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Abstract
Configuring computing networks requires assigning tasks to computing nodes so that various constraints are
met, such as not exceeding available memory or the maximum number of tasks a node can handle. The task
assignment problem is known to be related to the bin packing problem for which efficient approximation solu-
tions exist. In this paper, we elaborate on an answer set program solution and, in particular, on an experimental
evaluation specifically focusing on transitions between satisfiable and unsatisfiable instances of the problem. We
show how constraints that allow us to distinguish satisfiable from unsatisfiable instances affect overall execu-
tion time. Furthermore, we present experiments on the corresponding optimization problem, where we search
for solutions that minimize the number of computing nodes used. The experiments provide practitioners with
insights into applying knowledge-based and declarative solutions to the task assignment problem in practice.
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1. Introduction

Assigning tasks to computing nodes is an important problem in various domains, including the auto-
motive industry [1], or time-triggered networks [2, 3]. More recently, authors have suggested using
answer set programming (ASP) [4, 5] to solve the task assignment problem. Wotawa [6] presented an
ASP model, along with an initial study showing that ASP can yield smaller instances of the problem.
Furthermore, Wotawa and colleagues [7] extended the model to account for requirements such as
communication costs and increased fault tolerance, while considering replication. The use of ASP for
configuration and similar tasks is not new. Abseher and colleagues [8] presented an ASP model for
shift scheduling. Mishra [9] used ASP for implementing a product configurator. Other, more recent
work includes [10, 11].

The task assignment problem, which is related to the well-known knapsack problem [12, 13] and
the bin-packing problem [14] for which approximation algorithms exist [15], comprises tasks having
memory requirements to computing nodes providing memory. Let us illustrate the problem using 3
computing nodes 𝑛1, 𝑛2, 𝑛3, each offering 3 kilobytes of memory, and 4 tasks 𝑡1 to 𝑡4 requiring 1, 1,
2, and 2 kilobytes of memory, respectively. Obviously, when assigning 𝑡1 and 𝑡3 to 𝑛1, and 𝑡2 and 𝑡4
to node 𝑛2, all memory requirements are fulfilled. Figure 1 shows a graphical representation of this
problem. For this problem instance, there are, of course, many other solutions. The figure depicts only
three of them. Depending on certain optimality criteria, we might prefer one solution over the other.
In Figure 1, solutions 1 and 2 are optimal solutions when minimizing the number of used nodes in
the assignment. In this example, there is no solution that consists of only one node. Note that there
must not always be a solution. If we have only one computing node, 𝑛1, the memory requirements of
the 4 tasks cannot be met. Hence, we have satisfiable and unsatisfiable problem instances of the task
assignment problem.
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Figure 1: An example of the task assignment problem including three solutions

In this paper, we extend previous work of Wotawa [6] and provide a detailed experimental evaluation
of the ASP formalization of the task assignment problem. In particular, we focus on the boundary
between satisfiable and unsatisfiable instances, compare the runtime execution of a minimized ASP
solution with that of a solution using global constraints to find unsatisfiable problems as early as
possible, and also extend the work by introducing optimization and its impact on runtime execution.
The objective of the extended experimental evaluation is to provide evidence on whether an ASP
solution can be used efficiently in practice and under which assumptions. In particular, someone
might be interested in obtaining a boundary such that solutions can be computed using ASPs with
a high percentage. Such guarantees are important for practical applications, especially in real-time,
fault-tolerant, or safety-critical systems.

It is worth mentioning that the problem of finding transitions in search spaces where problems
become hard to solve has already been of interest. Cheesman and colleagues [16] showed that hard
problems occur when a parameter reaches a critical value. Mitchell et al. [17] reported that the right
distribution of instances and appropriate parameter values makes checking for satisfiability of random
instances hard. This paper contributes to this research direction by providing evidence for such a
transition between instances of the task assignment problem.

We organize this paper as follows: To be self-contained, we start by discussing the foundations behind
the task assignment problem, including its optimization case. Afterward, we introduce the underlying
ASP models. Section 3 comprises the experimental evaluation, including a description of the setup, the
generation of the data, and the results obtained. In Section 4, we discuss the experimental results, and
finally, we conclude the paper.

