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Abstract. Literature introduces idea mining as an approach for extracting 
interesting ideas from textual information. Related research focuses on 
extracting technological ideas as starting point for future technological research 
and development activities. Thus, it is limited to the technological domain. The 
algorithms standing behind idea mining also are optimized for the technological 
domain.  
In contrast to previous research, this work transfers idea mining to the social 
behavior domain by selecting and adapting parameters of the idea mining 
algorithm. Forward selection as main approach in stepwise regression is used to 
choose the predictive variables based on their statistical significance. Grid 
search is used to optimize the parameter values. A case study shows that these 
optimized idea mining parameters are successful in extracting social behavior 
ideas of animals in this case of Przewalski horses. Based on these findings, 
differences between technological ideas and social behavior ideas can be 
shown. 
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Introduction 

Idea mining is known as an approach for extracting interesting ideas from textual 
information. Current work identifies technological ideas from scientific publications 
[1] or patents [2] and from internet blogs [3, 4]. Further, extended approaches for 
innovative potential identification [5] and for semantic classification [6] of the 
extracted ideas are introduced. The idea mining approach is optimized for calculating 
new ideas from the technological domain, where an idea is defined by a combination 
of means and ends. Identifying new ideas can be done by searching for new means 
appearing together with known ends or by searching for new ends appearing together 
with known means. 

The idea definition is not restricted to the technological domain. E.g., ideas from 
the social behavior domain of animals can be found in scientific publications and they 
consist of textual patterns in which means and ends occur together, too. However, the 
way means and ends are defined or formulated probably differs by technological 
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domain. Thus, ideas from different domains probably need different parameters or at 
least different parameter values for a successful extraction of new ideas. 

Since the idea mining approach has been applied successfully in many case studies, 
this work takes over existing parameters one by one by considering their statistical 
significance and, if significant, by adapting their values for the use of different 
domains. This approach is called ‘forward selection procedure’ in literature [7]. It is 
supported by applying a grid search and a 5-fold cross-validation [8]. 

In a case study, the social behavior domain of Przewalski horses, also known as 
Takhi (Equusferus przewalskii), is used. Przewalski horses are a species successfully 
saved from extinction by breeding in captivity [9]. By now, they have been 
reintroduced to their native habitat. Behavioral observations in captivity and in the 
wild lead to interesting ideas concerning the social behavior of these horses. 

It is shown here that - comparing to the baseline - extracting social behavior ideas 
of Przewalski horses is successful by use of the newly selected and adapted parameter 
values. The results outperform those obtained with commonly used values that are 
optimized for the technological domain. 

Background – The Idea Mining Classifier 

The rationale behind the idea mining approach as described in [10] is based on an idea 
definition from technique philosophy. There, an idea is defined as a combination of a 
means and an end. A systematic search for means and ends occurring together leads to 
the identification of ideas. Means and ends themselves are textual patterns containing 
domain-specific terms. Further, the identification of new ideas depends on existing 
context information where textual patterns representing known ideas occur. By 
considering given context information, known means and ends can be identified and 
compared to new textual information to identify new ideas where a known means 
appears together with an unknown end or vice versa. The idea mining classifier 
compares a textual pattern from a new text to all textual patterns from the given 
context information. It identifies known and unknown means and ends and based on 
this identification it decides whether the textual pattern represents a new idea or not. 

Idea mining uses several parameters for the classification decision. Let α be a set 
of terms from a new text and let β be a set of terms from the context where at least 
one term is in both sets. Let p = ⏐α⏐ be the number of terms in α and let q = ⏐α ∩ β⏐ 
be the number of terms existing in both sets. Then, m1 is defined as measure for a 
well-balanced known and unknown term distribution. 
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Let z be a percentage. Let δ be a set of most z % frequent terms without stop words 

in context. Let r = ⏐α ∩ β ∩ δ⏐ be the number of frequent terms existing in both sets. 
Then, m2 is defined as measure for frequent occurrence of known terms in context. 

q
rm2 =  

(2) 

 
Let ϕ be a set of z % frequent terms without stop word in the new text. Let  

s = ⏐α ∩⎯β ∩ ϕ ⏐ be the number of frequent terms only existing in α. Then, m3 is 
defined as measure for frequent occurrence of unknown terms in the new text. 
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Let λ be a set of characteristic terms (e.g. higher, better etc.). Let t = ⏐α ∩ λ⏐ be 

the number of these terms in α. We define m4 as measure for changing means and 
purposes. 
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Let g1, …, g4 ≥ 0 be weighting factors with g1 +  g2 +  g3 + g4 = 1. Let m be the sum 

of all four submeasures multiplied by weighting factors. 
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Let â be a threshold. A textual pattern represented by α is classified as new idea 

regarding a context represented by β if m ≥ â.  
Let u and v be percentages and let l be an integer value. The length of a textual 

pattern depends on the weights of its terms. A term is assigned the weight u if the 
term is a stop word. If not, a term is assigned the weight v. Terms are added to a 
textual pattern one by one while the sum of all term weights in the pattern is smaller 
than l. 

