22
-

1.
17

W
ilc

ox
on

 s
ig

ne
d-

ra
nk

 t
es

t's
 p

-v
al

ue
 

 
 

 
 

**
*

 
 

**
*

 
**

*
 

 
**

*
 

0.
01 4

 
 

0.
02 3

 
0.

11 1
 

 
0.

12 1

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



Table 2. Characteristics of the dataset used in this study. Dataset contains 
product defect reports collected between January 2010 and December 2021 from 
various sources and annotated for this study by a panel of experts following 
standard criteria to ensure consistency in the labels (see Methods for further 
details). Data was partitioned into the development and test sets in a 8:2 ratio and 
the development set was further partitioned into training and validation sets for 
model hyperparameter tuning also in a 8:2 ratio. Both partitions were performed 
using a stratified sampling strategy to preserve the relative proportion of MedDRA-
HSA terms and pre/post-pandemic representation in all datasets.

 SeverityMedDRA-HSA term All 
samples

DevelopmentTrainingValidationTesting

High Contamination with glass and/or metal 
particle

148 (1.1%) 118 94 24 30

Contamination with microbes 641 (4.6%) 513 410 103 128
Product counterfeit 365 (2.6%) 292 233 59 73
Product formulation issue 80 (0.6%) 64 52 12 16
Product label issue impacting strength, 
dose and/or safety

725 (5.2%) 579 463 116 146

 Product mix up 249 (1.8%) 199 159 40 50
Medium Accompanying dose delivery device 

issue
126 (0.9%) 101 81 20 25

Advertisement non-compliance 497 (3.6%) 398 318 80 99
Contamination with chemical 
substance

406 (2.9%) 325 260 65 81

Contamination with foreign matter 397 (2.9%) 318 254 64 79
Lack of efficacy 134 (1.0%) 107 86 21 27
Manufacturing non-compliance 1965 

(14.2%)
1571 1257 314 394

Out of specification or out of trend test 
result

2507 
(18.1%)

2006 1605 401 501

Product adulterated and/or contains 
prohibited substance

4068 
(29.4%)

3254 2603 651 814

Product deposit 71 (0.5%) 57 46 11 14
Product expiration date missing, 
illegible or incorrect

116 (0.8%) 93 74 19 23

Product leaflet issue impacting 
strength, dose and/or safety

128 (0.9%) 102 81 21 26

Product primary packaging issue 437 (3.2%) 350 280 70 87
 Product unregistered 455 (3.3%) 364 291 73 91
Low Product label/leaflet issues NOT 

impacting strength, dose and/or safety
120 (0.9%) 96 77 19 24

 Product physical issue 195 (1.4%) 156 125 31 39
Total      13830 

(100.0%)
11063 8849 2214 2767
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Table 3. Error analysis. Categories, frequency, and examples of product defect report misclassification errors.
Case Examples
(Explanations)

Description of Error CategoryFrequency 
of Error (n)

Category

• “… recall of [product] due to due to packaging mixed-up (red plastic flip offs used instead of grey plastic flips off)…”
(Ground truth is “Product primary packaging issue” while predicted label was “Product mix up”. Specific mention of 
“mixed-up” may haveled to misclassified label.)
• “…recall of [product] due to a potential for dose delivery out of specification…” 
(Ground truth is “Accompanying dose delivery device issue” while predicted label was “Out of specification or out of 
trend test result”. Specific mention of “out of specification” possibly led to erroneouslabel prediction)

Model prediction is primarily 
driven by the presence of 
certain keywords (which are 
strongly associated with 
certain labels) rather than the 
overall context, leading to 
misclassification

50.6% 
(117)

Presence of 
specific keywords 
influencing 
predicted label

• “[Product] contains beta phenyl gamma aminobutyric acid…” 
(Ground truth is “Contamination with chemical substance” while predicted label was “Product adulterated and/or 
contains prohibited substance”. In this case, chemical substance contamination is more factual and appropriateas there 
is no evidence of illicit activity, however this contextual information was not available to the model in the initial report.)
• “…voluntary recall of batches… in response to complaints of presence of visual particulate after reconstitution of the 

product. …most likely root cause… prolonged contact time of product solution with the filters…” 
(Ground truth is “Product deposit” while predicted label was “Contamination with foreign matter”. In this case, the 
“visual particulates”were a result of interaction between the product solution and filters which were not external 
substances (foreign) to the product, however the model may have not assigned sufficient importance to this 
information to predict the label.)

Some MedDRA labels have 
closely related definitions 
where distinctions depend on 
subtle contextual differences

24.2%
(56)

Overlap in label 
semantics

• “…reports of [product]… compatibility issue with trace elements… potential for formation of a precipitate…”
(Ground truth is “Product formulation issue” while predicted label was “Product deposit”. In this case, both labels are 
appropriate.)
• “…[product] recalled due to manufacturing defect with the needle… that may prevent the device from working 

properly.”
(Ground truth is “Accompanying dose delivery device issue” while predicted label was “Manufacturing non-
compliance”. In this case, both labels are appropriate.)