2. Foundations

In this section, we discuss the foundations of the task-to-computing-node assignment problem (or
task assignment problem, for short), and extensions such as finding optimal solutions and considering
reconfiguration. We begin by defining the task assignment problem using modified formal definitions
from a previous publication [6]. For this purpose, we assume that we have 𝑘 computing nodes N =
𝑛1, . . . , 𝑛𝑘 and 𝑛 tasks T = 𝑡1, . . . , 𝑡𝑛 to be assigned to the nodes. For each node 𝑛 ∈ N, we know the
maximum number of tasks 𝑐(𝑛) it can hold and the available memory 𝑚(𝑛). For each task 𝑡 ∈ T, we
know its memory consumption 𝑚(𝑡). From this knowledge, we formulate several constraints that any
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valid solution to the task assignment problem must satisfy.
The task assignment problem in general can be formulated as follows:

Given: A tuple (N,T,𝑚, 𝑐) where N is set of computing nodes, T is a set of tasks, 𝑚 : N ∪T ↦→ N0

is a function specifying the available memory of a node and the needed memory of a task, and a
function 𝑐 : N ↦→ N0 specifying the number of tasks a node can hold.

Wanted: A valid assignment of every task to a node, such that no memory or number of nodes
constraint is violated. A valid assignment is one where every task 𝑡 ∈ T is assigned to exactly
one node 𝑛 ∈ N.

This task assignment problem, which is NP-hard, is an extension of the knapsack problem [12, 13]
and similar to the bin-packing problem [14]. In contrast to the former, the problem involves more than
one entity storing items (i.e., tasks), and, unlike the latter, we also have restrictions on the number of
tasks a node can take.

For providing the constraints and the solution of a task assignment problem, we assume a function
𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑 : N ↦→ 2T that returns a set of tasks that is assigned to a node 𝑛. Using 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑, we
introduce several constraints that any solution must fulfill.

First, the required memory from the tasks assigned to a node shall never exceed the available memory
of this node. These constraints can be formalized as follows:

∀𝑛 ∈ N :

⎛⎝ ∑︁
𝑡∈𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑(𝑛𝑖)

𝑚(𝑡) ≤ 𝑚(𝑛)

⎞⎠ (1)

Second, the number of tasks assigned to a node shall never exceed the maximum number of tasks the
node can hold, i.e., formally, we write:

∀𝑛 ∈ N : (|𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑(𝑛)| ≤ 𝑐(𝑛)) (2)

Furthermore, a valid solution to the task assignment problem is an assignment of every task to exactly
one node, with no task assigned to two different nodes. Hence, the following constraints must hold, too:

∀𝑡 ∈ T : ∃𝑛 ∈ N : 𝑡 ∈ 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑(𝑛) (3)

∀𝑛, 𝑛′ ∈ N, 𝑛 ̸= 𝑛′ : 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑(𝑛) ∩ 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑(𝑛′) = ∅ (4)

Obviously, there are task-assignment problems for which no solution satisfies all constraints. For
example, if the number of tasks exceeds the number of free slots of the nodes or if the required memory
for the tasks is not provided, there is no solution. Hence, we may add more constraints like the following
two, describing necessary conditions that must hold for obtaining a solution:

|T| ≤
∑︁
𝑛∈N

𝑐(𝑛) (5)

∑︁
𝑡∈T

𝑚(𝑡) ≤
∑︁
𝑛∈N

𝑚(𝑛) (6)

Equations 5 and 6 are required to find a solution, but not necessary for stating the task assignment
problem.
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Example: The task assignment problem instance from Figure 1 can be formulated as follows: N =
𝑛1, 𝑛2, 𝑛3, T = 𝑡1, 𝑡2, 𝑡3, 𝑡4 with 𝑐(𝑛1) = 𝑐(𝑛2) = 𝑐(𝑛3) = 4 (meaning that there are no limitations
regarding the tasks to be assigned to a node), 𝑚(𝑛1) = 𝑚(𝑛2) = 𝑚(𝑛3) = 3, and 𝑚(𝑡1) = 𝑚(𝑡2) = 1,
𝑚(𝑡3) = 𝑚(𝑡4) = 2. A solution is 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑(𝑛1) = 𝑡1, 𝑡3, 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑(𝑛2) = 𝑡2, 𝑡4, 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑(𝑛3) = .

