
Abstract—This paper presents a dynamic adaptive framework 
for building a case library being able to cope with a data stream in 
the field of Case-Based Reasoning. The framework provides a 
three-layer architecture formed by a set of case libraries 
dynamically built. This Dynamic and Adaptive Case Library 
(DACL), can process in an incremental way a data stream, and can 
be used as a classification model or a regression model, depending 
on the predicted variable. In this paper, the work is focused on 
classification tasks. Each case library has a first layer formed by 
the dynamic clusters of cases, a second one formed by the meta-
cases or prototypes of the cluster, and a third one formed by an 
incremental indexing structure. In our approach, some variant of 
k-d tress have been used, in addition to an exploration technique 
to get a more efficient retrieval time. This three-layer framework 
can be constructed in an incremental way. Several meta-case 
learning approaches are proposed, as well as some case learning 
strategies. The framework has been tested with several datasets. 
The experimental results show a very good performance in 
comparison with a batch learning scheme over the same data. 

Index Terms— Case-Based Reasoning, Data Streams, Dynamic 
Learning of Cases, Incremental Learning.  

I. INTRODUCTION 
N recent years, the problem of mining data streams has 

grown the attention of many researchers. Many real-world 
applications generate data continuously. For example, in 
network monitoring, telephone record calls, multimedia data, 
customer transactions, customer click streams, and so on. 
Advances in technology have facilitated new ways of 
continuously collecting data. In many applications, the volume 
of such data is so large that it may be impossible to store the 
data on disk.  Furthermore, even when the data can be stored, 
the volume of the incoming data may be so large that it may be 
impossible to process any particular record more than once. 
Therefore, many data mining and database operations such as 
classification, regression, clustering, frequent pattern mining 
and indexing become significantly more challenging in this 
context [1]. The monitoring of many events in real time 
produces much information. In recent years, data stream mining 
field has grown rapidly. In [2] outlined some desirable 
properties for learning tasks in data streams: incrementality, 
constant time to process each example, single scan over the 
training set, and taking drift into account. Learning from data 
streams require incremental learning algorithms that take into 
account the problem of concept drift. The underlying concept 

This work was partially supported by the Spanish Thematic Network 
DAMA the Spanish Ministry MINECO, under Grant TIN2015-70308-REDT.  

Fernando Orduña-Cabrera is with the Instituto Tecnológico Superior de 
Cajeme (ITESCA), Cajeme, Sonora, México (e-mail: forduna@itesca.edu.mx).  

or distribution of the data can change over time, and the mined 
models should be aware of the changes, and adapt themselves 
to the changes. 

On the other hand, Case-Based Reasoning (CBR) systems 
solve new problems by retrieving and adapting the solutions to 
previously solved problems that have been stored in a case 
library [3][4][5]).  

CBR is a very flexible reasoning paradigm, which can be 
used both as a classification technique and as a regression 
technique. The most common approach to predict a class label 
is the use of a simple CBR scheme (k-nearest neighbor 
classifier), but it can also be used to predict numerical variables, 
in a regression problem. This flexibility makes it a powerful 
tool for data mining. Furthermore, CBR integrates a learning 
step in its basic reasoning cycle. This learning activity makes 
CBR to be very suitable to be used for dynamic learning 
purposes. CBR systems become more competent over time, 
because they learn from experience. CBR approaches can 
process a data stream with a fine grained time window of length 
one. They can process tall the examples/cases one by one and 
adapt their model at each example. 

