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ABSTRACT
Automated testing and debugging of knowledge bases (such
as configuration knowledge bases and feature models) is an
important contribution to manage knowledge evolution effi-
ciently. However, existing approaches rely on the assump-
tion of consistent test suites which are always kept up-to-
date within the scope of different knowledge base mainte-
nance cycles. In this paper we introduce diagnosis tech-
niques that actively guide stakeholders (knowledge engineers
and domain experts) in the process of testing and debugging
knowledge bases. These techniques take into account faulty
test cases and constraints and recommend diagnoses which
are the source of a given inconsistency.

Categories and Subject Descriptors
D.2 [SOFTWARE ENGINEERING]: Testing and De-
bugging —Debugging aids, Diagnostics

General Terms
Algorithms, Theory

Keywords
Configuration, Feature Models, Automated Debugging

1. INTRODUCTION
The task of knowledge evolution [1] is to incorporate new
knowledge into an existing knowledge base (including the
corresponding test suite).
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Knowledge evolution has to tackle a number of challenges as
there are consistency preservation, change minimality, and
locality of changes [2]. Knowledge evolution is an error-
prone process often accompanied by remarkable efforts re-
lated to testing and debugging new versions of a knowledge
base – see, for example, [3, 4, 5, 6]. In order to tackle this
challenge, a couple of approaches have been developed: (1)
Model-based knowledge representations such as description
logics [7], SAT [8], constraint satisfaction problems [9], and
logic-based approaches [10] help to clearly separate domain
knowledge from problem solving knowledge. This allows to
focus development and maintenance operations and avoids
the need of adapting problem solving knowledge as a re-
sult of changes in the domain knowledge and vice-versa.
(2) Graphical development environments support a compact
knowledge representation and thus increase understandabil-
ity and maintainability [11, 12, 13]. (3) Automated testing
and debugging helps to more easily identify erroneous ele-
ments (e.g., constraints) in knowledge bases and thus helps
to further increase the efficiency of knowledge base develop-
ment [4].

One of the still missing links to more efficient knowledge
base testing and debugging is a guidance of the user when
performing such operations. For example, after executing
a couple of maintenance operations on the knowledge base
and adapting (including additional) test cases, it becomes
unclear where erroneous definitions are located – in the new
version of the knowledge base, in the new or adapted set
of test cases, or in both. In this paper we introduce an
approach to the automated identification of erroneous ele-
ments in the knowledge base (feature model or configuration
knowledge base) and the associated test suite.

The major contributions of this paper are the following. (1)
We extend existing approaches that rely on the assumption
of consistent and validated test cases (see, e.g., [4]) with a
diagnosis approach that supports the determination of pre-
ferred diagnoses which can be located in the knowledge base
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itself but as well in the set of test cases. (2) In order to sys-
tematically identify the aforementioned diagnoses we exploit
the domain knowledge of knowledge engineers and domain
experts (the community) and thus are able to determine
preferred diagnoses, i.e., diagnoses with a high probability
of representing the true source of observed faulty behavior.

The remainder of this paper is organized as follows. In Sec-
tion 2 we introduce an example configuration knowledge
base from the domain of financial services. Thereafter we
introduce diagnosis approaches that assist knowledge engi-
neers in knowledge base evolution (Section 3). Threats to
validity are discussed in Section 4. A discussion of related
and future work is provided in Section 5. The paper is con-
cluded with Section 6.

2. WORKING EXAMPLE: TESTING &
DEBUGGING

The diagnosis approaches presented in this paper are appli-
cable to different types of knowledge representations such
as description logics [7], SAT [8], constraint satisfaction [9],
logic-based approaches [10] and feature models [14, 15, 16].
In the context of knowledge base development, diagnosis ap-
proaches help to automatically identify the sources of in-
consistencies (faulty rules/constraints) in knowledge bases.
For demonstration purposes we focus on a constraint-based
knowledge representation that can be derived, for example,
directly from a feature model [17].

Since we exploit constraint technologies, we have to intro-
duce a set of variables (V={v1, v2, ..., vn}), the correspond-
ing variable domains (D={dom(v1), dom(v2), ..., dom(vn)}),
and a set of constraints (C={c1, c2, ..., cm}). The triple (V,
D, C) represents a constraint satisfaction problem (CSP) [9]
which can be defined as follows.

