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A B S T R A C T

This paper aims at medical text classification, where texts describe medicines, diseases, or other medical
topics. This field is still challenging since medical texts contain intensive specialization and terminology,
which require professional semantic and structured knowledge to classify. Based on our observations, medical
knowledge graph (KG) can provide such knowledge although they may be ambiguous. To this end, we propose
contrastive knowledge integrated graph neural networks (ConKGNN) to make full use of the above knowledge.
Specifically, the proposed method builds two graphs for a medical text, i.e. text graph and text-specific
subgraph, containing the text information and relevant KG information, respectively. Two graphs are merged
into a united graph, which is jointly modeled by graph neural networks (GNN). In this way, our approach
adequately learns interactions between neighbors. Meanwhile, it promotes the mutual influences between text
and KG. We further propose graph-based supervised contrastive learning. By randomly cutting off nodes from
the text graph, an augmented united graph is obtained. Learning it in a contrastive way could enhance the
robustness of introducing KG information. Comprehensive experiments are conducted on five Chinese medical
datasets and experimental results show our model outperforms strong baselines remarkably. Consequently,
our model can serve as an efficient medical text classifier with excellent performance. We release the code at
https://github.com/nolongernome/ConKGNN.
. Introduction

Medical text classification has a wide range of applications, in-
luding medical topic classification (Jelodar et al., 2020; Jiang et al.,
020), medical information index (Li et al., 2017), medical explanatory
ialogue (Forcher et al., 2014) and medical diagnosis (Tang et al., 2020;
osseini et al., 2018) etc. Every year, China publishes tens of thousands
f medical journal articles that need to be labeled by libraries. For
xample, a drug-related document that comes from a medical journal
emands to be further classified into a fine-grained drug label, such
s anti-cancer drugs. Because these medical text contains intensive
pecialization and terminology, it has a strong demand for professional
omain knowledge. For example, the word ketamine , from
he sentence ‘‘The effect of ketamine on the brain ’’, may not be observed
uring training. External knowledge could provide that ketamine is
kind of general anesthetics . It will facilitate

lassifying the sentence into the class anesthetics. Several works utilize
omain knowledge in diverse applications (Gao et al., 2020; Li and
ang, 2021; Yang et al., 2021). There are some works that have
xplored the usage of external knowledge in the text classification
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Y. Zhang).

task (Mishra et al., 2012; Abdollahi et al., 2019; Chen et al., 2019;
Tang et al., 2022). However, they only use keywords to retrieve related
knowledge. Then the related knowledge is simply concatenated with
keywords (Mishra et al., 2012; Abdollahi et al., 2019) or the text
representation (Chen et al., 2019; Tang et al., 2022) for classification.
This way neglects the mutual influences between text and external
knowledge.

Besides, we observe that not all the KG information is bene-
ficial for classification. For instance, in the sentence ‘‘Therapeutic eff-
ect of sirolimus on mouse model of skin collagen thesaurosis’’

, a keyword colla-
gen can retrieve the external knowledge that it is a kind of
topical hemostatic . Such keyword and retrieval
knowledge are misleading that may prevent this text from being classi-
fied into the class immune drugs . This motivates us to enhance
the robustness of the model introducing KG information.

In this paper, we argue that external knowledge is not only a sup-
plement for text. The deeper mutual influences can further expand the
text feature. Chinese medical text classification is chosen as our target.
The external knowledge comes from a medical KG, which is composed
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Fig. 1. An illustration for a united graph, combined with a text graph and a
text-specific subgraph.

of professional terms and structured relationships. To make full use of
the above knowledge, two major problems should be considered.

• How to learn the context of text and external knowledge interac-
tively.

• How to enhance the robustness of the model since the external
knowledge may be ambiguous.

To solve these two problems, we propose contrastive knowledge
ntegrated graph neural networks (ConKGNN). For the first problem,
e define those words that co-occur in both the medical document
nd medical KG as keywords. The keywords between text and KG
rovide a bridge, as ketamine in Fig. 1. A simple but effective fusion
echanism is designed to guarantee that the text and KG can affect

ach other mutually. Concretely, a text graph (see the left side of Fig. 1)
s built with a sliding window (Zhang et al., 2020a), where the co-
ccurrence words in the window are linked with each other. With
eywords, a text-specific subgraph (see the right side of Fig. 1) is also
etrieved from medical KG. Then the two graphs above are integrated
nto a united graph. GNN which can catch semantic and structured
nformation is proposed to facilitate learning node interactions among
he united graph. In advance, the whole medical KG is pre-trained
ith graph embedding to preserve global semantic and structured

nformation. As such, the text and KG interact through keywords, where
he influences become deeper with the model training.

For the second problem, we propose a united graph supervised con-
rastive training objective based on contrastive learning (Khosla et al.,
020; Yan et al., 2021; You et al., 2020). Many works have demon-
trated that contrastive learning contributes to model robustness (Zeng
nd Cui, 2022; Xu et al., 2021). We intuitively generalize such ability of
ontrastive learning to alleviate the misleading information introduced
y KG. Specifically, with a random cutting-off strategy (Chen et al.,
020), an augmented united graph is obtained. It is trained to maximize
he agreement with the full united graph, and also push away with
ther classes in a supervised contrastive manner. Cutting off nodes
eads to learning a trade-off of how much external knowledge to
se. In this way, our model can alleviate the influence of ambiguous
nformation and improve robustness.

The main contributions of our paper are as follows:

• We propose contrastive knowledge integrated GNN (ConKGNN)
for Chinese medical text classification. GNN is explored to en-
hance the mutual influences between text and KG. Bridged by
keywords, the text and related KG are transferred into a united

graph. Modeling this united graph by GNN tends to learn features

2

in an interactive way and obtain more informative text features,
which is remarkably beneficial for classifying medical texts.

• we propose a united graph supervised contrastive training ob-
jective to explore the problem of KG knowledge ambiguities. It
learns a trade-off of how much external knowledge to use. Thus
it enhances the robustness of our model by better utilizing the
semantic and structured knowledge.

• We carry out extensive experiments on five real-world datasets.
The results demonstrate that our proposed model outperforms
strong baselines significantly.

This paper is organized as follows: The background literature on
text classification with external knowledge and GNN-based text classi-
fication is introduced in Section 2. The structure and formula details
of our proposed model are introduced in Section 3. The systematical
experiments, including datasets, numerical results, and comprehensive
analysis are given in Section 4. The conclusion and future work are
summarized in Section 5.

2. Related work

2.1. Text classification with external knowledge

Several works have explored how to incorporate external knowledge
for text classification. Traditional methods focus on the keywords that
exist both in the text and knowledge base. Abdollahi et al. (2019)
utilize a domain-specific dictionary and swarm optimization to select
key features as input. Mishra et al. (2012) extract medical entities from
a text, retrieve their relations from a database, and then concatenate the
entities and relations to a kernel function. Many deep learning methods
are also proposed. Yao et al. (2019a) combine the rule-based feature
and the text feature to classify disease. Chen et al. (2019) inject con-
ceptual information into attention mechanisms to obtain the conception
feature and combine it with the text feature to the classifier. Tang et al.
(2022) utilize CNN and attention mechanisms to obtain conception
and keywords features as text extensions. Zhang et al. (2020b, 2021a)
obtain prior knowledge by pre-trained on the large medical corpus
or medical KG based on BERT (Vaswani et al., 2017). Though these
works introduce external knowledge for text classification, knowledge
is exploited in isolation. The mutual influences between the text and
external knowledge may be ignored.

2.2. GNN-based text classification

The performance of traditional text classification methods heavily
relies on manual features (Joachims, 2001; Dai et al., 2007; Altınel
et al., 2015). With the development of deep learning, convolutional
neural networks (CNN) (Zhang et al., 2021b; Chung et al., 2019; Zhang
et al., 2022) and recurrent neural networks (RNN) (Mikolov et al.,
2010) based methods have been proposed, which help this task by
automatically learning features. Compared with the above methods,
GNN-based methods can capture non-consecutive structure informa-
tion (Zhang et al., 2020a; Shang et al., 2021). Defferrard et al. (2016)
firstly propose graph convolutional neural networks and employ them
in the text classification task. Yao et al. (2019b) utilize text nodes
and weighted edges to build a corpus graph based on Defferrard et al.
(2016). Huang et al. (2019) convert each text to a graph and support
online training. Further, Zhang et al. (2020a) propose a graph-based
method for inductive text classification. Wu et al. (2021) propose two
windows GNN-based models to take account of the local semantic
information and the global co-occurrence information. Although these
GNN-based methods can utilize non-consecutive structure information
and semantic information of the text, they have little attention to
the situation where the model lacks domain knowledge. Based on the
characteristic of GNN, we design the united graph and derive the
original text and external domain-specific knowledge to learn from
each other. Meanwhile, valuable semantic and structured information

is obtained by the text feature.