In this paper, a dynamic adaptive framework is proposed to 
improve the CBR system performance coping especially with 
reducing the retrieval time, increasing the CBR system 
competence, and maintaining and adapting the case library to 
be efficient in size, especially in continuous domains (data 
streams) [6]. The framework proposed works for reasoning and 
learning both in supervised domains and unsupervised domains. 
One of the main contributions of the work is the proposal of a 
Dynamic Adaptive Case Library (DACL) framework. A DACL 
is composed of a set of dynamically built case libraries to cope 
with the heterogeneity and complexity of real domains. It learns 
cases and organizes them into dynamic cluster structures. The 
DACL is able to adapt itself to a dynamic environment, where 
new clusters, meta-cases or prototype of cases, and associated 
indexing structures (discriminant trees, k-d trees, etc.) can be 
formed, updated, or even removed. DACL offers a possible 
solution to the management of the large amount of data 
generated in an unsupervised continuous domain (data stream). 

A very important aspect related to unsupervised continuous 
domains is the incrementality problem. General CBR systems 
assume that the set of cases available for building the case 
library is fixed and available at the beginning (batch learning). 
Then they build the memory indexing structures, like for 
instance, a k-d tree, decision/discriminant tree, etc. However, 
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when a CBR system is facing an unsupervised continuous 
domain, the system should build and update the case library 
structure/s in an incremental way (incremental learning). 

II. RELATED WORK

In machine learning literature, several works have addressed 
the problem of learning from data streams [7] [8], and other 
works studied the time changing concept problem [9] 
[10][11][12]. Most common techniques used are temporal 
windows, which determines the training set for the learning 
algorithm, and the weighting of examples, which attempts to 
decrease the relevance of the older examples, and increase the 
relevance of the new ones. Also there are some mixture 
techniques. Some authors [13][14][15] propose the use of 
adaptive time windows in order to minimize the generalization 
error of the classification models. 

Continuous problem domains (i.e., domains where cases are 
generated from a continuous data stream) require different 
underlying representations and place additional constraints on 
the problem solving process [16]. Ram and Santamaria define 
three characteristics where the problem domain is continuous, 
and those are: First, they require continuous representations,. 
Second, they require continuous performance. Third, these 
problem domains require continuous adaptation and learning. 
As the problems encountered become more varied and difficult, 
it becomes necessary to use fine-grained, detailed knowledge in 
an incremental manner to act, and to rely on continuous 
feedback from the environment to adapt actions and learn from 
experiences. 

Reasoning about continuous domains is not an easy task. 
Moreover, this is a domain where CBR can rapidly extend its 
benefits because data is systematically collected for its analysis. 
A CBR system that continuously interacts with an environment 
must be able to create autonomously new situation cases (new 
concepts or clusters) based on its perception of the local 
environment in order to select the appropriate steps to achieve 
the current mission goal [17], but a general framework is still 
missing. Some systems that use case-based methods in 
continuous environment are described in [18][19][20]. 

There are two other central problems derived from the 
continuous nature of some domains. First of all, the size of the 
case library could grow very fast as the CBR system is learning 
new cases without an extensive improvement in the competence 
of the system, as pointed out in [21]. Two natural human 
cognitive tasks appear as the solution to these problems: 
forgetting ([22] and sustained relevant learning [23]. On the 
other hand, learning many cases could provoke an overhead in 
the case library organization. As new cases are stored in the 
case library, it will be necessary to update the case library 
organization [24]. 

III. THE DYNAMIC ADAPTIVE CASE LIBRARY FRAMEWORK

When CBR systems are deployed in continuous domains, the 
case maintenance becomes critical. An uncontrolled growth of 
the case library can cause some serious problems of 
performance, where the retrieval efficiency and the quality of 

the retrieval is affected. When the case base has large amount 
of data, some inconsistent cases could be stored. This condition 
affects directly in the performance of the library. 

Fig. 1. The three-level Dynamic Adaptive Case Library 

The architecture proposed presents a Dynamic Adaptive Case 
Library (see figure 1), with the aim of giving a possible solution 
to the management of the large amount of data generated in a 
continuous domain. The library will be dynamically built and 
formed of several sub-libraries. Each sub-library is organized 
hierarchically at three levels: The Meta-case: The Meta-case is 
the prototype of a concrete cluster of cases. The clusters: The 
set of cases belonging to the same cluster, and that are being 
represented by the meta-case. The Indexing structures: They 
implement the way that all the cases are organized in the sub-
library. In our proposal, the cases are organized in a hierarchical 
indexing structures (k-d trees, discriminant trees, etc.), but 
could be organized with other indexing approaches.  