Definition (Constraint Satisfaction Problem and Solution –
CSP). A CSP is a triple (V, D, C) where V represents a set
of variables (V={v1, v2, ..., vn}), D describes the correspond-
ing variable domains (D={dom(v1), dom(v2), ..., dom(vn)}),
and C is a set of constraints (C={c1, c2, ..., cm}). A solution
for a given CSP is represented by a complete set of variable
assignments which is consistent with the set of constraints.

For each CSP we assume the existence of a set of test cases T
= {t1, t2, ..., tk} (the test suite). The set T = {t1, t2, ..., tk}
represents a set of (positive) test cases (specify the intended
behavior of the knowledge base) which can be exploited for
the purpose of regression testing.1 A knowledge base accepts
a given set of test cases if it accepts each individual test case,
i.e., there exists (existential quantification for test cases) at
least one solution for (V, D, C ∪ {ti}) for each ti ∈ T.

The following configuration knowledge base supports the
construction of user preferences with regard to a set of
financial services. In this example, wr represents the will-
ingness to take risks, ip represents the intended investment
period, and rr represents the expected return rate.

V = {wr, ip, rr}
1The inclusion of negative test cases is easy but omitted here
for reasons of readability – for details see [4].

C = {c1, c2, c3, c4, c5}
T = {t1, t2, t3, t4}
dom(wr) = {low,medium, high}
dom(ip) = {shortterm,mediumterm, longterm}
dom(rr) = {3− 6%, 6− 9%, > 9%}
c1 : wr = medium→ ip 6= shortterm
c2 : wr = high→ ip = longterm
c3 : ip = longterm→ (rr = 3− 6% ∨ rr = 6− 9%)
c4 : rr = > 9%→ wr = high
c5 : rr = 6− 9%→ (wr 6= low ∧ wr 6= medium)

t1 : wr = high ∧ rr = > 9%
t2 : rr = 6− 9% ∧ wr = medium
t3 : ip = shortterm ∧ wr = medium
t4 : wr = high ∧ ip = mediumterm

If there exists at least one test case ti in T that is inconsistent
with the constraints in C, i.e., inconsistent(C ∪ {ti}) then ti
induces a conflict in C (assuming that C itself is consistent).2

A definition of the notion of a conflict set is the following.

Definition (Conflict Set – CS). A conflict set is a set of con-
straints CS ⊆ C ∪ {ti} which is inconsistent (ti ∈ T ). A
conflict set CS is minimal, if there does not exist a conflict
CS’ with CS′ ⊂ CS.

The conflict sets of our example knowledge base are CS1 :
{c2, c3, t1}, CS2 : {c5, t2}, CS3 : {c1, t3}, and CS4 : {c2, t4}.
These conflict sets are also minimal since @CS′

i with CS′
i ⊂

CSi. Note that this is a new way to define conflict sets
compared to the original work of Felfernig et al. [4] since
in our case, test cases are regarded as first class entities
of the diagnosis process. This view allows us to consider
test cases as faulty elements in the diagnosis process. Note
that conflicts do not have to include elements from both, C
and T ; they can be composed solely of constraints in C or
individual test cases in T . Since test cases are existentially
quantified, only single test cases can be part of a conflict.
In the following we assume that the constraints in C are
consistent, i.e., conflicts are induced by individual test cases.

The complete set of conflict sets for a given C and a cor-
responding set of test cases T can be determined on the
basis of conflict detection algorithms such as QuickXPlain
[19] in combination with a corresponding hitting set (diag-
nosis) algorithm as presented in [18]. For example, if C∪{ti}
is inconsistent, QuickXPlain can be activated with the set
C ∪{ti}. The problem of determining a diagnosis from con-
flict sets can be defined as follows.

Definition (Diagnosis Problem). A diagnosis problem is de-
fined by a tuple (V, D, C, T) where V is a set of variables,
D represents the corresponding variable domains, C is a set
of constraints, and T represents a set of test cases.

On the basis of this definition of a diagnosis problem, we
introduce the definition of a corresponding diagnosis.

