
I. Introduction

A widespread problem when analyzing publications on bio-
medical topics is the exponential increase in the number of 
articles published each year. The use of automated systems 
to extract information from published articles has become a 
necessity [1,2]. Tools that facilitate the retrieval and articula-
tion of digital information also make it possible to integrate 
“fragments of knowledge” into models that help manage 
complex problems and reduce costs in health prevention and 
the treatment of pathologies [3].
	 One of these tools is text mining (TM), which allows the 
examination and analysis of large collections of written re-
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sources, transforming the text used to represent language 
and the explicit knowledge into data to generate new infor-
mation. According to Hotho et al. [4] there are three possible 
approaches to TM: information extraction, data mining, and 
knowledge discovery in databases. 
	 In this tutorial, we show how to perform TM in medical ar-
ticles in an accessible way that enables the discovery of non-
explicit (often hidden) information structures and patterns 
through KNIME (https://www.knime.com/). The KNIME 
Analytics Platform is free, open-source software for creating 
visual workflows for data analytics and using nodes in suc-
cessive steps, with the possibility of inspecting each partial 
result. 
	 The data corpus in this tutorial comprised the publications 
indexed in Europe PubMed Central (ePMC, https://euro-
pepmc.org/). ePMC is an open scientific platform that pro-
vides access to a global collection of life science publications 
from reliable sources. ePMC was developed by the European 
Bioinformatics Institute (EMBL-EBI), a partner of PubMed 
Central, but it outnumbers PubMed Central by more than 
5 million abstracts. ePMC also contains patents, NHS (Na-
tional Health Service) guidelines, and agricultural records.
	 The methodology described in the present tutorial makes 
it possible to relate dispersed data and to present the data 
in a compact and clear manner, leading to a deeper under-
standing of several descriptors. It also detects fluctuations 
and trends and is capable of extracting implicit and hidden 
information and cross-referencing them with other sources 
of interest. With minor adjustments, this methodology also 
makes it possible to obtain statistical information about 
journals, authors, institutions, and countries involved in the 
research. When applied to the words used by authors, TM 
helps to detect undescribed associations between events and 
to cluster words thematically with unsupervised algorithms.
	 The procedure described in this study was tested and ap-
plied to the analysis of a database of more than 75,000 pub-
lications [5], using standard computers; its design enables 
it to work with even larger databases. Several workflows 
were initially designed to mine publications on hemolytic 
uremic syndrome (HUS) [6]. HUS is recognized as the most 
common cause of acute kidney failure in infants and young 
children, although it can also affect adolescents and adults. 
HUS is a clinical syndrome usually categorized as typical or 
atypical [7] and defined as the triad of microangiopathic he-
molytic anemia, thrombocytopenia, and acute kidney injury 
[8]. Typical HUS, which is caused by Shiga toxin-producing 
Escherichia coli (STEC) infection and is therefore also called 
STEC-HUS, is the most frequent type of HUS; it is caused by 

ingestion of contaminated foodstuffs and through animal or 
person-to-person contact. Atypical HUS (aHUS) is associ-
ated with mutations or autoantibodies leading to dysregu-
lated complement activation or is secondary to a coexisting 
disease. 
	 This tutorial presents the application of the TM-with-
KNIME method for scientific articles on HUS published in 
2020 and 2021 as a case study.

II. Description

1. Installation and Settings
A standard computer with a modern processor, 16 GB RAM, 
1 TB hard drive, and the Windows 10, Linux, or macOS op-
erating system can be used. The KNIME Analytics Platform 
must be installed following the instructions at https://www.
knime.com/installation. After the basic installation, specific 
extensions must be installed to run the TM workflows. As 
shown in Figure 1A, these extensions must be added from 
within KNIME by selecting “Install KNIME Extensions” 
from the File menu. A new installation window opens with 
the option to type in a keyword (Figure 1B). The keyword 
“text” is sufficient to display the KNIME Textprocessing 
extension (English nodes are the default, but it is possible 
to select nodes to perform TM in other languages). This ex-
tension must be selected and installed. Similarly, by typing 
“vernalis” it is possible to install KNIME Community Ex-
tensions-Cheminformatics with the KNIME Vernalis nodes, 
and by typing “indexing,” one can install the KNIME Labs 
Extensions with the KNIME Indexing and Searching node.

