
Journal of Scientific & Industrial Research 
Vol. 76, January 2017, pp. 11-16 
 
 
 
 
 
 

A Cross-Database Comparison to Discover Potential Product Opportunities Using 
Text Mining and Cosine Similarity 

Yung-Chi Shen1, Grace T R Lin2*, Jan-Ruei Lin3 and Chun-Hung Wang4 

1Department of BioBusiness Management, National Chiayi University, 580, Sinmin Road, Chiayi 600, Taiwan 
*2Institute of Technology Management, National Chiao Tung University, 1001, Ta-Hsueh Road, Hsinchu 300, Taiwan 
3,4Institute of Technology Management, National Chiao Tung University, 1001, Ta-Hsueh Road, Hsinchu 300, Taiwan 

Received 22 August 2015; revised 13 June 2016; accepted 19 October 2016 

With the rise of the Internet in recent decades, commentary, news, and further information on new products are present 
on various web sites. Thus, the Internet has become an abundant source of market intelligence. In addition, technological 
applications are presented in patent databases and disseminated to popular media, based on the perspective of technology 
life cycle. Therefore, the interaction between technological applications coded by patents and market intelligence reported 
by the Internet assists in discovering potential product opportunities. This study intends to identify the areas where 
technological applications exist, excluding Internet reports, by exploring the corresponding relationships between patents 
and media reports. Such areas could be identified as potential product opportunities. Text-mining and the arbitrarily oriented 
projected cluster generation (ORCLUS) algorithm is employed to classify important fields of patents and media reports. The 
cosine similarity of tfidf is then used to detect the relationship between patents and media reports. The remote health 
monitoring technology is applied as a case in this study. The results show four product opportunities, namely: wireless 
sensor devices, telecommunication systems and technology, wearable devices and systems, and medical services and 
systems. 
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Introduction 

To enhance organizational competitiveness, 
identifying potential product opportunity has been 
crucial for product developers1-3. To identify a 
potential product opportunity, it is important not only 
to synthesize and analyze the voice of the customer 
data but also to quickly turn this data into actionable 
knowledge4. With the rise of the Internet, 
commentary, news, and further information on a new 
product are collected by web sites5. Therefore, the 
Internet has been adopted as a useful data source to 
extract abundant market intelligence and product 
development trends6. Nevertheless, technological 
applications presented on the news or the Internet are 
at the late stage of technology life cycle7, which 
implies that media reports on new products are on the 
basis of mature technology. From the perspective of 
technology life cycle, technological development is 
presented in patent databases and then disseminated to 
newspapers or popular media7. By comparing 

different data sources, managers can not only 
understand the interaction between R&D and the 
market but also reduce the uncertainty8. As shown in 
Table 1, the relationship between patents and Internet 
reports can be categorized into four types based on the 
existence of patents and the popular press. A 
particular technology is in area A, where patents 
coding the technology and Internet reports co-evolve. 
In this area, we expect patents related to the 
technology and Internet reports to have a reciprocal 
influence, while the intensity of integration varies 
depending on the commercialization extent of patents. 
In area B, although patents exist, there are hardly any 
media reports, whereas the opposite applies to C. 
Neither engineers nor practitioners pay attention to 
area D. Area C can be regarded as an overly applied 
report, or it may reflect a possible lack of patenting. 

—————— 
*Author for Correspondence 
E-mail: gtrl@faculty.nctu.edu.tw 

Table 1—Relationships between patents and Internet reports 

  Internet Reports 
  Exist Do Not Exist 

Patents 
Exist A B 

Do Not Exist C D 
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Conversely, topics in area B could represent 
opportunities for industry to commercialize in the 
near future. Therefore, investigating the correlation 
between patents and media enables the identification 
of potential product opportunities. To estimate the 
relationship between patents and Internet reports, the 
semantic similarity of topics in both patent and 
Internet reports is suggested8. Before comparing 
topics in technology and Internet reports, the 
representative topics discussed in each layer have to 
be extracted. Text-mining and citation-mining are two 
main streams of methods to categorize the documents 
and extract the topics8. However, citation-based 
methods are not appropriate in this study because 
media reports lack citations. Instead, the text-mining 
method is applied to detect emerging topics. Using the 
arbitrarily oriented projected cluster generation 
(ORCLUS) algorithm, patents and Internet reports are 
categorized in each layer9, 10. The relationship 
between patents and Internet reports is then detected 
by cosine similarity11. Previous studies comparing 
different databases tend to focus on exploring 
technological opportunities, rather than on new 
opportunities at product level8, 10, 11.  

