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ABSTRACT
Online healthcare services can offer public ubiquitous access to
the medical knowledge, especially with the emergence of medical question answering websites, where patients can get in touch
with doctors without going to hospital. Explainability and accuracy
are two main concerns for medical question answering. However,
existing methods mainly focus on accuracy and cannot provide a
good explanation for retrieved medical answers. This paper proposes a novel Multi-Modal Knowledge-aware Hierarchical Attention
Network (MKHAN) to effectively exploit multi-modal knowledge
graph (MKG) for explainable medical question answering. MKHAN
can generate path representation by composing the structural, linguistics, and visual information of entities, and infer the underlying rationale of question-answer interactions by leveraging the
sequential dependencies within a path from MKG. Furthermore, a
novel hierarchical attention network is proposed to discriminate
the salience of paths endowing our model with explainability. We
build a large-scale multi-modal medical knowledge graph and two
real-world medical question answering datasets, the experimental
results demonstrate the superior performance on our approach
compared with the state-of-the-art methods.
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Q: What are the root cause
of having myxoma at the
right side of the heart?
A: These are benign
growths that occur in the
heart and the cause is really
unknown and the treatment
is to remove it surgically.

Myxoma
disease_related_disease

…

Atrial myxoma

organ_related_disease
heart

Figure 1: An illustrative example of a question-answer pair
(left), and related entities with images (right).
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INTRODUCTION

The escalating costs of healthcare and developing world-wide-web
drive more consumers to spend time online to seek medical information. On medical question answering websites, the consultant
can communicate with a professional doctor one-to-one, or look
through other users’ consulting histories. Figure 1 illustrates example. Appropriate explanations of medical answers may help health
seekers adopt them, which can improve the trustworthiness and
transparency of the medical question answering system. Therefore,
explainability becomes critically important for medical question
answering system to provide convincing results.
There are many powerful deep learning based question answering algorithms, which can be roughly categorized into two types:
representation-based [32, 33] and interaction-based [24, 39]. However, they focus on improving the retrieval accuracy but seldom
include reasonable explanations for retrieved answers to convince
users. In the real scenario, doctors need to have profound domain
knowledge to answer the medical questions. Prior efforts [4, 9, 18]
demonstrate that the incorporation of knowledge graph (KG) can
bridge the knowledge gap between experts and the public. For example, GRAM [4] and KAME [18] learned interpretable medical code
representations consistent with the hierarchical ontology structures,
and used these representations to predict diagnosis. KABLSTM [27]
designed a context-guided attentive convolutional neural network
to leverage knowledge embeddings to enrich the representations
of questions and answers(QAs). Therefore, a great potential is expected to exploit KG for explainable medical question answering.
However, those methods inject KG to enrich the representations of
QAs, but ignore underlying rationales of question-answer pairs and
multi-modal information [26]. In the medical question answering
system, there is extra question-answer connectivity information
derived from knowledge graph. As shown in Figure 1, as the question mentioned “myxoma” and “heart”, the doctor might refer to

“atrial myxoma”, then think of cause and treatment of this disease.
Besides, there are multiple images that intuitively describe the appearances of this entity, which enrich the entities’ representation
with their hidden semantics. These relational paths tell the consultant why the doctor suggests “remove it surgically” with explicit
reasons. This observation motivates us to extract the ontologies in
the q/a and map them to entities in the KG find multi-hop relational
paths between entities. Furthermore, high-quality representations
of the extracted paths are expected to be learned for fully capturing the semantic meanings of entities and entity relations encoded
in the multi-modal knowledge graph (MKG), which is essential
to inject knowledge into the medical question answering system.
Different paths reflect different diagnostic reasoning processes between medical ontologies, but some of them may not be bound with
the question-answer context and doctor’s reasoning logic. There
are several entity mentions in the QAs, forming multiple entity
pairs, each with multiple paths connecting them. “pain → tumor →
swollen” and “pain → inflammation→ swollen” are two paths related to different diseases with the same symptoms. Therefore, how
to model such complex connectivity between a question-answer
pair to mimic the doctor’s reasoning logic, is of critical importance
to endow the medical question answer system with explainability.
In order to build an explainable medical question answering
framework, we have to address the following challenging issues:
• Challenge 1: How to efficiently learn the representation of
the paths connecting a question-answer pair based on the
multi-modal medical knowledge graph? Injecting knowledge
graph into question answering system can capture questionanswer interactions. However, existing methods do not make
full use of entity associations and multi-modal information.
• Challenge 2: How to discriminate the strengths of different
paths to infer doctor’s logic? Explainability is as important as
accuracy for medical question answering. However, existing
methods neglect the explanation for the retrieved answers.
To shed some light on these challenges, we propose a new solution, named Multi-modal Knowledge-aware Hierarchical Attention
Network (MKHAN), which not only generates representations for
paths by accounting for structural, linguistic and visual information of the entity but also performs reasoning based on paths to
infer doctor’s logic. To learn the rich path semantics (Challenge
1), we build a multi-modal knowledge graph and learn the representation of the entities within the path. Specifically, we retrieve
the relevant images from the Internet for each entity, and apply a
translation-based method to combine the structural, linguistic and
visual information of each entity. To endow the explainability of the
retrieved answers (Challenge 2), we apply a hierarchical attention
network to discriminate the strengths of paths. Specifically, we
use a self-attention mechanism to discriminate the paths related
to each entity pair, then highlight the salient entity mentioned in
question/answer guided by the question-answer context.
In summary, the contributions of this work are as follows:
• We are among the first to study on explainable medical question answering over multi-modal knowledge graph, which
is challenging on both data acquisition and model design.
We propose a novel Multi-modal Knowledge-aware Hierarchical Attention Network (MKHAN), which utilizes the domain