Definition (Diagnosis). A diagnosis for a given diagnosis
problem defined by a tuple (V, D, C, T) is a set ∆ ⊆ C ∪ T
such that ∀ti ∈ T−∆: consistent(C - ∆∪{ti}) . A diagnosis

2Note that the concepts discussed in this paper can also be
applied if the knowledge base itself is inconsistent.
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Figure 1: Hitting Set Directed Acyclic Graph (HSDAG) [18] for the example configuration knowledge base
(and the corresponding test cases) – expansion strategy = breadth-first (BF). In this context,

√
indicates

that a diagnosis has been found (the first identified diagnosis is ∆1 : {c1, c2, c5} which represents the path
from the root to the first leaf denoted with

√
.) and × indicates a search state which can be closed since no

solutions (minimal diagnoses) will be found when further expanding the path.

∆ is minimal if @ ∆′ with ∆′ ⊂ ∆.

A diagnosis can be regarded as a recommendation of a set
of knowledge base elements (in our case constraints) that
represent a source of an inconsistency, i.e., should be ana-
lyzed within the scope of testing and debugging operations.
In contrast to the original work of Felfernig et al. [4], this
definition allows the inclusion of test cases as first class enti-
ties into the diagnosis process, i.e., test cases can be elements
of a diagnosis. Such situations especially occur if test cases
are faulty or outdated. The diagnoses which can be derived
from the four identified conflict sets are depicted in Figure
1. In this example, diagnoses are determined in breadth-first
fashion – further alternatives will be discussed in Section 3.

The identified diagnoses are ∆1 : {c1, c2, c5},
∆2 : {c2, c5, t3}, ∆3 : {c1, c2, t2}, ∆4 : {c2, t2, t3},
∆5 : {c1, c3, c5, t4}, ∆6 : {c3, c5, t3, t4}, ∆7 : {c1, c3, t2, t4},
∆8 : {c2, c3, t2, t3}, ∆9 : {c3, t2, t3, t4}, ∆10 : {c1, c5, t1, t4},
∆11 : {c5, t1, t3, t4}, ∆12 : {c1, t1, t2, t4}, ∆13 : {t1, t2, t3, t4}.

Calculating Diagnoses. Diagnoses that take into account
both, test cases and constraints, can be determined using
the hitting set directed acyclic graph (HSDAG) approach
[18] where diagnosis search is performed in a breadth-first
fashion. Each node in the HSDAG represents a minimal
conflict set which can be determined using conflict detection
algorithms such as QuickXPlain [19].

In contrast to existing approaches to knowledge base debug-
ging [4], individual test cases are as well allowed to be part of
a diagnosis. As a consequence, the check whether a diagno-
sis has been identified has to be performed by evaluating the
condition ∀ti ∈ T −H(n) : consistent(C −H(n)∪ ti). H(n)
represents the set of constraints and test cases that have
been selected as diagnosis elements in the current HSDAG
search path [18]. If the condition is fulfilled, a diagnosis has

been identified, otherwise further conflicts exist and have to
be resolved by expanding the HSDAG. For an algorithmic
description of HSDAG search practices we refer to [4, 6, 18].

Typically, there are quite a number of alternative diagnoses.
In such a situation, knowledge engineers are interested in
receiving recommendations that include the most relevant
ones. In the following section we introduce basic methods
that can help to determine relevant diagnoses.3

3. RECOMMENDING TESTING & DE-
BUGGING OPERATIONS

The following criteria for recommending testing and debug-
ging operations are based on our experiences in configuration
model development. We are aware of the fact that in-depth
user studies are needed in order to figure out which com-
binations of these (and further) criteria provide the best
recommendations - such studies are within the scope of our
future work.

Breadth-First (BF). BF search (BFS) allows to determine
minimal-cardinality diagnoses, i.e., diagnoses with the low-
est possible number of elements. In our example, there are
four diagnoses of cardinality 3 (see Figure 1). Cardinality-
based ranking of diagnoses relies on the assumption that
the lower the cardinality, the higher the probability that the
diagnosis elements are responsible for the observed misbe-
havior. This approach allows to focus on a small number of
constraints (and test cases) that are possibly responsible for
the faulty behavior. The relevance of diagnoses determined
by BFS can be characterized by Formula 1. The result of
applying Formula 1 is depicted in Table 1.

