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Abstract

In digital decision-support environments, users continuously generate analytical experi-
ences, annotations, and metadata while interacting with data warehouse systems. Reusing
these experiences can improve decision-making, reduce redundant analytical efforts, and
support novice users. However, effective experience reuse remains challenging in Common
Warehouse Metamodel (CWM)-based environments due to the diversity of user roles,
objectives, and analytical contexts. This paper proposes the Common Case Reuse Frame-
work (CCReF), a viewpoint-aware Case-Based Reasoning (CBR) framework that integrates
viewpoint-dependent experience representation and retrieval into the CBR reuse process
for CWM-based decision-support environments. CCReF extends our previously proposed
viewpoint metamodel by integrating case representation, indexing, similarity-based re-
trieval, adaptation, revision, and retention mechanisms. A preliminary evaluation using
four representative OLAP scenarios demonstrates that CCReF can retrieve relevant past
experiences and reuse them in similar decision contexts. Although large-scale validation
remains future work, CCReF provides a structured foundation for viewpoint-aware expe-
rience reuse, metadata management, and knowledge sharing in digital decision-support
systems.

Keywords: case-based reasoning; common warehouse metamodel; data warehouse;
decision-support systems; experience reuse; metadata; OLAP; viewpoint

1. Introduction

Business Intelligence (BI) and data warehouse environments support decision-making
by enabling users to explore, transform, and analyze large volumes of data through pro-
cesses such as Online Analytical Processing (OLAP), Extract-Transform-Load (ETL), and
data mining. During these activities, users continuously generate valuable experiential
knowledge in the form of annotations, metadata, preferences, and decisions. Such knowl-
edge reflects not only the execution of analytical tasks but also the users’ objectives, interpre-
tations, and viewpoints. However, despite its potential value, this experiential knowledge
is rarely capitalized and reused in a structured manner to support future decision-making
activities [1].
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This limitation is particularly significant in collaborative decision-support environ-
ments, where several users with different roles, expertise levels, and analytical objectives
interact with the same data warehouse system [2]. In such contexts, users may analyze the
same decisional problem from different perspectives, produce distinct annotations, and
generate heterogeneous metadata. While these traces of activity may contain highly valu-
able experience, current data warehouse and metadata management approaches provide
limited support for reusing them in order to guide future users, improve coordination, or
assist novice decision-makers. As a result, knowledge produced during previous decisional
processes often remains underexploited.

To address this issue, mechanisms are needed to capture, structure, retrieve, and
exploit prior user experiences generated during data warehouse exploitation. Among the
existing Artificial Intelligence paradigms, Case-Based Reasoning (CBR) is particularly well
suited to this objective. CBR [3] is based on the principle that similar problems tend to have
similar solutions and therefore solves new problems by retrieving and adapting solutions
from previously encountered cases. This paradigm is especially relevant in decisional
contexts, where problems are often ill-structured, explicit rules may be unavailable, and
human expertise plays a central role. By storing past experiences as cases and reusing
them when similar situations arise, CBR provides an effective means for capitalizing on
experiential knowledge and supporting decision-making processes.

At the same time, in our previous research we have shown the importance of rep-
resenting users’ viewpoints during warehouse exploitation [4]. In our earlier work [2,5],
we proposed a viewpoint-based extension of the Common Warehouse Metamodel (CWM)
to model and trace users’ preferences, decisions, and interactions during data warehouse
processes. Although this metamodel enables the representation of viewpoints and their
associated metadata, it does not provide a reasoning mechanism for reusing previously
captured experiences in new decisional situations. Consequently, an important challenge
remains: how to capitalize and reuse viewpoint-based metadata, annotations, and user
experiences generated in CWM-based decision processes so as to support future analytical
activities and improve collaboration among decision-makers.

The present work addresses this challenge through the proposal of the Common
Case Reuse Framework (CCReF), a viewpoint-aware Case-Based Reasoning framework
dedicated to experience reuse in CWM-based decision-support environments. CCReF
extends our previous viewpoint metamodel by integrating a complete CBR process for case
representation, indexing, retrieval, adaptation, validation, and retention. In this framework,
each case represents a user viewpoint associated with the annotations, metadata, and
experiential knowledge produced during a decisional workflow. By combining viewpoint
modeling with case-based reasoning, CCReF aims to support the reuse of prior experiences,
improve knowledge sharing among users, and assist novice users in performing data
warehouse exploitation tasks.

This work is motivated by three closely related challenges. First, existing approaches
provide limited support for representing user viewpoints, annotations, and metadata as
reusable experiential knowledge within CWM-based decision processes. Second, current
experience-reuse mechanisms do not sufficiently consider the contextual, intentional, and
role-based dimensions that characterize users’ analytical viewpoints. Third, there is a need
for a structured reasoning process that can retrieve and reuse relevant past experiences to
support users in new data warehouse exploitation activities.

To address these challenges, this paper makes four main contributions. First, it
defines a viewpoint-oriented case representation model for capturing user viewpoints
together with the annotations, metadata, and experiential knowledge generated during
data warehouse exploitation. Second, it proposes the Common Case Reuse Framework
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(CCReF), which extends our previous viewpoint-based extension of CWM by integrating
a CBR process covering case representation, indexing, retrieval, adaptation, validation,
and retention. Third, it defines a viewpoint-aware similarity-based retrieval model that
considers the contextual, intentional, and role-based dimensions of user viewpoints to
identify relevant prior experiences. Finally, it demonstrates the feasibility of the proposed
framework through four representative OLAP scenarios in a decisional data warehouse
context, illustrating the retrieval and reuse of relevant past experiences.

The remainder of the paper is organized as follows. Section 2 reviews related work
on Case-Based Reasoning and experience reuse. Section 3 presents the proposed CCReF
framework, including case representation, indexing, and retrieval mechanisms. Section 4
describes the case study and discusses the use of the framework in a decisional context.
Finally, Section 5 concludes the paper and outlines future research directions.

2. Literature Review

The notions of knowledge and experience reuse have been extensively studied and
applied in numerous domains. Drawing on prior experiences remains a fundamental
human strategy for understanding and tackling new challenges. Case-Based Reasoning
(CBR) systems embody this principle, as they enhance decision-making by retrieving and
adapting the most relevant past cases. Central to CBR is its inherent learning capability,
which allows the system to leverage prior knowledge in addressing novel situations. In
this section, we outline the CBR process and review related works that exploit experience
reuse through CBR across diverse application areas.