G. Lan, M. Hu, Y. Li et al. Engineering Applications of Artificial Intelligence 122 (2023) 106057

t
K

2

c
g
l
l
l
N
(
t
i
o
g
p
s
a
a
a
a
t
o

3

c
t
g
g
c
s
t

Fig. 2. An overview of ConKGNN. For the convenience of the display, x1𝑖 colored in yellow is the node embedding of the text, x1𝑖 colored in orange is the node embedding of
he keyword, and x1𝑖 colored in green is the node embedding of the related KG. The representations of KG nodes and keywords are pre-trained by graph embedding on the whole
G. Best view in color.
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.3. Contrastive learning

Contrastive Learning is proposed to alleviate the drawbacks of
ross-entropy loss, such as sensitivity to noisy labels and poor mar-
ins. Khosla et al. (2020) extend the self-supervised batch contrastive
earning to the supervised setting, allowing the model to effectively
everage label information. Recently, many works apply contrastive
earning to obtain robust sentence representation in the domain of
LP (Li et al., 2021; Yan et al., 2021). In the graph domain, Wu et al.

2021) develop contrastive learning for GNN. Song et al. (2022) design
wo-layer constructive learning, including node-level contrastive learn-
ng and graph-level contrastive learning, to improve the performance
f knowledge tracing. To find the optimal augmentation method in
raph-based contrastive learning, Xu et al. (2021) propose practical
rinciples and argue that the graph encoder should be task-relevant and
imple. You et al. (2021) design a unified optimization framework to
utomatically select augmentation method and Yin et al. (2022) design
learnable graph augmentation generator to automatically generate

ugmentations for a graph. Motivated by these promising works, we
lso apply graph-level contrastive learning to deal with the noise from
he KG and propose a united graph supervised contrastive training
bjective to explore this problem.

. Proposed model

In this section, we propose ConKGNN for Chinese medical text
lassification. As shown in Fig. 2, utilizing the KG information, each
ext is processed into a united graph, meanwhile, an augmented united
raph. Then the text feature and the augmented text feature will be
enerated respectively by GNN. The text feature is used to compute the
lassification objective. Both features are used to compute united graph
upervised contrastive objective. Two objectives are jointly exploited to
rain the model. The proposed ConKGNN mainly includes the following.

• To preserve the global external knowledge, a KG graph embed-
ding module aims to pre-train node representations among the
whole KG.

• Bridged by keywords, the united graph is integrated by the text
graph and its relevant text-specific subgraph. All nodes in the

united graph interact with GNN.

3

• A united graph supervised contrastive training objective module
generates an augmented united graph and maximizes the agree-
ment with the original united graph. The supervised contrastive
loss affects the learning of semantic and structured knowledge.

.1. KG graph embedding

To take advantage of the global medical prior knowledge, we first
re-train graph embedding on the medical KG. Many knowledge graphs
ave been built (Bosselut et al., 2021; Shao et al., 2021; Borrego et al.,
021) and widely applied in NLP tasks. OMAHA,1 a large-scale Chi-
ese medical KG, with 1.24 million terms, 2.92 million relations, and
80,000 ontologies, is produced by a professional medical KG group
amed Huizhi and utilized as external information. To learn the global
nowledge, the whole medical KG is pre-trained with node2vec graph
mbedding algorithm (Grover and Leskovec, 2016). It intends to make
earby nodes, or context-alike nodes, have similar representations.
oncretely, upon the OMAHA, node2vec uses biased random walks,
hich provide a balance with depth-first and breadth-first network

earching, to obtain sequences as contexts. And then node2vec employs
ord2vec (Mikolov et al., 2013) to establish 𝑑 dimension KG node

epresentation. By training the self-supervised node2vec on OMAHA,
e can obtain domain-rich, high quality, and informative node repre-

entation. The pre-train of graph embedding is independent of the main
odel and the representations of part KG nodes will be fed into a KG

ext-specific subgraph in the next module.

.2. KG retrieval

We utilize keywords to retrieve text-related nodes from KG. With
hese nodes, we obtain a text-specific subgraph, which contains the
ost relevant knowledge about the text. Concretely, the words co-

ccurring between the text and KG are selected as the keywords and
etrieved their related KG terms. Since the term is not directly linked
o another term in OMAHA, we use the ontology to obtain related
odes. In OMAHA, ontology is usually an abstractive string ID. A term
s connected directly to its ontology and an ontology may connect to
nother ontology. For example, the term set 𝜂1 = {𝚜𝚝𝚘𝚖𝚊𝚌𝚑, 𝚝𝚞𝚖𝚖𝚢} is

1 https://hita.omaha.org.cn

https://hita.omaha.org.cn
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connected to ontology1, 𝜂2 = {𝚜𝚝𝚘𝚖𝚊𝚌𝚑𝚊𝚌𝚑𝚎, 𝚜𝚝𝚘𝚖𝚊𝚌𝚑 𝚙𝚊𝚒𝚗} belongs
o ontology2, the term 𝚜𝚝𝚘𝚖𝚊𝚌𝚑 is a keyword. Since ontology1 is
onnected to ontology2, 𝜂1, 𝜂2 and connections from stomach to
hese terms can be retrieved. There may be more than one keyword
n the text. The relevant information can be obtained by repeating the
bove operations for each keyword. As such, text-specific KG node set
sub and their connections construct the text-specific subgraph, defined
s below.

sub = {𝑠𝑖|𝑖 ∈ [1, 𝑛]},

𝑠𝑢𝑏 = {𝑐𝑖𝑗 |𝑖 ∈ [1, 𝑛]; 𝑗 ∈ 𝛼𝑖},
(1)

here 𝑛 is the amount of text-specific subgraph nodes, 𝛼𝑖 is the con-
ected node set of the 𝑖𝑡ℎ subgraph node and 𝐶𝑠𝑢𝑏 is the subgraph
dge set. And then, we adopt pre-trained KG node representations to
nitialize 𝑆sub.

𝑠𝑢𝑏 =
{

𝐱𝑖|𝑖 ∈ [1, 𝑛]
}

, (2)

here 𝑅𝑠𝑢𝑏 is the node representation set and 𝐱𝑖 is the embedding
f 𝑖𝑡ℎ node. Then the text-specific subgraph is formulated in 𝐺𝑠𝑢𝑏 =
𝑅𝑠𝑢𝑏, 𝐶𝑠𝑢𝑏}.

.3. United graph

In order to preserve the semantic and structured information of
he text, the text is processed into a text graph. Then the text graph
nd text-specific subgraph are combined to interactively enhance each
ther. Specifically, we first add KG terms into the vocabulary of
yltp (Che et al., 2020), a Chinese segmentation tool, and employ it
o obtain Chinese word set 𝑆𝑡𝑒𝑥𝑡 for the text graph:

𝑡𝑒𝑥𝑡 = {𝑠𝑖|𝑖 ∈ [1, 𝑚]}, (3)

here 𝑚 is the number of the text graph nodes. In a sliding win-
ow (Zhang et al., 2020a) upon the text, text graph edge set 𝐶𝑡𝑒𝑥𝑡
s formed by co-occurrences between words. The text graph 𝐺𝑡𝑒𝑥𝑡 =
𝑅𝑡𝑒𝑥𝑡, 𝐶𝑡𝑒𝑥𝑡} is formulated as below.

𝑡𝑒𝑥𝑡 =
{

𝐱𝑖|𝑖 ∈ [1, 𝑚]
}

,

𝑡𝑒𝑥𝑡 = {𝑐𝑖𝑗 |𝑖 ∈ [1, 𝑚]; 𝑗 ∈ [𝑖 −𝑤, 𝑖 +𝑤]},
(4)

here 𝐱𝑖 is the embedding of 𝑖𝑡ℎ word in 𝑆𝑡𝑒𝑥𝑡 and 𝑅𝑡𝑒𝑥𝑡 is the node
epresentation set. It is worth noting that the keywords are initial-
zed by KG node representations. General embeddings (Mikolov et al.,
013) are utilized to initialize other nodes. In this way, keywords are
nhanced by external knowledge and play a better role in bridging.