2. Extraction of Information
The indexed information is retrieved from the ePMC site 
using the European PubMed Central Advanced Search 
KNIME node (Figure 1). It is recommended to perform an 
Advanced Search at https://europepmc.org/advancesearch 
using keywords and filters on the fields of interest. The 
resulting syntax in the Advanced Search windows may be 
copied and pasted into the General Query field in the node 
configuration window (Figure 1C). In the example, the syn-
tax (“haemolytic uraemic syndrome” OR “hemolytic uremic 
syndrome”) was used to include two spellings of search 
terms for HUS publications. The years of publication were 
limited to 2020–2021. After the execution of this first node, 
the XPath node was used to select the information to work 
in, as exemplified by the paths shown in Figure 1D. Note that 
for the affiliation field, the string type CollectionCell must 
be specified. The Table Indexer node (Figure 1E) allows the 
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user to select columns to index the information that will be 
consulted in the following Index Query node. This central 
node allows the user to obtain the necessary information 
for further processing. Changing the syntax of the query 
text makes it possible to evaluate publications per year, the 
most and least common journals chosen by the authors, the 
list of authors, the countries where the authors work, the 

number of publications per author, and so on (Figure 1F). It 
also allows the user to obtain the full text of the titles and the 
abstracts. Some examples of syntax in the query text in the 
KNIME Index Query node are shown in Table 1. Specifically, 
abstracts are used to obtain the linguistic corpus of interest. 
Statistics and corresponding graphs can be made in KNIME 
(using Value Counter, Sorter, Scatter Plot and other specific 

European PubMed central
advanced search

Xpath

Table indexer

Index query

A B

C

D

E

F

Figure 1. �Example of starting a workflow. (A) From the KNIME File menu, select “Install KNIME Extensions.” (B) To select the required 
text mining extension (KNIME Textprocessing), “text” can be typed in the text box. Similarly, the Vernalis KNIME Nodes and 
KNIME Indexing and Searching extensions must be installed. (C) The workflow starts with a search on the European PubMed 
Central (ePMC) site. Specific query terms should be typed in the General Query text box. In our example, the query terms 
were (“Haemolytic uraemic syndrome” OR “Hemolytic uremic syndrome”), corresponding to two different spellings for the 
same clinical syndrome. The years of publication were limited to 2020-2021. The Test Query button is used to check the 
number of hits. The node returns an XML document. (D) The XPath node allows selecting the fields of interest (see Column 
Name) from the XML document. (E) All the fields are indexed with the Table Indexer node. (F) The Index Query node creates 
a filtered data table, which is the input corpus for the following nodes. In the figure, only the articles published in 2020 are 
selected. Configuration windows C, D, E, and F are opened with a double left click on the node icon (blue arrow).
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nodes) or by exporting the data to any statistical software.
	 To obtain the full list of authors, we recommend the work-
flow shown in Figure 2. After a specific index query, the au-
thorString field constitutes the corpus to extract information 
by successive application of nodes. 

3. Automatic Topic Detection and Creation of a Bag of Words
The automatic clustering of topics and the retrieval of a bag 

of words are two powerful tools for analyzing a corpus con-
sisting of all the abstracts of publications; they are counted, 
depending on each query, in hundreds, thousands or even 
millions of items. The Topic Extractor node is used for the 
automatic and unsupervised detection of topics and key-
words after an index query and a preprocessing of the text of 
the corpus (as detailed in Figure 3, fork 1). Topic extraction 
is based on a simple parallel threaded implementation of la-

Table 1. Examples of syntax of query text in the KNIME Index Query node

Information to obtain Syntax in query text

All publications in year 2000 pubYear:2000
All publications from 1986 to 2021 inclusive pubYear: [1986 TO 2021]
All publications from 1900 to 2022 excluding 2021 pubYear:(19* or 2*) AND NOT pubYear:2021
All publications with token HUS in abstracts abstractText:HUS
All publications with authors with surname Davis authorString:Davis
All publications by the author JE Davis authorString:“Davis JE”
All published works in the Healthcare Informatics Research medlineAbbreviation:“Healthc Inform Res”
All published works in 2020 in the Healthcare Informatics  

Research
medlineAbbreviation:“Healthc Inform Res” AND pubYear:2020

The logical operators AND, AND NOT, OR, OR NOT can be used in the query that is based on Apache Lucene (https://lucene.
apache.org/).