Each time a new cluster of cases is created, a new sub-library 
is grown up. Next, the Meta-case structure and the retrieval and 
learning steps in a DACL will be detailed. 

A. The Meta-case 
The idea of using a Meta-case as a representative case of several 
similar cases was introduced by Sànchez-Marrè in [25]. The aim 
is to show a formal proposal of how to a Meta-case (𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀) can 
be built. For our goal, a Meta-case is the prototype of a set of 
related cases. The centroid value is generated taking into 
account the whole cases stored in the indexing structure. With 
the following formula:  𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑗𝑗𝑗𝑗𝑖𝑖𝑖𝑖 = 1

𝑛𝑛𝑛𝑛𝑖𝑖𝑖𝑖
∑ 𝐶𝐶𝐶𝐶𝑗𝑗𝑗𝑗𝑘𝑘𝑘𝑘 𝑤𝑤𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 j = 1, … , m𝑛𝑛𝑛𝑛𝑖𝑖𝑖𝑖
𝑘𝑘𝑘𝑘=1 . The 

average distance (centroid) of the set of cases in that cluster is 
computed. A case (𝐶𝐶𝐶𝐶𝑖𝑖𝑖𝑖) and a Meta-case (𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀) are described by 
m attribute values. That is the first proposal that was introduced 
in [26]. Our proposal of constructing Meta-cases [27] is where 
the stochastic methods is introduced and prove it. DACL have 
as representative case a 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀, this 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 works like a clustering 
filter where the decision to learn a new incoming case (𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀) is 
made, this decision concerns to a method to evaluate the 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀′𝑠𝑠𝑠𝑠 
and find the most appropriate 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 where to learn the 𝑁𝑁𝑁𝑁𝑀𝑀𝑀𝑀. Here 
follows the formalization of this process:         

𝐶𝐶𝐶𝐶𝑖𝑖𝑖𝑖 = �𝐶𝐶𝐶𝐶1𝑖𝑖𝑖𝑖 ,𝐶𝐶𝐶𝐶2𝑖𝑖𝑖𝑖 ,⋯ ,𝐶𝐶𝐶𝐶𝑚𝑚𝑚𝑚𝑖𝑖𝑖𝑖 � 
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖𝑖𝑖 = �𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀1𝑖𝑖𝑖𝑖 ,𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀2𝑖𝑖𝑖𝑖 ,⋯ ,𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚𝑖𝑖𝑖𝑖 � 

Where 𝑛𝑛𝑛𝑛𝑖𝑖𝑖𝑖  =  #𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒𝑠𝑠𝑠𝑠 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒𝑛𝑛𝑛𝑛𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑟𝑟𝑟𝑟ℎ𝑒𝑒𝑒𝑒 𝑀𝑀𝑀𝑀𝑒𝑒𝑒𝑒𝑟𝑟𝑟𝑟𝐶𝐶𝐶𝐶 − 𝑀𝑀𝑀𝑀𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖𝑖𝑖) 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑗𝑗𝑗𝑗𝑖𝑖𝑖𝑖 = 1
𝑛𝑛𝑛𝑛𝑖𝑖𝑖𝑖
∑ 𝐶𝐶𝐶𝐶𝑗𝑗𝑗𝑗𝑘𝑘𝑘𝑘   j = 1, … ,𝑚𝑚𝑚𝑚𝑛𝑛𝑛𝑛𝑖𝑖𝑖𝑖
𝑘𝑘𝑘𝑘=1   (1a) 

