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Abstract  
Recently, text mining has received special attention from both researchers and practitioners, since it 
enables the development of intelligent and automated services. Text mining has been influenced by 
different disciplines like computer science, statistics, computational linguistics and library and infor-
mation sciences. However, text mining features that evolved in one particular discipline are often un-
known or rarely used in the other disciplines. No scientific feature framework exits which facilitates 
costly feature engineering and evaluation. Therefore, we aim to develop a novel text mining feature 
taxonomy, which helps researchers and practitioners to develop, refine, compare and evaluate their 
text mining studies. In this research in progress paper, we focus on laying the foundation for our tax-
onomy development by presenting our first two research cycles. Here, we were aiming for diversity, 
not completeness. We derived five dimensions and classified different text features accordingly to pro-
vide a deeper understanding.  
 
Keywords: Feature Engineering, Text Mining, Taxonomy, Natural Language Processing. 

1 Introduction 

Recently, text mining has received special attention from both researchers and practitioners, since it 
enables the development of intelligent and automated services such as recommender systems, web 
search, spam detection (Wood, 2016), risk management (Heidinger and Gatzert, 2018), disaster re-
sponse (Bala et al., 2017), cybercrime prevention (Kontostathis et al., 2010), knowledge discovery 
(Usai et al., 2018), predictive maintenance (Grabot, 2018) or virtual assistants (Zunic et al., 2016). The 
main challenge of text mining is to preprocess written text and extract valuable features in a feature 
vector to enable machine learning (ML) algorithms to reach their maximum performance (Rajman and 
Vesely, 2004). However, most of the mentioned text mining applications solely rely on the basic fea-
ture generation technique bag-of-words (BOW) (Joachims, 2002; Nassirtoussi et al., 2014), in which 
information such as the order and co-occurrence of words are not taken into account. This may lead to 
an overall underperformance, since copious training data is often not available (Pustejovsky and Stubs, 
2013; Bird et al., 2009). As a result, different teams of authors have indicated that enhancing text min-
ing algorithms with the appropriate design, implementation and evaluation of natural language pro-
cessing (NLP) features - commonly referred to as feature engineering – bears high chances of improv-
ing text mining outcomes significantly (Bird et al., 2009; Nassirtoussi et al., 2014; Johnson et al. 
2015).  



Fromm et al. 2019/ Towards a Text Feature Taxonomy 

Twenty-Seventh European Conference on Information Systems (ECIS2019), Stockholm-Uppsala, Sweden. 2 

 
 

However, extensive feature engineering has a number of challenges. First and foremost, feature engi-
neering currently still depends on human craft rather than on machine learning, since it requires deep 
domain knowledge to identify and operationalize relevant features. Second, text mining, as Miner et 
al. (2012) and Talib et al. (2016) point out, has been influenced by different disciplines like computer 
science, statistics, computational linguistics, and library and information sciences. Accordingly, text 
mining features that evolved in one particular discipline are often unknown or rarely used in the other 
disciplines. Third, no scientific feature framework exits which might help researchers and practitioners 
to (re)design, compare and evaluate new or existing features across different disciplines or areas of 
application. Therefore, we aim to develop a novel NLP feature taxonomy, which helps researchers and 
practitioners to develop, refine, compare and evaluate their text mining studies. Present literature fo-
cuses rather on the comparison of particular domain specific features and their learning algorithms but 
lack a holistic NLP feature framework. Hence, our goal is to develop a comprehensive taxonomy of 
NLP features based on Nickerson et al.’s (2013) methodological approach. In this research in progress 
paper, we focus on laying the foundation for our taxonomy development, and on the first two research 
cycles of our taxonomy development process. Here, we strive to illustrate the diversity of text features, 
not completeness. In next steps, we aim to investigate a comprehensive taxonomy through providing 
an overview over all disciplines.  

