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ABSTRACT

The field of Drug-drug interaction (DDI) aims to detect descriptions
of interactions between drugs from biomedical texts. Currently,
researchers have extracted DDIs using pre-trained language mod-
els such as BERT, which often misclassify two kinds of DDI types,
“Effect” and “Int”, on the DDIExtraction 2013 corpus because of
highly similar expressions. The use of knowledge graphs can al-
leviate this problem by incorporating different relationships for
each, thus allowing them to be distinguished. Thus, we propose a
novel framework to integrate the neural network with a knowledge
graph, where the features from these components are complemen-
tary. Specifically, we take text features at different levels into ac-
count in the neural network part. This is done by firstly obtaining
a word-level position feature using PubMedBERT together with a
convolution neural network, secondly, getting a phrase-level key
path feature using a dependency parsing tree, thirdly, using Pub-
MedBERT with an attention mechanism to obtain a sentence-level
language feature, and finally, fusing these three kinds of repre-
sentation into a synthesized feature. We also extract a knowledge
feature from a drug knowledge graph which takes just a few min-
utes to construct, then concatenate the synthesized feature with
the knowledge feature, feed the result into a multi-layer perceptron
and obtain the result by a softmax classifier. In order to achieve
a good integration of the synthesized feature and the knowledge
feature, we train the model using a novel multifocal loss function,
KGE-MFL, which is based on a knowledge graph embedding. Finally
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we attain state-of-the-art results on the DDIExtraction 2013 dataset
(micro F-score 86.24%) and on the ChemProt dataset (micro F-score
77.75%), which proves our framework to be effective for biomedi-
cal relation extraction tasks. In particular, we fill the performance
gap (more than 5.57%) between methods that rely on and do not
rely on knowledge graph embedding on the DDIExtraction 2013
corpus, when predicting the “Int” type. The implementation code
is available at https://github.com/NWU-IPMI/DDIE-KGE-MFL.
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1 INTRODUCTION

There is always the possibility that unwanted side effects (called
adverse drug reactions, or ADRs) can occur when a patient takes
two or more drugs at the same time. These can endanger a patient
and even result in their death [1]. It is therefore highly desirable to
know whether there are drug-drug interactions (DDIs) between the
drugs which a patient takes. Meanwhile, with the explosive growth
of biomedical literature, there remain many latent drug interactions
described in papers which have not yet been detected and added to
DDI databases. For this reason, the DDI field has been a very active
one in recent years.
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There exist many neural network-based methods to extract DDIs
in previous research, and these have undoubtedly achieved good
performance. Specially, as the powerful Bidirectional Encoder Rep-
resentations from Transformers (BERT) model [2] achieves the best
result on many natural language processing tasks, many scholars
are conducting the DDI extraction task by pre-trained biomedical
language models such as BioBERT [3], SciBERT [4], BlueBERT [5]
and PubMedBERT [6], all of which can improve the result compared
with the Word2Vec or GloVe based methods.

However, as Zhu et al. [7] stated, because the “Int” type and
“Effect” type are expressed in highly similar ways, where “Int” type
just have an additional information to “Effect” type, this often leads
to misclassification on the DDIExtraction 2013 dataset (henceforth
DDIExtraction-13). Because a knowledge graph can express many
potential relationships between two entities, its use can alleviate
the misclassification problem.

Based on the above thinking, and following previous work, we
aim to integrate the text information from a pre-trained language
model-based neural network with the information from a knowl-
edge graph, and propose a novel framework as shown in Figure 1.
In the neural network part, most previous works partly use text
information such as a position feature or a dependency tree feature.
In order to take text features at different levels into account, we
input the preprocessed texts with relative position information into
PubMedBERT and a convolutional neural network (CNN) to get the
word-level position feature, get the phrase-level key path feature
alongside the position feature, input the preprocessed texts into
PubMedBERT with an attention mechanism to obtain a sentence-
level language feature, and finally integrate these three kinds of
features into one synthetic feature. We construct a drug knowl-
edge graph, called DrugKG, using the DrugBank database [8] and
the DDIExtraction-13 [9]. We then obtain a knowledge feature by
applying the knowledge graph embedding method to DrugKG, con-
catenate the synthetic feature and the knowledge feature, feed into
a multi-layer perception (MLP) and softmax layer in order to obtain
the classification result.