This study intends to identify the areas where 
technological development exists, but not Internet 
reports, by exploring the corresponding relationships 
between patents and media reports. As shown in 
Table 1, such areas could be identified as potential 
product opportunities. The remote health monitoring 
technology is applied to demonstrate the identification 
of product opportunity, due to the fact that this 
technology is emerging and directly adopted by end 
users12. The process of this study could serve as a 
possible approach to detect potential product 
opportunities. 
 

Research Process 

The research process of this study includes four 
stages: document collection, text mining, clustering 
for patents and Internet reports, and identification of 
product opportunities. Figure 1 illustrates the research 
process. The detailed process is described as follows. 
 

Stage 1 Document Collection 

In stage 1, patent documents and Internet reports 
were collected. The patent database providing the 
most abundant patents was used. The database of the 
United States Patent and Trademark Office (USPTO) 
is one of the favored sources for patent searches 
because the U.S. is an important market for 

technology transfer and international trade, combined 
with the territoriality of patent protection, thereby 
luring inventors to file patent applications in the 
U.S.13 Therefore, this study adopted the USPTO 
database as a source for patent collection. Regarding 
collection of Internet reports, this study selected the 
top 10 technology news websites in United States, 
ranked by Similar Web. These websites and their 
respective rankings are presented in Table 2. After the 
selection of databases, the search strategy for 
retrieving documents related to remote health 
monitoring technology was the submission of 
keywords to patent and news databases. The 
keywords adopted to retrieve documents include 
“remote health monitoring,” “remote health care,” 
“remote healthcare,” “wearable health monitoring,” 
“wearable health care,” “wearable healthcare,” “smart 
health monitoring,” “smart health care,” “smart 
healthcare,” “intelligent health monitoring,” 
“intelligent health care,” and “intelligent healthcare.” 
This set of keywords was used to search patents in the 
fields of abstract and claims. These keywords were 
searched in the top 10 technology news websites  
as shown in Table 1 to collect media  reports  on  new  

 
 

Fig.1— Research process 
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Table 2—Top 10 Technology News Websites in the United States 

Rank Domain Name 
1 cnet.com 
2 lifehacker.com 
3 gizmodo.com 
4 wired.com 
5 engadget.com 
6 pcworld.com 
7 digitaltrends.com 
8 techcrunch.com 
9 arstechnica.com 
10 techradar.com 

 

products related to remote health monitoring 
technology. Internet technology news and patents 
issued before the end of 2015 are searched. 
 
Stage 2 Text Mining 

The second stage is to conduct preprocessing and 
document representation by vector space matrix. In 
preprocessing, this study erased word suffixes to 
retrieve their radicals, removed stopwords, numbers, 
and punctuation, eliminated whitespace, and 
converted characters to lower case. Extracted terms 
called sparse terms did not appear in most documents. 
Due to their low usefulness, this study excluded them 
to reduce noise. The purpose of document 
representation by vector space matrix is to organize a 
document-term matrix, where each cell records the 
term’s importance in a given document. This study 
adopted the widely used frequency-inverse document 
frequency (TF-IDF) weighting measures14. 
 
Stage 3 Clustering for Patents and Internet Reports 

The extracted document-term matrices in Stage 2 
were two high-dimensional spaces. The extracted 
terms could be inter-correlated. ORCLUS, a 
generalized projected clustering algorithm, was used 
to cluster patent documents and Internet reports. To 
implement ORCLUS, the following four parameters 
were pre-specified: final number of clusters (k), 
dimensionality of subspaces where the final clusters 
are concentrated (l), initial number of clusters (k0), 
and factor for the cluster number reduction in each 
iteration of the algorithm (a and a < 1). The field of 
remote health monitoring technology consists of 
different underlying knowledge streams and 
technologies. Thus, when implementing ORCLUS, 
this study specified the final number of clusters k, 
ranging from 5 to 10 for each corpus in question. 
ORCLUS performs well when the specified 

