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Abstract. Due to the rapid growth in the volume of data stored in organization-
al databases and the human limitations in analyzing and interpreting data, ap-
propriate technics are necessary to allow the identification of a large amount of 
information and knowledge in such databases. In this context, several tech-
niques and tools have been proposed for enabling the end user to interpret his 
dataset. In this work we discuss the ways of interacting with cluster analysis 
tools, taking into account both the clustering and the interpretation stages. We 
investigate how usability and user experience aspects of such tools can improve 
the understanding of the discovered knowledge. Moreover, we evaluate the role 
of visualization methods in the comprehension of groups formed in cluster 
analysis using Knime, Orange Canvas, RapidMiner Studio and Weka data min-
ing tools. 
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1 Introduction 

Due to the rapid growth in the volume of data stored in organizational databases and 
the human limitations in analyzing and interpreting data, appropriate technics are 
necessary to allow the identification of a large amount of information and knowledge 
in such databases. The emerging analytical process called Knowledge Discovery in 
Databases (KDD), and for [1], is a non-trivial process for discovering valid, new, 
useful and accessible patterns in databases. KDD comprises three main steps: pre-
processing for data preparation, data mining and post-processing, which includes the 
debugging and/or synthesis of the discovered patterns. 

Data Mining is the core of the KDD process. It relies on a set of different algo-
rithms to extract hidden patterns in databases. Such algorithms vary according with 
the purpose of the analysis, which may be identifying association rules or defining 
models for data regression, data classification or data clustering. Data clustering, in 
particular, may be defined as the identification of groups, i.e., subsets of data, in 
which there is a high internal cohesion among the objects that belong to a group, but 
also a large external insulation among groups.  
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The cluster analysis process comprises two different stages. In the first stage, one 
or several algorithms, each using different ways for the identification and representa-
tion of its results, may be applied to identify the data clusters. The second stage  
consists in performing the interpretation of the results, what can be done applying 
methods based on data visualization. The main purpose of data visualization is to 
integrate the end user in the knowledge discovery process, providing a graphical rep-
resentation of the database or the data clustering result. The end user will be able to 
interpret the results, for example, by identifying characteristics of a particular group, 
the relationship between patterns and distinctions between groups, spatial distribution 
of patterns, among others characteristics.  

Human-Computer Interaction (HCI) and Data Mining researchers have long been 
working to develop methods to help end users to identify, extract, visualize and  
understand useful information extracted from huge masses of high dimensional data-
bases. In this work we discuss the ways of interacting with cluster analysis tools, tak-
ing into account both the clustering and the interpretation stages. We investigate how 
usability and user experience aspects of such tools can improve the understanding of 
the discovered knowledge. Moreover, we evaluate the role of visualization methods in 
the comprehension of groups formed in cluster analysis. For this purpose, we selected 
a set of free and widely used tools: KNIME, Orange Canvas, RapidMiner and Weka. 

This paper is organized as follows. Section 2 and Section 3 present some basic 
concepts about data clustering and data visualization, respectively. Section 4  
describes the tools that were selected for our study. Section 5 discusses the HCI  
evaluations. Finally, in Section 6 we present our conclusions. 

2 Data Clustering 

The goal of data clustering, also known as cluster analysis, is to discover the natural 
grouping of a set of patterns, points, or objects [2]. At the end of the process, patterns 
belonging to the same group are more similar to each other and dissimilar to those 
patterns in other groups, based on a given measure of similarity. The basic idea of 
grouping data can be defined as the internal cohesion and external isolation of objects 
between groups [3].  

To [4], data clustering is a general name for computational methods that analyze 
data regarding the discovery of sets of homogeneous observations. Given a database 
with n patterns, each measured by p variables, the goal of cluster analysis is to find a 
relationship that separates those patterns in g groups. The final purpose is to find out 
implicit relationships among data instances that were previously unknown. 

There are several data clustering algorithms, each applying different techniques to 
identify and represent their results. The choice of which algorithm to use depends on 
the type of data to be analyzed and the purpose of the analysis. 