To work only with
author string column.

To transpose rows
to columns.

To select only the
combined string column.

To obtain columns with
individual authors use
comma (,) as delimiter.

Remove row option
corrects empty values
in authorString.

To combine columns.

To transpose
columns to rows.

1. As authors of a publication is delimited
by a quotation mark, replace all
occurrences of the regular expression

with a comma.
2. If neccesary, apply other replacements.

Column
combiner

Column filter Missing value Transpose Column filter String
replacer

Cell splitter Transpose

Figure 2. �Example for obtaining a list of authors. The authorString table lists the authors signing the publication after running the 
Index Query node. All authors of a publication are in the same row (see entry detail). The transposition performed with the 
Transpose node and the splitting of a cell into its constituent components (Cell Splitter node) are used to obtain the indi-
vidual list of authors (see output detail). The results of a node action can be viewed by opening a window with a right click 
on the node icon (green arrow). The orange arrow indicates a brief node description.
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To use a custom list in , the input is given by
reading a specific file. Tags are applied by (it
recognizes biomedical named entities) and

. Terms are also lemmatized with the
StanfordCore NLP library. Punctuation erasure and case
conversion of the tokens are also applied.

stop word filter

abner tagger

part of speech

(POS) tagger

File reader

Strings to document

Column filter

Punctuation erasure

Stop word filter

Abner tagger

POS tagger

Stanford lemmatizer

Case converter

Topic extractor
(parallel LDA) GroupBy

Index query
Text

preprocessing
Bag of

words creator
TFTags to string

Frequency
filter

Color manager Tag cloud
2

1

Figure 3. �Example of automated and unsupervised detection of topics in abstracts about hemolytic uremic syndrome (HUS) and quan-
tification of their characteristic words. The example shows the topics detected in publications on hemolytic uremic syndrome 
from 2020 to 2021 inclusive. A proposed text preprocessing method that facilitates subsequent analysis is also exemplified, 
eliminating characters and words without semantic importance, grouping by lemmatization and labeling the tokens. The 
result of topic detection (fork 1) is shown in tabular form but could also be presented in another graphical form. The word 
cloud (result of fork 2) represents the most abundant words in a bag of words; the larger its size, the higher its frequency of 
use. Words in a topic have the same color. Green arrow: output with right click, Orange arrow: brief node description.

In
node, the syntax may
be indexOf ($a$, $b$),
where is the name of
the selected column
with the text to check,
and is the name of
column with FDA drugs.

No matches gave 1
value.

string manipulation

a

b

Table with list of drugs
(may be replaced by

node
pointing to a file with
the list of drugs).

file reader

Row filter

value counter

node excludes rows by attribute
value 1 (use pattern matching), i.e. rows
without matches. Then node
gives the number of occurrences of each
drug in the .corpus

Index query Column filter
Missing
value

Case
converter

Table creator

FDA drugs

Case converter Cross joiner
String

manipulation Row filter Value counter Sorter

Figure 4. �Workflow with cross-refer-
encing. The input table (see 
details at the top) contains 
the terms to be identified in 
the corpus by means of the 
Cross Joiner node. Unrec-
ognized terms are excluded 
by applying a filter in the 
Row Filter node. The output 
shows the number of times 
that each FDA-approved 
drug was found in abstracts 
(see details at the bottom). 
Green arrow: output with 
right click, Orange arrow: 
brief node description, FDA: 
Food and Drug Administra-
tion.
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tent Dirichlet allocation (LDA), following Newman et al. [9], 
with a sparse LDA sampling scheme and data structure from 
Yao et al. [10]. This technique uses the Machine Learning for 
Language Toolkit (MALLET) topic modeling library.
	 The above-mentioned text preprocessing technique can 
be used to create a bag of words from a set of documents 
through the Bag of Words Creator node (Figure 3, fork 2). 
The use of different nodes results in table presentations or 
graphically ordered representations (as clouds of words), as 
shown in Figure 3.
	 Thematic clustering in our example showed a clear differ-
entiation between HUS (topics 2 and 3) and aHUS (topics 0, 
1, and 4), as shown in both the table and word cloud outputs. 