Since keywords are shared by the text graph 𝐺𝑡𝑒𝑥𝑡 and text-specific
ubgraph 𝐺𝑠𝑢𝑏, they are utilized to combine such two graphs into a
nited one 𝐺𝑢𝑛𝑖.

𝑢𝑛𝑖 = 𝑆𝑡𝑒𝑥𝑡 ∪ 𝑆𝑠𝑢𝑏

𝑢𝑛𝑖 = 𝐶𝑡𝑒𝑥𝑡 ∪ 𝐶𝑠𝑢𝑏,

𝑢𝑛𝑖 = 𝑅𝑡𝑒𝑥𝑡 ∪ 𝑅𝑠𝑢𝑏,

(5)

here 𝑆𝑢𝑛𝑖, 𝐶𝑢𝑛𝑖 and 𝑅𝑢𝑛𝑖 indicate the node, edge, and representation
et of the united graph, separately. In this way, each original text
s processed into a united graph, which consists of the semantic and
tructured information of both graphs.

.4. Node interaction

To interactively update the representations of united graph nodes,
ated graph neural networks (GGNN) (Li et al., 2016) is adopted. As
hown in Fig. 3, during each interaction step, nodes are influenced
y all their neighbors in the graph. United graph nodes can obtain
etter-structured representations, merging both the domain-specific
nd general information after updating multiple steps. In this way,
ext nodes and KG nodes can learn the information from each other
utually. The node interaction is defined as:
𝑞 𝑞−1
= 𝐀𝐱 𝐖𝑎, (6)

4

here matrix 𝐀 ∈ R|𝑆𝑢𝑛𝑖|×|𝑆𝑢𝑛𝑖| is the adjacency matrix of the united
graph. 𝐱q−1 ∈ R|𝑆𝑢𝑛𝑖|×𝑑 is node representation obtained at the previous
step and 𝐖𝑎 is trainable parameter matrix.

Gated recurrent mechanism is utilized to update interactive repre-
sentations:
𝐳𝑞 = 𝜎(𝐖𝑧𝐚𝑞 + 𝐕𝑧𝐱𝑞−1 + 𝐛𝑧),
𝑞 = 𝜎(𝐖𝑟𝐚𝑞 + 𝐕𝑟𝐱𝑞−1 + 𝐛𝑟),
𝑞 = tanh(𝐖ℎ𝐚𝑞 + 𝐕ℎ(𝐫𝑞 ⊙ 𝐱𝑞−1) + 𝐛ℎ),
𝑞 = 𝐱̃𝑞 ⊙ 𝐳𝑞 + 𝐱𝑞−1 ⊙ (1 − 𝐳𝑞),

(7)

here 𝜎 is the sigmoid function and ⊙ is the Hadamard product. 𝐳 and 𝐫
re the update and reset gate, respectively. All 𝐖, 𝐕 and 𝐛 are trainable
arameter matrices and biases.

.5. Node aggregation

This module aggregates the united graph node representations into a
ext feature 𝐭. In view of each united node having different importance,
ur model employs a soft attention mechanism 𝑓𝑎𝑡𝑡 in node-level to
mphasize the main nodes. Then the attention weights are used in the
rojected representations 𝑓𝑝𝑟𝑜, which are produced by a single hidden
ayer.

𝑎𝑡𝑡(𝐱𝑞) = 𝜎(𝐖𝑎𝑡𝑡𝐱𝑞 + 𝐛𝑎𝑡𝑡),

𝑝𝑟𝑜(𝐱𝑞) = tanh(𝐖𝑝𝑟𝑜𝐱𝑞 + 𝐛𝑝𝑟𝑜),
= 𝑓𝑎𝑡𝑡(𝐱𝑞)⊙ 𝑓𝑝𝑟𝑜(𝐱𝑞).

(8)

ince the united graph is combined by two graphs, node representation
can be divided into the text graph part, denoted as 𝐱𝑡𝑒𝑥𝑡, and the text-

pecific subgraph part. Our model chooses 𝐱𝑡𝑒𝑥𝑡 to calculate the text
eature 𝐭. With masking the text-specific subgraph part, medical KG
eeply introduces external knowledge in the case of not changing the
riginal text structure. We average the node features of 𝐱𝑡𝑒𝑥𝑡 and apply a
ax-pooling function to obtain 𝐭 with the motivation of every text node
lays a role in the text and the most attention-getting nodes contribute
ore explicitly (Zhang et al., 2020a). The text feature 𝐭 comprises not

nly general and domain-specific knowledge but also their structured
nformation.

= Mean(𝐱𝑡𝑒𝑥𝑡) + Max(𝐱𝑡𝑒𝑥𝑡). (9)

Finally, the text feature is input to a fully connected layer to predict
ll classes.

.6. United graph supervised contrastive training objective

To explore a trade-off of how much external knowledge to intro-
uce, united graph supervised contrastive training objective is pro-
osed. Concretely, some words are randomly cut off from a text with a
ate of 𝜇, which produces a cut-off text graph 𝐺𝑎𝑢𝑔

𝑡𝑒𝑥𝑡. Based on this text
raph, a cut-off text-specific subgraph 𝐺𝑎𝑢𝑔

𝑠𝑢𝑏 is retrieved. The augmented
nited graph 𝐺𝑎𝑢𝑔

𝑢𝑛𝑖 is combined with 𝐺𝑎𝑢𝑔
𝑡𝑒𝑥𝑡 and 𝐺𝑎𝑢𝑔

𝑠𝑢𝑏 . It is worth noting
hat for a text without a keyword, only 𝐺𝑎𝑢𝑔

𝑡𝑒𝑥𝑡 is kept.
After data augmentation, both the original united graph 𝐺𝑜𝑟𝑖

𝑢𝑛𝑖 and
he augmentation 𝐺𝑎𝑢𝑔

𝑢𝑛𝑖 are fed into the node interaction and node
ggregation modules, obtaining the corresponding text features, i.e. 𝐭𝑜𝑟𝑖
nd 𝐭𝑎𝑢𝑔 . Graph-based supervised contrastive loss aims to enhance the
iscriminative ability and robustness of our model. Specifically, for
ach batch with 𝑁 samples, we obtain 2𝑁 text features after augmenta-
ion. Each text feature is trained to approach the positive features. Here
he positive features are composed of: (1) its corresponding augmented
eature; (2) the text features that belong to the same class, from the
emaining 2𝑁 − 2 features. Finally, we average all 2𝑁 classification
osses to obtain the final contrastive loss 𝑠𝑐 which is defined as:

𝑠𝑐 =
−1
|𝐵|

∑ 1
|𝑆(𝑖)|

∑

log
exp(𝑠𝑖𝑚(𝑡𝑖, 𝑡𝑠)∕𝜏)

∑

exp(𝑠𝑖𝑚(𝑡 , 𝑡 )∕𝜏)
, (10)
𝑖∈𝐵 𝑠∈𝑆(𝑖) 𝑜∈𝑂(𝑖) 𝑖 𝑜
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f

Fig. 3. The structure of node interaction and node aggregation. At 𝑞𝑡ℎ step, 𝐱𝑞1 and 𝐱𝑞5 are taken for example to illustrate that each node is influenced by all its neighbor nodes.
Table 1
Data statistics. AN indicates the average amount of nodes on the dataset.

Datasets Classes Docs Train Validation Test AN of 𝐺𝑢𝑛𝑖 AN of 𝐺𝑡𝑒𝑥𝑡 AN of 𝐺𝑠𝑢𝑏

Drugs 88 41,386 32,989 4,164 4,233 74.89 73.46 3.45
DA 42 14,482 11,587 1,484 1,411 71.62 68.47 4.49
RC 24 12,616 10,085 1,253 1,278 72.47 68.83 5.00
EM 36 20,099 15,997 2,073 2,029 73.14 70.18 4.58
CHIP-CTC 44 30,644 24,565 3,064 3,015 14.63 13.34 2.00
where 𝐵 is a batch including 2𝑁 text features, 𝑖 ∈ 𝐵 is the 𝑖𝑡ℎ feature
of 𝐵. 𝑂(𝑖) ≡ 𝐵∖{𝑖} and 𝑆(𝑖) is the feature set where samples, distinct
from i, share the same class with 𝑖. 𝑠𝑖𝑚(⋅) denotes the cosine similarity
function, 𝜏 controls the temperature.