In practice, the task assignment problem might be formulated as an optimization problem, where
we search for a solution that is minimal with respect to a given evaluation function 𝑓 , which maps
solutions to values. For example, we might be interested in finding solutions that minimize the number
of nodes where tasks are assigned. In this case, we define 𝑓 as follows for a solution 𝑆, which is given
by its corresponding 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑 function:

𝑓(𝑆) = |{𝑛|𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑𝑆(𝑛) ̸= ∅ ∧ 𝑛 ∈ N}| (7)

Using 𝑓(.) we define the task assignment optimization problem:

Given: A tuple (N,T,𝑚, 𝑐), where N is set of computing nodes, T is a set of tasks, 𝑚 : N∪T ↦→ N0

is a function specifying available memory need needed memory, and a function 𝑐 : N ↦→ N0

specifying the number of tasks a node can hold. A function 𝑓 mapping solutions to a natural
number.

Wanted: A valid assignment 𝑆 of every task to a node, such that no memory or number of nodes
constraint is violated, like for the task assignment problem where 𝑆 is minimal with respect to
the optimization function 𝑓 .

Example: The solution for the task assignment problem depicted in Figure 1 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑(𝑛1) = 𝑡1, 𝑡3,
𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑(𝑛2) = 𝑡2, 𝑡4, 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑(𝑛3) = is a minimal one considering 𝑓(.) from Equation 7.

In the next subsection, we introduce the ASP implementation of the task assignment problem.

2.1. An ASP implementation of the task assignment problem

The ASP implementation in clingo [18, 19] syntax implements the problem description and the con-
straints straightforwardly. We represent a node 𝑛 from N as predicate node(𝑛), and a task 𝑡 from T as
predicate task(𝑡). We specify the task capacity 𝑐 of a node 𝑛 using the predicate tcapacity(𝑛,𝑐), the
memory 𝑚 of nodes as mcapacity(𝑛,𝑚), and the memory requirement 𝑟 of task 𝑡 as memory(𝑡,𝑟).

The following ASP code implements searching for solutions to a given task assignment problem:

1 % G e n e r a t e a s e l e c t i o n o f a node f o r each t a s k
2
3 { s e l e c t ( T , N) : node (N) } = 1 : − t a s k ( T ) .
4
5 % C o n s t r a i n t s
6
7 % No 1 : Do n o t e x c e e d t h e maximum number o f t a s k s
8
9 noTasksAss igned (M, N) : − M = # count { T : s e l e c t ( T , N) } , node (N) .

10
11 : − noTasksAss igned (M, N) , t c a p a c i t y (N , C ) , M>C .
12
13 % No 2 : Do n o t e x c e e d t h e maximum memory o f a node
14
15 memRequired (M, N) : − M=#sum {NM, T : s e l e c t ( T , N) , memory ( T ,NM) } , node (N) .
16
17 : − memRequired (M, N) , mcapac i ty (N , C ) , M > C .
18
19 % No 3 : G l o b a l c o n s t r a i n t s
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20
21 t o t a l C a p a c i t y ( C ) : − C=#sum { T , N : t c a p a c i t y (N , T ) } .
22 t o t a l N r T a s k s ( C ) : − C=# count { T : t a s k ( T ) } .
23 totalMemReq ( C ) : − C=#sum {M, T : memory ( T ,M) } .
24 totalMem ( C ) : − C=#sum { N , CN : mcapac i ty (CN, N) } .
25
26 : − t o t a l C a p a c i t y ( C ) , t o t a l N r T a s k s ( TC ) , C < TC .
27 : − totalMemReq ( Ctask ) , totalMem ( Cnode ) , Ctask > Cnode .