2.1. Case-Based Reasoning

Case-Based Reasoning (CBR) is an Artificial Intelligence approach to learning and
problem solving based on past experiences, especially in domains where experience plays
an important role [3]. CBR combines aspects from knowledge-based systems as well as
from the machine learning field. CBR has been chosen in this work for two main reasons.
Firstly, the CBR method is based on users’ practical knowledge and previous experience,
not on theoretical models or general knowledge. CBR knowledge-based systems retrieve
and reuse solutions that have worked for similar cases in the past. A new problem is solved
by finding similar past cases and reusing them in the new problem situation. The second
crucial reason is that CBR enables incremental learning. New experience is retained each
time a problem has been solved and is added to Case Base so it could be reused to solve
future problems.

In CBR systems, experiences are stored in the form of cases, which constitute the
core unit of knowledge. A case encapsulates a specific experience in a structured format
that allows it to be reused by the system [3]. Typically, a case consists of two essential
components: the problem and its corresponding solution. The content and structure of a
case depend on both the application domain and the intended use; All user annotations
and experiences are collected and stored in a case base, which organizes cases using various
representational formats and indexing schemes [6].

Effective indexing plays a pivotal role in CBR, as it enables the efficient retrieval and
comparison of relevant cases. The CBR community has proposed several guidelines for
designing robust indexes. First, indexes should be predictive, capturing the key attributes
that determine case outcomes and the contexts in which cases may be applied. Second,
they should be sufficiently abstract to ensure adaptability and reuse across a wide range
of future scenarios. Third, they must remain concrete enough to be clearly identifiable
in new problem situations [6,7]. To this end, different case representation and similarity-
based retrieval approaches have been developed to facilitate the identification and reuse of
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relevant past experiences [8,9], each tailored to support the application of CBR in specific
problem domains. A widely accepted model of CBR processing is the CBR cycle proposed
by [7] which involves a reasoning cycle of four processes: Retrieve, Reuse, Revise, and
Retain (Figure 1).

New problem

l

New Case %

Learned Case

Retrieved
Ca Case

se
base

General
Knowledge

Confirmed Revision Proposed solution
solution

Figure 1. The Case-Based Reasoning cycle [7].

CBR starts by representing the target problem as a new case to be solved. The reasoning
process then follows the classical four-step cycle of Retrieve, Reuse, Revise, and Retain.

During the Retrieve phase, the system searches the case base to identify previously
solved cases that are most similar to the target case. Various retrieval techniques have
been proposed in the literature, including k-Nearest Neighbors (k-NN), decision trees, and
similarity-based indexing methods [9]. Regardless of the retrieval strategy, an appropriate
similarity model is essential for identifying the most relevant prior experiences [8].

In the Reuse phase, the solution associated with the retrieved case is transferred to
the target problem. When differences exist between the retrieved and target cases, an
adaptation mechanism is required. Common adaptation strategies include re-instantiation,
substitution, and transformation [10].

The Revise phase evaluates the suitability of the proposed solution before it is ac-
cepted. This step may involve expert validation, user feedback, or consistency checking to
determine whether the adapted solution adequately addresses the target problem [3].

Finally, the Retain phase determines whether the validated case should be incorporated
into the case base for future reuse. Since retaining every solved case may introduce
redundancy or noise, many CBR systems employ retention policies based on similarity
thresholds, case quality, or utility criteria [8].

CBR has been successfully applied in numerous domains, including healthcare, en-
gineering, manufacturing, education, and decision-support systems [11]. More recently,
research has explored the integration of CBR with machine learning [12], semantic tech-
nologies, and large language models [13] to improve retrieval quality, case adaptation,
and knowledge acquisition. These hybrid approaches further reinforce the role of CBR
as an effective paradigm for knowledge reuse and intelligent decision support in modern
data-driven environments.

2.2. CBR for Knowledge and Experience Reuse

The use of Case-Based Reasoning (CBR) for experience reuse has been extensively
studied across a wide range of scientific disciplines. Leveraging prior experiences is
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widely recognized as a means to reduce redundant effort, prevent recurring issues, save
time, accelerate development, and assist novices who may lack sufficient expertise. The
literature on CBR-based experience reuse demonstrates a diverse array of approaches and
methodologies aimed at achieving these benefits.

Table 1 summarizes and compares representative CBR-based approaches for experi-
ence reuse across different application domains, highlighting their support for experience
reuse, metadata management, viewpoint consideration, and their main limitations.

Table 1. Comparison of existing CBR-based approaches for experience reuse and the
proposed CCReF framework.

Refs Appllcafmn Experience Case-Ba'sed Metadata Vleyvpou}t Main Limitation
Domain Reuse Reasoning Management Consideration
Limited to game-state
[14] Board Games Yes Yes No No reuse and strategy
generation
User Interaction Focuses on user
[15] Traces Yes Yes Partial No interactions rather than
decision processes
Knowledge
[16] Discovery in Yes Yes Yes Partial Does not exp'11c1tly
Databases support annotation reuse
(KDD)
Healthcare Domain-specific patient
[17] (SelfBACK) Yes Yes No No recommendation system
Medical . . .
[18] Diagnosis Yes Yes No No Res;réi’ic:ic(i)rtlosilag:gshc
(COPD) PP
[19] Web—bas.ed User Yes Yes No No Relies on user-generated
Experiences web content
Adrcraft Focused on technical
[20] ) . Yes Yes No No diagnostic knowledge
Diagnosis i
extraction
Industrial Dedicated to operator
[21] Decision Yes Yes No No assistance in digital
Support conversion
Toolmaking . . .
[22] and Design Yes Yes No No Limited to engineering
design knowledge
Reuse
23] Cloud Resource Yes Yes No No Appllcatlon@p‘ea‘ﬁc
Management resource provisioning
Education and Focuses on learning
[24] Problem-Based Yes Yes No No support rather than
Learning metadata reuse
. Does not address
Project . .
[25] Yes Yes Partial Yes metadata and annotation
Management
management
Focuses on adaptive
fraud detection and does
Digital not explicitly address
[26] Marketplace Yes Yes Partial No viewpoint-based

Fraud Detection

experience reuse in
CWM-based decision
processes
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Table 1. Cont.

