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CASE-BASED REASONING

Primary Disciplinary Field(s): Artificial Intelligence, Cognitive Science, Computer Science

1. Core Definition

Case-Based Reasoning (CBR) is a foundational methodology within the field of Artificial
Intelligence (Al) that addresses problem-solving by leveraging past experiences. Fundamentally,
CBR operates on the principle that similar problems have similar solutions. It is defined as the
process of solving new problems by recalling and adapting solutions that were successfully applied
to analogous situations encountered in the past. This approach stands in contrast to reasoning
from first principles or general rules, which dominate rule-based expert systems, and instead relies
heavily on explicit knowledge stored in the form of specific, previously resolved cases. This
reliance on concrete instances makes CBR inherently intuitive, mirroring the way human experts
often solve complex problems by recalling personal or historical precedents.

The central mechanism of CBR involves the storage, retrieval, and adaptation of detailed
descriptions of problems, their contexts, and their corresponding successful resolutions. When a
new problem arises, the CBR system scans its knowledge base--known as the case base--to find
the most relevant prior case or set of cases. The retrieved solution is then critically evaluated and
modified, or "adapted,” to fit the unique parameters of the current situation. This adaptation
process ensures that the system is not merely copying old solutions but tailoring them to the
specific nuances of the new problem environment. The entire process is iterative and learning-
oriented, as the newly solved problem, along with its verified solution, is often formalized and
stored back into the case base, thereby enriching the system's expertise and improving future
performance.

The practical utility of Case-Based Reasoning is particularly evident in domains where formal
rules are difficult to articulate, incomplete, or subject to frequent exceptions, such as diagnostic
medicine, legal interpretation, or complex engineering design. Because CBR systems handle
exceptions naturally by prioritizing specific past instances over generalized rules, they offer a
robust and flexible form of reasoning. The output of a successful CBR process is not just a solution
but often includes the justification for that solution, derived directly from the evidence presented in
the historical case, enhancing transparency and trustworthiness in automated decision-making.

2. Etymology and Historical Development

The theoretical roots of Case-Based Reasoning are deeply embedded in cognitive psychology,
particularly the study of analogical thinking and memory organization. While practical CBR systems

emerged formally in the 1980s, the underlying cognitive model was extensively explored in the
work of cognitive scientists Roger Schank and Robert Abelson at Yale University in the 1970s.
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Schank and his colleagues proposed that human memory is structured around experience units,
such as "scripts" (generalized knowledge of routine situations) and "MOPs" (Memory Organization
Packages), which facilitate the understanding of new situations by referencing existing schemas.
CBR formalized this psychological perspective into a computational paradigm.

Early pioneering CBR systems demonstrated the viability of this approach in complex domains.
Two key early implementations include CYRUS, developed by Janet Kolodner, which simulated the
memory processes of former U.S. Secretary of State Cyrus Vance by retrieving and organizing his
diplomatic experiences, and JUDGE, which modeled judicial decision-making based on past legal
cases. These systems established that reasoning based on specific historical context could be
computationally implemented and produce expert-level outcomes. The formalization of the CBR
paradigm was further cemented through the work of Aamodt and Plaza, who defined the standard
cyclical model that remains central to the field today.

The evolution of CBR has been closely linked to advancements in knowledge representation and
machine learning. Initially, cases were often represented using highly structured frames or
semantic networks, requiring significant manual effort for construction. Modern CBR systems
integrate more sophisticated techniques, including natural language processing (NLP) for
extracting case features from unstructured text (especially relevant in legal and medical records)
and machine learning algorithms for optimizing the indexing and adaptation phases. This
integration has allowed CBR to remain relevant and effective even as data volumes and complexity
have drastically increased, moving beyond simple rule-based environments into dynamic, real-
world applications.

3. Key Characteristics: The CBR Cycle (The Four R's)

The operational architecture of any functioning Case-Based Reasoning system is traditionally
described by a continuous, iterative learning process known as the CBR cycle. This cycle consists
of four sequential stages, commonly referred to as the "Four R's": Retrieve, Reuse, Revise, and
Retain. This structure is crucial because it ensures systematic problem-solving while
simultaneously facilitating continuous learning and knowledge refinement.

The first stage, Retrieve, is perhaps the most critical determinant of system performance. When
presented with a target problem, the system searches the case base to identify the best matching
past case or cases. This involves calculating similarity metrics between the features of the new
problem and the indexed features of stored cases. Effective retrieval relies heavily on a robust
indexing scheme that minimizes search time and maximizes the relevance of the selected cases.
The output of this stage is the "best match," which provides the foundation for the subsequent
solution. A poorly retrieved case necessitates extensive adaptation, potentially leading to inefficient
or incorrect outcomes.
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Once the best case is retrieved, the Reuse stage commences. This phase involves mapping the
solution components from the retrieved case onto the structure of the new problem. In simple
domains, reuse might involve direct transplantation of the solution. However, in complex
applications, reuse often requires significant transformation, as the retrieved solution must be
adjusted to account for parameter differences, environmental variations, or unique constraints
present in the current situation. This adaptation can be algorithmic (using predefined rules or
formulas to modify numerical parameters) or knowledge-intensive (requiring domain knowledge to
identify and resolve structural conflicts between the old and new contexts).

The third stage is Revise, where the proposed solution resulting from the reuse phase is tested
and evaluated in the real world or through simulation. If the proposed solution fails or leads to
suboptimal results, the system must diagnose the failure and correct the solution. This revision
process often relies on human interaction--a domain expert verifies the adapted solution and
provides feedback regarding its accuracy and efficacy. This feedback loop is essential for
identifying necessary refinements to the adaptation knowledge or for pinpointing flaws in the initial
similarity assessment during retrieval.