Meanwhile, we design a novel loss function called knowledge
graph embedding multi focal loss (KGE-MFL) which not only in-
corporates external knowledge information, but also alleviates the
imbalance problem. We evaluate our model on DDIExtraction-13
with a micro F-score of 86.24% and on the ChemProt dataset[10]
with a micro F-score of 77.75%, which shows that our framework is
effective for biomedical relation extraction tasks. To sum up, our
contributions are as follows:

e We propose a novel framework to integrate a neural network
with a knowledge graph, in which features from these are
complementary.

e The approach benefits from the proposed KGE-MFL loss
function, which not only alleviates the problem of imbalance,
but also integrates external prior knowledge.

o We demonstrate that there mainly exist two kinds of patterns
in the knowledge graph constructed from DDIExtraction-
13, antisymmetry and inversion. This finding can assist fu-
ture researchers in choosing a knowledge graph embedding
method.
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2 RELATED WORK

There primarily exist two kinds of method for DDI extraction. The
first one is traditional feature-based machine learning methods.
At the beginning, Chowdhury et al. [11] used a kernel approach
and Thomas et al. [12] used majority voting to extract DDIs. After
this, many researchers improved the results by use more feature
types such as relative position features, syntactic structure features,
and phrase auxiliary features [13-15]. However, these methods
usually rely heavily on feature engineering and feature selection,
both carried out manually, which limits their effectiveness and leads
to some possible patterns being overlooked.

The second group of methods are based on deep neural networks,
mainly convolutional neural networks (CNNs) and recurrent neural
networks (RNNs). In addition there are methods using pre-trained
language models (often based on BERT), and knowledge graph
methods fused with BERT. Liu et al. [16] were the first to apply
CNNss to extract DDIs; they embedded word and position features
by CNN to obtain the classification result. Subsequently, Liu et al.
[17] fused syntactic information by dependency parsing tree (DPT),
Sun et al. [18] increased the depth of the CNN and the convolution
kernel size, and Asada et al. [19] combined an attention mechanism
with CNN, all of which improved the classification result.

Meanwhile, there exist many methods based on Long Short-Term
Memory (LSTM) for DDI extraction. Kavuluru et al. [20] used a
word-based BiLSTM and a character-based BiLSTM to extract DDIs.
Wang et al. [21] and Zheng et al. [22] separately constructed a
BiLSTM model based on Dependency Parse Trees (DPTs) and an
attention-based BiLSTM model to obtain different kinds of features.
Sun et al. [23] and Xu et al. [24] fused external information to
increase the prior knowledge.

Then due to the power of BERT, Zhu et al. [7] proposed a BioBERT-
based model which fused external entity information and achieved
a higher new baseline for DDI extraction. Asada et al. [25] proposed
a SciBERT-based model which fused descriptions and molecular
structures of drug entities. Huang et al. [26] combined BioBERT
and Bio-GPT?2 to construct the classification part and generation
part of their model, which improved the DDI extraction perfor-
mance. Mondal [27] proposed a model that integrates BERT and
knowledge graphs. The model concatenates the output of BERT,
drug mentions represented by BERT and drug embeddings from a
knowledge graph constructed by them, and the result shows the
effectiveness of knowledge graphs for this task.

There is no denying that the previous works have achieved good
results, especially Mondal’s model [27]. In comparison to Mondal,
our method also integrates a neural network with a knowledge
graph; however, because their method ignores text features in the
neural network part and neglects the latent information of drug
knowledge graph embeddings in a drug pair, the improvement of
their approach is limited. By contrast, our method takes different
levels of text features into account, incorporates the knowledge
graph and neural network by KGE-MFL loss, and achieves a higher
improvement.

3 METHODS

As Figure 1 shows, we firstly obtain the word-level position feature
and phrase-level key path feature by PubMedBERT and CNN, get



Extracting Drug-drug Interactions from Biomedical Texts using Knowledge Graph Embeddings and Multi-focal Loss

Loss function KGE-MFL

CIKM’22, October 17-21, 2022, Atlanta, GA, USA.

| R |
‘ | @RUGBANK DDIExtraction 2013 |
| |
| |
Output } DrugBankKG DDIEKG }
I o I
4 ! “o® |
|
MLP TS } \\. }
Layer | |
| |
1) 4 | |
Feat Synthetical Feature Knowledge Feature Knowledge Graph Embedding } DrugKG }
eature
| |
Fusion Ju._ sy @ ..’... | o [ |
- - I !
. ~——” -~
-, ~ -~ | |
. P ~ -~
- - AN i /.\‘ |
s , e~ | ™~ |
- . ~~ e -~ _ | |
P ¢ - -
000000 000000 000000 | |
Feature Position Feature Language Feature Key Path Feature DrugkG| ~——————"""—— - —T————————~
Embedding ‘ ‘ ‘ °
Convolution ttention Convolution /'\‘
e e~ - - \ <
o emT T e T T el \
/ e et \
PubMedBERT frm== PubMedBERT —=ed
. ul e
Embedding
Input The vasodilating effects of nitroglycerin may be additive with those of other vasodilators nitroglycerin vasodilators

Figure 1: The architecture of our model. This figure uses the sentence “The vasodilating effects of nitroglycerin may be additive
with those of other vasodilators”, where “nitroglycerin” and “vasodilators” are drug entites.