3Relevant diagnoses are also denoted as leading diagnoses –
see, for example [20].
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diagnosis ∆1 ∆2 ∆3 ∆4 ∆5 ∆6 ∆7 ∆8 ∆9 ∆10 ∆11 ∆12 ∆13

relevance 0.33 0.33 0.33 0.33 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25
ranking 1 2 3 4 5 6 7 8 9 10 11 12 13

Table 1: Relevance (and ranking) of diagnoses based on breadth-first search. The higher the relevance of a
diagnosis, the more it is recommended to analyze (and adapt) the included constraints and test cases.

relevance(∆) =
1

cardinality(∆)
(1)

However, the assumptions of BF search do not always hold
and there exist further relevant aspects that should be taken
into account when ranking (recommending) diagnoses, i.e.,
determining leading diagnoses [20, 21]. Some of these as-
pects will be discussed in the following. Note that we do
not recommend to use specific heuristics to determine pre-
ferred diagnoses but show how to combine such heuristics
within the scope of ensemble-based diagnosis (ENS).

Actuality-guided Diagnosis (ACT). Knowledge actuality
plays a crucial role in the context of many knowledge-based
systems, for example, configuration knowledge is subject of
frequent change operations resulting from changes in the
component information, technical constraints, and restric-
tions stemming from marketing and sales. In this context,
new components are inserted and older components and con-
straints sometimes become outdated [22].

Information about knowledge growing old can also be ex-
ploited for determining a ranking for candidate diagnoses,
i.e., the older a constraint (measured in terms of the time
elapsed since a constraint has been maintained by a knowl-
edge engineer), the higher is the probability that the con-
straint is irrelevant or not up to date.4 An example of how
to estimate the actuality of a knowledge base element x is
the time since the last user access – see Formula 2.

actuality(x) =
1

time since last user access (x) + 1
(2)

More sophisticated approaches to estimate actuality are to
take into account how often a constraint was activated dur-
ing the search for a solution (e.g., a constraint in implicative
form can remain inactive if its precondition is not fulfilled)
or how often a constraint contributed to the induction of
an inconsistency in the user requirements. For example, the
two requirements ip = shortterm and wr = medium can not
be satisfied – in this case, constraint c1 induces an inconsis-
tency in the given set of requirements. Taking into account
both aspects (activations and inconsistencies), results in the
estimation of Formula 3.

actuality(x) =

(
1− #inconsistencies(x)

#activations(x)

)
(3)

By exploiting the results of this formula, we are also able to
determine the relevance of a diagnosis ∆ (see Formula 4).

4We are aware of the fact that this assumption might not
hold in general – for a related discussion we refer to [22].

relevance(∆) =
1

Σx∈∆actuality(x)
(4)

An example of actuality-based diagnosis ranking (based on
time since last user access) is shown Tables 2 and 3. The
corresponding search graph is depicted in Figure 2. The
[values] are representing the relevance values of the H(n)
expansions – following a best-first search regime, the node
with the highest relevance factor is expanded next.5

Rating-guided Diagnosis (RATE). Both, breadth first (BF)
and actuality-based diagnosis (ACT) approaches are based
on the observation of the properties of individual elements
of a knowledge base. An important additional aspect to be
taken into account is the feedback of individual stakeholders
(si), i.e., how stakeholders rate the quality of knowledge base
elements. Quality ratings for these elements can be provided
in different ways, for example, in terms of a one-dimensional
rating on a scale of 1..5. An example of determining a quality
rating for knowledge base elements is depicted in Table 4.

On the basis of a given quality rating of the individual knowl-
edge base elements, we are able to determine the relevance
of a diagnosis (see Formula 5).

relevance(∆) =
1

Σx∈∆rating(x)
(5)

The result of applying Formula 5 to our example is depicted
in Table 5.