knowledge to explain the retrieved answers. It interprets the
proper answer by performing reasoning over multi-modal
knowledge graph, and discriminating the strengths of paths
with hierarchical attention network.
• We build a multi-modal medical knowledge graph which
incorporates structural, linguistic and visual features to learn
the representations of entities and relations.
• We build two large scale real-world Chinese medical question
answering datasets to evaluate our model. Compared with
the state-of-the-art methods, our approach not only improves
the accuracy, but also holds the explanation capacity.

2 RELATED WORK
2.1 Medical-related Research
The existing approaches related to medical are diverse, including
disease inference [10, 23], medical diagnosis [14, 16, 17, 30], and
medical question answering [1, 8, 9]. DeepEHR [29] listed recent
advances for electronic health record analysis, containing multioutcome prediction [19], hospital re-admission prediction [21], EHR
concept representation [3, 25], and suicide risk stratification [34].
However, most approaches were designed for well-organized
structured data, e.g. EHR. In addition, some methods [8, 9] were
based on TREC-CDS, where the topic description, summary and
expected medical answer type were clearly labeled and accessible.
Therefore, these approaches are not applicable to the online medical
question-answering data that are unstructured multimedia content.

2.2

Knowledge Graph Representation

Translation-based methods, including TransE [2], TransH [36],
TransD [12] and TransR [15] have achieved tremendous success on
knowledge representation learning in the recent years. These approaches mapped the entities and relations into a low-dimensional
vector space, and regarded relations as translations from head to tail
entities. TransE [2] was under the assumption that the sum of the
representations of head and relation is close to the tail’s, denoted as
h + r ≈ t, but it could not handle reflexive and one-to-many/manyto-many relations. To tackle this shortcoming, TransH [36] mapped
head and tail to relation-specific hyperplane and then performed
translation operation, while TransR [15] projected entities and relations into different vector spaces. Furthermore, TransD [12] used
dynamic mapping matrices for learning the multiple representations of entities. There was also a growing research trending that
incorporated multi-modal information into knowledge graph learning. IKRL [38] used image feature to enrich entity representation
while [20] combined multi-model (visual and linguistic) with structural representations. Both of them [20, 38] were based on TransE
and were not capable of reflexive relations.
However, the above methods either do not make full use of
rich modality, or cannot cope with reflexive/one-to-many/manyto-many relations, such as “disease_related_disease”. To this end,
we propose an approach which can leverage rich information from
multi-modal data, as well as handle the reflexive relations.
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(a) Path representation based on multi-modal knowledge graph.

(b) Path Reasoning via Hierarchical attention network.

Figure 2: Schematic overview of our model architecture. (a) We extract paths connecting entities in questions and answers, then
learn the representation of the path with self-attention. (b) We perform path reasoning via hierarchical attention network to
discriminate the contribution of the paths and find explanation for the answers.

2.3

Interaction-based question answering

Retrieving and ranking answers from the vast corpus is an essential
function for the medical question answering websites. Most existing approaches applied LSTM/CNN to learn the representation of
QAs, then considered word-level interactions [6, 28, 40] or social
communication [7] to yield better matching results. SMatrix [28]
utilized a similarity matrix considering lexical as well as sequential
information to model the complicated matching relations between
QAs. K-NRM [39] used a translation matrix to model word-level
similarities, a kernel-pooling layer to extract multi-level match
features, and a learning-to-rank layer that produced the score.
However, these interaction-based methods are not explainable.
In this paper, we come up with an approach that uses paths connecting the question-answer pairs to increase the interpretability for
question-answer matching results. To the best of our knowledge, it
is the first work that introduces the knowledge graph to provide
explanation for retrieved medical answers.