Table 1: A preprocessing example for the sentence “Based on the chemical resemblance of itraconazole and ketoconazole,
coadministration of astemizole with itraconazole is contraindicated.”

Label Drug Pair Preprocessed Sentence
negative  (itraconazoleketoconazole)  Based on the chemical resemblance of DRUG1 and DRUG2, coadministration of DRUG0 with DRUGO is contraindicated.
negative (itraconazole,astemizole) Based on the chemical resemblance of DRUG1 and DRUGO, coadministration of DRUG2 with DRUGO is contraindicated.
negative  (itraconazole,itraconazole) =~ Based on the chemical resemblance of DRUG1 and DRUGO, coadministration of DRUG0O with DRUG2 is contraindicated.
negative  (ketoconazole,astemizole)  Based on the chemical resemblance of DRUG0 and DRUG1, coadministration of DRUG2 with DRUGO is contraindicated.
negative  (ketoconazole,itraconazole)  Based on the chemical resemblance of DRUGO and DRUGI, coadministration of DRUGO with DRUG2 is contraindicated.
advice (astemizole,itraconazole) Based on the chemical resemblance of DRUG0O and DRUGO, coadministration of DRUG1 with DRUG2 is contraindicated.

the sentence-level language feature by PubMedBERT with an at-
tention mechanism, and then incorporate these features into one
synthetic feature. Meanwhile, we embed the knowledge feature by
a knowledge graph embedding method from DrugKG. Finally, we
concatenate the synthetic feature and the knowledge feature, feed
them into a multi-layer perceptron and get the output through a
softmax layer. We train the model using our proposed KGE-MFL
loss. We now describe more details of the model.

3.1 Preprocessing

DDI extraction is a multi classification task to discern the drug pair
interaction when given an input sentence. When a sentence has n
entities, there will be C,21 drug pairs to be classified. Meanwhile, due
to the negative samples being far more frequent than the positive,
as is shown in Table 1, we adapt previous work [23] to filter some
obvious negative samples in order to relieve the imbalance problem
partly. Our negative filter strategy as follows:

e When two drug instances have the same name (like the
example shown in the third row of Table 1) or one drug name
is the abbreviation of the other, filter out the corresponding
instances.

e When a drug pair is in a coordinate structure, then filter out
the corresponding instances.
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e When one name is a special case of the other in a drug pair,
filter out the corresponding instances.

Meanwhile we apply a drug blinding method [16], to focus on the
current interaction of drug pair entities and to improve the robust-
ness of model. This masks a drug pair as “DRUG1” and “DRUG2”
and the other drug entities as “DRUGO0”.

3.2 Feature representation

In order to consider the different levels of features, we will describe
how to obtain the word-level position feature, the phrase-level
key path feature and the sentence-level language feature. Next, we
explain in more detail how to represent these features.

3.2.1 Position feature representation.

Given an input sentence S = [wy, wy, ..., wy ] which includes drug
pair entities wy; and wy, and has text length n, we first split the
sentence using the WordPiece algorithm [28]. We then feed each
wordpiece w; into PubMedBERT to get the contextualized embed-
ding eiw € Rdw, where dV is the dimension of the word embed-
ding. Meanwhile, we calculate the d”-dimensional relative position
embeddings e‘? 'eR? and ef 2 e R for every wordpiece respec-
tively. Finally, the wordpiece embedding and position embedding
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Table 2: A misclassification example based on the prepro-
cessed sentence “Barbiturates and glutethimide should not
be administered to patients receiving coumarin drugs.”

Preprocessed Sentence True Label  Predict Label

DRUG1 and DRUG2 should not be
administered to patients receiving DRUGO.
DRUG1 and DRUGO should not be
administered to patients receiving DRUG2.
DRUGO and DRUG1 should not be
administered to patients receiving DRUG2.

advice advice

advice advice

negative advice

are concatenated as in Equation (1):

1 2
ef =lefsel €]

¢Y)
where “;” denotes the operation of concatenation. Then we capture
the local and consecutive contextual features by the convolution
operation as Equation (2):

ef

Conv; = ReLU(W, © k-1

+Bp) (2)

where k is a window size, W), € RAX(d™+2xd”)xk denotes the appli-
cation of the filter to all possible serial context windows of k words,
and d€ is the filter size of the convolution, ® is an element-wise
product, B, is a bias term, and ReLU (-) represents the activation
function, namely rectified linear units (ReLU). Then, we determine
the output of the ReLU function as shown in Equation (3):

pos
! )
Finally, we obtain the position feature FP°5 € R?" by a max pooling
layer. Because the position feature represents the relative position
of all wordpieces in a sample, we consider this type property to be
a word-level feature.