Finally, the original text feature 𝐭𝑜𝑟𝑖 is used to compute cross-entropy
category loss 𝑐𝑒 (Rumelhart et al., 1986). The classification loss 𝑐𝑒
and a supervised contrastive loss 𝑠𝑐 are jointly exploited to train the
proposed model:

 = 𝑐𝑒 + 𝜆𝑠𝑐 , (11)

where 𝜆 is a hyper-parameter to balance two losses.

4. Experiment

4.1. Datasets

To evaluate our proposed method, we access five real-world Chinese
medical classification datasets, including 4 datasets build from Chinese
medical journals published on HowNet,2 and a public dataset CHIP-
CTC (Zong et al., 2021). Table 1 displays the data statistics. These
medical datasets are challenging since some terms are similar. For
instance, there are three classes, atrophic gastritis , super-
icial gastritis , and hypertrophic gastritis all

mentioning a high-frequency word gastritis .

2 https://www.cnki.net/
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4.1.1. Hownet medical journal datasets
Hownet is one of the most important Chinese comprehensive journal

databases, providing industrial, agricultural, economic, educational,
and medical journals, etc. The title, keywords, and abstract of each
journal are shown on the website. Vocational journal annotators have
labeled these journal articles, including medical journals, following
the Chinese Library Taxonomy (CLT)3. These labels are used to index
journals. We collect 4 sufficient medical datasets based on CLT labels
and each text is combined with its title, keywords, and abstract. The
detailed classes distributions of 4 datasets are displayed in Appendix.

• Drugs is one of the most sufficient datasets of CLT, containing
41,386 articles and 88 classes. It includes neurological drugs,
cardiovascular drugs, and other kinds of drugs.

• DA is the abbreviation of ‘‘digestive system and abdominal dis-
eases ’’, which contains 14,482 articles and
42 classes, includes various intestinal diseases and stomach dis-
eases, etc.

• RC is the abbreviation of ‘‘respiratory and chest diseases
’’. This dataset contains 12,616 journal ar-

ticles and 24 classes, such as various lung diseases, bronchial
diseases, trachea diseases, etc.

• EM is the abbreviation of ‘‘endocrine gland and metabolic dis-
eases ’’. It contains 20,099 journal articles
and 36 classes, such as various thyroid diseases, adrenal gland
diseases, pituitary system diseases, etc.

3 https://www.clcindex.com

https://www.cnki.net/
https://www.clcindex.com
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Table 2
Overall performance in terms of accuracy.
Model Drugs DA RC EM CHIP-CTC

TextRNN 0.5368 ± 0.0060 0.7125 ± 0.0038 0.7107 ± 0.0042 0.7018 ± 0.0018 0.7579 ± 0.0065
TextRCNN 0.5985 ± 0.0069 0.7325 ± 0.0087 0.7291 ± 0.0048 0.7314 ± 0.0103 0.8167 ± 0.0012
fastText 0.5347 ± 0.0053 0.7033 ± 0.0021 0.7041 ± 0.0034 0.7036 ± 0.0032 0.7641 ± 0.0027
TextGCN 0.6051 ± 0.0013 0.6779 ± 0.0018 0.6740 ± 0.0069 0.6686 ± 0.0006 0.7864 ± 0.0007
STKCA 0.5618 ± 0.0022 0.7151 ± 0.0049 0.7308 ± 0.0075 0.7189 ± 0.0075 0.7737 ± 0.0067
TextCNN 0.5727 ± 0.0043 0.7386 ± 0.0044 0.7557 ± 0.0039 0.7437 ± 0.0007 0.8074 ± 0.0025
TextING 0.5946 ± 0.0024 0.7378 ± 0.0057 0.7528 ± 0.0059 0.7570 ± 0.0032 0.8285 ± 0.0025
BERT 0.6134 ± 0.0019 0.7616 ± 0.0077 0.7563 ± 0.0045 0.7666 ± 0.0086 0.8267 ± 0.0018
PERT 0.6199 ± 0.0035 0.7468 ± 0.0018 0.7571 ± 0.0042 0.7650 ± 0.0130 0.8265 ± 0.0008
MC-BERT 0.6170 ± 0.0032 0.7645 ± 0.0032 0.7613 ± 0.0033 0.7783 ± 0.0043 0.8304 ± 0.0014
SMedBERT 0.6226 ± 0.0024 0.7661 ± 0.0064 0.7635 ± 0.0021 0.7829 ± 0.0038 0.8308 ± 0.0040

ConKGNN 0.6400† ± 0.0014 0.7563 ± 0.0017 0.7693† ± 0.0023 0.7677 ± 0.0033 0.8366 ± 0.0010
Table 3
Overall performance in terms of macro F1.
Model Drugs DA RC EM CHIP-CTC

TextRNN 0.1331 ± 0.0120 0.3499 ± 0.0327 0.2433 ± 0.0116 0.2194 ± 0.0198 0.3814 ± 0.0313
TextRCNN 0.2524 ± 0.0127 0.5299 ± 0.0197 0.3690 ± 0.0264 0.4282 ± 0.0231 0.6442 ± 0.0082
fastText 0.1924 ± 0.0073 0.4752 ± 0.0093 0.3394 ± 0.0197 0.3466 ± 0.0127 0.4415 ± 0.0198
TextGCN 0.2052 ± 0.0048 0.4819 ± 0.0148 0.3803 ± 0.0126 0.3753 ± 0.0146 0.6819 ± 0.0119
STKCA 0.1776 ± 0.0149 0.3993 ± 0.0267 0.3963 ± 0.0227 0.3733 ± 0.0244 0.5781 ± 0.0206
TextCNN 0.2622 ± 0.0307 0.5186 ± 0.0185 0.3835 ± 0.0137 0.3642 ± 0.0135 0.6607 ± 0.0183
TextING 0.2777 ± 0.0059 0.5760 ± 0.0120 0.5264 ± 0.0082 0.5143 ± 0.0083 0.7553 ± 0.0100
BERT 0.1756 ± 0.0036 0.5962 ± 0.0335 0.3385 ± 0.0393 0.4385 ± 0.0811 0.6913 ± 0.0164
PERT 0.1682 ± 0.0033 0.4793 ± 0.0243 0.3405 ± 0.0371 0.3750 ± 0.0966 0.6435 ± 0.0561
MC-BERT 0.1765 ± 0.0044 0.6007 ± 0.0114 0.3778 ± 0.0237 0.4508 ± 0.0629 0.6787 ± 0.0204
SMedBERT 0.1842 ± 0.0106 0.5982 ± 0.0176 0.3654 ± 0.0393 0.5013 ± 0.0545 0.6688 ± 0.0405

ConKGNN 0.3055† ± 0.0067 0.6012 ± 0.0040 0.5153 ± 0.0227 0.5366† ± 0.0221 0.7676† ± 0.0057
4.1.2. CHIP-CTC dataset
CHIP-CTC is a short text classification dataset focusing on clin-

ical trial screening standards. This dataset contains 30,644 articles,
classified into 44 classes, such as age, therapy or surgery, laboratory
examination, etc.

4.2. Evaluation metrics

To evaluate the models systematically, we adopt the accuracy,
kappa coefficient, macro F1, and weighted F1 as evaluation metrics.
Considering the imbalance of class distribution, macro F1, kappa coef-
ficient, and weighted F1 are utilized to evaluate our model. The kappa
coefficient is widely utilized to measure imbalanced tasks (Zhu et al.,
2021). This metric is based on the confusion matrix and is the indicator
of consistency inspection i.e. whether the model predictions and labels
are consistent.