3 METHOD
3.1 Basic Notations
We denote the question answering corpus as D, while m/n is the
length of the question q and answer a, and V is the vocabulary. A
medical MKG is defined as G = (E, R, T ), where E for entities and
R for relations, and T = {(h, r, t)|h, t ∈ E, r ∈ R} is the KG triples.
In addition, to model the explainable interactions within the
question-answer pair, we extract entities from question/answer as
Sq and S a , and formally define the path connecting a questionr1
r2
answer pair as a sequence of entities within G: p = [e 1 −−→ e 2 −−→
r L−1
· · · −−−→ e L ], where e 1 ∈ Sq and e L ∈ Sa , e 1 , e L , r i is the relation
and L is the length of the path. We refer to paths that connect the
ith entity pair as {p1i , p2i , · · · , pli }.
With the above notations, the inputs of the proposed MKHAN
are the MKG G, a question-answer pair, and paths connecting them.
For each question-answer pair, we aim to predict the matching
score, as well as explain the matching result.

3.2

Overall Framework

Our purpose is to calculate the matching score for a given questionanswer pair. To this end, we present an approach called MKHAN.
Figure 2 shows the workflow of MKHAN, which consists of two
modules: path representation based on multi-modal knowledge
graph and path reasoning via hierarchical attention network.
• Path Representation based on Multi-Modal Knowledge Graph.
In this part, we build and learn the representation for medical
MKG by integrating structural, linguistic, and visual features
for entities and relations with a translation based method.
Then we generate the path representation based on entity.
• Path Reasoning via Hierarchical Attention Network. This portion is designed to model the complex connectivity between
a QA pair, then predict the score and give the explanation.

3.3

Path Representation based on Multi-modal
Knowledge Graph

To learn the representations of the paths, we first build a medical
MKG and learn the representation of the entities, then generate the
path representations based on the entities.
3.3.1 Visual Modality Representation. There exists a medical knowledge graph that consists of medical ontologies and their relations,
however, the visual information is not included. To enrich the
knowledge graph with visual modality, we retrieve the top returned
images from Google Image Search Engine 1 for each entity. We remove noisy images which are irrelevant to the corresponding entity,
example images are in the Figure 3. We filter out the noisy image by
its noisy score [22], which is calculated by adding up the distances
of this image with all others retrieved by the same entity. We utilize
the Euclidean metric as the distance measurement and the visual
feature is a 2048-dim vector which is calculated using pretrained
ResNet50. The image is filtered if its noise score is greater than a
threshold, and the remained images set for ith entity denoted as Ii .
1 https://images.google.com/
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, E M = h⊥
+ dr − t ⊥
,
C
EC = hC
⊥ + dr − t ⊥ .

(a)

Then, we define the Structural-Multimodal energies [38] to ensure
that the structural and the multi-modal representation are learned
in the same space:

(b)

M
E MS = h S⊥ + dr − t ⊥
,

Figure 3: Results of noisy image filtering. The images with
red border are filtered as noise.

Since most entities have more than one image, it is important
to aggregate representation for each corresponding entity from
multiple image instances. Simply summing up or averaging may
lose the detailed information, thus we use the noisy score to determine the weight of each image. Hence, we define the aggregated
image-based representation for the ith entity eiI as follows:
eiI =
I
where Nik and eik
image in the Ii , ni

n i exp(−N ) · e I
Õ
ik
ik
,
Íni
exp(−N
ik )
k =1 k =1

(1)

are the noisy score and visual feature of the kth
is the size of Ii .

3.3.2 Multi-modal Knowledge Graph Representation Learning. Following the idea in TransH [36], we model a relation as a hyperplane
together with a translation operation on it. We choose it rather than
the TransE [2], because we need to deal with reflexive relations.
Given the structural feature e S ∈ Rd , linguistic feature eT ∈ Rd
and visual feature e I ∈ Rd of an entity, where d is the dimension
of the features, we first map them into a common space. We denote the mapped structural feature of head and tail as h S and t S .
For the multi-modal feature, we first combine the linguistic and
visual features by concatenating them, then feed them into a fullyconnected layer. We define the final multi-modal representation
of head and tail as h M and t M . When mapping to the hyperplane,
the projection is defined as follows by restricting the hyperplane
vector ∥wr ∥ 2 = 1:
S
h S⊥ = h S − wr⊤h S wr , t ⊥
= t S − wr⊤t S wr ,
M
M
h⊥
= h M − wr⊤h M wr , t ⊥
= t M − wr⊤t M wr ,

(2)

then we define the projection of combined representation hC
⊥ and
C by adding up the structural and multi-modal projected repret⊥
sentation as follows:
S
M
hC
⊥ = h⊥ + h⊥ ,

C
S
M
t⊥
= t⊥
+ t⊥

(4)

(3)

Next, we define the triple energies in consideration of both structural and multi-modal representation. Firstly, we can extend structural energy proposed in [36] by replacing the structural representation with multi-modal and combined representation, which enforces
the translation operation of the structural/multi-modal/combined

M
S
ES M = h⊥
+ dr − t ⊥
.