= max(Conv;)

3.2.2 Key path feature representation.
Due word similarities, certain samples are always misclassified as
illustrated in Table 2.

We observe that redundant words in a misclassification sample
can lead to an incorrect result. Therefore, to address this problem,
we construct the dependency parsing tree and cut the tree to ob-
tain the path which contains drug entities comprising a drug pair.
This focuses on the key phrase in the classfication sample and is
named the key path by us. We construct the phrase-level key path
as follows:

(1) We firstly build the dependency parse tree using the Stanza
Python library [29] which is developed for biomedical NLP.

(2) Then we find the node which is the lowest common ancestor
(LCA) of the drug pair.

(3) Finally, we figure out one route which includes the LCA node,
the drug entity pair, and any other node whose distance to
a dependent node is less than one hop. We call this the key
path.

Take the sentence “Barbiturates and glutethimide should not
be administered to patients receiving coumarin drugs” as an exam-
ple; the current drug pair is (Barbiturates,glutethimide). We can
calculate the key path as “Barbiturates and glutethimide”, and delete
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Figure 2: An example key path for the sentence “Barbitu-
rates and glutethimide should not be administered to pa-
tients receiving coumarin drugs.”

the unrelated phrase “should not be administered..”, as shown in
Figure 2.

We take ef.‘ e RY" as the key path embedding, where d* is the
dimension of key path feature. Then we concatenate the wordpiece
embedding and key path embedding as shown in Equation (4):

k th
¢} ey_path _ [eiw; ef] (4)
Then, we obtain the key path feature in the same way as the po-
sition feature by a CNN model as was shown in Equations (2)
and (3). Finally, we represent the phrase-level key path feature as
Fkey_path o pd™

3.2.3 Language feature representation.

Although BERT learns about the structure of language within sev-
eral different layers [30], previous researchers usually just embed
the final output in their model, an approach which ignores some
features. Therefore, we obtain a sentence-level language feature
to catch different language properties by the hidden states of Pub-
MedBERT with an attention mechanism. We obtain the language
feature as in Equation (5):

m
Flang = Z Softmax(W; * PubMedBERT (S) + b;)
i=1
where PubMedBERT (S) is the hidden state output of PubMedBERT
when fed the sentence S, W; is the i-th layer of the hidden states
of PubMedBERT, and b; is a bias term, Softmax(-) is used for nor-
malization, m is the number of hidden layers which we need in
order to calculate the attention weight. Finally, we can obtain the
language feature as F/4"9 € R4" Then we concatenate different
kinds of features as in Equation (6):

®)

M
psynth_feature _ % Z a;F; (6)
=1
where M is the feature number, and ¢; is the corresponding feature
weight. Here, we consider that these three kinds of features are
equally important for DDI extraction. Thus we set M = 3and @; = 1,
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then average these features to combine their properties. We take the
embedding of FsYnth_feature 45 the final feature from the neural
network.

3.3 DrugKG construction

Generally, a knowledge graph is described by a triplet G = (E, R, S).
E = {e1, €, ..., em } is the collection of entities, where m is the num-
ber of entities; R = {ry, r2, ..., rp } is the collection of relations, where
n is the number of relations; Finally, S € E X R X E is the collection
of triplets in the knowledge base.

We usually describe a specific triplet as Equation (7):

(head, relation, tail) € S, head, tail € E, relation € R 7)
which means the head entity and tail entity have this relation. This
is a simple but expressive form to store the information, and is
often abbreviated to (h,r,t). Then we build the drug knowledge
graph using the datasets DDIExtraction-13 and DrugBank by the
following steps:

(1) Firstly, we extract the drug pair as a head entity and tail
entity respectively, and determine the label as a relation
from DDIExtraction-13, which can be explicitly expressed
as (DRUG1, label, DRUG2) — (h,r,t).

(2) Then, we list the result collection of (h,r,t) as a triplet, and
construct a drug knowledge graph from DDIExtraction-13
named DDIEKG.

(3) In the same way, we extract the drug entity and relation
expression from DrugBank, expressed as (DrugA, relation,
DrugB) — (h,r,t), and then build the drug knowledge
graph named DBKG.

(4) Finally, we merge DDIEKG and DBKG, filter the repetitive
drug entities and relations, and hence get the final knowledge
graph called DrugKG.