dimensionalities are between 2 and 8, provided the 
synthetic data is generated from 5 clusters. The 
optimal value of dimensionality l is 6. This study 
widened the range and attempted dimensionalities 
from 2 to 12. The chosen k0 was large to enable the 
iterations to begin with a larger number of seeds, 
thereby improving the likelihood that each cluster 
would be covered by at least one seed9. For sensitivity 
analysis, several values of k0 near the largest were 
additionally specified. This study set a as 0.75, which 
slowly reduced the number of clusters in the merging 
iterations10. A broad range of parameter settings for 
patents and Internet report corpuses were evaluated 
separately, and appropriate settings were determined 
by referring to the cluster sparsity coefficients 
provided by ORCLUS to assess the performance of 
clustering results. Based on the best clustering results, 
patents in a cluster represented a technological 
application field with a similar concept, and Internet 
reports in a cluster represented a product field with a 
similar concept. This study applied tm, Snowball, and 
ORCLUS packages in R language for preprocessing, 
documental representation, and ORCLUS algorithm 
implementation. 
 

Stage 4 Identification of Product Opportunities 

In stage 4, the semantic similarity between patent 
fields and Internet report fields were detected by 
cosine similarity of tfidf. In this study, the quanteda 
package in R language was employed to perform 
cosine similarity of tfidf. Based on the relationships 
between mined patent and media report clusters, 
fields with technological development but no media 
reports could be identified as product opportunities, 
and those with media reports but no patenting 
activities could be identified as patenting 
opportunities.  
 

Results 

Using the search strategy described in the previous 
section, this study obtained 917 patents and 264 
Internet reports. After document collection, the 
obtained texts were preprocessed, such as unified 
synonyms, removing stopwords, and stemming. After 
preprocessing text, 3,031 and 6,217 words from 
patent and media report corpuses, respectively,  
were obtained. To reduce noise, terms with high  
zero-entries, i.e. high sparsity, in the derived 
document-term matrix were excluded. For the patent 
corpus, sparsity was set at 98%, which means that 
terms with more than 98%  zero-entry  in  the  derived  
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document-term matrix were excluded. A 98% 
sparsity-level setting retained 391 terms for patent 
corpus. Internet report corpus sparsity was set at 85%. 
The two sparsity settings produced a document-term 
matrix of 917×391 for the patent corpus and a 
document-term matrix of 264×532 for the Internet 
report corpus, respectively. In this study, TF-IDF 
weighting was applied to weigh the importance of 
each cell for the two document-term matrices. Based 
on the derived document-term matrices, the ORCLUS 
algorithm with the broad range of parameter settings 
separately described in the previous section for patent 
and Internet report corpuses was performed to cluster 
the documents. The cluster sparsity coefficients 
provided by ORCLUS to preliminarily screen out 
inappropriate parameter settings were applied. In this 
study, given that the specified final clusters k range 
between 5 and 10, the specified subspace 
dimensionalities l are not less than (k – 2), and the 
specified initial number of clusters k0 are, or approach 
the greatest value that computers can compute10. 
When performing clustering, a minimum threshold for 
sparsity coefficients and determination of the largest 
value of l, where the cluster sparsity coefficient is less 
than the threshold, was suggested. The threshold 
value for sparsity coefficients in this study was set as 
0.003. In addition, a trade-off between values of l and 
k0 occurred frequently under the limitation of 
computer memory, which means that to increase one, 
the other must be reduced to derive a converge 
clustering solution. Therefore, the highest specified 
value of l as 12 to ensure k0 at a high level is 

maintained10. After determining the ranges of 
parameters, ORCLUS was implemented for several 
runs, based on different parameter settings, to cluster 
the patent and Internet report corpuses. The ORCLUS 
clustering was stopped until approaching k0 which the 
computers could handle. As a result, the greatest 
value of k0 was 39 for patent and 13 for Internet report 
corpuses, respectively. And the corresponding cluster 
numbers k were 9 and 5 for patent and Internet media 
report corpuses, respectively. The value of subspace 
dimensionalities l was 9 for the patent corpus and 6 
for the Internet report corpus. The corresponding 
sparsity coefficients were 0.0007 and 0.0026 for 
patent and Internet reports, respectively. The 
ORCLUS clustering algorithm applied in this study 
generated 9 patent fields and 5 Internet report fields. 
After clustering, these patent fields and Internet report 
fields were named by reading document titles and 
abstracts. The clustering result is presented in Table 3. 
The cosine similarity of tfidf described in the previous 
section was then applied to detect the relationship 
between patent and Internet report fields. The analysis 
of cosine similarity is shown in Table 4. In this study, 
the third quartile (0.0566) was set as the threshold, to 
eliminate the less similar relationships. According to 
the relationship between patent and Internet media 
report fields detected by cosine similarity, the 
semantic similarity is presented as Figure 2. As shown 
in Figure 2, the following patent and Internet report 
fields are semantically similar: (T1, P1), (T1, P2), 
(T1, P3), (T1, P4), (T1, P5), (T2, P4), (T3, P4),  
(T5, P1), (T5, P4), (T5, P5), and (T7, P4). It should be  

