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Feature representation plays a very important role in text mining tasks, especially for domain-specific 
scientific documents mining. In this paper, we propose a lexicon hierarchy semantic embedding model 
(LHSE) for domain text mining. The novel embedding model associates each lexicon pair in the 
lexicon hierarchy with a distance metric. Lexicon pair’s distance are calculated with respecting to their 
relative hierarchy in the lexicon hierarchy. We use a tree-based path weight to calculate each lexicon 
pair’s semantic distance. To test our novel embedding model, we compare our lexicon hierarchy 
semantic embedding (LHSE) based CNN classification algorithm with other state of the art text 
classification algorithms. Text classification experiments conducted in chemical domain scientific 
documents show the superiority of our proposed method. 

 
1. Introduction 

There has been massive number of scientific documents published each year. Data mining 
techniques, especially text mining techniques can help researchers discover implicit and 
potentially useful information from scientific papers (Srivastava & Sahami, 2009). 
However, text mining of scientific papers remains a big challenge due to hard terminology 
understanding. Bag-of-Word (BoW) and N-grams representations of text, which are used 
in most natural language processing tasks, can hardly capture semantics of scientific 
documents. Combined with part-of-speech tagging, dependency parsing, word embeddings 
are generally learnt by defining an objective function, which predicts words conditioned 
on the context surrounding those words or predicts surrounding words conditioned on 
current words. Once trained, these can be used as features of text mining models. Though 
word embedding can capture semantic meaning of each word, it still lacks meaning 
compared to terminology representation. Besides, since existing word embedding like 
word2vec(Mikolov, Sutskever, Chen, Corrado, & Dean, 2013) and GloVe(Pennington, 
Socher, & Manning, 2014) are trained on open domain corpus, which may lack domain-
specific terminology representation, and train a word embedding for each domain will be 
time consuming and lack of sufficient corpus. 

However, recent advances in terminology and lexicon hierarchy has been shown great 
success, like MESH (Medical Subject Headings), PhySH (Physics Subject Headings). 
Commercial publishers like CAS (Chemical Abstracts Service) are also maintaining 
domain lexicon hierarchy through experts' annotation. Though using lexicons of scientific 
documents has been attracting researchers' attention. But little attention was paid to the 
semantic relation of lexicons. Since each lexicon remains at certain level in the lexicon 
hierarchy, which represents the common knowledge of domain science community. If we 
represent each terminology with their embedding vector in this common knowledge of 
domain science community, it would be much clearer what the terminology means in the 
context of common knowledge of domain science community. To find a better domain-
specific text representation method, we develop a lexicon hierarchy-based embedding, 
which we call lexicon hierarchy semantic embedding (LHSE). Then we use this embedding 
model and convolutional neural network (CNN) text classification algorithm to classify 
chemical scientific papers and compare our algorithm with other state-of-the-art text 
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classification algorithms. This paper is structured as follows: We investigate recent text 
mining algorithms and how lexicon hierarchy is used in text mining in section 2. Our 
proposed lexicon hierarchy semantic embedding model is described in section 3. We also 
compare our methods with several state-of-the-art text classification algorithms in section 
4. This paper concludes with a discussion of future research directions for incorporating 
more domain knowledge base and deep convolutional neural network for text classification 
tasks in section 5. 

 
2. Related Work 

Traditional scientific document classification involves the process of tokenization (break 
into words or phrases), filtering (stop words or other specified words removal), 
lemmatization and stemming (consider morphological and derived words). Construct 
feature matrix using tokens and its occurrence in the document, then apply supervised 
document classification algorithms. Naive Bayes classifier (McCallum, McCallum, & 
Nigam, 1998), k-Nearest-neighbor (KNN) (Payam Porkar Rezaeiye Mehrnoosh Bazrafkan, 
n.d.), decision Tree classifier (Schapire & Singer, 2000), support vector machine (Joachims 
& Thorsten, 2001), artificial neural network (Wai Lam & Yiqiu Han, 2003) are reported to 
achieve good results in text classification tasks. However, these existing text classification 
systems have typically used the bag of words model where single words or word stems as 
features for representing document content. The inefficiency of bag of words method is 
that it considers terms as independent features. In fact, terms are semantically related, such 
as “Dicofol” is a narrower term of “Acaricides”, and “Acaricides” is a narrower term of 
“Invertebrate agrochemicals”, as presented in CAS (Chemical Abstracts Service, which is 
a division of the American Chemical Society) lexical hierarchy. 