Methodology 

Fig. 1 shows the methodology of this approach. 
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Fig. 1. Mining social behavior ideas is done in different steps. 

A new text is selected that contains many ideas concerning the used domain. The 
idea mining classifier also uses a second text as context information. The latter also 
consists of ideas about the used domain. However, some ideas can be found in both 
texts while others appear in the new text or the context only. Thus, known ideas can 
be distinguished from new ideas and the results (the extracted ideas from the new 
text) can be assigned to the following categories: true positives, false positives, and 
false negatives for evaluation purposes. 

The idea mining classifier consists of parameters used to determine the length of 
the text patterns and of parameters used for calculating the idea mining measure. The 
length of the text patterns depends on parameter l and on a term weighting scheme 
that is calculated by the percentages u and v. For calculating the idea mining measure, 
six parameters have to be set: (g1, g2, g3, g4, â, and z) with g1 being the parameter for 
the balance of known and unknown term distribution, g2 the parameter for the 
frequent occurrence of known terms in context, g3 the parameter for the frequent 
occurrence of unknown terms in the new text, and g4 the parameter for the occurrence 
of specific terms. Further, the parameter â is used as threshold for the classification 
decision and with the percentage z frequent terms are distinguished from non-frequent 
terms. Thus, all nine parameters (l, u, v, g1, g2, g3, g4, â, and z) are important for the 
performance of the idea mining classifier. 

Parameter Selection 

A non-optimized selection of these parameters leads to significantly low values for 
the precision and recall as shown by [1]. Thus, a parameter selection procedure is 
needed for computing an optimized parameter set that results in the highest 
performance using unseen data for the idea mining classification.  

To calculate an optimized parameter set with nine parameters is computationally 
expensive. In addition, the resulting models are less comprehensible if they are based 
on too many parameters. To avoid these disadvantages, variable selection [11] is used 
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to reduce the number of parameters for the resulting model. Parameters with high 
predictive performance are selected while the others are discarded. The parameters 
are ordered based on their χ2-statistic (highest first) and then, they are included in the 
resulting model one by one (forward-selection procedure) until a stopping rule is 
satisfied [12].  

Grid search 

Using a ‘grid search’ on the selected parameters has been suggested by [13]. This grid 
search uses the training data and is based on an n-fold cross-validation approach. It 
leads to an optimized parameter set that results in the highest performance using 
unseen data. For this reason our study uses the proposed grid search on the 
parameters. We define discrete sequences of the parameters. All combinations of the 
parameters have to be considered and the set that results in the best cross-validated F-
measure is selected. 

In contrast to [13] that proposes the use of the best cross-validated accuracy, we 
decided to use the F-measure. The F-measure is based on the precision measure, 
calculated by the number of true positive elements divided by the sum of true positive 
and false positive elements. Furthermore, it is based on the recall measure, calculated 
by the number of true positive elements divided by the sum of true positive and false 
negative elements. Both measures do not use the number of true negative elements. 
Therefore, they are in contrast to the accuracy and its related measure, the specificity, 
that are based on the number of true negative elements. The aim of idea mining is to 
identify textual patterns representing a new idea from a very large number of textual 
patterns in texts, because a text pattern around each term (word) in a text is built. 
Thus, the aim of idea mining is similar to the aim of information retrieval where 
interesting patterns from the enormous amount of patterns, e.g., on the internet, have 
to be identified. For an information retrieval scenario, it is hardly possible to calculate 
the number of true negative elements. Precision and recall are the commonly used 
measures in information retrieval and thus, this paper uses the best cross-validated F-
measure for the selection of the parameters. 

Case Study 

In a case study, we examine the extraction of ideas from the social behavior domain. 
The social behavior of Przewalski horses is a very interesting research area, because 
they are the only horse species in the world that remains truly wild today although 
many herds live in zoos. Based on behavioral observations in captivity and in the 
wild, many social behavior ideas have been published in literature in different 
categories (e.g. herd behavior in the wild, hierarchical structure, role of the lead mare, 
role of the stallion, ratio of stallions and mares, communication). 

For this case study, we use a document in which the social behavior of Przewalski 
stallions in different enclosures and reservations is described [14]. The document 
contains about 120 ideas. As context, a document is selected that gives a review on 
the existing literature in this field and implies the results of observations of 
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Przewalski horses in the Cologne zoo as well [15]. Both documents are in German 
language, thus, the idea mining classifier can compare the ideas for extracting new 
ideas from the first document. 

