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ABSTRACT 
The basic task of the knowledge discovery and data mining (KDD) process is to extract 
knowledge from data such that the resulting knowledge (pattern) is useful in a given application. 
Obviously, only the user can determine whether the resulting knowledge satisfies this 
requirement. Moreover, what one user may find useful is not necessarily useful to another user.  
Instead of allowing an automated data mining process to iterate in a trial-and-error manner, a 
natural but neglected way to enhance the process is to support human involvement. To achieve 
the goal that the user steers and monitors the information flow without burdening him performing 
tasks that can be done automatically, an interface for human involvement has to be well designed 
and integrated in the KDD process. As additional benefits from this approach, the user better 
understands and trusts the resulting patterns. Visual Classification which is a recently introduced 
approach has shown the benefits of this new direction for decision tree classifiers. 
 
1. INTRODUCTION 
Knowledge discovery [FPS 96] can be defined to be the non-trivial process of identifying patterns 
in data that are valid, novel, potentially useful and understandable. In [BA 96], the authors stress 
the interactive nature of the knowledge discovery process consisting of steps like selection, 
preprocessing, transformation, data mining and evaluation. Practice has shown that the process is 
virtually a loop which is iterated many times until good results are obtained. Major vendors of 
data mining software like SPSS Clementine or SAS EM have taken this fact into account and 
provide graphical views to model and visualize this complex process. 
Even though data mining is the core analytical step, the quality of the results heavily rely on data 
preparation which usually takes at least 80-90% of the total time [Pyle 99]. During data 
preparation, domain knowledge is used to prepare the data and make it suitable for a data mining 
algorithm. If the evaluation of the patterns is not satisfactory there are two possibilities. Either the 
user can just reiterate the data mining step or he reiterates the whole process returning to the data 
preparation phase. The first case seems to be more natural and efficient, however, most state-of-
the-art tools just facilitate a careful tuning of various algorithm-specific parameters in a trial-and-
error manner [FPS 96b], [AEK 00]. Therefore, a costly return to the data preparation phase is 
required to incorporate new domain knowledge which has been acquired in a previous iteration.   
 
2. KNOWLEDGE TRANSFER IN THE DATA MINING STEP 
Historically, the exploding amount of available data has led researchers to the area of knowledge 
discovery and data mining. The main motivation is that humans are not capable to analyze the 
current size of the available data neither manually nor with basic statistical methods. As a result, 
the technological challenge of performing everything automatically has dominated the awareness 
of researchers and developers of commercial tools up to the present. However, the knowledge 
discovery process is not meant to exclude the human since the discovered knowledge addresses 
the human! Therefore, the roles of the computer and the human have to be properly identified. 
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There are two ways to enable human involvement in the data mining step. Either the user 
specifies constraints in some textual form or a visualization provides an interface where the user 
acquires knowledge about the current state of the KDD process and is enabled to manipulate a 
mining algorithm through interaction. 
Though text-based human involvement has been shown to be effective for particular tasks, see 
e.g. [WHH 00][THL+ 01], we will focus on a discussion of potential benefits of interaction based 
on visualization techniques since this approach entails powerful data and knowledge 
representations. Several approaches have been proposed recently (commonly classified by the 
term ‘visual data mining’), however, almost all of them can be classified into one of the following 
two groups. The first group comes from the research field ‘information visualization’. It is based 
upon a data visualization providing an overview of the data but not supporting a data mining 
algorithm explicitly. It is typically used in the preprocessing step or directly before the algorithm 
is invoked. The second group addresses knowledge representations, visualizing the patterns 
produced by an algorithm. Thus it is applied after the mining algorithm has terminated and 
basically supports the evaluation of the patterns. 
We think that the potential benefits of human involvement are even better exploited if the 
visualization and interaction facilities are more tightly coupled with a mining algorithm, see also 
[AEEK 99][AEK 00][WFH+ 00][Wong 99]. To tightly couple these two worlds, mining 
algorithms have to be well understood to design appropriate visualization techniques supporting 
human involvement during the run of a mining algorithm and to identify key interaction points 
without burdening the user. The advantages of such a tightly coupled approach include: 
 

1. Transfer of domain knowledge in both directions.  
2. Data mining tools are becoming more effective. 
3. Less KDD steps are involved in each iteration. 

 
First, domain knowledge can be transferred from the human to the computer and vice versa. The 
user can incorporate his knowledge like e.g. focus on certain patterns, constraints, relations 
already known or knowledge about attributes and attribute values. On the other hand, data and 
knowledge representations can increase both the trust of the user in the discovered patterns and 
the user’s domain knowledge about the specific application.  
Second, human involvement can make data mining tools more effective if the user can specify 
how to focus the search. A run of a mining algorithm typically includes searches in large search 
spaces which cannot be performed exhaustively. At such points, involvement of the user can 
narrow down the search space significantly facilitating the mining algorithm to conduct a more 
accurate search. The visualization of the latter situation may even enable the user to make better 
decisions solely based on his perception than a mining algorithm.  
Third, less KDD steps are involved in each iteration making the whole process more efficient. If 
the evaluation of some patterns are not satisfactory the user may just reiterate the data mining step 
if he is enabled to incorporate his domain knowledge reflecting his discontent with the current 
patterns. 
To summarize, a tightly coupled visual data mining system enables the user to supervise the run 
of an algorithm and to intervene during the run by either using his domain knowledge or his 
perception.  
 
3. AN EXAMPLE FOR HUMAN INVOLVEMENT IN THE DATA MINING STEP:  
VISUAL CLASSIFICATION 
Based on a recently proposed approach called visual classification [AEK 00][AEEK 99], we 
show how a mining algorithm can be interleaved by human involvement such that the cooperation 
of the human and the computer yields the advantages described above. The visual classification 
approach decomposes the construction of a decision tree classifier into the steps depicted in  
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figure 1. The system is initialized with a decision tree consisting of the root node which 
corresponds to the whole training data set. A visualization is generated representing the data 
objects of the current node. 
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The task that is performed by a (univariate) decision tree algorithm is the search for the best split 
points in an attribute with respect to some goodness measure. To accomplish this task within a 
reasonable time several simplification are made by state-of-the-art algorithms, e.g. just the single 
best split point is evaluated and the evaluation is just based upon class distributions of the  
resulting partitions. At this point the visual classification approach sets an example of the benefits 
of human involvement since the task of split point selection can be performed by the user either 
by his perception, e.g. identifying multiple split points in an attribute or by using his domain 
knowledge, e.g. favoring an attribute or certain split points.  
 
4. CONCLUSIONS AND OPEN ISSUES 
Current data mining tools and algorithms provide very limited possibilities to incorporate domain 
knowledge if any at all. In our opinion, developers of commercial tools and most researchers still 
underestimate or do not recognize the potential benefit of human involvement in the data mining 
step to accelerate the whole KDD process and to improve the results.  As pointed out in this 
paper, the benefits of human involvement in the data mining step can be the transfer of domain 
knowledge, more effective data mining tools and as a result less and shorter iterations within the 
knowledge discovery process loop. The approach of visual classification has shown this benefits 
in the context of decision tree classifiers. 
Open issues in the next future are a) to design interfaces for human involvement in various data 
mining methods like text mining, clustering or association rules and b) to address scalability 
issues not just to main memory restrictions but also to visualization techniques. 
If advances will be made in these fields then we think that next generation’s data mining tools 
will improve knowledge acquisition and the trust and understanding of the patterns by the human. 
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