Recent year’s advances in utilizing semantic background knowledge like thesaurus, 
ontology, knowledge base in text classification. One such work is using EuroVoc thesaurus 
in documents classification (Aga, Drumond, Wartena, & Schmidt-Thieme, n.d.), the 
classification algorithm is support vector machine, the results shows that EuroVoc 
hierarchy upward expansion lead to slight improvements in performance, while downward 
expansion decreases the performance. (Allahyari, Kochut, & Janik, 2014) use DBpedia 
based ontology to identify entities from text, then use these terms as features to 
automatically classify text documents into a dynamically defined set of topics. (Balcan, 
Blum, & Mansour, 2013) incorporate ontology as consistency constraints into multiple 
classification tasks. 

There are also text clustering based on ontology. (Hotho, Staab, & Stumme, 2003; Staab 
& Hotho, 2003) use WordNet synsets to extend bag of word model. (Jing, Ng, & Huang, 
2010; Jing, Zhou, Ng, & Huang, 2006; Zhang, Jing, Ng, Xia, & Zhou, n.d.) use ontology 
to define the semantic distance between document-term vectors used in clustering. (Fodeh, 
Punch, & Tan, 2011) use ontology to reduce the number of features in document clustering 
tasks. (Ovaska, Laakso, & Hautaniemi, 2008) use gene ontology to cluster gene from 
microarray experiments. 

Convolutional neural network (CNN) architecture used in text classification has shown 
promising results in recent years (Conneau, Schwenk, Le Cun, & Lo¨ıc Barrault, n.d.; 
Johnson & Zhang, 2015; Kalchbrenner, Grefenstette, & Blunsom, n.d.; Kim, n.d.; X. 
Wang, Liu, Sun, Wang, & Wang, 2015), as these papers show, through fine tuning hyper 
parameters, CNN can outperform traditional supervised machine learning algorithms like 
SVM and logistic regression. Word embeddings are always used as CNN model’s feature, 
which is reported to achieve good result as in (J. Wang, Wang, Zhang, & Yan, 2017; Xu et 
al., n.d.). In this paper, we are trying to develop a CNN based text classification model for 
chemical scientific document classification. In this model, we also build a lexicon 
hierarchy-embedding model to incorporate semantic lexicon hierarchy to our feature 
matrix. 

 
3. Lexicon Hierarchy Embedding Model 
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In the primitive design of our lexicon hierarchy embedding, we did not see such work has 
been done before. However, after the completion of our work, we find (Hu, Huang, Deng, 
Gao, & Xing, n.d.; Li et al., n.d.) has done similar work, different though. (Hu et al., n.d.) 
use probabilistic models to predict each context entity given target entity in KBs. and their 
following work (Li et al., n.d.) extends this work by incorporating hierarchical category 
information to jointly embed categories and entities in the same semantic space. The major 
difference between our embedding model and (Hu et al., n.d.; Li et al., n.d.) model is that 
we do not train hierarchy embedding via skip-gram, we think lexicon hierarchy is sufficient 
for revealing the semantic information of theses vocabulary entry, so we don’t do skip-
gram training on current corpus. Fig. 1 shows our lexicon hierarchy embedding process. 
The process takes three steps: 

 From lexicon hierarchy to tree representation: since our lexicon hierarchy is multi-
level chemical vocabulary entry set, it is not complicated as some knowledge base 
like Wikipedia, which is more like a graph structure. The relationship between our 
lexicon hierarchy is “is narrower term of ” or “is broader term of ”, so we use a tree 
structure to represent our lexicon hierarchy relation, which is a major difference 
between our model and (Hu et al., n.d.; Li et al., n.d.) DAG model. In addition, we 
use a virtual node as parent node of all first-level lexicon to complete the tree 
structure.  