If 𝑗𝑗𝑗𝑗 is a qualitative attribute, and 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑗𝑗𝑗𝑗𝑖𝑖𝑖𝑖 = 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒�𝐶𝐶𝐶𝐶𝑗𝑗𝑗𝑗𝑘𝑘𝑘𝑘�     𝑘𝑘𝑘𝑘 = 1, … ,𝑛𝑛𝑛𝑛𝑖𝑖𝑖𝑖      𝑗𝑗𝑗𝑗 =  1, … ,𝑚𝑚𝑚𝑚   (1b) 
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If 𝑗𝑗𝑗𝑗 is a quantitative attribute 

The Meta-case structure improves the performance of the 
retrieval time according to the proposals of Orduña and 
Sànchez-Marrè in [27][26]. The Meta-case is related to the 
clustering and learning processes.  

B. Retrieval Process in a DACL 
Retrieving similar cases regarding to a new case is a process 
that needs to be done accurately. A new algorithm (DACL 
Retrieval algorithm) to retrieve the most similar case or cases 
in the DACL it is defined. First, the distance between the new 
case and all the Meta-cases must be computed. The most similar 
Meta-case will be selected, and its corresponding k-d tree, will 
be traversed for searching the most similar cases.  

C. Learning Process in a DACL 
Retain task aims to maintain (Basic retaining/learning 
algorithm) a competent Case Library with a high coverage. The 
Retain process decides whether the new case needs to be stored 
in the case library, by updating an existing sub-library, building 
a new sub-library or simply ignoring the case. The process to 
make a decision is guided by the learning algorithm. 
The basic retaining/learning algorithm (McSel-1) works as 
follows: it receives a solved new case (Nc) and then computes 
the distance to all the Meta-cases, with the aim to find the 
closest Meta-cases. Once the best Meta-case is found, it 
proceeds to compare whether the distance found falls within the 
α threshold (previously defined by the experts or tuned by trial 
and error experimentation). Then, it proceeds to store the new 
case into the current library (see figure 2). Otherwise, if the 
distance is higher than the α threshold value, a new sub-library 
must be created containing the new solved case. The last 
consideration in the algorithm is when the distance of the solved 
case falls within the ratio of two or more meta-cases. The solved 
case is randomly stored into one sub-library. 

Fig 2. Basic Learning algorithm (McSel-1) 

D. Other Meta-case building strategies 
In addition to the MCSel-1 strategy, we have proposed other 
approaches. Using a relaxed maximum radius, and avoiding 
impasses with real Meta-cases. These strategies are described 
below. 
1) Using the Maximum Radius for building Meta-cases
The criterion uses the same procedures for building the 
prototypes using the idea of a radius around the Meta-case 
(McSel-1) but being a dynamic one regarding the farthest case 
of the prototype. The case at maximum distance of the Meta-
case (RMax) is used with an extra relaxation condition (γ), to 
decide whether a new case should be stored in the library or not. 
This means that the criteria must successfully compute the 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑗𝑗𝑗𝑗 
where 

 j = arg𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑛𝑛𝑛𝑛 �𝐷𝐷𝐷𝐷�Nc,𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑗𝑗𝑗𝑗�  � 𝐷𝐷𝐷𝐷�Nc,𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑗𝑗𝑗𝑗� ≤  𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑗𝑗𝑗𝑗 . RMax ∗ (1 + γ)}, 
γ∈[0,1] 

Fig 3. Learning with RMax and relaxation factor (McSel-4) 

2) Learning Meta-cases avoiding impasses with real MC
(McSel-5) 
There is the possibility to work with real Meta-cases instead of 
the virtual Meta-cases. The difference relies in the fact that the 
prototypes of each cluster (virtual meta-cases) are replaced for 
real cases. This means that the prototype of a cluster of cases is 
a case existing within the set of cases of the cluster. Concretely, 
the real Meta-case will be the nearest real case to the virtual 
meta-case. 
A variation of strategies McSel-1 and learning with real Meta-
cases could be used as a good solution for impasse situations. 
Impasse situations happen when a new case which must be 
stored in the DACL is equally similar to more than one virtual 
meta-case (prototype). Even though a case could be at the same 
distance to several virtual Meta-cases, perhaps the distance to 
the corresponding real Meta-cases will not be the same, and the 
impasse situation could be solved. The strategy will be named 
as McSel-5. The strategy is depicted in figure 4. 