Application

Refs. Domain

Experience Case-Based Metadata Viewpoint

. . . Main Limitati
Reuse Reasoning Management Consideration ain Limitation

Explainable
Artificial
Intelligence
(XAI)

[27]

Focuses on the reuse of
explanation experiences
for XAI and does not
explicitly address
viewpoint-based
experience reuse in
CWDM-based decision
processes

Yes Yes Partial Partial

CCReF
(Pro-
posed

Data
Warehouse and
Business

proach) Intelligence

Supports
viewpoint-based
metadata, annotations,
and experience reuse
within CWM-based
decision processes

Yes Yes Yes Yes

As shown in Table 1, although numerous CBR-based approaches have been proposed for
experience reuse across domains such as healthcare, education, project management, cloud
computing, and industrial engineering, most existing works focus on reusing past cases to
support decision-making within a specific application domain. Only a limited number of studies
consider the management of user viewpoints, and even fewer address the reuse of metadata
and annotations generated during decision processes. Furthermore, existing approaches rarely
exploit the Common Warehouse Metamodel (CWM) as a foundation for structuring and sharing
experiential knowledge. Therefore, a gap remains regarding the integration of viewpoint-based
metadata management and case-based experience reuse in data warehouse environments. To
address this gap, we propose the Common Case Reuse Framework (CCReF), which combines
our viewpoint-based extension of CWM with a CBR mechanism to support structured, multi-
perspective experience reuse and knowledge capitalization.

3. CCReF Architecture

In this section, we present the architecture of the Common Case Reuse Framework
(CCReF) and describe its main components. Building on our previously introduced view-
point metamodel within a decisional process, CCReF integrates this metamodel with
Case-Based Reasoning (CBR) to enable systematic reuse of user experiences and metadata
throughout CWM-based decision processes.

The three challenges identified in the Introduction directly motivate the design of the
proposed CCReF framework. To make the alignment between the identified challenges
and the proposed technical solutions explicit, Table 2 summarizes how each challenge is
addressed by the corresponding components and mechanisms of CCReF.

Table 2. Alignment between the identified challenges and the corresponding CCReF components.

Identified Challenge

CCReF Component/

Mechanism How the Challenge Is Addressed

Challenge 1: Defining an appropriate
representation of user viewpoints, annotations,
and metadata so that they can be capitalized as Viewpoint-oriented case representation
reusable cases within CWM-based decision

processes.

Represents user viewpoints, annotations,
metadata, and associated analytical
experiences as structured cases that can be
stored and reused.

Challenge 2: Designing a reasoning Uses the Context, Objective, and User Role

mechanism capable of retrieving relevant prior
experiences by considering the analytical task,

dimensions to index cases and identify

Case indexing and similarity-based retrieval . .
relevant prior experiences through

user objective, context, and role. similarity-based retrieval.
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Table 2. Cont.

Identified Challenge

CCReF Component/

Mechanism How the Challenge Is Addressed

Challenge 3: Enabling the effective reuse of
such experiences in data warehouse

exploitation activities.

Supports the reuse and adaptation of retrieved
experiences and their integration into the case
Reuse, adaptation, and retention mechanisms  base, allowing previously captured analytical
knowledge to be applied to new decision
situations.

As shown in Table 2, each challenge identified in the Introduction is addressed by a
corresponding component of CCReF. The first challenge is addressed through the viewpoint-
oriented case representation, which enables user viewpoints, annotations, and metadata to
be captured as structured and reusable cases. The second challenge is addressed through the
indexing and similarity-based retrieval mechanisms, which consider the analytical objective,
context, and user role when identifying relevant prior experiences. Finally, the third
challenge is addressed through the reuse, adaptation, and retention mechanisms, which
allow retrieved experiences to be applied to new decision situations and incorporated into
the case base. The following subsections describe these components and their interactions
in detail.

3.1. Viewpoint-Based Extension of CWM

A decisional process based on the Common Warehouse Metamodel (CWM) can be
accessed and utilized by users with different roles, profiles, objectives, and perspectives. To
represent these user-dependent perspectives, our previous work introduced a viewpoint-
oriented extension of the CWM-based modeling environment [2] (Figure 2). The detailed
structure and modeling principles of this extension are presented in [2]; therefore, only its
main concepts are recalled here as the basis for the proposed CCReF framework.

+client
ModelElement

1r
+ supplier

1.

name : string

WarehouseDeveloper visibility : NameSpace |

] ==

. 1
+ ownedEIement.“ }

WarehouseAdmin
——. NameSpace Dependency
1= 7 2
JownedElement : ModelElement kind : string
| lﬂlnhouuPlnMorm 5 / client : ModelElement
| 1 | / supplier : ModelElement
|
EndUser !
s 10 — ResponsibleParty Classifier
e | responsibility : string isAbstract : boolean

| ProfessionalServiceProvider &

+User|1 ’

[ 1

T |

InformationTechnoloyManager

11 Class MultiviewDecisonalProcess
[ |
umou:eMVeloperVP GeneralViewPoint VPDependency
" WarehouseAdminVP . A OA.lr ]
- EndUserVP =1 targetViewPoint
— a ]
" WarehousePlateformVP , ViewPoint [~ @ ViewPoint ki
| ProfessionalServiceProviderVP ] 1 VPExtension
x 0.1
1’ Technol gerVp 0.1 }0..1 0.1
Context Objective Preference
name : string name ; string name : string
description : string description : string description : string
DO : float —=

Figure 2. Our viewpoint metamodel by extending CWM [2].
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The extension introduces viewpoint-related concepts, including Viewpoint, Context,
Objective, Preference, and User Role, which provide an additional layer for representing
the perspective from which a user interacts with and exploits data warehouse information.
These concepts enable user-specific analytical perspectives, preferences, and contextual
information to be associated with the warehouse exploitation process.

In the present work, this viewpoint-oriented extension serves as the foundation for
representing user experiences, annotations, and metadata as cases. CCReF subsequently
integrates these viewpoint-based representations with a Case-Based Reasoning mechanism
to support their capitalization, retrieval, adaptation, and reuse.