4.3. Implementation details

At the ratio of 8:1:1, each dataset is randomly split into train,
validation, and test sets. The validation set is used for hyper-parameter
tuning. The text words embeddings are initialized with 300 dimensional
pre-trained skip-gram (Mikolov et al., 2013) vectors with Sogou News
corpus.4 The KG nodes are initialized with 300 dimension node repre-
sentations pre-trained upon the whole medical KG. Unknown text nodes
are initialized randomly. The step of united graph node interaction is
2 and hidden units of GGNN are 96. The size of the sliding window is
3. The dimension of the text feature is 96 and the dropout rate is 0.5.
The loss balancing hyper-parameter 𝜆 is set to 0.3 on the RC, Drugs,
and DA datasets, 0.01 on the CHIP-CTC dataset, and 0.005 on the EM
dataset. The temperature 𝜏 is set to 0.1. The ratio of cut-off is set as
0.15 on the RC, Drugs, and DA datasets, 0.1 on the CHIP-CTC dataset,
and 0.2 on the EM dataset. The batch size is 2,048. Adam (Kingma and
Ba, 2015) is the optimizer of our model with a learning rate of 0.0045.
We obtain the mean and standard deviation from the results of 5 runs,
and re-run all baselines.

4 https://github.com/Embedding/Chinese-Word-Vectors
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4.4. Compared models

To evaluate our model extensively, we compare it with three kinds
of strong baselines:

• Text classification models: (1) TextRNN (Mikolov et al., 2010)
which has advantage of capturing longer and bidirectional se-
quence information. (2) TextCNN (Kim, 2014) which can extract
key n-gram information in sentences and is widely used in the
medical domain (Li et al., 2019). (3) TextRCNN (Lai et al., 2015)
which uses RNN and the max-pooling method to establish a
text classification model. (4) fastText (Joulin et al., 2017) which
utilizes the average of all word features and the N-Gram features
of the text to get the text feature. (5) BERT (Vaswani et al.,
2017) which is a powerful and large-scale bidirectional language
representation model. (6) PERT (Cui et al., 2022), which shuffles
the word order of the text and learns to predict the location of
the original token based on BERT.

• GNN-based models: (1) TextGCN (Yao et al., 2019b), which
proposes to build heterogeneous graphs based on the texts and
words, and apply GCN to text classification. (2) TextING (Zhang
et al., 2020a), which builds a graph for each text and utilizes
GGNN to learn the structured information of the text.

• Merging external knowledge models: (1) STCKA (Chen et al.,
2019), which utilizes external knowledge bases to enhance the
semantics of the text and introduces attention mechanisms to
measure the importance of each concept of knowledge bases. (2)
MC-BERT (Zhang et al., 2020b), which is pre-trained on a variety
of Chinese medical corpora via masking different granularity
tokens. (3) SMedBERT (Zhang et al., 2021a), which is a pre-
trained language model trained on a large-scale medical corpus
with relation information of linked entities based on KG.

4.5. Experimental results

The evaluation results by accuracy, macro F1, kappa coefficient,
and weighted F1 are displayed in Table 2, Table 3, Table 4, and

https://github.com/Embedding/Chinese-Word-Vectors
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Table 4
Overall performance in terms of kappa coefficient.
Model Drugs DA RC EM CHIP-CTC

TextRNN 0.4907 ± 0.0066 0.6431 ± 0.0109 0.6075 ± 0.0092 0.6171 ± 0.0089 0.7284 ± 0.0072
TextRCNN 0.5613 ± 0.0082 0.7121 ± 0.0085 0.6724 ± 0.0073 0.6600 ± 0.0197 0.7926 ± 0.0014
fastText 0.4839 ± 0.0056 0.6506 ± 0.0028 0.5974 ± 0.0155 0.6247 ± 0.0092 0.7335 ± 0.0028
TextGCN 0.5630 ± 0.0015 0.6570 ± 0.0034 0.5799 ± 0.0025 0.5910 ± 0.0016 0.7594 ± 0.0007
STKCA 0.5169 ± 0.0017 0.6623 ± 0.0067 0.6345 ± 0.0058 0.6310 ± 0.0123 0.7466 ± 0.0071
TextCNN 0.5342 ± 0.0049 0.6991 ± 0.0067 0.6789 ± 0.0043 0.6774 ± 0.0037 0.7832 ± 0.0030
TextING 0.5515 ± 0.0035 0.7138 ± 0.0058 0.6777 ± 0.0077 0.6905 ± 0.0044 0.8097 ± 0.0020
BERT 0.5743 ± 0.0022 0.7424 ± 0.0083 0.6858 ± 0.0053 0.7013 ± 0.0105 0.8059 ± 0.0020
PERT 0.5824 ± 0.0041 0.7262 ± 0.0021 0.6865 ± 0.0050 0.7009 ± 0.0163 0.8053 ± 0.0009
MC-BERT 0.5775 ± 0.0035 0.7455 ± 0.0034 0.6921 ± 0.0044 0.7165 ± 0.0065 0.8099 ± 0.0017
SMedBERT 0.5849 ± 0.0029 0.7473 ± 0.0068 0.6950 ± 0.0038 0.7236 ± 0.0052 0.8101 ± 0.0044

ConKGNN 0.6020† ± 0.0034 0.7316 ± 0.0042 0.6957 ± 0.0049 0.7019 ± 0.0039 0.8151† ± 0.0030
Table 5
Overall performance in terms of weighted F1.
Model Drugs DA RC EM CHIP-CTC

TextRNN 0.5063 ± 0.0088 0.6486 ± 0.0098 0.6724 ± 0.0069 0.6873 ± 0.0073 0.7482 ± 0.0085
TextRCNN 0.5804 ± 0.0076 0.7212 ± 0.0094 0.7286 ± 0.0054 0.7255 ± 0.0147 0.8086 ± 0.0010
fastText 0.5036 ± 0.0045 0.6666 ± 0.0038 0.6712 ± 0.0100 0.6973 ± 0.0073 0.7505 ± 0.0034
TextGCN 0.5651 ± 0.0020 0.6684 ± 0.0041 0.6572 ± 0.0023 0.6711 ± 0.0018 0.7840 ± 0.0010
STKCA 0.5243 ± 0.0046 0.6629 ± 0.0082 0.6990 ± 0.0033 0.7017 ± 0.0081 0.7726 ± 0.0062
TextCNN 0.5604 ± 0.0071 0.7081 ± 0.0074 0.7338 ± 0.0038 0.7372 ± 0.0033 0.8014 ± 0.0044
TextING 0.5605 ± 0.0033 0.7221 ± 0.0019 0.7421 ± 0.0051 0.7506 ± 0.0027 0.8266 ± 0.0025
BERT 0.5671 ± 0.0020 0.7468 ± 0.0079 0.7350 ± 0.0049 0.7550 ± 0.0133 0.8226 ± 0.0021
PERT 0.5741 ± 0.0045 0.7237 ± 0.0038 0.7358 ± 0.0044 0.7539 ± 0.0157 0.8200 ± 0.0029
MC-BERT 0.5656 ± 0.0037 0.7498 ± 0.0037 0.7410 ± 0.0033 0.7675 ± 0.0084 0.8263 ± 0.0017
SMedBERT 0.5760 ± 0.0032 0.7498 ± 0.0066 0.7436 ± 0.0058 0.7758 ± 0.0053 0.8255 ± 0.0053

ConKGNN 0.6100† ± 0.0013 0.7413 ± 0.0019 0.7561† ± 0.0034 0.7633 ± 0.0026 0.8339† ± 0.0014
Table 5. The best performances of each dataset are marked in bold. The
marker † suggests 𝑝-values<0.05 comparing with SMedBERT. We can
observe that ConKGNN outperforms all compared models on Drugs, RC,
and CHIP-CTC datasets. And it can achieve comparable performance
on the DA and EM datasets compared with SMedBERT. ConKGNN
demonstrates an obvious advantage according to macro F1. It shows
that ConKGNN successfully makes the text and KG knowledge mutu-
ally influence each other, meanwhile, improving the effectiveness of
introducing external knowledge.

Among all the baselines, SMedBERT outperforms the others on
accuracy, except for the CHIP-CTC dataset, which indicates the effect
of prior knowledge pre-trained on the medical corpus and KG. The
results of macro F1 imply that the introduced knowledge may make
SMedBERT more biased towards certain classes, while ConKGNN does
not. Besides, according to the computation complexity (Section 4.6.2),
the performance of our model has a significant advantage and is
more suitable for practical engineering. Except for transformer-based
models, TextING outperforms the others on macro F1 in all datasets
and weighted F1 in most datasets, which indicates the importance of
structure information. Following this research direction, our method
ConKGNN also pays attention to structures, effectively utilizing the
semantic and structured KG information. Compared with the best base-
line on the Drugs dataset, ConKGNN improves the macro F1 from
27.77% to 30.55%, accuracy from 62.26% to 64.00%, kappa coefficient
from 58.49% to 60.20% and weighted F1 from 58.04% to 61.00%,
respectively. This indicates the effectiveness of ConKGNN. Particu-
larly, compared with STKCA, ConKGNN outperforms it on all datasets.
This demonstrates that simply concatenating external knowledge is
not enough. ConKGNN successfully learns deeper mutual influences
between text and external knowledge, which helps generate more in-
formative text features. Moreover, graph-based supervised contrastive
learning can effectively alleviate the influence of ambiguous informa-
tion and improve robustness, which further improves the performance

of our model.