Fig. 4. Impasse resolution using real Meta-cases (MCSel-5) 

E. Incremental building of NIAR k-d Trees 
The proposed NIAR k-d tree technique [28] has two main steps 
based on the computation of the average value of the 
corresponding attribute among the sub-tree cases, and selecting 
for that attribute, the value of the Nearest Instance/case to the 
Average as the Root (partition value). Several experimental 
results with some databases have shown that the retrieval in 
NIAR k-d tree is faster than in the standard k-d tree approach, 
and that using a Partial Matching Exploration (PME) technique 
to traverse the k-d tree, the accuracy in classification tasks is 
just a little bit lower than some exhaustive exploration 
techniques (see [28][29]). In the current work, the NIAR k-d 
tree structure, in addition to the PME technique has been used 
as the indexing strategy in the DACL framework. 
A NIAR k-d tree can be created in an incremental way, 
processing each case at a time. Each new case arriving from the 
data stream, traverses the tree, and according to the comparison 
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with the corresponding partition values at each attribute node, 
follows the traversal until a non-full bucket is found (leave), or 
a full bucket is found (stored cases is equal to d). If the leave is 
not full, then the case is stored in that leave, updating several 
statistics associated with each attribute node (mean value of the 
attribute, standard deviation of the attribute, current new mean 
value, current new standard deviation, number of cases, and 
number of disturbance values) in all cases in the subtree. If the 
leave is full, then a split operations must take place. The leave 
node is converted into an attribute node, with the next attribute 
according to the specified criteria (random, etc.), and the 
corresponding statistics are initialized (mean value and 
deviation of the new attribute, etc.). Two new leaf nodes are 
created and the (d+1) cases are stored to the corresponding leaf. 
When the system is continuously learning new cases, it can 
happen that the splitting value of a node, which should be the 
nearest value to the average value of the attribute, is not 
anymore the nearest value. This will be caused by the fact that 
the average value of the attributes is changing continuously. 
This situation could provoke that the indexing k-d tree could 
start to be not well balanced in all its subtrees, worsening the 
retrieval time. This will be a hard problem if the new values of 
the attribute, which are arriving at the DACL, are very 
disturbing. 
For our proposal, we will consider that a value of an attribute, 
𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛+1 is a dist. value ⇔ |𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛) − 𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛+1| > 𝛽𝛽𝛽𝛽 ∗ 𝑠𝑠𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛),   𝛽𝛽𝛽𝛽 > 0 
𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛+1 is a nor. value ⇔ |𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛) − 𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛+1| ≤ 𝛽𝛽𝛽𝛽 ∗ 𝑠𝑠𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛),    𝛽𝛽𝛽𝛽 > 0 
That means the values with high dispersion will be those that 
are far from the mean value of the attribute. Av() is the mean 
value and stdev() is the standard deviation of the distribution of 
values. β is a modifying factor for the stdev() value. Initially, β 
is proposed to be set to 1 (β = 1), but other values can be used. 

Fortunately, the DACL framework can easily and incrementally 
compute the new average values for all the attributes, according 
to the following formula: 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛+1) =
𝑛𝑛𝑛𝑛 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛) + 𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛+1

𝑛𝑛𝑛𝑛 + 1
Where Av(xk) is the average mean value of the attribute x 
according to its first k values (x1, ..., xk). 
Also the standard deviation can be computed in an incremental 
way through this formula due to Welford (Welford, 1962):     
 𝑠𝑠𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛+1) = 𝑠𝑠𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛) + (𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛+1 − 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛)) ∗ (𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛+1 − 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛+1)) 
One first strategy is that the DACL will rebuild a concrete 
NIAR k-d subtree, when the following condition would be met: 
𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛+1 is a disturb. value ⇔ |𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛) − 𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛+1| > 𝛽𝛽𝛽𝛽 ∗ 𝑠𝑠𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛),   𝛽𝛽𝛽𝛽 > 0 
This means that subtree rebuilding would be started each time 
the above condition is found, when a new case is going to be 
learnt into the DACL. This strategy is named as IncMTree-1. 