3.4 Knowledge feature representation

Because knowledge graphs store information in a direct and clear
way, there exist many methods to model the embedding of enti-
ties and relations using them, such as TransE [31], DistMult [32],
ComplEx [33] and RotatE [34]. The most important step for evalu-
ating such knowledge graph embeddings (KGEs) is a score function,
which usually takes the form f;(h, t). Meanwhile, there are differ-
ent kinds of patterns in a knowledge graph; some relations are
symmetric (e.g., marriage) while others are antisymmetric (e.g.,
filiation), some relations are the inverse of others (e.g., hypernym
and hyponym), while some types of relation may be composed
of other relations (e.g., father’s father is grandfather). Therefore,
a knowledge graph can contains four forms: symmetry, antisym-
metry, inversion, and composition. Diverse methods of KGE could
model the different patterns as is shown in Table 3. We adapt RotatE
as our KGE method because it can represent all patterns, and its
score function is shown in Equation (8):
dr(h,t) = [[hor -t ®)
where o is the element-wise product, and h, 1, t € ck , where ckis
a k-dimensional complex. We obtain the entity embedding by the
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Table 3: Patterns which can be recognised by different meth-
ods.

Method TransE DistMult ComplEx RotatE
ScoreFunction —||h+r—t|| <hr,t> Re(<hrt>) —|hor—t|
Symmetry X v v v
Antisymmetry v X v v
Inversion v X v v
Composition v X X v

loss function proposed by RotatE as Equation (9):
n
L = ~loga(y = dy(h,1) = »_ p(h},r,t))loga(d, (},t])) =y) (9)
i=1

where o is the sigmoid function, y is a fixed margin, (hl{, T, tl.' ) is the
i-th negative triplet, d,(-) is the score function. We minimize the
loss function to get the embedding of entity and relation, then we
obtain the entity embedding e¥"" e CK as a knowledge feature.
Finally, we match the entities in drug pairs to get the knowledge
feature, and concatenate it with the synthetic feature as in Equation
(10):

F= [Fsynthjeature; e/‘;;low, eknOW]

>7d2
where e](;;ww and esg"w are the entity embedding of drugl and

drug? in a drug pair. Then, input the vector to an MLP layer to get
the prediction probability of all DDI types as Equation (11):

P = [p1.p2. pul. pj = Softmax(MLP(MP"**F))

(10)

(11)
where p is the prediction probability of each DDI type in n types,
Mpred ¢ RnXd™ jg 4 weight matrix, and the prediction result is
obtained by a Softmax(-) layer.

3.5 Training

In order to alleviate the imbalance problem and incorporate external
prior knowledge, we propose a novel loss function called KGE-MFL
- knowledge graph embedding multi-focal loss. Multi-focal loss is
based on the focal loss function [35] which considers different DDI
types as dissimilar weights and is used as follows:

2img @i(1 = pe)¥log(pr)

n

MFL = —

(12)

where n is the number of DDI types, a; is the weight of each type as
defined in Equation (13), and p; is the previous result of Equation
(11), where y = 2.

_ Count;

B >, Count;
where Count; represents the number of the i — th type, n is the
number of different types. Then we define KGE-MFL loss as follows
to train our model:

Loss = BMFL(p) + (1 - ﬂ)F(KGEdrugZ - KGEdrugl)

(13)

[44]

(14)

where f is a weight parameter to balance the output of MFL and the
classfication of KGE, MFL(p) is the output of the MFL loss function
as defined in Equation (12), F(-) is a classification network which
contains a category for each DDI type, KGE g4z and KGEgyyq1
are the knowledge graph embeddings obtained previously. Due
to the result of knowledge embedding being complex and high-
dimensional, we consider that the difference between KGEg,,g2
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Table 4: Statistics of the DDIExtraction 2013 dataset

Train Test

DDIType Original Filtered Original Filtered
Mechanism 1319 1299 302 297
Effect 1687 1649 360 358
Advice 826 802 221 219

Int 188 179 96 96

Negative 23665 18781 4712 3645
Total 27685 22710 5691 4615

and KGE ;4 contains the information needed to find the correct
label. Hence we design the classification network to use the relation
information.