7

Fig. 4. Ablation studies on the Drugs dataset.

4.6. Analysis

4.6.1. Ablation test
We conduct the ablation study to explore the contributions of

individual components of ConKGNN. Fig. 4 suggests the results.
(1) Without KG nodes (-KN): only exploits KG nodes to enrich

the vocabulary for word segmentation but not merge them into the
united graph. The results present that without KG nodes, all evaluation
metrics drop significantly. It shows the effectiveness of mutual influ-
ence between the text and KG information, suggesting that text-specific
subgraphs really provide relevant knowledge for the text, and improve
the capability of our model.

(2) Without graph embedding (-GE): initializes all united graph
nodes with general word embeddings. Removing graph embedding
makes the performance drop. General embeddings lack professional
medical knowledge and structured information like graph embedding
pre-trained on KG. Besides, most KG nodes are uncommon. These medi-
cal terms appear low-frequency and some of them are even nonexistent
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Fig. 5. The results of KG nodes initialized with graph embedding methods in our model
on the DA dataset.

Table 6
FLOPs and trainable params of ConKGNN, TextCNN and
SMedBERT.

Model FLOPs Trainable params

ConKGNN 22.23394G 0.1026M
TextCNN 48.0070G 1.4515M
SMedBERT 190.2736G 85.6420M

in the general corpus. Since then, KG graph embedding is essential for
the process of knowledge fusion in our model.

(3) Without united graph supervised contrastive training objec-
tive (-UCO). The results indicate that the performances are decreased.
United graph supervised contrastive objective tends to utilize aug-
mented united graph and label information to improve the robustness
of our model. It maximizes the agreement between features of the
original and augmented united graphs, meanwhile, pushes them away
from other classes. The results denote that with the improvement of
robustness benefiting from united graph supervised contrastive training
objective, the performance of our model is enhanced.

(4) Without united graph augmentation (-UG). In this variant, only
the label information can be utilized to influence the feature space of
classes. We can observe that it is less performed compared to the full
version and outperforms the version without united graph supervised
contrastive objective. The result indicates that both united graph aug-
mentation and label information benefit our model. Especially, united
graph augmentation is really valuable to learn a trade-off of the KG
information. Employing this augmentation can alleviate the influence
of ambiguous information and improve robustness.

4.6.2. Computation complexity
For practical purposes, we use FLOPs (floating point operations) and

trainable parameters to discuss the computational complexity of the
models. FLOPs are widely used to measure the computational complex-
ity of the model. We utilize THOP5 or tf.profiler.profile6 to obtain such

essages for different models. As shown in Table 6, ConKGNN main-
ains outstanding performance yet both its FLOPs and trainable param-
ters are significantly smaller than the traditional model TextCNN and
ransformer-based model SMedBERT. This demonstrates that ConKGNN
as an obvious advantage in practical engineering.

5 https://gitcode.net/mirrors/Lyken17/pytorch-OpCounter?utm_source=
sdn_github_accelerator

6 https://tensorflow.google.cn/versions/r1.15/api_docs/python/tf/profiler/
rofile
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4.6.3. Graph embedding study
KGs have recently been applied in the development of novel expla-

nation interface techniques in the field of explainable AI due to their
graph structure and conceptual information (Holzinger et al., 2021).
To exploit such information, graph embedding is utilized in our model.
In this section, the impact of several graph embedding methods is
compared on the DA dataset. For a fair comparison, we only change
the pre-train algorithm on ConKGNN.

• transE (Bordes et al., 2013): It explains relationships as transla-
tion operating to model embedding entities and relationships of
multi-relational data.

• LINE (Tang et al., 2015): This approach utilizes an approximate
factorization of the adjacency matrix and preserves both first
order and second proximities as the embedding.

• node2vec (Grover and Leskovec, 2016): This is a kind of ran-
dom walk-based method, which preserves higher-order proximity
between nodes by maximizing the probability of occurrence of
subsequent nodes in fixed-length biased-random walks.

• struc2vec (Ribeiro et al., 2017): It uses a hierarchical structure
to measure the relationship of nodes at different scales. It builds a
multi-layer graph to encode architectural similarity and generates
an architectural context for nodes.

The results of different graph embedding methods are reported
in Fig. 5. It can be seen that the proposed method with node2vec
consistently outperforms the model variants of using other graph em-
bedding methods. A possible explanation for these achievements is that
node2vec utilizes the skip-gram to pre-train KG node representations,
which has the same way as the word embeddings for text. This makes
the representations of the two sources nodes closer in semantics and
logic space. Hence, it facilitates the knowledge ‘‘flowing’’ between the
text and KG.

4.6.4. Graph-based augmentation study
Graph-based augmentation aims at creating rational and novel

graphs by certain transformations. The augmentation can generalize
the augmented united graph and enhance the robustness of our model
on some sides. Since universally appropriate graph-based augmentation
has not existed, we compare the effect of 3 kinds of random augmenta-
tion methods and 2 kinds of sorting augmentation methods on the DA
dataset.

• Cut-off: This strategy will randomly discard a portion of nodes ac-
companied by their connections on the text graph. The augmented
united graph is built based on such text graph. The implied
prior enforced by cut-off is that discarded part does not alter the
semantics of the original united graph. Our model ConKGNN uses
this strategy.

• Embedding Shuffle (You et al., 2020): The node embeddings
of the united graph will be perturbed by randomly exchanging.
It is assumed that changing certain positions of nodes does not
influence the predictions of the model much.

• Edge Shuffle (You et al., 2020): The connections of the united
graph will be perturbed by randomly adding or cutting. The
implied assumption is that the semantics of the united graph has
certain robustness against the connection variances.

• Top-K KG Node Sorting (Zhang et al., 2021a): Since the medical
KG nodes construct a graph structure, this augmentation method
utilizes PageRank (Page et al., 1999) on the KG to calculate the
node scores and filter low-score nodes. As a high connection
frequency means the node is important in the graph, this method
assumes a high connection frequency means the KG node is also
important for classification.

• Bottom-K KG Node Sorting (Zhang et al., 2021a): PageRank is
utilized to calculate the node scores on medical KG and high-
score nodes are removed. This method assumes a low connec-
tion frequency means the KG node is rare and important for

classification.

https://gitcode.net/mirrors/Lyken17/pytorch-OpCounter?utm_source=csdn_github_accelerator
https://gitcode.net/mirrors/Lyken17/pytorch-OpCounter?utm_source=csdn_github_accelerator
https://tensorflow.google.cn/versions/r1.15/api_docs/python/tf/profiler/profile
https://tensorflow.google.cn/versions/r1.15/api_docs/python/tf/profiler/profile
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Table 7
Graph-based data augmentation studies on the DA.
Augmentation Accuracy Kappa Coefficient Macro F1 Weighted F1

Cut-off 0.7563 0.7316 0.6012 0.7413
Embedding Shuffle 0.7536 0.7285 0.5920 0.7366
Edge Shuffle 0.7503 0.7257 0.5928 0.7342
Top-K KG Node Sorting 0.7528 0.7322 0.6007 0.7373
Bottom-K KG Node Sorting 0.7479 0.7274 0.6004 0.7333
Fig. 6. Evaluation results on the test set of the DA dataset according to the different
average number of terms from KG. The 𝑌 -axis of macro F1 is on the right.

Table 7 displays the results of graph-based augmentations. It can
be observed that the performance of the variants with embedding
shuffle or edge shuffle is consistently poorer than the cut-off. This
implied that node positions and edges are valuable and essential for
our model. Both KG node sorting methods are not better than the cut-
off. This means that KG nodes with high or low connection frequency
are not always important to our classification method. Compared with
sorting methods, the random cut-off has no sorting standard which
makes the model encounter more diverse situations. This enhances
the model robust. The experimental results demonstrate the robustness
benefiting from random cut-off improves the performance of our model.
Meanwhile, the cut-off is also simple. Thus ConKGNN adopts a cut-off
strategy.