Another strategy, which is a variation of the previous one, is 
that the DACL system will rebuild a concrete NIAR k-d subtree, 
at asynchronous time periods, when the following condition 
would be satisfied, since the last time the task was fired: 

#Disturbance values ≥ δ * N 
where δ is a specified percentage. We propose as initial trial that 
δ= 0.2, and N is the size of the corresponding sub-library. 

This criterion means that when the number of disturbance 
values is higher than a specified percentage (for instance the 
20%) of the number of cases of the sub-library, the task of 
rebuilding the indexing NIAR k-d tree corresponding to the sub-
library will be started. A new NIAR k-d tree will be generated 
with the possible new splitting values at each node of the tree. 
This strategy is named as Incremental Maintenance of trees 
triggered by a percentage of disturbance values (IncMTree-2). 

F. A strategy for learning relevant cases 
One of the important problems in unsupervised continuous 
domains is the size of the case library. As the continuous data 
stream is being processed incrementally, it must be used a 
concrete case learning strategy. 
The standard strategy propose learning all the cases that has 
been processed and solved, with the hope to increase the 
competence of the case library, by increasing the coverage of 
the cases within the case library. This strategy will be named as 
All Case Learning (CaseL-1). Of course, this strategy, even 
though could increase the competence of the CBR system, 
could enlarge too much the size of the case library. 
In order not to increase the size of the Case library in an 
unnecessarily way, a possible new strategy could be thought to 
learn only the most relevant cases. A relevant case would be a 
case that increases the coverage of the case library (i.e, the 
competence of the CBR system). The coverage of the case 
library is increased when the new case learnt could solve 
different cases to the cases that could be solved previously 
without this new case. In our DACL approach, for each 
corresponding Meta-case, we have a NIAR k-d tree structure.  

Fig. 3. Relevant case learning (CaseL-2)

Therefore, it means that when a new case must be learnt, a 
discriminating process has been done traversing the tree until 
the appropriate leave of the tree has been located. Our proposal 
is stated as follows: 

A new case (𝑁𝑁𝑁𝑁𝑐𝑐𝑐𝑐) will be learnt  ⇔  min𝐷𝐷𝐷𝐷(𝑁𝑁𝑁𝑁𝑐𝑐𝑐𝑐 ,𝐶𝐶𝐶𝐶𝑗𝑗𝑗𝑗) ≥  𝜀𝜀𝜀𝜀 
where ε∈[0,1] and 𝐶𝐶𝐶𝐶𝑗𝑗𝑗𝑗 (𝑗𝑗𝑗𝑗 = 1, … ,𝑟𝑟𝑟𝑟𝑗𝑗𝑗𝑗) are the 𝑟𝑟𝑟𝑟𝑗𝑗𝑗𝑗 cases stored in 
the leave j of the tree, where 𝑁𝑁𝑁𝑁𝑐𝑐𝑐𝑐 should be stored. An initial 
value of ε = 0.2 is proposed. 
The rationale under the proposal is that a new case would be 
relevant whether it is enough different to all the other cases 
stored in the corresponding leave. Thus, it must be, at least, at a 
distance ε to the most similar case in the leave. 
This strategy is named as Relevant Case Learning (CaseL-2), 
and it is illustrated in figure 3. 
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IV. EXPERIMENTAL WORK