In the first part of the implementation, we generate all potential solutions (Line 3). Afterward, we
add the constraints capturing not exceeding the maximum number of possible tasks per node (lines
9–11), not exceeding the available memory of a node when assigning tasks (lines 15–17), and the global
constraints enabling us to find cases where no solution exists as early as possible in lines 21–27.

The optimization variant of the implementation is equivalent to the previous ASP program, including
the following extension:

1 % Compute t h e t o t a l number o f n o d e s wi th a t l e a s t one t a s k a s s i g n e d
2
3 to ta lNoUsedNodes ( C ) : − C=# count {N : s e l e c t ( T , N) , t a s k ( T ) } .
4
5 % Minimize t h e u s e d n o d e s .
6
7 # minimize {N : to ta lNoUsedNodes (N) } .

This extension computes the total number of nodes in Line 3 that have at least one assigned task.
The final clingo statement in Line 7 minimizes this number.

3. Experimental evaluation

With the experimental evaluation, we want to investigate boundaries of application as well as gaining
more information regarding potential issues at the borderline between satisfiable and unsatisfiable
instances of the task assignment problem. Furthermore, we want to extend our evaluation to optimization
problems and their effect on runtime. In the following, we discuss the setup and the results obtained.
For each part of the result section, we discuss the generation of example instances.

3.1. Setup

All experiments discussed in this paper were carried out on a MacBook Pro with an Apple M4 Pro
processor, 48 GB of main memory, and macOS Tahoe 26.3.1. During the experiments, the computer was
used for writing and other similar tasks, which should not have had a severe impact on runtime.

For conducting the experiments, we used the ASP solver clingo version 5.7.1, which implements the
64-bit address model. We did not change any standard configuration nor optimize any parameters of
clingo during the evaluation, which might have affected the results.

All example instances are generated using a Java program. The instances were generated randomly,
considering parameters such as the number of nodes and tasks, as well as the memory requirements and
the available memory. We discuss these parameters, as well as the number of generated instances for each
experimental setup, separately. We used a Python program for further analysis of the obtained results,
i.e., mainly to compute minimum, maximum, mean, and median values for the different parameters.
Note that in the experiments, we did not use the maximum number of assigned tasks for each node. We
set this value for all computing nodes to the maximum number of tasks in an example instance.
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Figure 2: Mean solving runtime for 5 to 160 nodes and a corresponding number of tasks 𝑡 = 2.9 ·𝑛. Besides the
minimum, maximum, and mean runtime in seconds, this figure also provides information regarding the number
of SAT, UNSAT and UNKOWN instances.

3.2. Results

In the following, we describe the different experiments, their specific setup and data, and the obtained
results. We start with an initial experiment that captures a case where the satisfiable and unsatisfiable
solutions are represented in a 2-to-1 ratio on average. In the succeeding experiment, we focus on the
transition phase between satisfiable and unsatisfiable problem instances. For this purpose, we fix the
number of nodes and vary the task. Afterward, we clarify the question of the impact of the global
constraints on the execution time. Finally, we conduct an experiment focused on optimization, using
the same data as in the initial experiment to ensure comparability.

3.2.1. Initial experiment

The objective of the first experiment is to clarify the runtime of solving a problem depending on the
number of nodes 𝑛, where the number of tasks 𝑡 is set to 𝑡 = 𝑛 · 29

10 . This equation was experimentally
determined to ensure that the ratio of satisfiable (SAT) to unsatisfiable (UNSAT) problem instances is
about 2 to 1, assuming 0 to 10 available memory per node and 0 to 4 required memory units per task.
The number of tasks allowed per node was fixed to ensure this value does not affect satisfiability. For
the experiment, we generated 100 instances with the number of computing nodes ranging from 5 to 150,
with a step size of 5. We further set the time boundary for finding solutions using clingo to 30 seconds.
All runs were carried out 5 times using the same problem instances.