(5)

Considering all above, the final energy is defined as follows:
E(h, r, t) = E S + E M + EC + E S M + E MS

(6)

Objective Function: Following the thought of [20], we employ
head-centric and tail-centric loss jointly, so we define negative
sample list for the head-centric and tail-centric view as follows:
′
Tt ail
= {(h, r, t ′ )|h, t ′ ∈ E ∧ (h, r, t ′ ) < T },
′
Thead
= {(h ′, r, t)|h ′, t ∈ E ∧ (h ′, r, t) < T }.

(7)

Therefore, we minimize a margin based on ranking loss between
the energies of the gold and negative triples:
Õ
 
Lhead =
max γ + E(h, r, t) − E h, r, t ′ , 0 ,
′
(h,r ,t )∈T,(h,r ,t ′ )∈Ttail

Ltail =

Õ

 
max γ + E(t, −r, h) − E t, −r, h ′ , 0 ,

′
(h,r ,t )∈T,(h ′ ,r ,t )∈Thead

(8)
where γ is the margin parameter. The final loss is the sum of headview loss and tail-view loss.
Lkд = L head + L tail

(9)

3.3.3 Self-Attention based Representation. Based on the multi-modal
knowledge graph representation learning, we can define E ∈ R | E |×2d
by concatenating mapped structural and multi-modal representation of each entity. Thus each path can be represented as X p ∈
RL×2d by concatenating node embeddings.
We employ self-attention technique to extract information from
paths. Following [35], we define attention operation with the residual connection as follows:
Attention(X ) = softmax(

XW Q (XW K )⊤
)XW V + X,
√
dk ,

(10)

where W Q ,W K ,W V are different transform matrices of the input
X . Then we can combine the sequence information of the path as:
Õ
xp =
Attention(X p ) ∈ R2d .
(11)

3.4

Path Reasoning via Hierarchical Attention
Network

3.4.1 Utterance Encoder. All words in the q,a will be passed into an
embedding layer, which looks up embedding for each word indices
in the word embedding matrix W ∈ R |V |×d , where d is the dimension of embeddings. We denote R(q) ∈ Rm×d and R(a) ∈ Rn×d as
the representation matrix as q and a. Similarly, we can generate the
representation for q,a considering sequence information as:
Õ
Õ
xq =
Attention(R(q)), x a =
Attention(R(a)),
(12)

3.4.2 Path-based Context Embedding. The paths imitate the doctor’s reasoning process when answering the question, and can be
regarded as contexts and interactions between a question-answer
pair. Since there might exist several paths, we propose a novel hierarchical attention mechanism to discriminate the contributions of
different paths.
Firstly, given l paths connecting the ith entity pair, we first
compute their path representation X pi ∈ Rl ×2d according to Section 3.3.3. Then we compute their self-attention based encoding
and sum up the l paths’ representation. xp i is the combined representation of the paths connecting the ith entity pair, and we define
the combined paths’ set as Sq→a :
Õ
xp i =
Attention(X pi )
(13)
Secondly, we calculate the attention between paths and questionanswer pair. We learn the attention weights over paths conditioned
on the involved question-answer pair, and adopt a two-layer feedforward architecture. For the ith entity pair’s path p i , the attention
can be calculated by:
(1)
αq,p i ,a

= f (W (1) [xq ⊕ xp i ⊕ x a ] + b (1) ),

(2)

(1)

αq,p i ,a = f (W (2) αq,p i ,a + b (2) ),
function, W (1) /W (2)

(14)
(15)

and b (1) /b (2)

where f (·) is ReLU activation
are
the wights and biases, “⊕” denotes the concatenation operation,
then the attention weights are normalized by a softmax function,


(2)
exp αq,p i ,a

.
αq,p i ,a = Í
(16)
(2)
p i ∈Sq→a exp α q,p i ,a
Finally, we aggregate all these interactions by a weighted sum:
Õ
cq→a =
αq,p i ,a · xp i ,
(17)
p i ∈Sq→a

where cq→a combines path representations based on their contributions to reveal the reasoning process. Therefore, our model can
infer the rationales underlying the question-answer pair to explain
the retrieved answer.
3.4.3 Matching Schema. Until now, given a question-answer pair,
we have the embedding of question q, answer a, and the explainable
paths connecting them. We combine these embedding vectors into
a jointed representation of the question-answer pair as below:
xq,a = xq ⊕ cq→a ⊕ x a ,

(18)

xq,a encodes the information from three aspects: the involved
question, answer, and the corresponding paths based context. We
feed xq,a into an MLP layer in order to predict the matching score:
score(q, a) = MLP(xq,a ).

(19)

Objective Function: We design a pair-wise learning to rank
loss function to learn the parameters:
Õ
Lr ank =
max(1 − score(q, a + ) + score(q, a − ), 0), (20)
(q,a + ,a − )∈ D

where a + is the relevant answer and a − is the irrelevant with respect
to q. Both the relevant and irrelevant answers are sampled from
the same domain (clinics) with the question.