The experimental work comprised two main scenarios. First, 
testing several databases from the UCI repository (Abalone, 
Balance, Car evaluation, Ecoli, Glass, Ionosphere, Iris, Pima 
and Waveform) in a batch learning mode using the DACL 
framework, but in a supervised way. That means that the 
number of class labels was known, and the number of case 
libraries of the DACL was fixed a priori. Thus, DACL was used 
not in a dynamical mode but in a static multi-library style. In 
the second scenario, the same databases, used as they were 
unsupervised datasets, were tested in an incremental learning 
mode, with the whole Dynamic Adaptive Case Library 
framework, (with meta-case learning strategies and case 
learning approaches, the NIAR k-d trees, and the PME 
technique). Therefore, this way, the hierarchical structures 
(NIAR k-d trees) were incrementally constructed, and all the 
cases in the databases used were processed in a step by step 
mode. 
The experimental setting was done under the following 
characteristics: 
• The above nine databases were tested
• Different strategies were tested. These combinations are the
result of the crossing of 3 Meta-case Selection strategies (Basic 
learning algorithm with radius α [MCSel-1], Avoiding 
impasses with real Mc [MCSel-5] and Learning using 
maximum radius RMax with relaxation [MCSel-4]), the 
incremental maintenance strategy for the NIAR k-d Tree 
(IncMaintTree [IncMtree-1] and two strategies for the Learning 
of cases (AllCaseLearning [CaseL-1] and RelCaseLearning 
[CaseL-2]). 
• For each database and for each strategy, 10 execution runs
were done sampling randomly the cases to get different 
ordering of the cases. In addition, one more run was done with 
the original ordering of each database.  
• For each execution and for each database several statistics
were computed: the average accuracy (in percentage); the 
average time retrieval (time in µs), the detection of new 
prototypes. 

A. Experimental results 
In this subsection, the results obtained regarding the following 
parameters are detailed: detection of meta-cases, evolution of 
the detection of Meta-cases, average accuracy, and average 
time retrieval obtained with the Iris and Balance datasets. 

1) Detection of Meta-cases
Regarding the discovering of Meta-cases and prototypes, all the 
databases have been processed and the different meta-cases 
(prototypes) were found to correspond accurately with the real 
hidden class labels.  
In some of the databases, the exact number of prototypes 
corresponding with the same number of classes in the original 
database was found. For instance, it is the case of Pima and 
Ionosphere (2 classes and 2 prototypes found), Iris and Balance 
(3 classes and 3 prototypes found), Car (4 classes and 4 
prototypes) and Ecoli (8 classes and 8 prototypes). In the other 
databases, the exact number of classes was not discovered, but 
this that not means that the predictive performance of the 
system were worse. On the contrary, on same execution runs it 

will be observed that the predictive power of a different number 
of prototypes is higher than with executions having the same 
number of prototypes.  

2) Performance evaluation
The average precisions values found are reported in the 
following table for Iris and Balance datasets (table I).  
It is important to mention that the algorithm’s learning process 
updates its learning base each time a new case and/or meta-case 
appears, which has as a result that the initial precision value is 
lower and grows as more meta-cases are identified and more 
cases are learnt. 

Table I. Mean precision values for Iris and Balance databases 
#CL #MCs #NCL Accuracy 𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹 

Iris 
#CL1=50 

3 3 87% 0.425 #CL2=68 
#CL3=32 

Balance 
#CL1=298 

3 3 68% 5.9 #CL2=304 
#CL3=23 

Notwithstanding, if we compare the accuracy results of the non-
incremental version of our DACL approach and the incremental 
version, we can observe that the incremental versions only have 
an accuracy decrease of 5-7%. See table II. 

Table II. Comparison of accuracy in non-incremental DACL 
versus incremental DACL approaches 

Non-incremental DACL 
Accuracy (%) 

Incremental DACL 
Accuracy (%) 

Iris 91.8 87 
Balance 74.9 68 

Some results obtained from the tests done with the incremental 
strategies are detailed for the first six strategies for the Iris 
dataset (see table III). Other results from other datasets are not 
described due to lack of space. 