Figure 2 depicts the mean, minimum, and maximum runtime obtained. Moreover, this figure comprises
the number of SAT, UNSAT, and UNKNOWN instances. An instance is set to UNKNOWN if clingo
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was not able to provide a solution within the given time boundary. From the figure, we see that (with
the two exceptions) the number of SAT instances is larger than that for UNSAT. Furthermore, starting
at about 120 nodes, the number of UNKNOWN instances increases, indicating that the likelihood of
requiring more than 30 seconds to provide a solution increases.

It is worth noting that the number of UNKNOWN instances increases significantly after 135 nodes,
whereas the number of SAT instances drops to 0; this does not hold for UNSAT. Hence, it seems that
finding SAT solutions takes increasing time, whereas UNSAT solutions are found quickly. Hence, there
is a need to conduct further experiments focusing on the boundary between SAT and UNSAT, which
we discuss in the following subsection.

Note also that after about 85 nodes, the number of instances requiring a substantially longer time
increases. A reason might be that problem instances and their internal clingo representation cause an
increase in runtime. Alternatively, there might be some instances for which finding a solution is harder,
and they happen to appear in instances with more than 85 nodes. Further investigations are necessary
to clarify the origin.

For practical applications, requiring a certain maximum runtime of 0.1 or 1.0 seconds, we may restrict
the instances to about 30 or 50 nodes, respectively.

3.2.2. The transition phase between SAT and UNSAT

After discussing the behavior of the ASP solution under a fixed ratio of nodes to tasks, we want to
elaborate on the transition phase between instances that can be solved (SAT) and those that cannot
(UNSAT). To avoid a far too long runtime, which may exceeding the predefined time boundary for
solving of 30 seconds, we consider 25, 50, and 75 nodes, and 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60,
65, 70, 75, 80, 85, 90, 95, 100, 105, 110, 115, 120, 200, and 300 tasks, respectively, with a step size of 5.
Furthermore, we consider 0 to 10 memory available per node and 0 to 5 memory required for all tasks,
as in the previous experiment. We do not consider the maximum number of tasks per node. All runs
were carried out 5 times using the same problem instances.

Figure 3 (a) to (c) depict the obtained results for 25, 50, and 75 nodes, respectively. In all examples,
we see a boundary between SAT and UNSAT instances, and beyond it, all instances are UNSAT. When
the probability of an instance decreases, the average runtime also decreases, as explained by Equations
5 and 6, allowing clingo to terminate the search early. After this boundary, the runtime again increases
with the problem size. Hence, identifying UNSAT instances using necessary conditions reduces the
overall runtime. Interestingly, this effect in absolute mean runtime increases with the number of nodes
and, therefore, with the problem size. It is also worth noting that the transition phase in terms of tasks
depends on the number of nodes, which is reasonable because for fewer computing nodes, fewer tasks
are required for an instance to become unsatisfiable when the other parameters do not change.

3.2.3. Utilizing global constraints

After analyzing the ordinary behavior and the runtime behavior of clingo when solving instances
focusing on the transition from SAT to UNSAT, we now discuss the influence of the global constraints
(Equations 5 and 6). For this experiment, we generated 40 problem instances comprising 15 nodes and 5
to 40 tasks with a step size of 2. The available memory was randomly chosen from the domain 0 to 6,
and the required memory for tasks was randomly chosen from the domain 0 to 4. All runs were carried
out 5 times using the same problem instances. Like for all experiments, we set the time boundary for
computing solution to 30 seconds1. Furthermore, we applied the same problem instances to the ASP
program with global constraints and to the other without.