Table 1: Statistics of the Medical MKG.

3.5

MKG

#Type

#Rel

#Ent

#Triples

#Images

Count

6

17

59882

599223

741935

Optimization

We update the parameters of knowledge graph learning and questionanswer matching iteratively. Specifically, given a question-answer
pair, we first find the entities according to their utterances, and then
update knowledge graph learning’s parameters with the relative
entities. After that we extract the paths connecting the questionanswer pair, and update parameters in question answering matching network. The updating procedure is shown in Algorithm 1.
Algorithm 1 Training Algorithm.
Input: Question answering corpus D, MKG G.
Output: Matching function F (q, a|Θ, D, G).
1: Initialize all parameters;
2: for number of training iteration do
3:
Sample minibatch of positive and negative question answer
pairs from corpus D;
4:
Extract the entities in the questions and answers as S(h);
5:
Sample true and false triples from G for each entities in the
S(h);
6:
Update parameters according to Equation 9;
7:
Find the paths between entities in the question-answer pair;
8:
Update parameters according to Equation 20.
9: end for

4 EXPERIMENTS
4.1 Data Preparation
4.1.1 Knowledge Graph. We use the open medical knowledge graph
Symptom-in-Chinese1 in the experiments, which is collected and
built from eight medical question answering consult websites, three
Chinese encyclopedias and several electronic medical health records.
We choose six most related types of entity and seventeen relations
between them. We then retrieve several images for each entity and
build a multi-modal medical knowledge graph. The statistics of the
medical multi-modal knowledge graph is listed in Table 1.
4.1.2 Dataset. We build two real-world datasets from two popular medical question answering websites: Dingxiang Doctor 2 and
Chunyu Doctor 3 , where qualified doctors give some helpful advices to the consultants. Table 2 shows the statistics of the two
datasets, where the Avg Q-Len and Avg A-Len denote the average
words in the QAs, respectively. We preprocess QAs by removing
the punctuation and cutting them into words with Chinese text
segmentation tool Jieba4 .
1 http://openkg.cn/dataset/symptom-in-chinese
2 https //ask.dxy.com/

3 https //www.chunyuyisheng.com/pc/qalist/

4 https://github.com/fxsjy/jieba

Table 2: Statistics of Medical Question Answering Datasets.

Dataset
Chunyu
Dingxiang

QA pairs
245085
273003

Avg. Q-Len
32
115

Avg A-Len
75
284

Clinics
16
25

length of the path is up to 3. We test the negative samples F for
5 and 19, separately. For each dataset, we use p% of the data for
training and the remaining (1 − p)% for evaluation. p% varies from
30% to 70%. We evaluate the model every 400 batches and stop
training when the valid precision does not increase for 5 rounds.

4.4
4.1.3 Path Extraction. In practice, it is infeasible and labor intensive to find all connected paths over the knowledge graph. The
number of paths grows exponentially with regards to the length of
the path, as suggested in [5, 31]. Longer paths not only bring more
edges between two entities but also introduce more noisy entities.
Moreover, as pointed out by [5], performance dropped significantly
when the number of hops increased from 2 to 3. Therefore, we
extract all qualified paths by deep-first search algorithm, each with
length up to 3.

4.2

Comparing Methods

The experiments on the two Chinese medical question answering datasets employ the following comparing methods: (1)BOW,
Doc2Vec [13], which are simple but efficient representations used
in NLP. We use the cosine similarity as the matching score. (2)SMatrix [28], which introduces the similarity matrix based architecture
to model the complicated relations between questions and answers.
(3)K-NRM [39], which is a state-of-the-art deep semantic matching
approach. It uses a translation matrix to model word-level similarities, and employs a kernel-pooling technique to extract multi-level
soft match features. Finally, those features are fed to a learning-torank layer to predict the ranking score. (4)KABLSTM [27], which incorporates knowledge graph into question answering by leveraging
knowledge embeddings to enrich the representation of questions
and answers.
In addition, we use a variant of MKHAN as a baseline: MKHANNM: MKHAN-NM is a variant of MKHAN without using the multimodal information of the entities, thus the comparison between
other baselines and MKHAN-NM can reflect the influences of incorporating the explainable paths. The comparison between MKHANNM and MKHAN can reflect how multi-modal information benefits
the matching qualities.