In this work, we chose to use only the k-means algorithm, which was available in 
all analyzed tools. Even though it was first proposed over 50 years ago [5][6][7],  
k-means is one of the simplest and still one of the most widely used algorithms for 
clustering. Ease of implementation, simplicity, efficiency, and empirical success are 
the main reasons for its popularity [2]. 
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Algorithm 1. - K-means algorithm 

Step 1: Select K initial centroids  
Step 2: Repeat  
Step 3:    Assign each standard to the closest centroid  
Step 4:    Recalculate centroids  
Step 5: Until the groups remain stable 

Algorithm 1 illustrates the process. Initially, we define the number k of groups to 
be formed. After that, we determine the initial k centroids, which can be calculated 
based on the available patterns, applying one of several different cluster initialization 
heuristics. For the next step each pattern in the database is associated to the closest 
centroid, based on a distance measure. After that, the k centroids are recalculated by 
finding the point that minimizes the average distance for each pattern in the group. 
This process is repeated until there is no more change in the formed groups. 

Typically, k-means is run independently for different values of k and the partition 
that appears the most meaningful to the domain expert is selected. Different initializa-
tions can lead to different final clustering because k-means only converges to local 
minima. One way to overcome the local minima is to run the k-means algorithm, for a 
given k, with multiple different initial partitions and choose the partition with the 
smallest squared error [2]. 

3 Data Visualization 

In a scenario where large amounts of data have to analyzed, the availability of data 
visualization techniques is particularly important to allow the end user to efficiently 
interpret the results of a clustering method, for example, by identifying common char-
acteristics in a particular group, the relationship between patterns and the distinction 
between groups, the spatial distribution of patterns, among others. 

The main idea of data visualization is to integrate the end user into the data analy-
sis process, by providing a graphical representation of the database and the resulting 
data clusters. Besides that, the user can interact with the graphical representation and 
thus interpret the data clustering results in a more effective way [8]. 

Visualization is the process of representing data and information in a graphical 
way, based on visual representations and an interactive mechanism. The purpose of 
visualization is to give to the user some perception of what is being represented, not 
only creating a figure. In data clustering operations, the main interest is the visualiza-
tion of clusters, so that their quality may be assessed, or the spatial distribution of 
patterns in a cluster can be understood. 

There are different techniques of data visualization, but most are limited by the di-
mensionality of the database to be explored, along with the dimensionality that can be 
represented by computational methods. Over time, various techniques have been  
developed for different types of data and also for different dimensionalities. 
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According to [9], the techniques of data visualization can be divided into:  

• Two dimensions (2D) and three dimensions (3D) visualization techniques, such as 
pie charts, scatter and line charts, bar charts and cityscapes charts;  

• Visualization techniques based on geometric projections such as parallel coordi-
nates and star graph;  

• Visualization techniques based on icons or iconographic, such as Chernoff faces;  
• Pixel-oriented visualization techniques, such as Circle Segments;  
• Hierarchical techniques, such as dendrogram, cone trees and cam trees. 

4 Data Mining Tools Analyzed 

The tools selected for evaluation in this study are briefly described ahead. For each 
one, we first identified the available clustering techniques and cluster visualization 
methods. Knime [10] is a tool proposed for use in data mining, statistics and other 
areas. It has several methods that enable full knowledge extraction of a particular 
database. All the operation of Knime is based on the idea of adding method nodes to 
an execution workflow. Figure 1 shows Knime screen. In the upper left corner, the 
user can see the available methods. In the center, there is a window where the execu-
tion workflow is defined. In the bottom, the results are shown in textual format in a 
window. Some features are not explicitly presented, which can hinder their use. For k-
means, Knime presents only the description of the centroids as textual output, with 
values that each feature and how many standards this centroid comprises. 

 

 

Fig. 1. KNIME Clustering Interface Example 

Orange Canvas [11] is an open source tool for data mining with a focus on data 
classification, data regression and visual data mining. It also has data evaluation and 
data binding methods. The execution workflow of the tool is simple. Figure 2 shows 
Orange Canvas screen. As knime, it presents the structure of nodes, where each node 
added to the workflow canvas will perform a certain task. It also features a feedback 
system for each method, showing the input and output of each method.  
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Fig. 4. WEKA Clustering Interface Example 

Table 1 shows the clustering methods and data visualization available in the evalu-
ated tools. It is noteworthy that in the evaluation and accounting of the number of 
methods available, only basic methods were considered. For example, k-means vari-
ants present in some tools, such as fast k-means, were not counted as another data 
clustering method. For the hierarchical methods, each connection was not considered 
as a method, but the presence of the function was, since the hierarchical links were 
regarded as execution parameters in all tools.  

Table 1. Data mining tools and methods of data clustering and data mining  

Tool Characteristics 

Knime 

URL: http://www.knime.org/                         Version: 2.7.2 
Data clustering methods: 5 
Fuzzy c-Means, hierarchical methods (single-linkage, complete-
linkage and average-linkage), SOTA – (Self Organizing Tree Algo-
rithm), Learner e Predictor and k-means. 
Data visualization methods: 8 
Box plot, histogram, lift chart, line plot, parallel coordinates, pie
chart, scatter plot matrix and dispersion chart. 