In this paper, the term “CWM extension” refers to the conceptual viewpoint-oriented
extension introduced in our previous work [2,5]. No claim of formal OMG certification or
compliance testing is made; the extension is used here as a conceptual modeling layer built
upon the CWM-based environment.

3.2. CCReF: A Viewpoint-Based Case Reuse Framework

The proposed Common Case Reuse Framework (CCReF) extends the viewpoint meta-
model with a Case-Based Reasoning mechanism that supports the capitalization and
reuse of user experiences generated during CWM-based decision processes. The frame-
work preserves analytical annotations together with the reasoning context in which they
were produced, thereby facilitating knowledge sharing among users and assisting novice
decision-makers.

As discussed in Section 2, CBR is based on the premise that similar problems have
similar solutions. When a new problem arises, the system retrieves relevant experiences by
searching for past cases with comparable characteristics.

In CCReF, the case base initially consists of a collection of cases capturing previous
viewpoints and corresponding user annotations collected during data warehouse exploita-
tion. Each case is represented as a (problem, solution) pair: the problem corresponds to
a user’s viewpoint, while the solution comprises the associated annotation or metadata
reflecting that user’s experience. For the preliminary evaluation presented in Section 4,
the case base contains twelve viewpoint cases representing representative OLAP-oriented
warehouse scenarios collected from the proposed application domain.

During a CWM-based decisional process, various types of user experiences can be
captured, such as OLAP operations, ETL activities, or data mining tasks. A new case,
denoted as VP (Viewpoint), represents the problem component for which a corresponding
solution (user experience) must be identified.

The first step involves comparing the attributes of VP with those of all existing problem
components in the case base, using a similarity function. This process identifies the most
similar case—that is, the (viewpoint, experience) pair whose characteristics most closely
match VP. The solution component of the retrieved case is then adapted and paired with VP
to generate a proposed solution, forming a candidate case (VP, experience). This solution is
subsequently submitted for expert review.

If the solution passes the revision phase, it becomes a validated case; otherwise, it
is discarded. Finally, a decision is made regarding the incorporation of the tested case
into the case base. The learning mechanism relies on a similarity threshold (th): if the
similarity score exceeds this threshold, the case is retained and added to the repository.
Figure 3 illustrates the CCReF process as described, solid arrows in the figure represent the
main flow of the CBR cycle, whereas dashed arrows represent auxiliary relationships or
information links, such as interactions with the case base and reasoning traces.
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Figure 3. The Common Case Reuse Framework process.

3.2.1. Case Representation

Although CCReF relies on a CBR approach, case representation remains a key element
in any CBR system, as it strongly influences efficiency, accuracy, and overall performance.
A well-designed representation scheme is therefore essential to ensure that reasoning and
learning processes are both cost-effective and operationally reliable. In this regard, it is
necessary to define an appropriate structure for our viewpoint-based cases.

To address this requirement, we adopt an Object-Oriented (OO) case representation
model, where each case is structured as a set of objects described by attribute-value
pairs [25,28]. As illustrated in Figure 4, the OO case model in our framework is organized
into two main components: Problem, which encapsulates the user’s viewpoint; Solution,
which contains the corresponding user experience, expressed as annotations or metadata.

Context
OLAP_ViewPoint_Case Name: String
. Problem Description: String
L. vp_id: int
user_id: int . Objective
user_role: ResponsibleParty
table:Table K> Name: String
1'-" dimension: Dimension Description: String
ResponsibleParty hierarchy: Hierarchy DOI: Float
preference: String
Responsability: WarehouseAdmin objective: String
. Preference
context: String
Name: String
Solution Description: String
user_experience

Figure 4. The Object-Oriented representation for the viewpoint case.

The Problem description of the case captures the essential attributes of a viewpoint
case, which must be fulfilled by a CWM user. These attributes vary according to the
warehouse scenario being analyzed. In this paper, we illustrate this with the example of
a viewpoint case in the context of an OLAP analysis. The key attributes of the viewpoint
case are:

e  vp_id: the identifier of the viewpoint (Integer),
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e user_id: the identifier of the CWM user (Integer),

e  user_role: the role of the CWM user expressing the viewpoint, which can be one of the
following: WarehouseDeveloper, WarehouseAdmin, EndUser, InformationTechnolo-
gyManager, WarehousePlatform, and ProfessionalServiceProvider [2].

Additionally, the viewpoint case includes the following components:

e  Context of analysis: characterized by name and description attributes,

e  Preference class: defined by a name and description,

e  Objective of analysis class: described by a name, a description, and a Degree of
Interest (DOI).

The DOI attribute is a real number ranging from 0 to 1, indicating the user’s level of
interest in achieving the objective. This value is determined by the CWM user and can be
expressed qualitatively (e.g., very low, low, medium, high, very high) and quantitatively
(e.g., 0.2 for low, 0.5 for medium, 0.8 for high).

The Solution description represents the user’s experience associated with the view-
point. This experience is captured as a user_experience string attribute in the case rep-
resentation. The user experience corresponds to the metadata and annotations collected
during the user’s interaction with the decisional process based on the CWM viewpoint.
This experience is stored in an XMI file [2] and maintained in the case base.

3.2.2. Case Indexing

A case index refers to a set of key descriptors that distinguish a case from others
within the case base. When a new case is stored, specific indexes are assigned to facilitate
efficient retrieval and comparison. The effectiveness of case retrieval depends heavily on
the choice of these indexes, as they ensure that the most relevant case is identified at the
appropriate time.

In the context of our viewpoint-based cases, which are consistently defined by a context
of use, an objective to fulfill, and a user description, we adopt the following attributes
as indexes:

o  Context (C): the specific environment or domain in which the viewpoint is applied;
e  Objective (O): the intended goal that the viewpoint seeks to achieve;
e  User_role (R): the role of the user expressing the viewpoint.

These indexing attributes were selected because they encapsulate the essential dis-
tinguishing features of a viewpoint case. By capturing both the situational and user-
driven dimensions of experience, they enable precise retrieval and comparison during the
CBR process.

3.2.3. Case Retrieval

New cases are provided as input to the Case-based Reasoner (Figure 3) in the form of
a problem part (Pn). To find a solution for the new case, the Retrieve phase computes the
similarity function (DIST), which quantifies the distance between the new case and each
case in the case base. Case retrieval involves identifying the case(s) in the case base that
most closely resemble the current case. This search operation may result in finding a case
that completely matches the new viewpoint’s characteristics, or it may return a set of cases
with some similarities, such as sharing the same Objective or Context.