4 RESULTS
4.1 Dataset

As stated earlier, we evaluate our model on the DDIExtraction-
13 dataset, which is the baseline corpus for DDI extraction, and
contains data mainly originating in DrugBank and MEDLINE. It
contains four positive types and one negative type as follows:

e Mechanism: This type is assigned when a pharmacokinetic
mechanism happened in a drug pair, e.g., In a study in normal
volunteers, concomitant administration of buspirone HCI and
haloperidol resulted in increased serum haloperidol concentra-
tions.

o Effect: This type is assigned when an effect or a pharma-
codynamic appeared in a drug pair, e.g., Digitalis: Thyroid
preparations may potentiate the toxic effects of digitalis.

e Advice: This type is assigned when the text gives a sugges-
tion or advice relating to a drug pair interaction, e.g., Avoid
the concomitant use of chlorprothixene and tramadol.

o Int: This type is assigned when additional information about
a drug interaction is being given, e.g., Bromocriptine mesylate
may interact with dopamine antagonists, butyrophenones, and
certain other agents.

o Negative: This type is assigned when there is no drug inter-
action, e.g., It is unknown whether the concomitant adminis-
tration of proton pump inhibitors affects duloxetine absorption.

The statistics of the original and filtered datasets are shown in Ta-
ble 4. As mentioned earlier, the negative quantity is almost six times
the positive, meaning that the dataset is extremely imbalanced.

4.2 Drug Knowledge Graph

We divide the KG dataset into three parts: Train dataset, develop-
ment dataset, and test dataset. Information about the three KGs is
shown in Table 5. We use the train dataset to train our model and
validate the hyperparameters on development dataset. Finally, we
evaluate on the test dataset.
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Table 5: Statistics of different knowledge graphs. DBKG is an
abbreviation for DrugBankKG

Entity Relation  Triplet Train Dev Test
DBKG 3924 273 2681342 - - -
DDIEKG 3211 5 25222 16222 4500 4500
DrugKG 7135 278 2706564 1706564 500000 500000

Table 6: Hyperparameters of our model

Parameter Value
Max sequence length n 390
Word embedding size d* 768
Position embedding size dP 20
Key path embedding size d¥ 20
Initial learning rate 2e-5
Number of fine-tuning epochs 5
Batch size 16
L2 weight decay 0.01
Dropout rate 0.1
Attention number m 13

Convolution window size k 3

Convolution filter size d¢ 768
Knowledge embedding size dkm" 200
Fixed margin y 24

Loss function weight f 0.6

4.3 Evaluation Metric

The original DDIExtraction 2013 shared task used Pmijcro, Rmicro
and Fynjcro to evaluate the performance of models used by partici-
pating research teams. These metrics are calculated as follows:

TP
TP+ TN

2 X Pmicro X Rmicro

TP

= (15)
TP + FP

Pricro = micro

(16)

Fmicro =
Praicro + Rmicro

where TP, FP, and FN represent the average of true positives, false
positives and false negatives respectively.

4.4 Hyper-parameter settings

We apply the Pytorch! library and Python3.7 to code our model,
and run it on the Ubuntu? operating system. We optimize the hy-
perparameters by NNI® using the development set which consists
of 4542 samples selected from the train dataset as described earlier.
Finally, we obtain the hyperparameter settings as listed in Table 6.

4.5 Experiment results

4.5.1 Comparison with prior methods.
We evaluate on DDIExtraction-13 and compare with other estab-
lished methods as shown in Table 7. We can see that our model

Uhttps://pytorch.org/
Zhttps://ubuntu.com/
3https://nni.readthedocs.io/
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80 81 82 83 84 85 86 87 F-score(%)
Group One PubMedBERT 83.36
PubMedBERT+position 84.30
Group Two PubMedBERT+key path 84.11
PubMedBERT+language 84.66

PubMedBERT+position+key path 84.52

Group Three = PubMedBERT+key path+language 84.27

PubMedBERT+language+position 84.81

Group Four PubMedBERT+position+key path+language 85.01

Group Five PubMedBERT+position+key path+language+knowledge 86.24

Figure 3: Ablation study to show the effect of different
feature combinations on the performance of the proposed
model. We train all models using MFL. The Group One
model is the baseline and uses no features. Group Two mod-
els use one feature, Group Three models use two features,
the Group Four model uses three features and the Group
Five model uses all four features.

achieves the highest performance, in particular far higher than ex-
isting methods in respect of “Mechanism”, “Effect”, and “Int” types.
The values of Precision, Recall and F-score all are higher than
the previous methods. In particular, as discussed earlier, Mondal’s
method [27] does not use the text feature and the latent information
between drug knowledge graph embeddings. This could account for
the fact that our method exceeds theirs on all evaluation metrics.

4.5.2  Ablation experiment.

To investigate the effect of different features, we add features to our
model step-by-step. The model configurations are divided into five
groups. Group One consists only of PubMedBERT. Group Two con-
sists of PubMedBERT plus one feature (with three choices). Group
Three allows two features (with three choices). Group Four allows
three features (one choice) and Group Five allows four features (one
choice) and is the complete proposed model. The results are shown
in Figure 3.