4.3

Evaluation Metrics and Parameter Setting

Precision and normalized discounted cumulative gain (nDCG [11])
are used as the evaluation metrics. Precision is the average number
of times that the correct answer has the highest matching score.
The nDCG score is a standard metric for evaluating rankings. It
penalizes each rating based on its position in the results and then
normalizes the gain with the ideal discounted cumulative gain.
Since Precision and nDCG require a global scan of all answers for
each question, which is time-consuming, we follow [28, 37] and
use a variant of Precision and nDCG based on sampling. For each
question in the test data, we keep one ground truth and sample F
fake answers from the same clinics as candidate answers. Then we
evaluate the Precision and nDCG on each candidate set and take
the average score as the final results.
As for parameter setting, we set the dimension of words, images,
and entities embedding to 150 for all methods. For MKHAN, the

Experimental Results and Analysis

4.4.1 Quantitative Results. We list the experimental results in Table 3–4, From these results, we have the following observations:
(1) The performance of approach BOW is stable under various training sizes, while other approaches’ performances
improve when adding more training data. This shows the
representation-based methods make full use of training data.
(2) SMatrix and K-NRM achieve better results than BOW and
Doc2Vec on both datasets, showing that the interactions of
the QA pairs can provide valuable information to improve
the qualities of matching with a well designed neural model.
(3) KABLSTM beats SMatrix and K-NRM on Chunyu dataset
and achieves high precision on Dingxiang dataset, verifying
the incorporation of KG is useful in the medical domain.
(4) MKHAN consistently achieves the best performance, demonstrating that our proposed multi-modal knowledge-aware hierarchical attention network is effective in question-answer
matching. Moreover, it beats the variant MKHAN-NM in
most cases, verifying the incorporation of multi-modal information is beneficial for medical question answering.
4.4.2 Attention and Interpretability. We analyze the attention within
the paths of the entity pair and among the entities of a questionanswer pair. Figure 4 demonstrates an example of a question-answer
pair, paths, and attention within them. The question-answer pair
is that a consultant has noticed some abnormal examination results and suspected that she/he had the tumor, and the doctor gave
her/him advices. The words with the yellow or blue background
can be mapped into entities in the medical knowledge graph. Blocks
in the center show the path from entities of the question to the
answer, with the attention weights on the path or the block (bold).
The paths here can be viewed as potential reasoning process of the
doctor according to the description of the consultant. The attention
between the entity pairs and question-answer pair can be viewed
as a selection for entity pairs conditioned on the question-answer
context. As shown in Figure 4, The entity pair “(tumor markers,
color ultrasound)” gains the highest attention score (0.3225) among
all entity pairs, which is identical with expectation, since it is most
related to the “tumor” topic of the question-answer pair. The paths
connecting one entity pair can be viewed as the possible reasoning
process, and attention weights can be explained as a possibility. For
example, the path “runny nose → toxic pneumon → chest” gains
the highest attention for “(runny noise, chest)”, which reveals the
rationale underlying the question-answer pair, and can explain why
the doctor suggested checking for chest.
4.4.3 Case Study. We retrieve the top 6 answers to the question
“What kind of medicine does lung cancer patient take to protect
liver”. Figure 5 shows the ranking results by K-NRM and MKHAN.
The first row is the gold answer. As shown in Figure 5, MKHAN
gives the gold answer higher rank comparing with K-NRM. It shows

Table 3: nDCG and Precision on Chunyu dataset.
nDCG (F =5)

Precision (F =5)

nDCG (F =19)

Precision (F =19)

p%

30%

50%

70%

30%

50%

70%

30%

50%

70%

30%

50%

70%

BOW
Doc2Vec
SMatrix
K-NRM
KABLSTM

0.6950
0.7170
0.7756
0.7325
0.8464

0.6864
0.7187
0.7959
0.7795
0.8443

0.6812
0.7281
0.7984
0.7294
0.8511

0.4146
0.4271
0.5370
0.4606
0.6653

0.4001
0.4290
0.5695
0.5432
0.6624

0.3940
0.4463
0.5758
0.4594
0.6744

0.5175
0.4996
0.5904
0.5302
0.7068

0.5160
0.5060
0.6201
0.5879
0.6974

0.5173
0.5157
0.6321
0.5898
0.7038

0.2434
0.1920
0.3175
0.2512
0.4710

0.2401
0.2053
0.3541
0.3205
0.4601

0.2432
0.2141
0.3683
0.3279
0.4688

MKHAN-NM
MKHAN

0.8612
0.8665

0.8715
0.8756

0.8770
0.8798

0.6885
0.7021

0.7076
0.7169

0.7190
0.7251

0.7097
0.7143

0.7257
0.7303

0.7222
0.7419

0.4595
0.4656

0.4826
0.4894

0.4756
0.5086

Table 4: nDCG and Precision on Dingxiang dataset.
nDCG (F =5)

Precision (F =5)

nDCG (F =19)