In our approach, we use the K-Nearest Neighbors (K-NN) strategy [7], where the
similarity of each case to the target problem is expressed as a real number between [0, 1].
In nearest-neighbor retrieval, the case is chosen when the weighted sum of its matching
features exceeds that of other cases in the case base. Put simply, a case that matches the
current case across n features will be retrieved rather than one that matches only k features
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(where k < n). Features considered more significant in the problem-solving context can be
weighted more heavily in the case-matching process [6,29]. Typically, the k most similar
cases are retrieved. Alternatively, cases can be retrieved if their similarity to the target
problem exceeds a predefined threshold (th). In our case, we set th to 0.5.

To measure similarity, various methods can be used, depending on the case represen-
tation [9]. We define a local similarity measure for each attribute of the viewpoint case, and
a global similarity measure is computed as the weighted average of the local similarities.
The weights assigned to the attributes allow for varying degrees of importance, and these
weights can be adjusted manually by a user or domain expert.

e  Case similarity

Case similarity is a fundamental component of the retrieval phase in Case-Based
Reasoning, as it determines the extent to which a candidate case stored in the case base
resembles a new case submitted to the system. The objective of similarity assessment is
therefore to identify the most relevant past experience for reuse in the current decisional
situation. Since similarity is not an absolute notion [9] but depends on the selected case
descriptors and their relative importance, it is necessary to define both an appropriate
weighting scheme and a local similarity function for each indexing attribute.

Let CN denote a new case and C¢ a candidate case stored in the case base. The
global similarity between CN and CC is computed as a weighted aggregation of the local
similarities associated with the case indexes:

sim(CN, C%) = Y (w; simi(CN, Cf)) 1)
where
e CN: is the new case to be evaluated,
e CC:isa candidate case from the case base,
e wj: is the weight associated with the ith indexing attribute,

simi(ClN , CZ.C): is the local similarity between the values of the ith attribute in the two
cases.

To ensure comparability between similarity scores, the weights are normalized
such that:
Yo wi=1 with 0<w; <1 2)

where w; denotes the weight assigned to the i-th indexing attribute.

The weights are normalized so that their sum equals 1, ensuring that the global
similarity score remains within the interval [0, 1].

In CCReF, the weighting scheme reflects the relative importance of the three view-
point indexes used during retrieval: Context (C), Objective (O), and User Role (R). The
Objective index is assigned the highest weight (wo = 0.6) because it represents the main
intention pursued by the user and therefore constitutes the most discriminative criterion
for identifying relevant prior experiences. The User Role index is assigned an intermediate
weight ((wgr = 0.3)), since the role of the decision-maker influences the interpretation and
usefulness of a retrieved experience. Finally, the Context index is given a lower weight
(wc = 0.1), as it provides complementary situational information but does not by itself
determine the relevance of a viewpoint case.

These weights were empirically assigned based on domain-informed considerations,
assuming that the analytical objective is the primary criterion for viewpoint similarity, fol-
lowed by the decision-maker’s role and then the contextual setting. Accordingly, Objective,
User Role, and Context were assigned weights of 0.6, 0.3, and 0.1, respectively. These values
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constitute an initial weighting configuration used for the feasibility evaluation rather than
empirically validated optimal weights.

The local similarity function (sim;) depends on the type of the attribute being com-
pared. In the proposed framework, three categories of attributes are considered: string
attributes, nominal attributes, and numerical attributes.

e  String-valued attributes: String-valued attributes are compared using the Jaccard
coefficient, which measures the overlap between the sets of terms contained in two
textual descriptions [30]. This measure is appropriate for the current case representa-
tion, which relies on short textual descriptors, such as the names and descriptions of
analytical objectives and contexts. Let S(a) and S(b) denote the sets of terms extracted
from two string values (a) and (b). Their similarity is defined as:

_IS(a) N S()
S(a) U S(0)]

This coefficient ranges from 0 to 1. A value of 1 indicates that the two string descrip-

J ©)

tions are identical, whereas a value of 0 indicates that they do not share any common
term. In CCReF, this measure is used to compare textual attributes such as the name and
description of the Context and Objective components.

e Nominal attributes: Nominal attributes are compared using an exact-match function.
The local similarity is equal to 1 when the two compared values are identical and
0 otherwise:

lifa=">
0 otherwise

simpom(a,b) = { 4)
This measure is used for the User Role indeXx, since user roles correspond to discrete
categories such as Warehouse Administrator, Warehouse Developer, or End User.

e  Numerical attributes: For numerical attributes, similarity is computed from a normal-
ized distance. Let (a) and (b) be two numerical values belonging to the same attribute.
Their local similarity is defined as:

|a —b|

simpym(a,b) =1— ———
max—min

(5)

where max and min denote the maximum and minimum admissible values for the attribute
domain. This formulation ensures that the similarity value lies in the interval ([0, 1]), with
a value of 1 indicating identical values and lower values indicating increasing dissimilarity.

In the proposed framework, this numerical similarity is used to compare the Degree
of Interest (DOI) associated with the Objective component. Since DOI values range from 0
to 1, Equation (5) simplifies to:

simppr(a,b)=1— la— Dbl (6)
Thus, two objectives with identical DOI values have a similarity of 1, whereas increas-
ingly different DOI values lead to lower similarity scores.

e  Similarity computation for viewpoint cases

The similarity between two viewpoint cases is computed by combining the local
similarities of the three indexing dimensions:

o  Context similarity is calculated by comparing the name and description of the context
using the Jaccard coefficient. This index receives the weight (wc = 0.1).
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e  User Role similarity is computed using the nominal exact-match function. This index
receives the weight (wg = 0.3).

e  Objective similarity is computed by comparing the name and description of the
objective using the Jaccard coefficient, and the DOI using the numerical similarity
defined above. This index receives the highest weight (wg = 0.6).

The global similarity score between a new viewpoint case and a candidate case is then
obtained by aggregating these weighted local similarities according to Equation (1). A
candidate case is considered relevant if its similarity score exceeds a predefined threshold
(th). In the current implementation, the threshold is set to (th = 0.5). This value was selected
to ensure that only cases sharing at least a moderate level of similarity with the target
viewpoint are retained as potential candidates for reuse.