Once our research is completed, we seek to contribute to scientific literature by empirically analyzing 
the manifold use of NLP features in text mining, and to practice by proposing appropriate dimensions 
and characteristics for features that might be of value in text mining endeavors. The resulting taxono-
my should simplify the comparability of NLP features between different studies, domains or applica-
tions and facilitate costly feature engineering of practitioners and scientists. We strive for a set of fea-
tures diverse enough to demonstrate their commonalties and differences. We believe that if we present 
this diversity to researchers, they will be inspired and encouraged to use one or the other feature in 
their own research. Thereby, we want to contribute to a better understanding of NLP feature engineer-
ing by answering the following research question:  
RQ: What are the theoretically grounded and empirically validated dimensions and characteristics of 
NLP features used in text mining?  

In the following, we will firstly introduce the reader to the theoretical background of NLP feature en-
gineering (section 2). In section 3, we present our methodological approach for developing a taxono-
my following the work by Nickerson et al. (2013). Afterwards, the results of the first two cycles of the 
taxonomy development process are presented, followed by an outline of the subsequent steps and the 
expected implications once our research is completed.  

2 Theoretical Background 
Text mining uses techniques from two major areas: NLP and ML. Hereby, the main challenge is to 
preprocess written text and extract valuable features in a feature vector to reach their maximum per-
formance (Rajman and Vesely, 2004) as depicted in Figure 1. Features are understood as certain text 
characteristics or distinct attribute of a text that might bear valuable information for the ML algorithm.  

 

Figure 1.  Illustration of feature engineering in the text mining process. 



Fromm et al. 2019/ Towards a Text Feature Taxonomy 

Twenty-Seventh European Conference on Information Systems (ECIS2019), Stockholm-Uppsala, Sweden. 3 

 
 

Bird et al., (2009, p. 224) state that “selecting relevant features and deciding how to encode them for a 
learning method can have an enormous impact on the learning method’s ability to extract a good 
model”. Thus, most work in building a text classifier is creating relevant features and deciding how to 
represent them. Bird et al., (2009, p. 224) mention that it is possible to receive decent performance “by 
using a fairly simple and obvious set of features …”, however, “there are usually significant gains to 
be had by using carefully constructed features based on a thorough understanding of the task at 
hand.” 
Nevertheless, most features are created through a process of trial-and-error and not by novel feature 
engineering guided by a taxonomy or framework. In fact, we did not find a taxonomy for text mining 
features in the literature. What can be found are classifications of text mining features along single 
dimensions, which are often more a simple categorization of attributes than a set of comprehensive 
and robust dimensions, e.g., Indurkhya and Damerau, (2010); Johnson et al., (2015) or Missen et al., 
(2013). Mostly feature engineering is done by intuition about what information might be relevant to 
the problem. As Bird et al., (2009, p. 224) wrote. “It’s common to start with a “kitchen sink” ap-
proach, including all the features that you can think of, and then checking to see which features actu-
ally are helpful.”  

However, features can be of very different nature, which we want to emphasize with the following 
examples. The number of occurrences of a specific word within a document is a feature. Bag-of-
words, as introduced above, records the number of occurrences for every single word in the document. 
Therefore, BOW is essentially a feature vector or a multi-dimensional feature. Its cardinality is equal 
to the size of the vocabulary of the document, i.e. the number of different words used. In contrast, 
there are simple, one-dimensional features like the total number of words, the average sentence length, 
or the percentage of adjectives appearing in a document.  