4.6.5. Different number of nodes from KG
Given a keyword, the related terms from KG are retrieved to build

the joint graph. However, keywords may have a different number of
neighbors. To obtain the balance, we set an upper bound for the number
of terms retrieved from KG. The experimental results are displayed in
Fig. 6. Note that the 𝑥-axis indicates the average of terms, thus it is not
an integer number.

It can be observed that as the number grows, the performances
increase. More KG nodes introduce richer knowledge for our model,
which enhances the text features and improves the discriminative
ability of the model. When the scale is too large, the performances
tend to decline. A possible reason is that though more terms from KG
introduce more external knowledge, it might be dominant for the final
representation. Yet the major information, including the structure and
semantics of the text, is weakened.

4.6.6. Influence of balancing parameter
Hyper-parameter 𝜆 controls the influence of united graph supervised

ontrastive training objective. Fig. 7 reports the results of fine-tuning
he balancing parameter 𝜆. A too-small 𝜆 will extremely reduce the
erformance of supervised contrastive loss 𝑠𝑐 . Since the effect of the
ugmented united graph depends on 𝑠𝑐 , when the model pays less

ttention to 𝑠𝑐 , the model may ignore its effect. It can be seen that
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Fig. 7. Evaluation results on the test set of the DA dataset according to the balancing
parameter. The 𝑌 -axis of macro F1 is on the right.

Fig. 8. The influence of the temperature on the CHIP-CTC dataset. The 𝑌 -axis of macro
F1 is on the right.

after a small optional range, as the 𝜆 grows, the performance gradually
decreases. We argue that though a more large weight of 𝑠𝑐 makes
the model more robust, the model may ignore the performance of
classification.

4.6.7. Influence of temperature
Some previous works (Li et al., 2021; Yan et al., 2021) have discov-

ered that the temperature 𝜏 can influence gradients during backpropa-
gation by controlling normalized distribution’ smoothness. To explore
the influence of 𝜏 in our model, which introduces KG, we conduct
experiments and the result is presented in Fig. 8. The result denotes
a too-small temperature makes the distribution too sharp and the
model performs badly. A too-large temperature makes the distribution
too smooth and the model also performs badly. Especially, it can be
found that macro F1 is more sensitive to the temperature among the
performance measures.
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Fig. 9. Visualization of text features on the DA dataset.
Fig. 10. Attention visualization on the Drugs dataset.
4.6.8. Feature visualization
In Fig. 9, text features of 5 classes from the DA dataset are visualized

using t-SNE (Van der Maaten and Hinton, 2008). The visualization
shows that our model without united graph supervised contrastive
training objective can slightly cluster the text features. And then,
united graph supervised contrastive training objective further enhances
the ability of clustering. ConKGNN tightly clusters the text features,
maximizes the agreement of text features belonging to the same class,
and preserves them distant from other classes. According to the im-
provement of performance, a suitable tight cluster can benefit the
classification task.

4.6.9. Attention visualization
In Fig. 10, attention weights for two example texts from the Drugs

dataset are visualized. The deeper color indicates that the words have a
larger attention score. For the first sentence, the strong baseline method
TextING allocates similar attention weights for all words. As a result,
when removing KG nodes from our method (ConKGNN-KN), the at-
tention weights are also similar among words. Removing united graph
supervised contrastive learning objective from our model (ConKGNN-
UCO) and the full version of ConKGNN can highlight the words that
are discriminative for medical text classification. For example, top-
iramate is a keyword. We can obtain its related node
ntiepileptic drug from the medical KG. With the

help of mutual learning, topiramate can receive a larger attention
core in our method. Besides, compared with ConKGNN-UCO, the full
ersion of ConKGNN pays more attention to topiramate, which
eans contrastive KG further improves the attention to the important
10
word. It is also worth noting that the first two methods predict this
text wrongly, while our models predict correctly. This also indicates
the effectiveness of our models.

For the second sentence, we can get similar observations as the first
one. Besides, there are two keywords in this sentence: mosapride

and plasma . Though they all get enhanced by
mutual learning, for ConKGNN, the first keyword mosapride which
is discriminative for medical text classification gets a large attention
weight. And less discriminative keyword plasma gets small attention.
This indicates that our proposed ConKGNN can keep robustness for
introducing KG knowledge.

4.6.10. Error analysis
A deeper error analysis is provided about some hard cases, which

are struggled to deal with for the proposed model. For example,
the text ‘‘Study on amifostine induced apoptosis of K562 cells’’

is predicted wrongly because the
term amifostine does not exist in our large scale medical
KG. Although this term is not included in the medical KG,
(amifostine for injection) is included. Since then, the lack of some
terms can be divided into two situations, one is that the KG does
not contain any related nodes; the other is that the KG contains
related professional nodes. The first situation points out that a more
comprehensive KG is required for the medical field and a good medical
KG will not only contribute to text classification but also broader tasks
or applications. The second situation shows that some common terms
may be ignored by professional KG while related specialized terms are

collected. How to utilize these related terms in a situation without some
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common terms is a challenge. In addition, another text ‘‘Top 10 public
health achievements of the United States from 2001 to 2010’’ (2001–2010

) has no medical terms, but annotated to the
ther drugs class. This sentence is a noise case in the dataset. Thus
igh-quality dataset is also demanding for supervised learning models.
astly, a few sentences have keywords with KG. Yet such keywords in
G are isolated nodes, in which the domain-specific knowledge is hard

o learn. These cases also trigger challenges in future research.

. Conclusion

In this paper, we propose contrastive knowledge integrated graph
eural networks (ConKGNN) for Chinese medical text classification.
t utilizes medical expertise from a large medical KG and mutually
earns the influences between text and KG. For the united graph node,
NN capacitates its interaction and facilitates information transfer.
urthermore, united graph supervised contrastive training objective
mproves the robustness of introducing KG knowledge by reducing the
mbiguities of KG. Extensive experimental results demonstrate that
ur proposed model outperforms strong baselines significantly. All of
hese demonstrate the efficacy of our model. In future work, relation
nformation of KG can be further explored to enhance the text. And
ore KGs can be applied to other classification tasks.
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ppendix A. Additional statistics of four Hownet datasets

To better display, the details of four HowNet datasets, Tables A.8–
.11 are added to describe their class distribution separately.

ppendix B. Cross-validation

We conduct 5-fold cross-validation on the Drugs and CHIP-CTC
atasets. As shown in Tables B.12 and B.13, the results of cross-
alidation are consistent with the experiment results in Section 4.5.
ccording to evaluation metrics of two datasets, ConKGNN outperforms
ll baselines, and SMedBERT outperforms the strong baselines TextCNN
nd TextING. The cross-validation results demonstrate that there is no
otential bias in our experiments.
11
Table A.8
The statistics of classes on the DA dataset.

Class Number

Cirrhosis 2191
Liver and gallbladder diseases 1865
Colon diseases 1466
Bowel diseases 1132
Stomach diseases 1105
Liver metabolism disorder 1069
Pancreatic diseases 972
Digestive and abdominal diseases 658
Esophageal diseases 437
Peptic ulcer diseases 394
Liver failure 382
Hepatitis 357
Upper gastrointestinal bleeding 273
Small bowel diseases 207
Colorectal diseases 186
Bile duct diseases 182
Gallbladder diseases 144
Bowel dysfunction 142
Peritoneal and retroperitoneal diseases 126
Intestinal obstruction 125
Gastritis 110
Cholelithiasis 97
Esophageal varices 95
Cecal disease, appendix diseases 87
Mesenteric diseases 81
Biliary cirrhosis 72
Atrophic gastritis 67
Liver abscess 60
Cholecystitis 59
Duodenal diseases 56
Coeliac diseases 54
Pylori diseases 51
Rectal diseases 47
Cardia diseases 44
Hepatolenticular degeneration liver cirrhosis 28
Other stomach diseases 25
Anal diseases 23
Portal cirrhosis 19
Gastrolithiasis 18
Esophageal stricture 17
Ileal diseases 12
Intussusception 11

Table A.9
The statistics of classes on the RC dataset.