Utility-guided Diagnosis (UTILITY). Another alternative is
to rate the individual knowledge base elements with regard
to different knowledge engineering relevant interest dimen-
sions such as maintainability, understandability, efficiency
in search, redundancy degree, and correctness. Given rat-
ings (provided by knowledge engineers) for each knowledge
base element for each of the specific interest dimensions, we
can derive an overall utility for a specific knowledge base ele-
ment (constraint or test case) and on the basis of this utility
can determine the overall relevance of the related diagno-
sis (see Formula 7). The lower the utility of the individual
knowledge base elements, the higher is the relevance of the
corresponding diagnosis, i.e., the higher is the probability for
the diagnosis to be a candidate indicating relevant changes
in the knowledge base. The utility of a specific knowledge
base element x (constraint or test case) can be determined,
for example, on the basis of Formula 6.

5For reasons of space limitations we do not depict the search
trees of the following diagnosis ranking heuristics, however,
the search approach remains the same: best-first node ex-
pansion strategy = expansion of node H(n) with highest
relevance.
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constraints and test cases c1 c2 c3 c4 c5 t1 t2 t3 t4

time since last access 12.0 100.1 14.2 370.9 1.1 6.2 1.2 19.2 6.5
actuality (time) 1.07 1.009 1.06 1.002 1.47 1.13 1.45 1.049 1.13

Table 2: Example times (e.g., days) since last access and related actuality values.

diagnosis ∆1 ∆2 ∆3 ∆4 ∆5 ∆6 ∆7 ∆8 ∆9 ∆10 ∆11 ∆12 ∆13

relevance 0.282 0.2834 0.2833 0.285 0.211 0.212 0.212 0.219 0.213 0.208 0.2092 0.209 0.21
ranking 4 3 2 1 10 8 6 5 7 13 12 11 9

Table 3: Relevance (and corresponding ranking) of diagnoses based on actuality.

utility(x) =
Σd∈Dimensionsval(x, d)

|Dimensions| (6)

relevance(∆) =
1

Σx∈∆utility(x)
(7)

An example of determining the relevance of diagnoses based
on the utility-based approach is given in Tables 6 and 7.

Ensemble-guided Diagnosis (ENS). The diagnosis prediction
mechanisms discussed up to now are based on a single hy-
pothesis. The basic idea of ensemble-based diagnosis is
to derive diagnosis relevance by exploiting the individual
predictions (a set of hypotheses) of the aforementioned ap-
proaches. There are different possibilities of integrating in-
dividual predictions – one such approach will be introduced
now. For each of the first-n ranks (in our case 1..6) we assign
a corresponding rank utility (see Table 8).

For the ensemble-based ranking of individual diagnoses, we
apply Formula 8.

relevance(∆) = Σr∈Roccurrences(∆, r)× rankutility(r)
(8)

In Formula 8, R denotes the set of rank positions (in our
case 1..6), occurrences(∆, r) denotes the number of times
∆ has the rank prediction r, and rankutility(r) denotes the
utility of rank r (see Table 8).

Table 9 summarizes the individual predictions determined
by the methods BF, ACT, RATE, and UTILITY. Based on
the information shown in Table 9, we are able to determine
the ensemble-based relevance of diagnoses. The result of
applying Formula 8 is shown in Table 10. Note that the
ensemble-based approach is open to the inclusion of addi-
tional diagnosis ranking heuristics. Their development is
seen as an issue of future work. Further aspects that can be
taken into account when ranking diagnoses are, for exam-
ple, well-formedness rules [23, 24] and knowledge about the
organization principles of knowledge [25].

4. THREATS TO VALIDITY
In this paper we focus on introducing an approach that al-
lows to include ranking criteria for knowledge base diag-
noses. These criteria are basic ones that have been defined

on the basis of our experiences in configuration (feature)
model development and maintenance. We are aware of the
fact that these metrics have to be further evaluated within
the scope of user studies in industrial configuration envi-
ronments with a potential result that more complex metrics
are needed for improving the diagnosis prediction quality.
However, results of the envisioned studies can be easily in-
tegrated in the proposed diagnosis approach in terms of ad-
ditional search guidelines.

Although the knowledge base diagnosis problems analyzed
in this paper fall into the class NP-complete and beyond
[26], empirical studies show that the performance of conflict
detection and diagnosis algorithms as the ones exploited in
this paper is sufficient to support knowledge engineers in
interactive settings [4]. Recent developments in the field
focus on conflict-free (direct) hitting set determination that
further boosts the efficiency of diagnosis search [21].