Precision (F =19)

p%

30%

50%

70%

30%

50%

70%

30%

50%

70%

30%

50%

70%

BOW
Doc2Vec
SMatrix
K-NRM
KABLSTM

0.7945
0.8602
0.8436
0.9239
0.9232

0.7951
0.8707
0.8814
0.9298
0.9232

0.7961
0.8928
0.8883
0.9270
0.9233

0.5826
0.6975
0.6645
0.8294
0.8198

0.5831
0.7183
0.7382
0.8420
0.8240

0.5850
0.7650
0.7506
0.8363
0.8222

0.6500
0.6241
0.7279
0.8302
0.8207

0.6477
0.6423
0.7591
0.8542
0.8315

0.6502
0.6950
0.7905
0.8599
0.8282

0.4120
0.3534
0.5120
0.6798
0.6451

0.4085
0.3841
0.5500
0.7181
0.6630

0.4108
0.4601
0.5986
0.7282
0.6592

MKHAN-NM
MKHAN

0.9395
0.9448

0.9429
0.9484

0.9466
0.9400

0.8542
0.8642

0.8606
0.8749

0.8688
0.8543

0.8516
0.8610

0.8753
0.8796

0.8613
0.8763

0.6866
0.7039

0.7300
0.7316

0.7013
0.7374

Q：左肺上叶高密度斑片影边界模糊会是肿瘤吗？。体检胸片查出来了。复查CT结果一样。血常规正常肿瘤标志物正常。没有不舒服。最近体
检前感冒没有发烧。没有吃药。感冒咳嗽流鼻涕输液7天。之前发烧38度打针吃药了。
0.2098

0.1617

0.1973

懒黄病
0.4202

0.0115
EBV-Ab
0.2524

胸骨骨折
咳嗽

0.2876
AFE

0.1617
0.2098
Hookworm infection

0.1939

0.155
喘息样支气管炎

气管炎,久咳
胸部

abdominal

0.3352
闷脐生

0.0823

0.4009
肺部念珠菌病

0.0769
小儿金葡菌肺炎

Secondary peritonitis

0.2763
中毒
性肺
炎

0.0646
泌尿系肿瘤
0.3975
喉狭窄

0.3225

0.7865

急性气
管-支气
管炎
0.04

原发性
非典型
性肺炎
0.142

顿呛,顿
嗽,天哮
呛,疫咳
0.0275

Toxic
pneumon

0.0646
Urinary tumor

0.1246

彩超

Tumor
markers

0.3975
Laryngeal stricture

流鼻涕

0.2616
胆道肿瘤

0.3225

A:ct只做过一次吧?一个月的时候需要复查一下ct，腹部和盆腔的彩超，输液之后一个月复查胸部薄层平扫ct，千万不要心里压力大,放松才
好，不建议现在手术,建议积极观察，小细胞肺癌进展快，不同的肺病变,处理方法不同,有的是建议积极手术,有的是保守治疗.

(a) Original Chinese question-answer pair.

0.2616
Biliary tumor

Tracheitis
chest

0.7865

nose

0.3352
Stuffed umbilical
0.4009

0.0769
Staphylococcus
aureus pneumonia

0.2763
Breast adenoma

乳腺腺瘤

肿瘤标志物

0.155
Asthmatic bronchitis

0.1939

0.2524

Sternal fracture
Cold cough

AFE

0.0115
EBV-Ab

0.2452

Primary mediastinal
tumor
0.5229

Intestinal fat
metabolism disorder
0.2876

鼻

0.0823

继发性腹膜炎

0.1973

0.4202

0.5229

肠道脂肪代谢障碍
腹部

0.2452
原发性纵隔肿瘤

Q: Will the high-density patchy border blurring of the left upper lobe be a tumor? . Detected by the chest radiograph. The CT results
are the same. Blood RT is normal. Tumor markers are normal. No discomfort. There was no fever before the recent physical
examination. Did not take medicine. Cold cough, runny nose infusion for 7 days. I had a fever of 38 degrees and took a shot.

Lung candidiasis

Acute
trachealbronchitis

Primary
atypical
pneumonia

0.04

color ultrasound

0.142

rationale
0.0275
0.1246

runny nose

A: Did CT only do it once? You need to review the CT after one month, abdominal and pelvic color ultrasound, One month after
the infusion, review the chest thin layer scan CT. Do not feel stressed and be relax. Not recommend surgery currently. It is
recommended to actively observe, small cell lung cancer deterioration is rapid, different lung lesions, different treatment
methods, some suggest active surgery, and some are conservative treatment.

(b) Question-answer pair translated to English.

Figure 4: Example of question-answer pair and paths. The question proposed by the consultant is on the top, and bottom is the
doctor’s answer. The words with the yellow or blue background can be mapped into entities of the medical knowledge graph.
In the center, there are the paths connecting question-answer pair with attention weight.
that it is useful to introduce multi-modal knowledge graph for
medical question answering.
4.4.4 Parameter Analysis. To find out how the length of paths
influences the result of matching, we test the length of 3, 4 and 5 in
the experiment. We take 30% of ordinary data for experiment and

use 70% for training and the last for validation and test. The results
are shown in Figure 6. We can easily find out that the longer path
does not improve the evaluation results. It can be attributed to the
noise introduced by longer path.

What kind of medicine does lung cancer patient take to protect liver?