Comparing Group One with Group Two, we can see that the per-
formance of Group Two improved, whichever feature we integrate.
Thus position, key path, and language features all have a positive
boosting effect for DDI extraction.

Relative to Group Two, models with two features in Group Three
either show a small increase or a decrease in performance. This
may imply that the additional information is similar to that already
contained in the Group Two models.

However, from Group Three to Group Four, we can see an im-
provement in all cases, indicating that the three features in Group
Four are complementary. Finally, between Groups Four and Five, the
performance improved by 1.23% when fusing the external knowl-
edge, which proves that this knowledge, obtained by the proposed
KGE-MFL loss, makes up the shortage of features obtained by the
neural network.
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5 DISCUSSION

5.1 The effectiveness of different feature
combinations in BERT-based models

We evaluate our method on four different pre-trained language
models: BERT [36], SciBERT [4], BioBERT [3], and BlueBERT [5].
Each model is evaluated by F-score when used with various combi-
nations of features as shown in Table 8.

The results show that the performance all the models improved
when we incorporated the various features into the base pre-trained
language models. Moreover, for all models, the highest score was
seen when all the features were added. Specifically, we can see
that when just one feature is added, the language feature gives the
largest improvement, proving its usefulness for DDI extraction. On
the other hand, the enhancement of BioBERT and BlueBERT is the
smallest because these BERTs are trained for use in the biomedi-
cal domain and therefore already contain the appropriate domain
knowledge.

5.2 The results of various knowledge graph
and knowledge graph embedding methods

Due to DBKG not containing all the drug entities in DDIExtraction-
13, we evaluate the model on DDIEKG and DrugKG, and the results
are shown in Table 9. The table shows that DrugKG, the larger
KG, can achieve a better performance because it provides more
information and embeds more accurate representations. Meanwhile,
we can see that the ComplEx and TransE methods obtain a similar
performance on DDIEKG, while ComplEx and RotatE produce
almost equal results on DrugKG. Different knowledge embedding
methods can model different patterns. DistMult can only express
symmetry patterns, and it obtains poor results on both KGs. This
suggests that no matter which KG we construct, we mainly have
two kinds of pattern, antisymmetry and inversion, so a method
which cannot handle both of these may not perform well. This is a
useful point for future researchers to keep in mind when selecting
KGE methods.

5.3 The influence of different loss functions

To determine which DDI types the proposed KGE-MFL loss function
improved, we change the loss function of our model and the results
are shown in Figure 4.

We can observe that the KGE-MFL improves F-score when mea-
sured on all DDI types together (bottom right hand box in the figure)
when compared to CE, with an improvement of 2.63%. There are
two aspects which together improve the result. The first is that the
KGE-based losses include external knowledge which achieves a bet-
ter performance. We can see this from comparing CE with KGE-CE,
and comparing MFL with KGE-MFL, for all the DDI types shown
individually in Figure 4 (the first four boxes). The second point is
that MFL can alleviate the imbalance problem which we can see
from comparing CE with MFL. The results show improvements of
2.85%, 0.64%, 3.19% and 1.4% respectively on “Effect”, “Mechanism”,
and “Int” types, and on “All DDI types”.
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Table 7: Comparison of proposed method with previous approaches, all evaluated on DDIExtraction-13. The highest value in

each column is shown in bold.

F-score on each DDI type Overall

Methods Mechanism Effect Advice Int  Precision Recall F-score
Chowdhury et al. [11] 67.90 62.80 69.20 54.70 64.60 65.60 65.10
Feature based methods Kim et al. [14] 69.30 66.20 7250  48.30 - - 67.00
Raihani et al. [15] 73.60 69.60 77.40 52.40 73.70 68.70 71.10
Liu et al. [16] 70.23 69.32 77.72 46.37 75.70 64.66 69.75
Asada et al. [19] 73.83 71.03 81.62 45.83 73.31 71.81 72.55
CNN and RNN based methods Sun et al. [23] 78.25 7349  80.54 5890 7730 7375 7548
Zheng et al. [22] 77.50 76.60 85.10 57.70 78.40 76.20 77.30
Zhu et al. [7] 84.60 80.10 86.00 56.60 81.00 80.90 80.90
Bert based methods Asada et al. [25] 87.61 82.05 90.79 58.74 85.36 82.83  84.08
Huang et al. [26] 87.20 84.80 87.70 57.90 83.40 85.00 84.20
Knowledge graph based method Mondal [27] 87.00 81.00 88.00  59.00 - - 84.00
Ours 89.00 86.47 89.64 64.47 86.20 86.29 86.24

Table 8: The effects of various feature combinations when
using different BERT-based pre-trained language models.
“pos”, “kpath”, “lang” and “know” are the abbreviations of
“position feature”, “key path feature”, “language feature”

and “knowledge feature”. Each number in brackets is the im-
provement of F-score.