The parameter selection calculates the parameters with the highest performance 
using unseen data: they are g1, g2, g3, â, and z. These parameters are selected and used 
as variables in the following grid search approach. The other parameters l, u, v, and g4 
are used as constants. 

Before starting a grid search, some issues have to be considered as mentioned in 
[1]. The parameters g2 and g3 are equally important so the values of these two 
parameters should be equal. The parameter g1 should be between 20 % and 80 %. For 
the parameters g2 and g3, 10 % to 40 % is recommended. The value of â should be 
between 20 % and 50 %. The value of z should be between 10 % and 30 %. In 
addition, the sum of g1 , g2, and  g3 equals 1 because g4 is set to zero based on the 
results of the parameter selection. 

Thus, our study uses the proposed grid search on the parameters g1, g2, g3, â, and z. 
We define discrete sequences of the five parameters (g1 = 0.20, 0.40, 0.60, 0.80, g2 = 
g3 = 0.10, 0.20, 0.30, 0.40, â = 0.20, 0.30, 0.40, 0.50, z = 0.10, 0.20, 0.30). All 48 
value combinations are considered in an evaluation to get the parameter values results 
with the highest performance (g1 = 0.20, g2 = g3 = 0.40, â = 0.20, and z = 0.10). This 
is in contrast to the calculated values in [1] that are optimized for the technological 
domain (g1 = 0.40, g2 = g3 = 0.20, â = 0.50, and z = 0.30). Comparing the precision 
and recall values of both sets of parameter values leads to a significant improvement 
in recall by use of the newly calculated set of parameter values. While precision 
slightly decreases from 87 % to 82 %, the recall escalates from 12 % to 88 %. 
Therefore, the F-measure increases from 49 % to 85 %. Also, these results outperform 
the precision (40 %) and recall (25 %) values as calculated for the extraction of 
technological ideas [1]. Last, a comparison to the baseline has to be done. Referring to 
the evaluation in [1], well-known heuristic similarity measures (Jaccard’s coefficient, 
overlap-index, cosine-similarity, and dice-similarity) are used as baseline by replacing 
the idea mining measure. The results for precision (30 %) and for recall (20 %) using 
all these different measures one by one are nearly the same. Thus, the results by use 
of the newly calculated parameter value set outperform the baseline, too. 

Results from the Case Study (Examples) 

The results can be distinguished in true positive, false negative, and false positive 
ideas: One true positive result was the correct identification of the appearance of 
coalitions between a mature stallion and a colt including the distribution of mares. 
Another one was the idea that aggression seems to be a positive leadership ability 
which increases the reproductive success of a stallion. Additionally, this approach 
correctly detected the idea that the testosterone level of a stallion influences his social 
behavior. 

However, this approach did not identify the new idea that the hormone level is 
regulated by environmental and social factors, so this is a false negative result. 
Further, two false negative examples are that a) in the presence of a harem stallion, 
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concentration of testosterone and aggression among colts is subject to social control 
and that b) alleviated aggressive behavior has been noticed in winter whereas 
testosterone level and readiness to combat increase in spring, when mating occurs. 

Furthermore, this approach identified ideas on social organization among 
Przewalski horses. These are relevant aspects but not new ideas as they can already be 
found in the known context. Two examples for these false positive ideas are, firstly, 
that in the wild horses organize themselves in harem groups consisting of a mature 
stallion and several mares with their foals and secondly, young colts and fillies leave 
their birth group at the age of one to three years. The males come together in bachelor 
groups whereas related fillies often form the kernel of a new harem. 

In contrast to this, the extracted idea that inbreeding is a massive problem of 
rearing Przewalski horses is new but not relevant for the social behavior of these 
animals. Thus, this idea also represents a false positive example. 

Conclusion and Outlook 

This work shows that the existing approach for extracting technological ideas from 
textual information can also be successfully adapted to the domain of social behavior 
as shown for Przewalski horses. The calculated F-measure outperforms the 
corresponding value from the technological domain and from the baseline. Further, 
the use of the optimized parameter values increases the performance of the approach. 
Thus – in contrast to previous research -, this work transfers idea mining to the social 
behavior domain. 

The different parameter values that are used for the extraction of a social behavior 
idea in contrast to the extraction of a technological idea lead to two interesting 
aspects. Firstly, the decreased value of z and the increased value of g2 and g3 in the 
social behavior domain show that in this domain, only a few technical terms exist, 
which are used very often to describe an idea. In contrast to this, many technical terms 
can be found in the technological domain. Hence, each individual term does not 
appear in technological ideas that often. Secondly, the decreased value of g1 shows 
that a well-balanced means and ends distribution is not critically important in social 
behavior ideas. It can be seen that in contrast to many technological ideas, means are 
often described by few technical terms (e.g. aggression and testosterone level). Thus, 
this work also shows the differences between technological ideas and social behavior 
ideas.  
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