Description of the defect 
mentions two or more related 
or sequential issues, making 
the report suitable to receive 
two or more labels

10.0%
(23)

Multiple related 
defects

• “Recall of [product] due to detritus contamination…”
(Ground truth is “Contamination with foreign matter” while predicted label was “Contamination with microbes”. The 
mention of “detritus” only is insufficient for an accurate classification.)
• “[Company] recalls [product] due to potential contamination.”
(Ground truth is “Contamination with foreign matter” while predicted label was “Contamination with microbes”. 
Specific type of contamination is not mentionedin the report.)

Description of the defect lacks 
sufficient detail for accurate 
classification

8.7%
(20)

Insufficient 
information

• “…voluntary recall of [product]… due to sub-potency. Potential adverse events… may include reduced effectiveness.”
(Ground truth is “Lack of efficacy” while predicted label was “Out of specification or out of trend test result”. In this 
case, the description is clearly linked to lack of efficacy of the product.)
• “Cancellations of [product]… due to non-compliance… failed to comply with a condition of listing…”
(Ground truth is “Manufacturing non-compliance” while predicted label is “Lack of efficacy”. In this case, the description 
clearly states non-compliance while there isno indication about the product’s effectiveness nor efficacy.)

Description of the defect 
aligns with the ground truth 
and there are no obvious 
reasons for misclassification 

6.5%
(15)

Unclear reasons 
for 
misclassification
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Table 4. Global summary of token-level feature analysis. Top-10 full-word 
tokens with the highest positive average Shapley values across the 21 MedDRA-HSA 
labels. Shapley values were computed from up to 400 reports per class label in the 
training set (see Methods for further details). Tokens are shown in their original 
case, as a case-sensitive BERT was used in this study. Sensitive tokens referring to 
countries and cities have been replaced by generic names. ots: off tool sample; rdi: 
recommended daily intake; API: active pharmaceutical ingredient. 
 Severi
ty MedDRA-HSA term Top-10 influential words
High Contamination with glass and/or 

metal particle
metallic, aluminium, wire, iron, Glass, 
resembling, steel, glass, metal, flat

Contamination with microbes fungi, transmission, variant, pores, integrity, 
pus, Counts, fungus, micro, mold

Product counterfeit CountryA, supposed, CountryB, fan, 
merchants, legitimate, defect, Counter, fake, 
counter

Product formulation issue API, absence, guidelines, ethanol, curate, 
filters, too, varied, solvent, formulation

Product label issue impacting 
strength, dose and/or safety

claimed, wheat, inadequate, matrix, claims, 
difference, absent, slim, word, Above

 Product mix up mistake, CountryA, mix, Mix, mixing, shape, 
Prime, physical, short, discovery

Medium Accompanying dose delivery device 
issue

fitted, failing, curled, inability, blunt, jammed, 
torn, transfer, attach, fails

Advertisement non-compliance permitted, website, claims, ables, 
infringement, producer, advertisement, CityA, 
permits, supplying

Contamination with chemical 
substance

cloud, migration, laden, detection, 
contamination, Mercury, silicon, radioactive, 
explosives, metal

Contamination with foreign matter Matters, physical, invisible, rigid, traces, Chip, 
looks, lump, string, debris

Lack of efficacy doubtful, ineffective, eligible, declined, 
efficacy, lacked, erosion, announce, exhibits, 
concern

Manufacturing non-compliance Missing, installation, imprint, missing, 
External, residue, ABS, fault, connector, 
absence

Out of specification or out of trend 
test result

project, submission, validity, ots, quantities, 
fines, exceeded, decrease, scent, sediment

Product adulterated and/or contains 
prohibited substance

cone, western, hydrogen, authorised, rdi, 
Investigation, existence, Just, declared, poison

Product deposit sediments, erosion, dissolution, precipitation, 
crystal, hardened, thickness, deposits, 
dissolved, formation

Product expiration date missing, 
illegible or incorrect

calendar, differing, expired, dates, date, 
periods, selecting, life, caps, life

Product leaflet issue impacting 
strength, dose and/or safety

statements, Manual, claims, amendments, 
sticking, insert, Amendment, lets, holders, 
tape
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Product primary packaging issue scratch, pier, detached, barrels, tear, leaked, 
positioning, hole, leaking, worn

 Product unregistered discontinued, mistaken, tad, Groups, escape, 
certification, authorization, metro, 
commercial, Author

Low Product label/leaflet issues NOT 
impacting strength, dose and/or 
safety

Manual, omitted, marking, address, packing, 
tape, matching, code, Editorial, elsewhere

 Product physical issue shaved, design, freezing, Broken, squash, 
spots, oversized, Empty, yellowish, choking
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