Method BERT(A) SciBERT(A)  BioBERT(A)  BlueBERT(A)
- 79.71(-) 81.11(-) 81.89(-) 82.64(-)
+pos 80.98(1.27)  83.31(2.2) 82.23(0.34) 82.94(0.3)
+kpath 81.29(1.58)  83.17(2.06) 82.89(1) 82.96(0.32)
+lang 81.77(2.06)  83.28(2.17)  82.91(1.02) 83.01(0.37)
+pos+kpath+lang 82.14(2.43) 83.71(2.6) 83.40(1.51) 83.53(0.89)
+pos+kpath+lang+know ~ 82.73(3.02)  84.85(3.74)  84.03(2.14)  84.31(1.67)

Table 9: The F-scores resulting from using different KGE
methods with the DDIEKG and DrugKG knowledge graphs.

TransE DistMult ComplEx RotatE
DDIEKG  85.01 83.54 85.22 84.30
DrugkG  85.55 83.87 86.37 86.24

5.4 The generalization of our method

To examine the generalization of our model, we evaluate it on the
ChemProt dataset [10]. Like the DDIExtraction 2013 task, this is
also a multi-classification task on biomedical texts, but in this case
the aim is to extract the relations between chemicals and proteins
with F-score as the evaluation metric. The result of running the
proposed model on ChemProt is shown in Table 10.

Even though we apply our method on ChemProt without chang-
ing hyperparameter settings, it still has a good performance and
the results surpass most previous models.
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KGE-CE  MFL KGE-MFL
ect

CE  KGE-CE MFL KGE-MFL
Mechanism

KGE-CE  MFL KGE-MFL
Advice

KGE-CE  MFL KGE-MFL
Int

KGE-CE MFL KGE-MFL
Al DDI types

Figure 4: The effect of different loss functions on our model,
where CE is cross-entropy loss, MFL is multi-focal loss, and
KGE-CE is the loss function based on KGE and CE.

Table 10: Comparison of the proposed model with previous
methods on the test dataset of ChemProt.

Methods Pengetal. [5] Leeetal. [3] Guetal. [6] Suetal [37] Ours
Precision 71.74 77.02 78.80 80.60 78.81
Recall 74.13 75.90 75.90 76.90 76.68
F-score 72.93 76.46 77.24 78.70 77.75

5.5 Error Analysis

We draw the confusion matrix in Figure 5 to study the types of
errors made by the model. The confusion matrix reveals that al-
though our method has alleviated the problem of misclassifying
“Int” into “Effect”, the problem still exists on DDIExtraction-13. We
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Prediction label

Advice  Mechanism  Effect Int None
1 1 1 1

Advice 0 0.0046 0.0001 0.078

Mechanism 0 0.067
T
=

o Effect 0.0028 0.075
2
=

Int 0 0.021 0.39 0.51 0.083

None 0.0052 0.0069 0.0069 0.0011

Figure 5: Performance of the proposed model on each DDI
type.

believe there are three main reasons for this. First, as Table 4 shows,
the frequency of “Int” is the smallest and “Effect” is the largest in
positive samples. This results in the model not being able to learn
sufficiently the difference between “Int” and “Effect” types. The
second reason is that there are a few mislabeled samples in the
gold standard dataset such as the sentence “A potential interaction
between oral miconazole and oral hypoglycemic agents leading to
severe hypoglycemia has been reported” which is labeled as “Ef-
fect” in the training dataset of “Glibenclamide_ddi.xml”, but labeled
as “Int” in the training dataset of “Glipizide_ddixml”. However, if
we filter these samples, the imbalance problem could be further
increased. The last reason is that these types all describe the interac-
tion of two drugs with little diversity. As a result, they have a similar
semantic information and that is the reason why the problem of
mislabeling has happened in the gold standard.

6 CONCLUSION

In this paper, we proposed a novel model incorporating a neural
network and a knowledge graph in order to extract DDIs from
biomedical texts. The results indicate that our method is effective
for biomedical relation extraction, which suggests that the features
from neural networks and knowledge graphs are mutually comple-
mentary.

In future, we will try to construct a larger drug knowledge graph
to obtain more abundant drug information. Meanwhile, in order
to handle the misclassification of “Int” types is as “Effect”, we will
attempt to increase the number of “Effect” and “Int” type training
examples by data augmentation methods.
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