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Adverse Drug Events (ADEs)

ADE: An adverse reaction resulting from improper drug use

How to detect ADEs?

e Aclinical trial
e Fromusers’ voluntary ADE reports
e Detect ADEs automatically using NLP techniques



ADEs detection
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Methods

Knowledge-augmented Concept-Aware Graph Embeddings (KnowCAGE)
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Methods

Word Nodes, Document Nodes
and Concept Nodes:

® Map words or phrases in the
document to Concept Unique
Identifiers (CUls);

® Use “preferred name”, a
short description or a
synonym of this concept, to
represent each CUI
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Methods

Adjacent Matrix A
SIM(%, 5), SIM > 0;i, j: word/concept
A;; = { TF-IDFy, i:document, j: word/concept
0, otherwise

We explore different measurement
methods for

SIM(i,j): L1 distance, L2 distance,
Cosine distance, and Pointwise
Mutual Information.
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Methods
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Methods

Different query matrices for
different types of nodes
accordingly:
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Methods

probability of classifying the
document: Py and P,

Pg: from concept-aware
document embeddings

P+ from contextualized
embeddings from the
pretrained language model

P=Apg + (1 = A)pc
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Dataset

Table 1: A statistical summary of datasets

Dataset Documents ADE non-ADE
SMM4H 2,418 1,209 1,209
TwiMed-Pub 1,000 191 809
TwiMed-Twitter 625 232 393
CADEC 7,474 2,478 4,996

TwiMed-Twitter: from social media

TwiMed-Pub: from biomedical publications

SMMA4H dataset: from Social Media Mining for Health Applications (#SMM4H) shared tasks
CADEC dataset: patient-reported posts from a medical forum



Re su I.ts Results for CADEC dataset:
Models P(%) R(%) F1(%)
HTR-MSA (Wu et al., 2018)  81.8 77.6 79.7
. CNN-T (Li et al., 2020) 84.8 79.4 82.0
Results for two TwiMed datasets: ATL (Li et al., 2020) 843 813 82.8
ANNSA (Zhang et al., 2021) 82.7 835 83.1
GPT-4 (OpenAl, 2023) 68.6  83.0 75.1
Modeis TwiMed-Pub TwiMed-Twitter KnowCAGE (GCN) 86.6 90.8 88.7
P (%) R (%) F1(%) | P (%) R (%) F1 (%) KnowCAGE (GAT) 87.1 89.7 88.4
HTR-MSA (Wu et al., 2018) 750  66.0 70.2 607 617 61.2 KnowCAGE (DGCNN) 87.1  93.9 20.4
IAN (Alimova and Solovyev, 2018) 87.8 73.8 79.2 83.6 81.3 824
CNN-T (Li et al., 2020) 81.3 63.9 71.6 61.8 60.0 60.9
MSAM (Zhang et al., 2019) 85.8 85.2 85.3 74.8 85.6 79.9
ATL (Li et al., 2020) 81.5 67.0 73.4 63.7 63.4 63.5 Results for SMM4H dataset:
CGEM (Gao et al., 2022) 88.4 85.0 86.7 84.2 83.7 83.9
GPT-4 (OpenAl, 2023) 89.2 85.4 87.0 76.1 85.3 80.1
KnowCAGE (GCN) 88.8 85.8 87.3 84.1 84.0 84.0 Models P (%) R (%) F1 (%)
KnowCAGE (GAT) 89.6 83.4 86.4 84.8 84.1 84.4
KnowCAGE (DGCNN) 88.7 83.7 86.1 83.5 84.1 83.8 BERTweet-LSTM (Kayastha et al., 2021) 81.2 86.2 83.6

RoBERTa-aug (Pimpalkhute et al., 2021) 82.1 85.7 84.3
BERT-LSTM (Yaseen and Langer, 2021) 77.0 72.0 74.0

CGEM (Gao et al., 2022) 86.7 93.4 89.9
GPT-4 (OpenAl, 2023) 62.4 96.7 75.9
KnowCAGE (GCN) 853 959 903
KnowCAGE (GAT) 85.4 946 89.8

KnowCAGE (DGCNN) 87.2 97.0 918




Effectiveness of the Concept-Aware Attention

Datasets dot-product attention structured attention concept-aware attention

P%) R®om F1*) P%) RO F1 (%) P%) R F1(%)
SMM4H 86.0 94.2 89.9 85.0 954 89.3 89.9 97.0 91.8
TwiMed-Pub 879 845 86.2 88.9 829 85.8 88.8 85.8 87.3
TwiMed-Twitter 845 822 83.4 83.0 81.8 82.4 84.8 84.1 84.4
CADEC 86.7  89.1 87.9 84.3 88.2 86.2 87.1 93.9 90.4

Concept-aware attention consistently achieves the best F1 score on four datasets.



Case Study - Node Cloud
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Conclusion

e Our work focuses on the pragmatic application of medical KG (UMLS), and
proposes a simple yet effective integration method of external medical
information;

e Weintroduce concept-aware attention, which is designed to emphasize
information in various levels that holds significant connections to the original
text. This also contributes to improved model explainability.
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