The different application areas of text analysis and text mining have created a variety of features. Edu-
cation and literary sciences have brought up a number of readability indices which are used to judge 
the readability level of books and texts. The most widely applied is the Flesch readability index, which 
is calculated from the number of sentences, words, and syllables of a text (Kincaid, 1975; Flesch, 
1943). Sentiment analysis and opinion mining (Pang and Lee, 2008) are concerned with the polarity of 
texts. Polarity is a feature describing the emotion or sentiment present in a text. It can be observed on 
the word, the sentence, or the document level. Applications for authorship attribution and verification 
analyze the syntactic depth and complexity of texts and have come up with appropriate features like 
the vocabulary richness or the use of hapax legomena (Stamatatos, 2009; Prasad et al., 2015; Sari et 
al., 2018). Requirements analysis is concerned with the question if textual system requirements are 
clearly and concisely formulated. Accordingly, features are used that identify weak words, subjunc-
tives, or passive voice, which are all indicators for ambiguous language. Procedure or instruction min-
ing tries to find answers on “how to” questions in the vastness of the Internet. This can range from 
instructions how to repair an automobile to recipes how to prepare a meal. Typical features used in 
this domain are the occurrence of enumerations, imperatives, or certain verb-noun combinations. 

As depicted, several application areas of text mining exit coming from various disciplines. The disci-
plines are concerned with different challenges and therefore, develop their own features and their own 
mode of speaking. A feature framework is required which brings light into the darkness of the various 
disciplines by illustrating the features’ commonalties and differences. However, no comprehensive 
feature taxonomy exists which depicts the nature of text features across the different disciplines. 
Hence, we aim to address this literature gap with our stated research question.  

3 Method 
To answer our research question, we aim to develop a comprehensive taxonomy. Therefore, we follow 
the method presented by Nickerson et al. (2013), which has been applied by several other studies in 
the IS field, such as Tan et al. (2016) or Eickhoff et al. (2017). The method follows an iterative and 
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structured process for developing taxonomies grounded on theoretical foundations (deduction) and 
empirical evidence (induction) depicted in Figure 2. By applying the method of Nickerson et al. 
(2013), we develop different dimensions and characteristics based on both, published text mining stud-
ies and empirical evidence of specific meta attributes. The development of a taxonomy usually starts 
with defining a specific phenomenon of interest, also called meta-characteristic. The creation of all 
dimensions and characteristics should be based on contributing to this meta-characteristic. Our meta-
characteristic is described by the aim to develop a novel artifact which facilities NLP feature engineer-
ing of scientist and practitioners by forming theoretically grounded and empirically validated dimen-
sions and characteristics of NLP features in text mining. 

 

  Figure 2.  Taxonomy development process based on Nickerson et al. (2013). 

Nickerson et al. (2013) suggest different subjective and objective criteria, also called ending condi-
tions, which a taxonomy has to fulfil after the iterative taxonomy development process. We defined 
the following ending conditions (EC) to determine when to terminate the iterative process.  

A) At least one object (text feature) is classified under every characteristic of every dimension. 

B) No new dimension or characteristic has been added in the last iteration. 

C) Dimensions and characteristics are unique and are not repeated. 

D) Every known object (text feature) is classified in the taxonomy. 

All ending conditions should be fulfilled by a final taxonomy. However, in the here presented taxon-
omy not all ending condition are met since we present only intermediate results of our work. Especial-
ly condition D) is difficult to achieve because it requires an extensive literature study of hundreds of 
research papers. This will be done in the next phase of our research project. The main goal of the first 
phase, which we present here, was diversity of features, not completeness. Therefore, we cannot con-
sider the taxonomy development process as completed. However, we believe that we have found a set 
of features diverse enough to demonstrate their commonalties and differences. 
Since we would estimate a high level of knowledge in the research area and multiple text mining stud-
ies are available, we conducted a conceptual-to-empirical cycle first, followed by a second empirical-
to-conceptual cycle. The development of our taxonomy is illustrated in Table 1. 

Table 1. Taxonomy development iterations. 

Iteration 
No. 