The proposed similarity model enables CCReF to retrieve experiences that are not only
related to the same analytical task but also consistent with the user’s objective, organiza-
tional role, and decisional context. By combining contextual, intentional, and user-centered
dimensions within a weighted similarity framework, the system supports more relevant
and personalized experience reuse in CWM-based decision-support environments.

3.2.4. Case Reuse/Adaptation

Once the retrieval phase has identified the most similar case in the case base, the
next step consists of reusing its solution to support the current viewpoint. In Case-Based
Reasoning, the reuse phase aims to determine how the solution associated with a previously
solved case can be transferred to a new problem. This requires analyzing the extent to
which the retrieved case matches the current viewpoint and identifying which elements of
the stored experience remain relevant in the new decisional situation.

In CCReF, the solution part of a retrieved case corresponds to the user experience
associated with the viewpoint, including annotations, metadata, observations, and decision
traces produced during previous data warehouse exploitation activities. When a new case
is submitted to the system, the solution of the most similar retrieved case is considered
as a candidate experience for the new viewpoint. This candidate solution is then reused
either directly or through an adaptation mechanism, depending on the degree of similarity
between the source case and the target case.

When the new viewpoint is highly similar to the retrieved case, the reuse process
can be performed directly by transferring the solution component of the retrieved case to
the new case. However, when differences exist between the source and target viewpoints,
an adaptation step is required in order to ensure that the proposed experience remains
consistent with the new decisional context.

In the present version of CCReF, adaptation is carried out using a re-instantiation
strategy. This strategy consists of copying the solution associated with the retrieved case
and instantiating it within the context of the new viewpoint. More specifically, the reusable
annotations, metadata, and experiential knowledge attached to the source case are trans-
ferred to the target case, while viewpoint-dependent elements are adjusted according to the
characteristics of the target viewpoint. Thus, adaptation does not generate a new experience
from scratch; rather, it preserves the reusable elements of the retrieved experience while
modifying the elements that depend on the target viewpoint. This approach is suitable
when the retrieved and target cases share the same analytical objective or a sufficiently
similar decision context, so that the previously captured experience can be reused with
limited transformation [31].

For example, consider the retrieval of case C1 for the target case T1 presented in
Section 4. C1 concerns an academic research context in which the objective is to feed a data
warehouse from collected data, and its stored experience consists of ETL configuration notes
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and data integration annotations. When C1 is reused for T1, the reusable elements of the
experience, such as the ETL configuration knowledge and data integration annotations, are
retained. The viewpoint-dependent elements are then re-instantiated according to the target
case, particularly the specific data sources and analytical requirements associated with
T1. The resulting adapted experience therefore preserves the relevant ETL and integration
knowledge from C1 while being associated with the characteristics of the new target
viewpoint. This example illustrates how CCReF transfers reusable experiential knowledge
without simply copying the complete source case.

3.2.5. Case Revision

After the reuse/adaptation phase, the proposed solution is returned as a candidate
solution for the new viewpoint. At this stage, the purpose of the revision phase is to
verify whether the retrieved and adapted experience is appropriate for the target case and
consistent with the current decisional context [32]. In CCReF, this validation may be carried
out by expert users who assess the relevance, correctness, and usefulness of the proposed
experience before it is accepted by the system.

More specifically, the expert examines whether the annotations, metadata, and experi-
ential knowledge transferred from the retrieved case adequately address the objective of
the new viewpoint and remain compatible with the user’s role and contextual setting. If
the proposed solution is judged inappropriate, inconsistent, or irrelevant, it is rejected and
is not considered for storage in the case base. Otherwise, it becomes a validated case that
can proceed to the retention phase.

Although expert intervention is not mandatory in all situations, it plays an important
role in improving the quality of the case base and the reliability of the reasoning process.
Expert feedback contributes to filtering unsuitable experiences, validating useful ones,
and progressively refining the retrieval mechanism. It can also support the adjustment
of similarity parameters, such as the retrieval threshold, particularly when the case base
evolves in size and diversity over time.

3.2.6. Case Retention

Once the proposed solution has been revised and validated, the final step of the Case-
Based Reasoning cycle consists in deciding whether the solved case should be retained in
the case base for future reuse. This phase is essential because it enables the system to learn
incrementally from newly validated experiences and to progressively enrich its repository
of viewpoint cases.

In CCReF, a retained case is composed of the new viewpoint together with its validated
solution, including the associated annotations, metadata, and user experience generated
during the decisional process. However, retaining all solved cases indiscriminately may
gradually introduce redundancy or noise into the repository, which can negatively affect
retrieval quality and overall system performance. Conversely, retaining too few cases
would restrict the learning capability of the framework and reduce its ability to support
future decisional situations.

To balance these two objectives, CCReF relies on a retention criterion based on both
similarity assessment and expert validation. Let (Cy) denote the new case and (Cc¢) the
most similar case retrieved from the case base. After revision, the new case is retained only
if its similarity score with respect to the retrieved case exceeds a predefined threshold (th),
and if the proposed solution has been judged relevant by the expert. Formally, the retention
rule can be expressed as follows:

Cn € CBif Sim (Cy;, Cc) > th and the solution is validated by the expert. (7)
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where (CB) denotes the case base, (Sim(Cy;, Cc)) is the global similarity score defined in
Equation (1), and (th) is the similarity threshold used to determine whether the new case is
sufficiently close to previously stored experiences to be considered a meaningful addition
to the repository.

In the current implementation, the threshold is set to (th = 0.5). This value is intended
to ensure that only cases exhibiting at least a moderate level of similarity with existing
validated cases are retained. The threshold therefore acts as a filtering mechanism that
limits the incorporation of irrelevant or weakly related experiences. At the same time,
expert validation provides an additional safeguard by ensuring that retained cases are
not only similar to prior ones, but also contextually relevant, coherent, and useful from a
decisional perspective.

When both conditions are satisfied, the validated case is added to the case base and
becomes available for future retrieval and reuse. Otherwise, the case is discarded and not
stored in the repository. Through this retention mechanism, CCReF seeks to preserve a
balance between incremental learning and case-base quality control, thereby supporting the
long-term reliability of experience reuse in CWM-based decision-support environments.