Two of the presented approaches to determine diagnosis rel-
evance are based on additional user input (rating-guided di-
agnosis and utility-guided diagnosis). If applied in industrial
settings, it could be the case that domain experts and knowl-
edge engineers refuse to provide this additional information.
However, approaches to include communities of users into
knowledge engineering processes have already shown to be
successful and have the potential to reduce related scalabil-
ity problems [27].

5. RELATED WORK
A first approach to the determination of minimal sets of
faulty constraints in a knowledge base based on model-based
diagnosis was introduced by Bakker et al. [28]. This ap-
proach focuses on inconsistencies in knowledge bases. The
work of Felfernig et al. [4] extends this approach by the
integration of test cases that are used to induce inconsis-
tencies in a (configuration) knowledge base. This approach
is based on the assumption of the correctness of individual
test cases. A similar approach to diagnosis-based knowl-
edge base (feature model) debugging has been introduced
by Benavides et al. [6]. Since erroneous changes do not
only concern the knowledge base, but also test suites, auto-
mated testing and debugging approaches have also to take
into consideration faulty test cases. The approach presented
in this paper introduces definitions of a diagnosis problem
and a corresponding diagnosis that allow the inclusion of
test cases into a diagnosis and thus allow to consider them
as first-class entities in diagnosis processes.

Kreuz et al. [22] introduce an approach to estimate knowl-
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Figure 2: Hitting Set Directed Acyclic Graph (HSDAG) for example configuration knowledge base (and the
corresponding test cases) – expansion strategy = actuality (ACT).

element s1 s2 s3 s4 s5 s6 average rating

c1 2.0 2.0 1.0 5.0 5.0 1.0 2.6
c2 1.0 2.0 2.0 4.0 4.0 3.0 2.6
c3 1.0 2.0 1.0 3.0 3.0 2.0 2.0
c4 4.0 4.0 4.0 2.0 3.0 3.0 3.3
c5 1.0 1.0 3.0 3.0 2.0 3.0 2.1
t1 4.0 5.0 5.0 5.0 3.0 5.0 4.5
t2 3.0 4.0 5.0 5.0 4.0 5.0 4.3
t3 4.0 4.0 2.0 4.0 4.0 4.0 3.6
t4 3.0 4.0 2.0 4.0 4.0 4.0 3.5

Table 4: Rating of individual knowledge base elements by the stakeholders s1, ..., s6.

diagnosis ∆1 ∆2 ∆3 ∆4 ∆5 ∆6 ∆7 ∆8 ∆9 ∆10 ∆11 ∆12 ∆13

relevance 0.137 0.12 0.105 0.095 0.098 0.089 0.081 0.08 0.075 0.079 0.073 0.067 0.063
ranking 1 2 3 5 4 6 7 8 10 9 11 12 13

Table 5: Relevance (and corresponding ranking) of diagnoses based on ratings.

edge usefulness in configuration scenarios (e.g., how often a
component was part of a configuration result). Our work
extends this approach by introducing additional heuristics
to estimate the relevance of knowledge chunks (constraints
and test cases) with regard to change operations. Felfernig
et al. [29] introduce an approach to the automated repair
of scoring rules in knowledge-based recommendation scenar-
ios. By focusing on a very specific constraint type (scoring
rules) this approach is able to automatically determine re-
pair actions for scoring rules and thus handle the ranking
of recommendation results in an optimal fashion. The diag-
nosis approach presented in this paper is not restricted to
specific constraint types.

Calvanese et al. [2] discuss issues related to the evolution
of description logics based knowledge bases. They introduce
different postulates to be taken into account by knowledge
evolution processes (e.g., coherence preservation). Flouris
et al. [1] provide a discussion of different types of knowl-

edge evolution activities and discuss corresponding research
contributions. Compared to the existing state of the art,
we contribute a new approach to the handling of faulty test
cases and heuristics that help to rank diagnosis candidates
with regard to their relevance for change operations.

Beside the management of inconsistencies in knowledge
bases, redundancies are of major concern due to the fact that
they can trigger additional overheads related to knowledge
understanding and maintainability. An overview of existing
research on redundancy detection in knowledge bases can be
found in [30]. Beside an overview of the existing state of the
art in redundancy detection, the authors introduce a new
approach to redundancy detection in distributed knowledge
engineering scenarios. In contrast, our work focuses on the
identification of the sources of a given inconsistency.