Approach Taxonomy EC 
met 

1 conceptual-to-
empirical 

T1 = {Linguistic Category (morphological, lexical, syntactical, semantical), 
Granularity Level (character, word, sentence, document)} 

A, C 

2 empirical-to-
conceptual 

T2 = {Linguistic Category (morphological, lexical, syntactical, semantical), 
Granularity Level (character, word, sentence, document), Dimensionality (one-
dimensional, multi-dimensional), Representation (binary (presence), integer 
(count), real number (interval -1, +1), real number (percentage), real number 
(TF/IDF), real number (general)), Information Source (corpus-based, lexicon-
based)} 

A, C 
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4 Results 
In the following paragraphs, we will state the intermediary results found after conducting two itera-
tions based on Nickerson et al. (2013). First, we will briefly introduce the different dimensions, their 
characteristics and how we derive them from existing literature. Then, we will illustrate our taxonomy 
based on feature examples presented in a table to provide a deeper understanding.  
A feature can be categorized by the following five dimensions: dimensionality, representation, lin-
guistic analysis level, granularity level and information source, which are depicted in Figure 3.  
 

Figure 3.  Text feature taxonomy after two iterations based on Nickerson et al. (2013). 
Dimensionality of Features  
As already stated above, several classifications of text mining features along single dimensions can be 
found in literature. A dimension that has rarely been brought up in research papers is the dimensionali-
ty of features – probably because it is too obvious for most of the authors. There are essentially two 
cases: features that are expressed in a single number like the number of occurrences of a specific word 
in a document, the percentage of nouns in a text or the Flesch readability index (e.g., Feng et al., 2010; 
Kincaid, 1975; Flesch, 1943) and features represented as a vector like bag-of-words, bag-of-n-grams, 
bag-of-POS-grams (e.g., Palau and Moens, 2009; Brett and Pinna, 2015). The dimensionalities of the 
latter correspond with the size of the individual vocabulary. Therefore, it is sufficient to distinguish the 
two characteristics as one-dimensional and multi-dimensional features.  
Representation of Features 
All features that we found in the literature were expressed in numbers. They can be distinguished ac-
cording to their representation (Nassirtoussi et al., 2014) in binary numbers (0, 1), integer numbers 
(e.g. counts, frequencies), and real numbers (e.g. percentages, values within an interval). Bag-of-words 
appears in three different representations: presence of a word in a document (binary), number of oc-
currences of a word in a document (TF = term frequency), TFIDF representation of a word in a docu-
ment (TFIDF = term frequency-inverse document frequency), a real number representing the relative 
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importance of a word in a document within a given corpus. Since TFIDF has a paramount role in text 
mining, we keep TFIDF as a separate class within the dimension “representation”.  
Literature often does not distinguish clearly between the name of a feature and its representation. 
Some authors call the input of a certain word a feature, some say that the presence or the number of 
occurrences of a certain work is a feature. Günal et al. (2006) talk about 140 features for spam detec-
tion, and they present a list of 140 words. With the representation dimension, things should become 
clear. 
Linguistic Analysis Level 
The most popular of the dimensions found in literature are the “linguistic perspectives” (Johnson et 
al., 2015), or in other words, the hierarchy of stages in NLP: morphological analysis, lexical analysis, 
syntactical analysis, and semantic analysis (Indurkhya and Damerau, 2010; Johnson et al., 2015). Lex-
ical analysis converts a textual input stream into words (also called terms or tokens) that build the vo-
cabulary of the text. Morphological analysis looks at the internal structure of the words in more detail 
(e.g., syllables). Syntactic analysis determines the structure of a sentence and the role that each word 
has within the sentence. Semantic analysis is concerned with the meaning of a word, a sentence, or a 
whole text.  
Many authors classify text mining features along these linguistic perspectives. Lexical, syntactic and 
semantic features are described by Kambhatla (2004) for relation detection, by Abbasi et al. (2008) for 
sentiment analysis, by Loni et al. (2011) for question classification, by Alzahrani et al. (2012) for pla-
giarism detection. Hancke et al. (2012) use morphological, lexical and semantic features for readabil-
ity classification. Prasad et al. (2015) distinguish lexical, semantic, and structural features for author-
ship attribution. Van der Lee and van den Bosch (2017) describe lexical and syntactic features for 
language variety identification. 
The problem that linguistic analysis levels create when developing a feature taxonomy is that there is 
not necessarily a one-to-one relationship between a feature and an analysis level. Sentiment analysis 
works basically with the meaning of words (with positive or negative sentiments), and thus, requires a 
lexical and semantic, but not necessarily syntactic analysis (Hatzivassiloglou and Wiebe, 2000). The 
study of meanings of words is called lexical semantics (Johnson, 2008). The best we can do, to obtain 
a proper taxonomy dimension for features, is to assign the highest linguistic analysis level to a feature.  
Granularity Level  
A much less observed characteristic of textual features is their granularity level (so called only in Mis-
sen et al., 2013; “sub-category” in Suh, 2016). A hierarchy can be described that decomposes a text (a 
document, a review, a post, a tweet) into sentences which are decomposed in words which are decom-
posed in characters. Even if the granularity levels seem to be similar to the linguistic analysis levels, 
they are not the same. This becomes vividly illustrated by looking at unigrams and POS-unigrams 
(Reyes and Rosso, 2012; Brett and Pinna, 2015). A text “the highest peak in the country” (Brett and 
Pinna, 2015) is composed of the single words (= unigrams) “the”, “highest”, “peak”, “in”, “the”, 
“country” – which have the syntactic roles (= part-of-speech tags, POS-tags) “AT0”, “AJS”, ”NN1”, 
”PRP”, ”AT0”, ”NN1”. Occurrences of both unigrams and POS-unigrams can be counted and thus 
be used as features. It is clear that unigrams require lexical analysis and POS-unigrams require syntac-
tic analysis (“part-of-speech tagging”). So, unigrams and POS-unigrams are on different linguistic 
analysis levels, but they have the same granularity, they are both on word-level. Thus, the granularity 
level “word” does not necessarily coincide with the linguistic analysis level “lexical”. Another exam-
ple is the semantic feature “polarity” (semantic orientation). Polarity can be analyzed on the word lev-
el, on the sentence level, or on the document level (Missen et al., 2013), which again tells how im-
portant the granularity level is for differentiation.  
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 Table 2. Feature examples categorized by dimensionality, representation, linguistic analysis 
level, granularity level and external sources. 