Finally, the Retain stage completes the cycle, transforming the revised, successfully solved
problem into a new case that is then added to the case base. Before retention, the new case must
be properly generalized, indexed, and stored in a manner that maximizes its future retrievability.
This step represents the system's learning mechanism; by constantly accumulating successful
experiences, the system grows its expertise, enabling it to solve future, increasingly complex
problems with greater speed and accuracy. Proper indexing during retention is vital to prevent the
"utility problem," where the sheer size of the case base degrades retrieval performance.

4. Components of a CBR System

A functional CBR system is composed of several interdependent computational structures
designed to facilitate the four R's. These components include the Case Base, the Indexing
Mechanism, the Retrieval Module, and the Adaptation Knowledge. The efficient interaction
between these parts dictates the overall performance and robustness of the system.

The Case Base serves as the central repository of knowledge. It is a structured database
containing all the previously solved problems. Each case typically comprises three main parts: the
Problem Description (features characterizing the initial situation), the Solution (the actions taken
and the results achieved), and the Outcome (whether the solution was successful, and any lessons
learned). The quality of the case base is paramount; cases must be sufficiently detailed to allow
accurate matching but sufficiently generalized to be useful for a variety of new problems. Managing
redundancy and ensuring data quality are continuous challenges in maintaining a high-
performance case base.
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The Indexing Mechanism is the component responsible for tagging cases with descriptive
features and organizing them for quick access. Indices are the crucial link between the features of
a new problem and the cases stored in the base. Effective indexing involves selecting the most
salient features that differentiate cases and influence solution outcomes. Poor indexing leads to the
retrieval of irrelevant cases, while overly fine-grained indexing can lead to failure in finding
relevant, but slightly different, cases. Advanced systems use machine learning to dynamically
optimize indices based on feedback from the revision and retention stages.

The Retrieval Module utilizes the indexing structure and similarity metrics to locate relevant
cases. Similarity is typically calculated using distance metrics (e.g., Euclidean distance for
numerical features) or weighted feature matching. The selection of weights assigned to different
features reflects domain knowledge about which attributes are most critical for determining solution
viability. The retrieval process usually results in a ranked list of potential source cases, from which
the "best match" is selected, often based on a predefined similarity threshold or a combination of
feature matches and past utility.

5. Applications Across Disciplines

Case-Based Reasoning has proven highly effective across various disciplinary domains where
experiential knowledge is more valuable than codified rules. Its ability to handle incomplete data,
complex exceptions, and subjective judgments makes it a powerful tool, particularly in expert
systems.

In the medical field, CBR is utilized extensively for diagnostic assistance and treatment planning. A
medical CBR system can analyze a patient's symptoms, laboratory results, and medical history
(the new problem) and retrieve past cases involving patients with highly similar profiles. The
system then reuses the treatment plan that led to a successful outcome in the past. This
application is particularly beneficial in rare diseases or complex differential diagnoses where
human practitioners may have limited direct experience, but the case base aggregates knowledge
from numerous specialists globally.

Legal reasoning provides another fertile ground for CBR. Legal interpretation often relies on
precedent (stare decisis), where current judgments are based on rulings in prior, similar cases.
CBR systems, such as HYPO and CABARET, were designed to analyze factual scenarios of a
legal dispute, retrieve relevant statutory law and judicial precedents, and argue for or against a
particular finding by comparing the current case features with those of highly similar historical
cases. This application highlights CBR's strength in domains requiring justification based on
analogy.

Furthermore, CBR is crucial in complex engineering and design tasks. When designing a new
product or system, engineers often refer to past designs to avoid repeating failures and to leverage
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proven components. CBR systems automate this process in areas like architectural design, where
constraints (e.g., climate, materials, budget) define the problem, and the system retrieves and
adapts plans from buildings designed under similar constraints. This use case demonstrates CBR's
role in creative synthesis and planning, reducing development time and enhancing reliability by
learning from past successes and failures.

6. Advantages and Disadvantages

One of the primary advantages of Case-Based Reasoning is its inherent ability to solve problems
quickly by bypassing complex rule application. Since the solution is retrieved whole and then
adapted, the computational complexity associated with searching large inference trees (common in
rule-based systems) is often avoided. Furthermore, CBR systems are known for their ease of
maintenance and learning; adding new knowledge simply requires the retention of a new case, a
process far simpler than updating and validating complex, interdependent rules in traditional expert
systems. This allows the knowledge base to grow organically and reflect real-world operational
experiences accurately.

However, CBR systems face significant challenges, predominantly related to the knowledge
acquisition bottleneck and the utility problem. Building the initial case base requires intensive
manual effort to acquire, structure, and formalize high-quality case data from domain experts or
historical records. If the cases are incomplete or poorly described, the system's performance
suffers drastically. Moreover, as the system learns and the case base grows, the time required for
the retrieval stage can increase linearly. This is known as the utility problem: the benefit gained
from having a comprehensive case base is eventually offset by the cost (time) required to search it.

Another critical limitation lies in the adaptation phase. While retrieval identifies the potentially
relevant solution, successful adaptation requires deep, often explicit, knowledge about how to
modify a solution for a new context. Developing robust adaptation knowledge--the rules or methods
governing solution modification--is often the hardest and most knowledge-intensive part of building
a CBR system, sometimes requiring the same level of expertise needed for building a traditional
rule-based system. If the new problem differs radically from all stored cases (the "no close match"
problem), the system may fail entirely or propose an inadequate solution, highlighting the system's
dependence on the breadth and depth of its experiential history.
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