肺癌病人护肝吃什么药?

K-NRM

MKHAN

Chinese

English

2

1

保肝药很多,吃吉非替尼,建议定期复查肝功，如果肝功能损害严重,
应考虑停药，如果肝功没有异常,不是一定需要吃保肝药的。

Many liver-protecting drugs, gefitinib, it is recommended to review liver function
regularly, if liver function damage is serious, should consider stopping the drug, if
the liver function is not abnormal, it is not necessary to eat liver-protecting drugs.

5

3

血栓就是这样,吃着抗凝药,要溶开很慢的。化疗还需综合评估吧，
血栓就怕脱落，血栓化疗有风险。

The thrombus is like this. If you eat anticoagulant, it should be dissolved slowly.
Chemotherapy needs to be comprehensively evaluated. Thrombosis is dangerous。
Thrombosis chemotherapy is risky.

4

5

纵隔型淋巴瘤容易出现头颈部浮肿，如果不是肿瘤性的浮肿,三天
内就会消肿。一般摔倒后不会引起脖子浮肿,往往与肿瘤性压迫有
关,所以有可能只有抗肿瘤治疗后才能消肿，淋巴瘤的主要治疗是
化疗药结合局部放疗。

Mediastinal lymphoma is prone to head and neck edema, if it is not a tumor
edema, it will be swollen within three days. Generally, it will not cause neck edema
after falling, and it is often related to tumor compression, so it may only be able to
reduce swelling after anti-tumor treatment. The main treatment of lymphoma is
chemotherapy combined with local radiotherapy.

3

6

还是过去查一下。囊肿本身是空心的,有时候里面的液体物质张力
太大,摸上去也会觉得硬，检查一下放心，如果有问题就得考虑手
术。

You shall go to check it. The cyst itself is hollow. Sometimes the liquid material
inside is too tight, and it will feel hard when touched. If there is a problem, you
must consider the operation.

6

2

肠梗阻不适合化疗,先把身体状况调理好了,积极纠正一般状况，争
取化疗吧,手术不太适合了,肺上也有了转移灶，还是胃肠间质瘤。
可以试试伊马替尼(格列卫）。

Intestinal obstruction is not suitable for chemotherapy. First adjust the physical
condition, actively correct the general condition, surgery is not suitable, because of
lung metastasis, or gastrointestinal stromal tumor. You can try imatinib (Gleevec),
to control the tumor and save lives.

1

4

十二直肠癌预后较差,术后也需配合放化疗等综合治疗，如需化疗
肯定要住院治疗。

It is also necessary to cooperate with radiotherapy and chemotherapy after
surgery. If chemotherapy is required, hospitalization is necessary.

Figure 5: Top-6 retrieval results over Chunyu dataset by the K-NRM and the proposed MKHAN.
Table 5: Triple Classification Accuracy.

0.85

0.90

0.80

0.88
0.86

0.75

nDCG
Precision

0.70

nDCG
Precision

0.84
0.82
0.80

0.65

0.78

0.60

0.76
3

4
length of path

(a) Result on Chunyu dataset.

5

3

4
length of path

5

(b) Result on Dingxiang dataset.

Figure 6: The nDCG and Precision with different lengths of
paths.

4.4.5 Results on Knowledge Graph Embedding Side. Although we
show that MKHAN can benefit retrieval precision as well as interpretability, it is still essential to verify whether our multi-modal
knowledge graph learning mechanism can improve the knowledge graph representation. However, since the knowledge graph is
partially trained when learned together with question answering
module, it is hard to evaluate the influence of multi-modal content to the knowledge representation. Therefore, we compare our
knowledge module individually with other knowledge representation methods. We compare our approach with TransH [36], which
only uses structural information, and approach from [20] (Base),
which is a TransE-based multi-modal knowledge graph learning
method. Table 5 shows the results on triple classification with 70%
data for training. The test data consists of 50% real triples and
50% fake triples. All three methods are trained with head and tail
view loss. We evaluate the seventeen types of relations individually,
and calculate average accuracy, standard deviation and maximum
accuracy among all relations. We can see that our knowledge representation approach outperforms all other models, verifying that
our multi-modal knowledge graph learning is effective.

5

Method

Avg±std

Max

TransH
Base

0.7418 ± 0.11
0.6449 ± 0.07

0.9155
0.7915

Ours

0.7685±0.13

0.9459

CONCLUSIONS

In this paper, we propose an end-to-end framework with multimodal medical knowledge graph to automatically model explainable
interactions between the medical question-answer pairs. We build
a multi-modal knowledge graph and learn the representations of
the entities within the path to learn the rich path semantics, and
apply a hierarchical attention network to endow the explainability
for the retrieved answers. Its favorable performance verifies the
effectiveness of our method compared with others. In the future,
we will consider to integrate social information in our framework
such as doctors’ profiles, answer histories, to improve the reliability
of the retrieved answers.
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