 Semantic distance calculation: (Hu et al., n.d.; Li et al., n.d.) and (Jing et al., 2010, 
2006; Zhang et al., n.d.) have used different method to calculate the semantic distance 
in knowledge base. (Hu et al., n.d.; Li et al., n.d.) use common ancestor-based distance 
metrics, while (Jing et al., 2010, 2006; Zhang et al., n.d.) use a path based weighted 
metrics. Since both above metrics are based on graph structure, they are different from 
our tree-based distance metrics, which we will introduce in section “Lexicon based 
hierarchy semantic distance metrics”.  

 Construct semantic embedding: we consider all vocabulary entry showed in a 
document is sufficient enough to represent the meaningful information of scientific 
domain-specific document, we use each vocabulary entry’s semantic embedding in 
the most common lexicon hierarchy space based on semantic distance. All vocabulary 
entry’s embedding vectors are then concatenated as an embedding matrix. We will 
introduce the detail in section “Semantic embedding”. 

 

 
 

Fig. 1. Lexicon hierarchy embedding process. 

 
3.1. Lexicon Hierarchy Based Semantic Distance Metrics 

We build semantic distance between two vocabulary entries in the lexicon hierarchy tree 
structure based on following premises: 

 The distance between parent-sibling are smaller than distance between two siblings. 
i.e. in Fig. 1, d(v2.1, v2.2) < d(v2.1, v2). This premise is based on the fact that in 
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domain-specific lexicon hierarchy, parent-child relationship v2 and v2.1 or v2 and 
v2.2 are more similar in concept than two same level vocabulary entry v2.1 and 
v2.2. 

 Lower level parent-child’s distance is smaller than higher level parent-child’s 
distance. i.e. in Fig. 1, d(v1.1.1, v1.1) < d(v1.1, v1). This premise is based on the 
fact that in domain-specific lexicon hierarchy, lower level parent-child vocabulary 
entry v1.1.1 and v1.1 are more similar in concept than v1 and v1.1, because lower 
level vocabulary entry gives more specific concept than higher level vocabulary 
entry. 

Base on two premises above, we use w(vp , vc) denote the path weight (distance) between 
two parent-child nodes (vp , vc) in the tree, w(vpp, vp) denote the path weight (distance) 
between parent’s parent node and parent node (vpp, vp) in the tree, n denote the total 
number of children of parent node vp . The path weight (distance) between (vp , vc ) is: 

w(vp , vc) = w(vpp, vp) / n                                           (1) 

Since root node is virtual, its weight will never be used. We use the following normalize 
to update our node weight except for root node to the range of 0 to 1: 

w’ = (w − min[w0, w1, ⋯, wn])/(max[w0, w1, ⋯, wn] − min[w0, w1, ⋯, wn])       (2) 

The distance between two arbitrary node (vi, vj) is the sum weight of the shortest path 
between vi and vj, m denote the shortest multi–hop paths between node vi and node vj: 

𝑑𝑑(vi, vj) = ∑m 
a=0 w’ 

a                                                      (3) 

To calculate each parent-child path’s weight, we use BFS (Breath First Search) algorithm 
to traverse the tree. 