Table 3—Patent and Internet Report Fields, Clustered by ORCLUS 

Patents Internet Reports 
Notation Count Field Naming Notation Count Field Naming 

T1 306 Medical electronics devices and 
systems 

P1 57 Application of remote health  
care technology 

T2 124 Medical monitoring systems P2 21 Microsoft’s remote health care 
application 

T3 102 Medical testing equipment and  
systems and technology 

P3 21 Data processing of remote  
health care 

T4 18 Wireless sensor devices P4 132 The networking application of 
medical industry 

T5 89 Secure protection of management 
systems and technology 

P5 32 Application of remote health 
monitoring technology 

T6 33 Telecommunication systems and 
technology 

   

T7 62 Data management systems and 
technology 

   

T8 114 Wearable devices and systems    
T9 68 Medical services and systems    
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Table 4—Cosine Similarity between Patent Fields and Internet 
Report Fields 

 P1 P2 P3 P4 P5 
T1 0.0874* 0.0615* 0.0614* 0.1067* 0.0890* 
T2 0.0566 0.0490 0.0422 0.0660* 0.0538 
T3 0.0480 0.0313 0.0364 0.0611* 0.0477 
T4 0.0467 0.0306 0.0266 0.0483 0.0469 
T5 0.0677* 0.0538 0.0529 0.0871* 0.0686* 
T6 0.0291 0.0106 0.0142 0.0273 0.0197 
T7 0.0480 0.0307 0.0357 0.0608* 0.0472 
T8 0.0450 0.0261 0.0255 0.0470 0.0374 
T9 0.0385 0.0212 0.0230 0.0424 0.0334 
Note: * represents the relationship existing between patent and 
Internet report fields.  

 

 
 

Fig.2—Relationship between Patent Fields and Internet Report 
Fields 
 
noted that T4, T6, T8, and T9 have no connections 
with any Internet report fields. Therefore, wireless 
sensor devices (T4), telecommunication systems and 
technology (T6), wearable devices and systems (T8), 
and medical services and systems (T9) tend to be 
future product opportunities since these patent fields 
have low semantic similarity with Internet report 
fields. 
 

Conclusions and Suggestions 

The perspective of technology life cycle argues that 
applied research appears in patent databases and then 
is diffused to media reports7. Nowadays, the Internet 
has become an important data source, because 
commentary, news, and forums collected by web sites 
provide insight on product trends or information5, 6. 
Therefore, one might extract potential product 
opportunities by comparing patents and Internet 
reports. This study tends to identify the potential 
product opportunities by exploring the areas where 

technological development exists but Internet reports 
do not. Such areas represent the future opportunities 
for new product development. To compare the two 
different data sources, the ORCLUS algorithm is 
applied to cluster patents and Internet report 
documents. Cosine similarity is then used to 
determine the semantic similarity between 
technological development fields and technological 
applications fields extracted from patents and Internet 
reports. The advantages of the process demonstrated 
in this study are objective, time and cost savings, 
thanks to relying on patents and the Internet, rather 
than experts’ judgments. The remote health 
monitoring technology is applied to verify the 
feasibility of the process proposed in this study. 
According to the results, wireless sensor devices, 
telecommunication systems and technology, wearable 
devices and systems, and medical services and 
systems are the four fields where technological 
applications exist with rare corresponding Internet 
reports. Manufacturers in industries related to remote 
health monitoring technology are suggested to 
develop products based on these four technology 
fields. In future works, it is necessary to apply the 
approach of product opportunity identification 
proposed by this study to explore the potential 
product opportunities in other technology fields to 
verify its feasibility. 
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