Table III. Iris database performance with the 6 strategies 

The results in the nine databases tested showed a good time 
performance and accuracy average on several execution runs, 
even though the case library was incrementally populated. They 
achieved good accuracy values, just a little bit worse than 

Iris Data Base Evaluation
Strategy Mc's Strategy Mc's

Avg Time %Succ Avg Time  %Succ
3 101.5 75 3 106.45 85
2 129.4 90 2 105.6 100
3 113.95 90 3 128.05 85
3 119 90 2 103.4 85
2 99.85 80 2 104.55 95
3 104 80 3 81.95 80
3 30.85 90 3 13.15 75
3 15.15 90 2 27.6 90
3 15.8 90 2 22.15 95
3 27.6 85 3 24.15 85
2 29.6 85 2 23.85 90
2 28.1 90 2 29.2 100
8 19.65 45 8 5.05 60
6 43.65 50 10 3.7 75
8 58.55 65 7 5.5 70
2 105.25 90 6 7.95 70
2 36.45 75 13 36.55 75

12 24.15 80 4 21.8 70

S6: MCSel-4   
IncMTree-1   
CaseL-2

S3: MCSel-4   
IncMTree-1   
CaseL-1

Incremental k-d TreeIncremental k-d Tree

S1: MCSel-1  
IncMTree-1    
CaseL-1

S2: MCSel-5   
IncMTree-1   
CaseL-1

S4: MCSel-1  
IncMTree-1    
CaseL-2

S5: MCSel-5  
IncMTree-1   
CaseL-2
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compared with the non-incremental processing of the cases. 
From the experimentation done we can conclude that the DACL 
framework is a promising approach to cope incrementally with 
data streams. 
This approach has been able to discover the Meta-cases 
(prototypes) in a very good way, and the number of prototypes 
is sometimes equal to the existing number of the “hidden” class 
labels in the databases. Thus, in this sense, the DACL 
incremental processing and learning of cases, can be considered 
as an incremental clustering technique. Notwithstanding, in the 
scenarios when the discovered number of prototypes is different 
from the number of existing ones, the accuracy of the CBR 
system is very good, and even better than when discovering the 
same number of prototypes.  
Moreover, the average final precision is just a little bit worse 
than the average precision obtained with the same DACL 
approach, but just using the usual non-incremental way. In such 
non-incremental scenarios, the Case Library is seeded up with 
some training set of cases, and tested with a testing set, and of 
course, it should have better accuracy results, because at the 
beginning, this configuration has many more cases in the Case 
Library than the corresponding incremental configuration. 
These experiments provided the confirmation that the pro-
posed DACL framework is especially suitable to cope with 
incremental data streams. As showed later the DACL approach 
has been able to detect and construct the same number of meta-
cases (prototypes) than the existing ones in the databases. 

V. CONCLUSIONS 
It is not easy to cope with data streams, where in an incremental 
way, a lot of cases are being generated, and must be processed 
by the CBR system. This way, the system has not so much cases 
in its Case Library like in a non-incremental processing 
scenario. This means that it is pretty more difficult to achieve 
good accuracy percentages, because at the beginning of the 
processing, normally the precision will be lower than when 
working in a non-incremental scenario. 
The experimentation done has outlined that the DACL 
approach is able to satisfactorily cope with unsupervised and 
incremental scenarios.   
The entire Dynamic Adaptive case Library framework has been 
tested with simulated unsupervised domains where the cases 
were incrementally processed, and all the DACL structures 
were incrementally created and updated, with good results 
relating to the automatic discovery of prototypes (meta-cases), 
which correspond to the actual existing prototypes. In addition, 
good retrieval time measures and accuracy measures were 
obtained. Finally, and mainly, the proposed DACL framework 
is able to cope, with good performance, with the incremental 
processing of data streams, than most of the techniques used in 
CBR cannot. 
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