4. Cross-Checking of Information
As noted, the corpus of abstracts contains valuable infor-
mation, which can be cross-referenced with external data 
sources to separate and rank data of interest. The workflow 
in Figure 4 shows a cross-check between the abstracts of 
articles on HUS published in 2020 and 2021 and the list of 
the Food and Drug Administration (FDA) approved drugs 
(https://www.fda.gov/drugs/development-approval-process-
drugs/drug-approvals-and-databases). This workflow makes 
it possible to detect mentions of some of these drugs in ab-
stracts. In fact, the corpus could be cross-checked with any 

other list of interest in the same way.

III. Discussion

The main objective of this work was to describe an accessible 
method designed to discover non-explicit information about 
structures and patterns in the fields of scientific articles in-
dexed in ePMC. A description of the text mining nodes used 
in the tutorial is shown in Table 2. The proposed approach, 
which used KNIME workflows, allowed the linkage and 
analysis of scattered data, leading to a deeper understanding 
of the topic under study. 
	 As described elsewhere in the literature, KNIME has been 
shown to be a powerful data analysis tool [11]. During the 
current coronavirus disease 2019 (COVID-19) pandemic, 
the KNIME platform has been used to map the research do-
mains explored through clinical trials related to COVID-19. 
More than 3,000 clinical trials were analyzed using a word-
cloud that helped to identify various scientific areas explored 
in COVID-19-related clinical studies [12].
	 KNIME has proven to be versatile and useful in different 
fields of knowledge besides medical research, as shown by 
research in areas as diverse as marketing [13], geosciences 
[14], and social issues [15].
	 TM of the scientific literature can be considered as a tool 

Table 2. Description of the text mining nodes used in the tutorials (based on the KNIME node descriptions)

Node Description

European PubMed Central  
Advanced Search

It recreates the advanced query interface of European-PubMed Central. It returns a single 
column of query results as XML cells (one row per result).

XPath It takes the XML documents and performs XPath queries on them.
Table Indexer It creates an index from the input table.
Index Query It allows to query a given index.
String Replacer It replaces values in string cells if they match a certain pattern.
Topic Extractor (Parallel LDA) Simple parallel threaded implementation of the generative statistical model known as latent 

Dirichlet allocation (LDA).
Bag of Words Creator It creates a bag of words from a set of documents.
Tags to Strings It converts the term's tag values of the specified tag types to strings.
Strings to Document It converts strings to documents.
Punctuation Erasure It removes all punctuation characters from the input documents.
Stop Word Filter It filters all terms of the input documents, which are contained in a specified stop word list.
Abner Tagger It recognizes biomedical named entities and assigns tags to the corresponding terms.
POS Tagger It assigns to each term of a document a part of speech (POS) tag. Therefore, the Penn Tree-

bank tag set is used.
Stanford Lemmatizer It lemmatizes terms contained in the input documents with the StanfordCore NLP library.
Case Converter It converts all terms contained in the input documents to lower or upper case.
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for human health research and is an invaluable aid for re-
searchers engaged in writing a review on their specialized 
topic, saving efforts in the selection and analysis of relevant 
publications. The strategy presented in this tutorial could be 
applied directly to the study of almost any scientific topic in 
human health or the life sciences.
	 Although other KNIME workflows could be implemented 
for the analysis of the full text of papers, we believe that ab-
stracts contain the main ideas of the research. The full text 
of the publication may contain redundant information that 
distracts from the focus of the analysis, as well as requiring 
a large amount of computational time, which is not always 
available to research teams around the world. In this tutorial, 
we present workflows that allow a large number of results 
to be analyzed in depth, without much difficulty and using 
standard computers.
	 We hope that the new strategies using TM could help 
improve prevention, research, and treatment of different 
diseases, optimizing budgetary decisions related to specific 
topics or the choice of thematic approaches, and thereby in-
creasing efficiency in the use of resources.
	 Finally, the proposed KNIME workflows, which use differ-
ent aspects of TM, should be seen as a contribution to imag-
ining new ways of approaching scientific texts in a simple 
and accessible manner.
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