Cognitive complexity is a major source of faulty knowledge.
Felfernig et al. [23] discuss basic organization principles
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element maintainability understandability efficiency irredundancy correctness utility

c1 4.0 4.0 1.0 5.0 5.0 3.8
c2 2.0 2.0 5.0 4.0 4.0 3.4
c3 1.0 2.0 4.0 3.0 3.0 2.6
c4 4.0 4.0 4.0 3.0 3.0 3.6
c5 1.0 1.0 2.0 3.0 2.0 1.8
t1 4.0 5.0 5.0 5.0 3.0 4.4
t2 3.0 4.0 5.0 5.0 4.0 4.2
t3 4.0 4.0 2.0 4.0 4.0 3.6
t4 3.0 4.0 2.0 4.0 4.0 3.4

Table 6: Utility (avg.) of individual knowledge base elements.

diagnosis ∆1 ∆2 ∆3 ∆4 ∆5 ∆6 ∆7 ∆8 ∆9 ∆10 ∆11 ∆12 ∆13

relevance 0.111 0.114 0.088 0.089 0.086 0.088 0.071 0.072 0.072 0.075 0.0758 0.063 0.064
ranking 2 1 4 3 6 5 11 9 10 8 7 13 12

Table 7: Relevance (and corresponding ranking) of diagnoses based on utilities.

rank 1 2 3 4 5 6

utility 1.000k 100k 10k 1k 100 10

Table 8: Predefined utilities of individual rank positions, for example, a diagnosis ranked on the first position
has the utilitiy 1.000.000, i.e., has a higher utility than the sum of all other utilities.

method/rank 1 2 3 4 5 6

BF ∆1 ∆2 ∆3 ∆4 ∆5 ∆6

ACT ∆4 ∆3 ∆2 ∆1 ∆8 ∆7

RATE ∆1 ∆2 ∆3 ∆5 ∆4 ∆6

UTILITY ∆2 ∆1 ∆4 ∆3 ∆6 ∆5

Table 9: Ranking of diagnoses determined by the individual prediction mechanisms.

diagnosis ∆1 ∆2 ∆3 ∆4 ∆5 ∆6 ∆7 ∆8 ∆9 ∆10 ∆11 ∆12 ∆13

relevance 2.101k 1.210k 121k 1.011k 1.110 120 10 100 0 0 0 0 0
ranking 1 2 4 3 5 6 8 7 9 10 11 12 13

Table 10: Relevance (and corresponding ranking) of diagnoses based on the ensemble-based approach. Note
that ∆9 .. ∆13 did not achieve a ranking among 1..6, therefore their relevance is 0.

(e.g., in which to represent constraints in implicative form)
that have to be taken into account to improve the under-
standability of constraint-based knowledge representations.
The work of Felfernig et al. [25] builds upon these results
and presents further results related to the application of rec-
ommendation technologies (collaborative filtering and clus-
tering approaches) for knowledge base organization. Specific
well-formedness rules for knowledge bases (feature models)
are introduced by Felfernig et al. [24] who show how to au-
tomatically detect and repair violations of well-formedness
rules. An example of such a rule is the detection of vari-
able values which can not occur in a configuration (result).
Explanations for such rule violations are determined on the
basis of the principles of model-based diagnosis. Finally,
[31] show how to apply the basic principles of function point
analysis in the context of configuration scenarios.

6. CONCLUSIONS
In this paper we presented a new approach to the auto-
mated diagnosis of knowledge bases such as configuration

knowledge bases and feature models. In this context, diag-
noses are indicators of potential sources of inconsistencies in
knowledge bases. Our approach allows the consideration of
test cases as first-class entities in diagnosis processes. Due to
the fact that many diagnoses can be the outcome of a diag-
nosis process, mechanisms are provided that allow to rank
the diagnoses with regard to the probability of being the
source of the faulty behavior of the knowledge base (mani-
fested in terms of inconsistencies between constraints in the
knowledge base and test cases). Our future work will include
the development of further diagnosis ranking heuristics and
their evaluation within the scope of long-term user studies.
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