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ABSTRACT
Introduction: A drastic increase in the number of
published medical papers per year is observed. This makes
the identification, analysis and categorization of significant studies a difficult task. Natural (human) Language
Processing and text mining are methods, part of the scientific branch computer linguistics that transfer the informational overload from a human to a computer. It enables
easier processing and analysis of large volumes of unstructured textual data.
Purpose: The current study aims to familiarize researchers working in the field of dentistry with the capabilities of NLP and TM for a quick and concise analysis of
large volumes of unstructured textual information and
identification of dependencies between different factors
important for a given subject.
Materials and Methods: To demonstrate the capabilities of text mining, an important topic in the field of
dentistry was chosen – factors influencing the esthetics of
a smile. The analysis was carried out with “R”- a computer
language for statistical processing. A literature search was
conducted in the “PubMed” database with key-words –
“dental, esthetic and factor”. The resulting abstracts were
saved as a local copy, imported and processed. Word frequencies and associations between different terms were
analyzed.
Results and discussion: Weak to moderate correlation was established between the significant, most frequent
terms in the text - “esthetics, „smile“, „arc“, „buccal“,
„gingival”, “lip” and “midline”. /0.1<r<0.45/ Word combinations and frequencies resulting from the analysis are
in agreement with other reported findings.
Conclusion: NLP and text mining are valuable tools
which decrease the time necessary for analysis of large volumes of data. The results can aid further research with increased accuracy.
Keywords: text mining, natural language processing, smile, factors, esthetics
INTRODUCTION:
An amount of new studies published yearly is rapidly increasing and estimated above 500,000 excluding the
“grey” literature. [1, 2] Hunter L. et al. note that biomedi-
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cal literature exhibits a double-exponential pace of growth.
[3] Dentistry is not isolated from this tendency. In a study
attempting to determine the quantitative changes related
to journals and articles in the field of dental medicine for
the period 2003-2012, Jayarante et al. discover a considerable increase in the number of specialized issues as well
as an upward trend. [4]
The large volume of information poses a problem for
the researchers, making the identification of relevant information and its analysis a difficult and time-consuming
task. With the introduction of electronic databases, the
search for significant information is made easier through
“search engines”. They are specially developed tools that
can identify the presence of keywords and phrases in titles, abstracts or the full text of scientific publications.
Searches utilizing this strategy have their drawbacks,
namely the final analysis for correlations and associations
between terms as well as the relevance to the subject of
interest need to be performed manually. To reduce the time
necessary to complete the aforementioned tasks an array
of methods, part of Artificial intelligence and computational linguistics, are developed. [2, 5, 6]
Text mining, as defined by Hearst, is a method for
discovering new, previously unknown information, identifying patterns and trends across unstructured text
datasets.[7] It is part of the scientific disciplines Natural
language processing and computational linguistics.
Through this group of techniques, the informational overload is transferred from the researcher towards a computer.[8] Different algorithms and computer programs are developed, the majority of which are free to use and open
source, therefore there is no added to the research.
PURPOSE:
The aim of the current study is to familiarize researchers working in the field of dentistry with the capabilities of NLP and TM for a quick and concise analysis of
large volumes of unstructured textual information and
identification of dependencies between different factors
important for a given subject.
METHODS AND MATERIALS:
The concept of text mining can be illustrated with a
subject that is important for dental medicine, namely fac-
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tors which influence the perceived aesthetics of a smile.
Diagram 1 demonstrates the number of published articles
in the PubMed database when two keywords are introduced
– “dental” and “esthetic”. The number of studies relative
to the subject is increasing steadily and reaches above 500
publications per year after 2007 (with exception of 2013),
which demonstrates the significance of the topic.
Information gathering:
The determination of factors which influence the
perceived aesthetics of a smile in such volume of information is a difficult task that requires sufficient amount of
time for manual review of the abstracts related to the subject. In order to make the search more specific an additional
set of terms was introduced – “smile”, “esthetic” and “factors”. The change in the key-words drastically decreased
the resulting publications to 192. Although the reduction
in the volume is 100-fold, manual revision and analysis of
the articles is a slow process. PubMed offers the possibility to save a local copy of the results in an abstract form –
Fig. 1.

Fig. 1.Saving a local copy of identified abstracts

Preparing the information for analysis.
To analyze the articles resulting from the search, the
R environment for statistical processing with the corresponding libraries for natural language processing (Diagram
1) – tm and SnowballC were used. For the construction of
diagrams, figures and Word cloud the libraries (Figure 1) –
“wordcloud2”, “ggpubr” and “RColorBrewer” were utilized.