Orange Canvas 

URL: http://orange.biolab.si/                          Version : 2.6.1
Data clustering methods: 2 
k-means, hierarchical methods (single-linkage, complete-linkage,
average-linkage and ward) 

 

Data visualization methods: 12 
frequencies distribution, box plot, general dispersion, linear projec-
tion, radviz, polyviz,  parallel coordinates , survey plot,  correlation
analysis, mosaic display, sieve diagram, sieve multigram. 
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Table 1. (continued) 

RapidMiner 

URL: rapidminer.com/products/rapidminer-studio/  Version : 5.3.015 
Data clustering methods: 9 
k-means, k-medoids, DBSCAN, Expectation Maximization Cluster-
ing, Support Vector Clustering, Random Clustering,  hierarchical
methods (single-linkage, complete-linkage and average-linkage),
Top Down Clustering and Flatten Clustering. 

 

Data visualization methods: 3 
Lift chart, ROC curves and model visualization by self-organizing
maps. 

Weka 

URL: http://www.cs.waikato.ac.nz/ml/weka/          Version : 3.7.8 
Data clustering methods: 7 
Cobweb, Expectation Maximization, Farthest First, Filtered Clusterer,
hierarchical methods (single-linkage, complete-linkage, average-
linkage, mean-linkage, centroid-linkage, ward, adjcomplete and
neighbor-joining), Make Density Based Clusterer, k-means. 
Data visualization methods: 4 
Histogram, dispersion chart, scatter matrix and tree visualization. 

5 HCI Evaluations 

In order to evaluate how easy a user can learn to use each of these tools, we per-
formed an evaluation by inspection using the cognitive walkthrough method [14], an 
IHC evaluation method whose primary purpose is to evaluate the ease of learning of 
an interactive system through the usage of its interface. As such, we developed a real 
use scenario, based on which usability tests were performed by a group of users. 

The users’ profile we defined for this inspection comprised IT professionals or stu-
dents, who have interest in performing data mining tasks and already have at least a 
minimal prior contact with such area. Two different types of users performed the 
usability tests: (i) six graduate and undergraduate computer science students that at-
tended data mining classes; (ii) five lecturers in the area of artificial intelligence, data 
mining or, statistics. For each tool, each user should execute the following steps:  

1. Load a test file (“Iris.arff”, obtained from [15]) 
2. Select, as the task to be performed, data clustering using k-means with k = 3; 
3. Execute the data clustering operation; 
4. Visualize the results. 

After executing these tasks, the users answered questionnaires, providing data on 
their experience about using these tools. The questions, enumerated as follows, were 
formulated to assess the user profile (1 and 2), the organization of the tool’s interfaces 
(3 to 6) and the usability and user’s interaction with the tool (7 to 10).  
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1. How do you rate your knowledge on data mining? 
2. How long have you used these systems? 
3. The information available in the system’s interface is well distributed, so as to 

contribute to the user’s learning and memorizing? 
4. The icons and control commands are well detached from other interface items? 
5. Does the system’s interface describes the task options offered, i.e., given a particu-

lar icon or menu, is there a brief specification of its functionality? 
6. In the error messages, the help button is available? 
7. This system is easy to use ? 
8. Did you have some sort of difficulty in finding the information necessary to  

perform the requested tasks? 
9. How do you evaluate the presentation of the data clustering results? 

10. Did the available data visualization techniques help in the interpretation of the 
generated clusters? 

5.1 General Overview 

In order to execute the tasks included in the usability test, the user must identify the 
buttons or menu options for (a) specifying the path and name of the input file and 
loading the data; (b) selecting the k-means method, setting the necessary parameters 
and executing it; (c) selecting visualization methods and creating charts. 

Although the pathways to accomplish the actions are different in each tool, we can 
conclude that the user will try to achieve the right outcome, since he knows the theo-
retical aspects of the implemented methods in order to perform the parameter settings. 
He must as well know the contents of the database to be analyzed, to be able to  
perform a semantic verification of the results obtained. 

Moreover, among the tools there are particularities of interaction. In Knime or 
RapidMiner Studio, for example, the user needs to know in which category is classi-
fied each item he needs to perform the desired task. Each item/node (such as, loading 
database, clustering method and visualization method) is divided into subcategories, 
which should be known by the user. In such cases, the experience with any other tool 
or even some data mining theoretical knowledge will help the user to make an associ-
ation between the interface elements and his objective. 