Information Source 
Semantic features often rely on externally available lexicons that describe the semantic orientation or 
polarity (positive or negative) and subjectivity (subjective or objective) of individual words or phrases 
(Taboada et al., 2011). SentiWordNet is a such a lexical resource used for opinion mining (Baccianella 
et al., 2010). Since semantic features can also be corpus-based (Liao and Grishman, 2010), a dimen-
sion describing the use of external sources is appropriate. Therefore, we included a dimension called 
“information source” with the characteristics corpus-based and lexical-based to provide further differ-
entiation.  
After explaining the dimensions and characteristics of our taxonomy, we want to provide a deeper un-
derstanding of the five dimension and their characteristics. Therefore, we allocated different feature 
examples in the derived dimensions illustrated in Table 2. 
The five dimensions: dimensionality, representation, linguistic analysis level, granularity level, and 
use of external sources were the result of the first two taxonomy development cycles that we conduct-
ed according to Nickerson et al. (2013). Not all of the defined ending conditions are satisfied such as 
that no new dimension or characteristic has been added in the last iteration and that all objects (text 
features) are categorized. There were a few feature characteristics form text mining studies which do 
not appear in our taxonomy. Examples are stylistic features (Cossu et al., 2015; Mahajan and Zaveri, 

 
Dimensions 

Feature References Dimen-
sionality 

Representation 
  

Linguistic 
Analysis Level 

Granularity 
Level 

Ext. 
Source 

Frequency of character "@" Zheng et al. (2006) one integer (count) lexical character no 

Average number of syllables per 
word 

Feng et al. (2010) one real number morphological word no 

Average sentence length in words Suh (2016) one real number lexical word no 

Bag-of-words (BoW) many multi binary (presence) lexical word no 

Bag-of-words (BoW) many multi integer (count) lexical word no 
Bag-of-words (BoW) many multi real number 

(TF/IDF) 
lexical word no 

POS-n-gram vectors Brett and Pinna (2015); 
Tang and Cao (2015) 

multi integer (count) syntactical word no 

Binary character trigram vectors Lipka and Stein, (2010) multi binary (presence) lexical character no 

Readability indices (Flesch, Kincaid, 
etc.) 