Table 1. BFS algorithm for parent-child node semantic distance 
BFS algorithm for  parent-child node semantic distance 
Input: tree representation of lexicon hierarchy 
Parameters: n – number of children node 

w – weight value 
distance – a tuple of node pair and weight 
result – list of node pair and weight tuples 
q – queue for child node 
node – node of the tree 
i – initial variable for loop 

Initialize n, result, q, i, w = 1, node = root 
If root = NULL 

return None 
else 

while node != NULL 
n = 0 
while node.hasChild() 

n++ 
q.enque(node.child()) 

w = w/n 
for i in range(len(q)) 

distance = (node, q.deque(), w) 
result.append(distance) 

   return result 

 

Based on parent-child node distances we get in the above process. We normalize the 
parent-child weight to range of 0 and 1 using Equation 2. Then we use equation 3 to 
calculate any two nodes’ weighted distance. However, this is a O(n2) time complexity 
algorithm. Since some node do not show up in our target corpus. We actually use the subset 
of the tree, which is a typical minimum Steiner tree problem, which is also a NP-hard 
problem. We implement (Kou, Markowsky, & Berman, 1981) algorithm to Extract a 
Steiner tree from our whole lexicon hierarchy tree, leaving only lexicons which showed 
up in our corpus. 
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3.2. Disambiguation 

In our chemical lexicon hierarchy, there are several lexicons showed up under different 
subtrees. In our tree representation, if node v x showed up in different subtree, we will get 
several d(vx, vx) ≠ 0, these several d(vx, vx) may contradict to each other. In order to avoid 
this circumstances, we drop all d(vx, vx) in lookup table. Another issue also relates to the 
fact that several lexicon may showed up under different subtrees. In this step, we cannot 
decide which distance to keep. However, in the embedding process, we choose the 
minimum distance between node pairs. 

 
3.3. Semantic embedding 

Since word embedding was invented, it has been proved effective in many NLP tasks, since 
it reveals more semantic meaning than traditional one-hot key encoder. In scientific 
domain-specific NLP tasks, we find that if we want to train a meaningful embedding result, 
we need massive amount data, and large calculation power, especially scientific papers are 
always large matrix. 

Scientific documents are domain-specific, the vocabulary entry or thesaurus, lexicon, 
terminology are rich in domain knowledge. The lexicon hierarchy or thesaurus are common 
share domain knowledge by science community. Our embedding model is to measure how 
one document looks like under common domain metric. Here common domain metric is 
the shared knowledge of science community, which is the lexicon hierarchy or thesaurus. 

Our embedding model use all lexicons showed up in domain lexicon hierarchy as 
embedding feature. For a document, each lexicon is embedded in feature space using the 
semantic distance. We use W ∈ 𝑅𝑅m×𝑛𝑛 denote embedding matrix, where m is the maximum 
number of lexicons of a document, n is the dimension of semantic embedding. We obtain 
W by concatenating ith lexicon’s embedding vector vw 

i ∈𝑅𝑅𝑛𝑛 : 

W= vw 
1 ⊕vw 

2 …⊕vw 
m                                                   (3) 

Here, ⊕is the concatenation operation. We get the embedding vw 
i  by looking up the pre-

calculated semantic distance. In order to efficiently batch our data, we need each 
embedding matrix to be the same shape, we use <PAD> tokens to pad each document to 
the maximum lexicon length. 

 
4. Evaluation 

In this section, we evaluate our approach against a set of state-of-the-art methods. We have 
compared our model “CNN-lexicon hierarchy embedding” with the following methods: 
SVM-BoW, Naïve Bayes-BoW, SVM-Lexicon, Naïve Bayes-Lexicon, CNN-word 
embedding.  

SVM-BoW: This baseline is a popular machine learning classification algorithm. Here we 
use the unigrams of each documents’ title as the feature for the document. The weight of 
each feature is the TF-IDF value of each unigram.  

Naïve Bayes-BoW: This baseline algorithm is similar to SVM-BoW, except we choose 
Naïve Bayes classifier instead of SVM classifier.  

SVM-Lexicon: Since lexicon is a kind of knowledge representation of domain text, we use 
this baseline to see whether it shows improvement in text classification task.  