In Weka, for action to open/load the database may get errors in identifying the tool 
component. For example, in some places, the component is called “ARFF Reader” 
and in others, it is available as “FILE”. The idea that this component can also 
open/load a file with extension “ARFF” is implicit. Also on Weka, for choosing a 
data clustering or data visualization method, the user must know which methods to 
use and in which part of the tool interface he can find the desired items. 

If the user does not know a priori the workflow necessary for carrying out his data 
mining tasks, he must learn while performing his activities. In Knime, RapidMiner 
Studio and Orange Canvas, the user is allowed to interact with the tool to build a 
workflow even when a node is being wrongly defined. These tools issue a warning to 
the user about the error only at the end, when he tries to execute the data mining pro-
cess workflow. This behavior causes the user to lose time in his interaction with the 
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tool, probably forcing the user to rebuild his workflow, entirely or in part, for not 
knowing exactly where the error occurred. A possible solution for this problem would 
be having the tool verifying the workflow node by node, while the user is building it, 
in order to identify possible errors and show alerts to the user as soon as possible. 

5.2 Results Analysis 

The usability test aims to assess how easily the user understands the usage of each 
selected interacting with its interface. The objectives of the usability test were defined 
and presented to the users, who, using the tools, should try to reach them. The users 
were divided in a group of lecturers, with a better understanding of data mining and 
greater experience with the tools, and a group of students with only basic knowledge, 
as depicted on Figure 5. The charts show that most users are well acquainted to Weka, 
while many never used Knime or Orange Canvas. 
 

 
 

 

Fig. 5. Charts representing the level of expertise (top) and familiarity with the tools (bottom) of 
the two different user groups 

Regarding the interface, both groups of users thought that the tools have the infor-
mation well distributed, with the icons are well detached, what contributes to an easy 
understanding of the interaction process, as depicted in Figure 6 (a). Except for 
RapidMiner Studio, that has not been positively evaluated by the group of students 
with regard to this aspect. The reason may be that the set of objects needed to perform 
a task is large and complexly organized, requiring prior knowledge about these fea-
tures, which was only found in the group of lecturers. 

Orange Canvas and RapidMiner were poorly evaluated by the lecturer with regard to 
the description of the tasks offered by the interface, i.e., such users considered that the 
interface of those tools tools did not provide enough explanation on the functionalities 
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provided, as depicted in Figure 6 (c). The tools also had poor rating with respect to the 
descriptions of the elements contained in the interface and help options, as depicted in 
Figure 6 (d). 

 

 

Fig. 6. Charts representing the proportion of users that evaluate positively the distribution of 
information in the interface (a), the emphasis in icons and commands in the interface (b), the 
description of the tasks offered by the interface (c), the availability of error messages (d) 

According to the students, the Knime is the tool that presents the interface in which 
is easier to find information and the desired elements, while RapidMiner was the most 
negatively evaluated by this group, as depicted in Figure 7 (a). Among the group of 
lecturers, Weka was considered the best one, probably because in general all those 
users had great familiarity with the tool, as indicated in Figure 5. 

As to the presentation of the data clustering results, Knime got the worst evaluation 
reported by the group of lecturers, but a good result among the students, as depicted in 
Figure 7. Using colors and providing the confusion matrix for presentation, were 
some of the improvement suggestions cited by the evaluators. On the other hand, 
Orange got a great result according to the students, while the lecturers found the per-
formance the performance of the tool for visualizing the results is satisfactory. This is 
probably due to ease of visualization of the results provided by the tool, but that are 
somehow superficial. The other tools had a regular a performance. 
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Fig. 7. Charts representing the user’s average evaluation on how easy each tool 

6 Conclusion 

In general, we noticed that the analyzed tools have a very strong approach towards 
data visualization. Many of the tools discussed in this work enable the user to view 
the groups generated by the clustering methods, understanding, interpreting and ex-
tracting knowledge about the set of patterns and clusters.  

Generally, the usability, ease of operation and the methods of each tool are good. 
In particular, the utilization of each tool, show a very clear workflow, having begin-
ning, middle and end. As such, these tools may be used by people with any level of 
knowledge about them, or even about the methods provided by these tools.  

We believe that the interdisciplinary integration of KDD and HCI may bring some 
significant contributions, such as improving the user’s ability to gain useful 
knowledge from organizational databases and helping the end users to gain added 
values by making date useable and useful. However, the tools analyzed show that still 
several other HCI aspects need to be thoroughly approached. 
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