It should be noted, however, that the present retention strategy remains relatively
simple, as it relies primarily on a fixed similarity threshold combined with expert judgement.
More advanced retention policies could be investigated in future work, for example by
incorporating novelty detection, redundancy control, or adaptive threshold tuning based
on the growth and diversity of the case base.

4. Case Study and Preliminary Evaluation

To illustrate the applicability of the proposed framework and provide an initial as-
sessment of its retrieval mechanism, we conducted a case study in the context of a data
warehouse exploitation process involving OLAP-based decision-support activities. The
objective of this study is not to claim a full operational validation of CCReF, but rather to
demonstrate the feasibility of representing analytical experiences as viewpoint cases and
reusing them through the proposed Case-Based Reasoning process.

4.1. Case Study Context

The case study was conducted in a decision-support setting inspired by a company in-
volved in the design, maintenance, and exploitation of analytical systems for data-intensive
applications. In such environments, users with different responsibilities interact with
the warehouse process from different perspectives. These users may include warehouse
administrators, warehouse developers, end users, and IT-oriented actors, each of whom
produces annotations, metadata, and experience traces while performing analytical tasks.

Within this context, the purpose of CCReF is to support the reuse of prior analytical
experiences by capitalizing on user viewpoints expressed during warehouse exploita-
tion scenarios. The study focuses on OLAP-related decision situations in which users
need guidance based on previously solved cases sharing similar objectives, contexts, and
user roles.

4.2. Case Base Construction

To support the case study, a case base of 12 viewpoint cases was constructed. Each
case represents a previously encountered analytical situation and is modeled according
to the Object-Oriented case representation introduced in Section 3.2.1. In CCReF, a case is
represented as a pair (Problem, Solution):

e the Problem part corresponds to a user viewpoint and includes the indexing attributes
Context, Objective, and User Role, together with their associated descriptive attributes;
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e the Solution part stores the corresponding user experience in the form of annotations
and metadata generated during the warehouse exploitation process.

The 12 cases in the case base were constructed as illustrative scenarios based on
representative analytical situations in data warehouse and OLAP environments. They
were designed to cover different combinations of Context, Objective, and User Role and to
illustrate the types of experiences that can be captured and reused by CCReF. The case base
includes scenarios such as feeding a data warehouse from collected data, improving OLAP
query performance, validating data quality before analysis, preparing multidimensional
views for reporting, monitoring ETL execution issues, and reusing previous analytical
settings in similar contexts.

These cases were not extracted from longitudinal real-world user logs; rather, they
were designed to provide a controlled and representative basis for demonstrating the
proposed retrieval and reuse process. Table 3 summarizes the structure of the case base
used in the study.

Table 3. Summary of the viewpoint case base used in the preliminary evaluation.

- luti
Case ID Context Objective User Role So utlon!Stored
Experience
Feed a data ETL configuration notes
C1 Academic research warehouse from Warehouse Admin and data integration
collected data annotations
. Improve OLAP Warehouse Query tur'ung
C2 Academic research L recommendations and
query execution time Developer . .
aggregation settings
Validate source data Data qualitv rules and
C3 Healthcare analytics quality before Warehouse Admin quatty .
. cleansing annotations
loading
Prepare Reporting preferences and
C4 Retail analytics multidimensional End User P 5P :
OLAP exploration notes
sales reports
cs5 Academic research Monitor ETL. oading Warehouse Admin ETL 1nc1dent.annote.1t10ns
anomalies and corrective actions
C6 Financial reporting Optimize dashboard IT Manager Refresh scheduling e}nd
refresh process performance annotations
7 Healthcare analytics Prepare a thematic Warehouse Cgbe d§s1gn rat19nale and
analysis cube Developer dimension selection notes
cs Retail analytics Compare regional End User Analytical I':)referen.ces and
sales performance comparison settings
Improve warehouse Metadata harmonization
c9 Academic research P . Warehouse Admin notes and validation
metadata consistency
comments
. . . Transformation-rule
. . . Trace prior Professional Service .
C10 Financial reporting . . documentation and
transformation rules Provider -
traceability notes
c11 Healthcare analytics Impr.ove.analytlcal End User Naylgahon annot.atlons and
navigation paths prior OLAP session traces
Reuse prior Loading strategy
C12 Academic research warehouse loading Warehouse Admin annotations and reuse
strategies recommendations
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The case base was intentionally kept limited in size because the objective of this
study is to provide a controlled proof-of-feasibility rather than a large-scale benchmark.
Nevertheless, the selected cases were designed to cover different combinations of contexts,
objectives, and user roles in order to test the behavior of the similarity model under varied
analytical situations.

5. Evaluation Protocol

To provide an initial assessment of the retrieval mechanism, we defined four new
viewpoint cases representing unseen analytical situations. For each new case, CCReF
computes its similarity to all cases stored in the case base using the similarity model
described in Section 3.2.3. The system then retrieves the most similar case according to the
weighted combination of the three indexing dimensions: Context, Objective, and User Role.

The weighting scheme used in this study follows the rationale presented earlier:

e  Objective receives the highest weight because it represents the main analytical inten-
tion of the user;

User Role captures the perspective from which the decision problem is expressed;
Context provides complementary information about the decision environment.

For each new case, the retrieved case was examined with respect to:

the global similarity score returned by the retrieval process;

the semantic coherence between the retrieved case and the target case;

the relevance of the proposed solution, assessed qualitatively from the viewpoint of
the analytical task.

At this stage, the evaluation remains preliminary and feasibility-oriented. It aims
to verify that the framework retrieves viewpoint cases that are coherent with the target
problem and that the proposed reuse process can support analytical guidance in similar
warehouse situations.

5.1. Retrieval Results

Table 4 presents the four test cases used in the preliminary evaluation together with
the most similar case retrieved by CCReF.

Table 4. Preliminary retrieval results obtained with CCReF.