Flesch (1943);             
Kincaid (1975) 

one real number lexical document no 

Vocabulary richness (e.g. Yule's K) Zheng et al. (2006); 
Suh (2016) 

one  real number lexical  document no 

Fraction of past-tense verbs   Jijkoun et al. (2010) one real number 
(percentage) 

syntactical document no 

Mean number of noun phrases per 
sentence 

Chen and Zechner (2011) one real number syntactical sentence no  

Mean number of parsing tree levels 
per sentence 

Chen and Zechner (2011) 
Massung et al. (2013) 

one real number syntactical sentence no  

Contextual compatibility score Liao and Grishman (2010) one real number  
(0; +1) 

semantic word no  

Word polarity  Turney (2002); 
Rice and Zorn (2013); 
Agarwal and Mittal (2016) 

one real number  
(-1; +1) 

semantic word yes 

Sentence polarity Missen et al. (2013) one real number  
(-1; +1) 

semantic sentence yes 

Document polarity 
(Review polarity) 

Mukherjee and 
Bhattacharyya (2012) 

one real number  
(-1; +1) 

semantic document  yes 

Bag-of-words with only subjec-
tive/objective and positive/negative 
verbs 

Chesley et al. (2006) multi integer (count) semantic word  yes 
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2017), contextual/non-contextual features (Negi et al., 2014), frequency-related and intensity-related 
features (Mahajan and Zaveri, 2017). Careful analysis shows that these characteristics are either appli-
cation-specific or closely related with characteristics of the already existing dimensions. There is only 
one dimension that we purposefully did not consider in our taxonomy: the distinction into textual and 
non-textual features (Sappelli et al., 2013). Non-textual features are features which go beyond pure 
text analysis. Examples are: the number of links pointing to a web page (Fürnkranz, 1999), the number 
of clicks on a question and answer pair (Jeon et al., 2006), the number of tweets marked as favorites 
(Cossu et al., 2015). Non-textual features become particularly important if the granularity level con-
sidered is above the single document level and looks at collection of documents. This can be hyper-
text, discussion threads on web forums, or question and answer threads. We decided not to include 
non-textual features and granularity levels above the document level in our present taxonomy, howev-
er, we aim to include these attributes in further iterations. 

5 Next Steps & Expected Contributions 

In this research in progress paper, we present the initial results of our endeavor towards de-
veloping a taxonomy of features used in text mining. As outlined in the beginning of our paper, this 
research in progress paper focuses on diversity to provide first insights into the depth of the different 
features. However, in its current form, the taxonomy cannot be considered as complete, meaning that 
as a next step, we need to dig deeper into the literature in the different domains that apply text mining 
to make sure that our final taxonomy will capture every relevant feature. This means, we need to en-
gage into a more sophisticated structured approach for identifying the relevant literature (following 
guidelines, e.g., provided by Webster and Watson (2002) and vom Brocke et al. (2015)) on text min-
ing in the different domains. Based on this enriched database, we need to revise our taxonomy accord-
ingly. Afterwards, we plan to evaluate our taxonomy using semi-structured interviews with text min-
ing researchers and practitioners. Once our research is completed, we contribute to the literature by 
providing an overview of the different features used in text mining approaches across disciplines so 
far. Our taxonomy can then serve as a starting point for researchers and practitioners that want to ap-
ply text mining, and are looking for potentially relevant features in the feature engineering stage of 
their project. Additionally, the developed taxonomy will provide researchers a foundation for further 
theory development and theory testing for feature engineering, and – as intended by Nickerson et al. 
(2013) – can be extended once new features are developed. 
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