Class Number

Lung diseases 4932
Bronchial asthma 1944
Respiratory and chest diseases 1526
Respiratory failure 1067
Pulmonary embolism 957
Pneumonia (lung infection) 739
Bronchial diseases 270
Other lung diseases 170
Trachea and bronchial diseases 161
Bronchitis 139
Hydrothorax, pleural effusion 130
Interstitial pneumonia 119
Emphysema 96
Pneumothorax, hydropneumothorax 82
Diseases of the pleura and thoracic cavity 57
Airway diseases 55
Tracheal stenosis 55
Bronchiectasis 36
Atelectasis 27
Mediastinal diseases 24
Tracheitis 22
Bronchopneumonia 16
Empyema 15
Pulmonary hemosiderosis 11
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Table A.10
The statistics of classes on the EM dataset.

Class Number

Diabetes 7656
Diabetic coma and other complications 4725
Lipodystrophy 2275
Metabolic diseases 1046
Thyroid diseases 998
Islet diseases 627
Hyperthyroidism 584
Purine metabolism disorder 436
Hypothyroidism 252
Thyroiditis 205
Hyperparathyroidism 147
Endocrine and metabolic diseases 130
Goiter 128
Hyperadrenocorticism (cushing’s disease) 112
Protein intermediate metabolism disorder 102
Adrenal diseases 101
Primary aldosteronism 89
Pituitary and diencephalitic-pituitary disorders 87
Gonadal diseases 74
Hyperinsulinemia, hypoglycemia 60
Pineal disease, early puberty (precocious puberty) 50
Carbohydrate metabolism disorder 44
Calcium and phosphorus metabolism disorders 39
Hypopituitarism 38
Hypoparathyroidism (tetany) 32
Posterior pituitary diseases 32
Acid–base imbalance 31
Other metabolic diseases 29
Porphyrin metabolism disorder 28
Water and salt metabolism disorder 23
Parathyroid diseases 17
Adrenal insufficiency (addison’s disease) 16
Female gonadal (ovarian) disorders 14
Acromegaly 14
Other adrenal diseases 10
Thymus diseases 10

Table A.11
The statistics of classes on the Drugs dataset.

Class Number

Antibiotics 7801
Antitumor and anticancer drugs 7026
Anesthetics 2895
Nervous system drugs 2464
Cardiovascular rugs 2234
Insulin and hypoglycemic drugs 1244
Drugs 1241
Antihypertensives, vasodilators 1117
Immune enhancers, immunosuppressants 1038
Anti-viral drugs 989
Antipyretic analgesics 905
Hypolipidemic, anti-atherosclerotic drugs 818
Hormone drugs 785
Enzyme 715
Digestive system drugs 636
Other drugs 624
Proteins, conjugated sugars, lipids 596
Antifungal drugs 575
Beta-lactenamines 568
Anticoagulants 488
Antipsychotics 469
Anticonvulsants, antiepileptic drugs 439
Respiratory medicine 398
Antimanic depressive drugs 333
Drugs that affect growth and metabolism 328
Anti-tuberculosis drugs, anti-leprosy drugs 324
Drugs for the infectious 278
12
Table A.11 (continued).
Class Number

Blood and hematopoietic drugs 261
Gallbladder, liver supporters 237
Macrolides 230
Antiarrhythmic drugs 170
Vitamin drugs 170
Sedative tranquilizer hypnotics 145
Amino acids and their derivatives 144
Anti-ulcer drug 142
Anti-schizophrenia drugs 142
Antiallergic drugs 131
Asthma medicine 126
Other metabolic drugs 123
Sex hormones 116
Contraceptives 108
Corticotropin and adrenocortical hormone 103
Antianginal drugs 100
Other drugs for the infectious 99
Disinfectant and antiseptics 93
Antiparasitic drugs 92
Thyroxine and antithyroid drugs 91
Occupational medicines, antidotes 90
Skeletal muscle relaxants 77
Antiprotozoal drugs 73
Aminoglycosides 71
Radiation sickness drugs 68
Antitumor antibiotics 68
Hemostatic 67
Emetics and antiemetics 65
Vitamin d 64
Other antineoplastic drugs 62
Peptides 61
Central stimulant 60
Family planning drugs 60
Cough medicine 58
Vitamin b 53
Autonomic nervous system drugs 52
Anti tremor paralysis drugs 50
Cardiotonic 49
Blood substitute 49
Vitamin e 48
Vitamin c 47
Sulfonamides 41
Antacids 39
Four-ring 38
Expectorant 36
Anticholinergics 34
Laxatives and antidiarrheals 32
Antimetabolites 32
Stomach medicine 32
Anti-anemia drugs 27
Insecticide, rodenticide 23
Minerals 20
Other cardiovascular system drugs 19
Antihelminthic drugs 18
Chloramphenicol and its derivatives 17
Anti-physical damage drugs 16
Vitamin k 14
Gastrointestinal antispasmodics 14
Medications that regulate water or electrolytes 14
Vitamin a 10
Cholinergics 10

Appendix C. Generalization study

To verify the generalization of ConKGNN, we use a real-world En-
glish medical classification dataset HowMed from HowNet. This dataset
contains 5,665 articles and 40 classes. It includes drugs, heart diseases,
and other kinds of medical classes. The dataset is divided into the train
and test set at the ratio of 9:1 randomly. SNOMED CT is utilized as
English medical KG. Different from Chinese, English text does not need
word segmentation. To fit our method, we first use the KG to extract
the KG nodes existing in the text. For nested nodes, the longer node is
preferred. For the other words of the text, a word is a node. Therefore,
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Table B.12
Cross-validation on the Drugs dataset.
Model Accuracy Kappa Coefficient Macro F1 Weighted F1

TextCNN 0.5804 ± 0.0057 0.5303 ± 0.0072 0.2061 ± 0.0114 0.5290 ± 0.0089
TextING 0.5928 ± 0.0018 0.5507 ± 0.0013 0.2636 ± 0.0069 0.5575 ± 0.0026
SMedBERT 0.6207 ± 0.0073 0.5815 ± 0.0089 0.1913 ± 0.0192 0.5760 ± 0.0121

ConKGNN 0.6429 ± 0.0009 0.6118 ± 0.0019 0.3352 ± 0.0071 0.6180 ± 0.0018
Table B.13
Cross-validation on the CHIP-CTC dataset.
Model Accuracy Kappa Coefficient Macro F1 Weighted F1

TextCNN 0.7926 ± 0.0024 0.7638 ± 0.0028 0.4624 ± 0.0113 0.7735 ± 0.0031
TextING 0.8026 ± 0.0023 0.7782 ± 0.0026 0.7345 ± 0.0100 0.8004 ± 0.0024
SMedBERT 0.8207 ± 0.0030 0.7977 ± 0.0033 0.5214 ± 0.0363 0.8078 ± 0.0046

ConKGNN 0.8317 ± 0.0014 0.8110 ± 0.0016 0.7731 ± 0.0037 0.8303 ± 0.0016
Table C.14
Generalization study on the HowMed dataset.
Model Accuracy Kappa Coefficient Macro F1 Weighted F1

TextCNN 0.6784 ± 0.0049 0.6547 ± 0.0053 0.5490 ± 0.0121 0.6638 ± 0.0055
TextING 0.6846 ± 0.0081 0.6627 ± 0.0088 0.5390 ± 0.0107 0.6658 ± 0.0085
BioBERT 0.7113 ± 0.0048 0.6923 ± 0.0051 0.5471 ± 0.0132 0.6960 ± 0.0057

ConKGNN 0.7186 ± 0.0016 0.6992 ± 0.0019 0.6063 ± 0.0065 0.7027 ± 0.0026
for a node in the text graph, if it is not in the KG, it will be a word.
Otherwise, it may be a word or multiple words according to KG.

For the HowMed dataset, AN of 𝐺𝑢𝑛𝑖 is 56.51, AN of 𝐺𝑡𝑒𝑥𝑡 is 52.57,
and AN of 𝐺𝑠𝑢𝑏 is 6.14. The KG nodes are initialized with 300-dimension
node representations pre-trained upon the KG. The loss balancing
hyper-parameter is set to 0.001. The temperature is set to 0.1. The ratio
of cut-off is set as 0.1. The batch size is 512. We utilize 3 strong models,
TextING, TextCNN, and BioBERT as baselines. The results is shown in
Table C.14. We can observe that our proposed ConKGNN outperforms
all compared models on the HowMed dataset. It is implied that our
model has the potential to be used in the English language.
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