Test Case Context Objective User Role Retrieved Similarity Qualitative
Case Score Relevance
. Feed a data warehouse
T1 Academic from heterogeneous Warehquse C1 0.88 Highly relevant
research Admin
collected data
Academic Monitor ETL exec.utlon Warehouse .
T2 anomalies during . C5 0.82 Highly relevant
research Admin
warehouse refresh
Prepare a
T3 Healthc.are multld{mensmnal Warehouse c7 0.79 Relevant
analytics analysis cube for Developer
thematic reporting
Compare sales
. . evolution across .
T4 Retail analytics regions in OLAP End User C8 0.84 Highly relevant
reports

The results show that the retrieved cases share semantic similarity with the correspond-
ing target cases. For example, T1 retrieves C1, which addresses the same academic context,
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a closely related objective of feeding a data warehouse, and the same user role. Similarly,
T2 retrieves C5, which also concerns ETL monitoring from the perspective of a warehouse
administrator. In the case of T3, the retrieved case C7 corresponds to a healthcare-oriented
multidimensional analysis scenario and therefore provides a relevant prior experience for
cube preparation. Finally, T4 retrieves C8, which reflects a similar retail OLAP analysis task
involving comparative sales reporting for an end user.

These examples suggest that the similarity model is able to prioritize cases sharing the
same analytical goal and user perspective, while using context as a complementary factor
to refine retrieval.

For the four test cases, the proposed viewpoint-aware retrieval considers Objective,
User Role, and Context jointly, whereas the objective-only configuration considers only
the analytical objective. The comparison indicates that incorporating the additional view-
point dimensions can influence case selection when several candidate cases share similar
analytical objectives. In particular, User Role and Context provide additional information
for distinguishing between otherwise similar cases. These observations provide an ini-
tial indication of the contribution of viewpoint-aware retrieval, while a more systematic
quantitative comparison remains part of future work.

5.2. Discussion

The case study provides an initial illustration of how CCReF can support the reuse of
prior analytical experiences in CWM-based warehouse processes. Several observations can
be drawn from the preliminary evaluation.

First, the Objective index appears to play an important role in the retrieval process,
as cases sharing similar analytical goals tend to be prioritized even when their contextual
descriptions differ slightly. This behavior is consistent with the design of the similarity
model, in which the Objective dimension captures the main problem-solving intention of
the user and is therefore assigned the highest weight (0.6). However, this result should
be interpreted with caution, as the current evaluation does not allow the independent
contribution of Objective to be isolated from the effect of its predefined weight. Thus, the
results do not provide sufficient evidence to conclude that Objective is intrinsically the most
influential dimension. A dedicated sensitivity or ablation analysis would be required to
assess the individual contribution of each viewpoint dimension and to validate the selected
weighting scheme.

Second, the User Role contributes to distinguishing between viewpoints that may
pursue related objectives but from different operational perspectives. For instance, a
warehouse administrator and an end user may both interact with OLAP structures, yet
the type of reusable experience associated with each profile is different. Incorporating the
user role into the similarity computation therefore improves the semantic adequacy of the
retrieved cases.

Third, the Context attribute provides useful complementary information but has
a lower impact on retrieval than the objective and the role. This is consistent with the
weighting strategy adopted in the framework, where context helps refine the search space
without dominating the analytical intention expressed by the case.

Overall, the study supports the feasibility of representing prior analytical experi-
ences as viewpoint cases and retrieving them through the CCReF similarity mechanism.
At the same time, it also confirms that the current evaluation remains preliminary. The
case base is limited in size, the relevance assessment is qualitative, and no compara-
tive baseline has yet been introduced. For this reason, the present results should be
interpreted as an initial proof of feasibility rather than as a full empirical validation of
operational effectiveness.
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6. Limitations and Future Work

The present study should be regarded as a proof of feasibility rather than a full empiri-
cal validation of CCReF. The case study illustrates how viewpoint-oriented experiences can
be represented, retrieved, and reused in a CWM-based decisional context, but it does not
yet provide a large-scale evaluation of the framework. In particular, the evaluation relies on
four test cases, which limits the extent to which the results can be generalized to a broader
range of decision-support scenarios.

A first limitation concerns the case base, which remains limited and domain-
specific. Although sufficient to demonstrate the reasoning process, it does not allow
a systematic assessment of retrieval performance or generalizability across different
decision-support settings.

A second limitation relates to the similarity model. The weights assigned to the
Context, Objective, and User Role indexes, as well as the similarity threshold, were defined
empirically in the current version of the framework. Their impact on retrieval effectiveness
has not yet been validated through sensitivity analysis or comparative experiments.

In addition, the current adaptation and retention mechanisms remain relatively simple.
Reuse is mainly based on re-instantiation of the retrieved solution, while retention relies on
expert validation combined with a similarity threshold. More advanced strategies could
further improve the robustness and scalability of the framework.

Future work will therefore focus on a rigorous empirical evaluation of CCReF using
a larger and better-documented case base. This evaluation should include quantitative
retrieval metrics, such as Precision and Recall, as well as expert-based and user-based
assessments of the relevance and usefulness of retrieved cases. Comparative experiments
with alternative retrieval strategies will also be conducted in order to better assess the
added value of viewpoint-aware experience reuse. A larger evaluation set will also enable
a more systematic assessment of the framework’s robustness and stability.

7. Conclusions

This paper presented CCReF, a Case-Based Reasoning framework designed to support
the reuse of user experiences, annotations, and metadata in CWM-based digital decision
processes. The framework extends our previous viewpoint metamodel by integrating a
CBR mechanism for case representation, indexing, retrieval, reuse, revision, and retention.
In CCReF, each case captures a user viewpoint through the dimensions of context, objective,
and user role, while the associated solution stores the corresponding analytical experience in
the form of annotations and metadata. The preliminary case study illustrates the feasibility
of the proposed approach for representing and retrieving viewpoint-dependent analytical
experiences in OLAP-oriented warehouse scenarios. The results suggest that combining
viewpoint modeling with case-based retrieval can support the reuse of semantically relevant
prior cases and provide guidance in similar decision situations. However, the present work
remains a feasibility-oriented study: the case base is limited, the evaluation is preliminary,
and further validation is needed. Future work will focus on expanding the case base,
refining the similarity model, and conducting a broader quantitative evaluation in real-
world decision-support environments.
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Abbreviations

The following abbreviations are used in this manuscript:

BI Business Intelligence

CBR Case-Based Reasoning

CCReF Common Case Reuse Framework
CWM  Common Warehouse Metamodel
KNN K-Nearest Neighbors

KDD Knowledge Discovery in Databases
LLMs Large Language Models

DOI Degree of Interest

00 Object-Oriented

OLAP  Online Analytical Processing
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