Naïve Bayes-Lexicon: This baseline algorithm is similar to SVM-Lexicon, except we 
choose Naïve Bayes classifier instead of SVM classifier.  

CNN-word embedding: This baseline algorithm will show state-of-the-art word 
embedding combined with CNN model’s performance in domain-specific text 
classification task. Here we use skip-gram algorithm.  

We use convolution layers is to extract higher-level features from the semantic embedding 
matrix. During evaluation, we tested various CNN configurations using grid search. We 
also experimented with multiple configurations of convolutional layers including 3, 6 and 
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9. From these experiments, our best performing CNN model consisted of a configuration 
of 3 convolutional layers followed by a max-pooling layer. In this model, we used 128 
convolutional filters with a filter size of 3, 4, 5 for different convolutional layers. After the 
second max pooling function, we apply a dropout function to help preventing overfitting. 
In our model, we use a dropout rate of 0.5. 

The “graphene” related scientific papers we work with is provided by Chemical Abstracts 
Service. Domain scientists according to CAS's lexicon hierarchy, annotate each of CAS’s 
chemical paper to one or more vocabulary entry indexes. In our classification model, we 
are going to use vocabulary entry index to construct our lexicon-hierarchy embedding, this 
embedding result will be used in our CNN text classification model. We choose section 
index as the classification label for training and testing our document classification model, 
which is also labeled by CAS’s domain scientists. Each document will be classified into 
one section, which represents the main topic of the document.  

Table 2 shows the accuracy, precision, recall and f1-score of each algorithm in our 
experiments. Compare the first four algorithms in the table, lexicon as text feature shows 
performance improvement combined with both Naïve Bayes classifier and SVM classifier. 
CNN-word embedding show worse performance compared with SVM classifier and Naïve 
Bayes classifier. This result contrary to (Kim, n.d.), mainly because the word embedding 
results are trained on this small sample of data is not sufficient to represent domain 
knowledge. However, our proposed CNN-lexicon hierarchy embedding outperform other 
classification algorithms on all metrics. However, due to limited computing power, we did 
not try increase the layer of CNN, which is said to be great improvement of current result 
(Conneau et al., n.d.). From the comparison to CNN-word embedding, we can see that, 
lexicon hierarchy embedding combined with convolutional neural network is an effective 
way to classify domain-specific document. Lexicon hierarchy embedding is more 
representative than routine word embedding. 

Table 2. different classification algorithms classification performance. 
Algorithms Accuracy Precision Recall F1-score 
SVM-BoW 0.81 0.82 0.82 0.82 
Naïve Bayes-BoW 0.81 0.81 0.81 0.81 
SVM-Lexicon 0.84 0.85 0.84 0.84 
Naïve Bayes-Lexicon 0.83 0.83 0.83 0.83 
CNN-word embedding 0.80 0.81 0.81 0.81 
CNN-lexicon hierarchy embedding 0.85 0.86 0.86 0.86 

 
 

5. Conclusion and Future work 

In this paper, we propose a semantic lexicon hierarchy-embedding model for better 
representation of domain-specific data. The novel embedding model associates each 
lexicon pair with a distance metric. To capture structured semantics, the lexicon distance 
is measured using tree-based path weight. We also implement algorithm to extract a Steiner 
tree from our lexicon hierarchy tree to solve the NP-hard problem of arbitrary two nodes' 
weight distance. Our lexicon hierarchy semantic embedding based CNN classification 
algorithm shows the superiority performance compared to other state of the art text 
classification algorithm. The result shows that our lexicon hierarchy semantic embedding 
based CNN classification model can conduct as a schema for domain-specific text 
classification.  

In the future, we can further explore our model used in physic scientific document or 
biology scientific document by harmonizing more semantic hierarchy like PhySH, MeSH 
to enhance document knowledge representation. Besides, very deep convolutional neural 
network can be explored to improve text classification performance.
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