Diagram 1. A number of publications per year resulting from a PubMed database query with the key words “dental”, “esthetics”.
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The first step in the process is the selection of the
saved local copy of the PubMed results and its transformation into a “corpus” of text information that is understandable for the computer program. This involves the following functions:
text <-readLines(file.choose())
docs <-Corpus(VectorSource(text))
inspect(docs)
With inspect (docs), we can check the contents of
the corpus, which is shown in the console. The next phase
includes cleaning the information from unwanted punctuation signs, white spaces, stop words and words, which the
researcher enters manually. The necessary procedures are
shown below. Above each command line, an explanation
of its functionality is denoted, preceding by a “#”.
# Custom function for removal of the
punctuation signs colored in green
toSpace <-content_transformer(function (x ,
pattern ) gsub(pattern, “ “, x))
docs <-tm_map(docs, toSpace, “/”)
docs <-tm_map(docs, toSpace, “@”)
docs <-tm_map(docs, toSpace, “\\|”)
# Transformation of the text in small caps
docs <-tm_map(docs,
content_transformer(tolower))
# Removal of numbers
docs <-tm_map(docs, removeNumbers)
# removal of English stop words
docs <-tm_map(docs, removeWords,
stopwords(“english”))
# removal of frequent words not linked to the
current study
docs <-tm_map(docs, removeWords, c( “pmid”,
“doi”,”used”, “author”,”results”,
“significant”, “information”,
“university”,”indexed”, “dent”, “medline”,
“department”, “orthodontists”))
# removal of punctuation signs
docs <-tm_map(docs, removePunctuation)
# Removal of white spaces
docs <-tm_map(docs, stripWhitespace)
When the preparation of the corpus is ready the most
frequent terms, as well as their correlations, can be determined. To construct a term-document matrix with the corresponding counts with which words occur in the text several functions need to be applied:
# Construction of term matrix
dtm<-TermDocumentMatrix(docs)
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m<-as.matrix(dtm)
v<-sort(rowSums(m),decreasing=TRUE)
d <-data.frame(word =names(v),freq=v)
RESULTS AND DISCUSSION:
As a result of the preparation procedures shown in
the section “Materials and Method” the most frequent
terms can be extracted from the corpus of information (in
this case the 30 most common):
head(d, 30)
##
## smile
## dental
## treatment
## patients
## teeth
## esthetic
## facial
## dentistry
## study
## attractiveness
## maxillary
## orthodontic
## anterior
## gingival
## esthetics
## factors
## methods
## smiling
## tooth
## display
## buccal
## using
## midline
## age
## smiles
## school
## lip
## attractive
## subjects

word
smile
dental
treatment
patients
teeth
esthetic
facial
dentistry
study
attractiveness
maxillary
orthodontic
anterior
gingival
esthetics
factors
methods
smiling
tooth
display
buccal
using
midline
age
smiles
school
lip
attractive
subjects

freq
490
324
208
182
173
168
155
147
137
136
133
131
124
124
122
122
98
96
94
93
92
90
85
85
85
83
80
80
78

Word’s frequency in a textual corpus denotes it’s
importance for the text.[9] Key-words included in the search
query are marked in yellow. Terms painted in green are most
probably important as factors associated with smile attractiveness. One of the big advantages of NLP and TM are
the possibilities for visualization, which the programs used
for the analysis offer – Diagram 2, Figure 2: (Diagram 2,
Figure 2)
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Diagram 2. The 30 most frequent terms in the analyzed corpus

Fig. 2. The 30 most frequent terms in the form of a
“word cloud.”

Fig. 3. Correlations between different terms in the
text

The correlations between different terms are of interest to the researchers and can be shown through a text
plot (Figure 3) or a correlation matrix (Figure 4).
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Fig. 4. Correlation matrix denoting association between terms

Further analysis of the associations, which a certain
term has, suggests word combinations and points towards
factors, which influence the perceived smile attractiveness:
findAssocs(dtm, terms=”smile”, corlimit =0.1)
## $smile
## arcesthetics attractiveness
posed line
## 0.26
0.19
0.16
0.16 0.14
## note buccal aesthetics assessment arcs
## 0.13
0.11
0.11
0.11 0.11
## flat
## 0.11
When an analysis for associations about the most
common term – “smile” is conducted, the strongest corre-
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