Figure 4 depicts the obtained results. There, we see the runtime in red for the instances with global
constraints and for the case without them. In most cases, the solution with global constraints runs
faster than the one without them. The dotted line shows the probability that an instance is SAT. Hence,

1It is worth noting that even when setting the time boundary, in some experiments this was ignored by the ASP solver. Hence,
we see larger computing times in the figures.
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(a) 25 nodes

0 50 100 150 200

10−2

10−1

100

number of tasks

ti
m

e
in

se
co

nd
s

mean

0 50 100 150 200

0

0.2

0.4

0.6

0.8

1

SA
T

pr
ob

ab
ili

ty

SAT probability

(b) 50 nodes
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(c) 75 nodes

Figure 3: Mean solving runtime of instance of 25, 50, and 75 nodes and a variable number of tasks ranging
from 5 to 120, 200, and 300, respectively. The minimum, maximum and mean runtime in seconds is provided. In
addition, the dotted line indicates the probability of satisfiability as a function of the number task.

we see that the runtime increases substantially as the number of UNSAT instances increases, but only
when global constraints are not considered. The reason this is that, without global constraints, we need
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Figure 4: Mean solving runtime of instance of 15 nodes and a variable number of tasks ranging from 5 to 40
with global constraints shown in red and without global constraints given in blue. The areas in light red and
light blue indicate the area of runtime between the minimum and maximum when using global constraints and
no global constraints respectively.

to consider the entire available search space before being sure there is no solution. This can be easily
avoided by introducing global constraints.

What is also interesting is that there are two cases where we see a substantial increase in runtime
when using global constraints. A further, more detailed investigation revealed exactly the following
two example instances:

• 19 tasks (EXAMPLE_35_8) UNSAT - 34 memory requests in total and 35 memory available.
• 23 tasks (EXAMPLE_18_10) UNSAT - 36 memory requests in total and 37 memory available

In both cases, the global constraints are not violated, yet there is still no solution. There are several
possibilities behind such problem instances.

Maximum requested memory of task cannot be satisfied: Let us assume, 3 nodes 𝑛1, 𝑛2, 𝑛3 each
providing 3 kilobytes of memory. Furthermore, we have 4 tasks, 𝑡1 to 𝑡4, where all but 𝑡4 require 1
kilobyte of memory, and 𝑡4 requires 4 kilobytes. For such a problem, there is no solution because
none of the computing nodes has enough memory. Hence, an additional global constraint of the
following form would allow us to terminate the search fast.

∀𝑡 ∈ T : 𝑚(𝑡) → ∃𝑛 ∈ N : 𝑚(𝑡) ≤ 𝑚(𝑛) (8)

The computing nodes do not provide enough memory to serve enough tasks: Let us assume,
3 nodes 𝑛1, 𝑛2, 𝑛3 each providing 3 kilobytes of memory. Furthermore, we have 4 tasks, 𝑡1 to
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Figure 5: Mean solving runtime for 5 to 85 nodes and a corresponding number of tasks for the optimization
problem (in red) compared to the problem solution without optimization (in blue). Besides the minimum, max-
imum, and mean runtime in seconds, this figure also provides information regarding the number of SAT and
UNSAT instances.

𝑡4, each requiring 2 kilobytes. Obviously, there is no solution, because we can fit only one task
to each node, leaving one task without an assignment. The two problem instances mentioned,
EXAMPLE_35_8 and EXAMPLE_18_10, fall into this category. It is worth noting that for this
category„ formalizing a global constraint seems to be harder.

3.2.4. Optimization problem experiment

For the optimization variant of the task assignment problem, we used the data from our initial experiment.
We only set the number of nodes to 85 because larger instances could not be solved within the given
time budget. Hence, we considered only SAT and UNSAT instances.

From Figure 5, we see that the computation of the optimized solution follows the same curve as
the non-optimized variant but takes longer. Hence, when searching for an optimal solution, we need
to consider a much higher maximum runtime. Interestingly, the optimized case’s runtime is almost
identical to that of the unoptimized case. The reason for this observation might be that the experiments
also capture UNSAT instances, which do not require additional search for optimality. Only for SAT
instances, we see an increase in runtime.

4. Discussions

The experimental evaluation comprises, in sum, 6,280 instances of the task assignment problem. We
generated the instances randomly using a program. Hence, not all the instances might be different.
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However, the experimental evaluation is extensive and reveals certain behavioral specificities of the
ASP solution of the task assignment problem worth further discussion and summarization.

• First, there is a substantial bandwidth between the minimum and maximum runtime, especially
for larger problem instances. However, it is possible to find a probability distribution of the
runtime for any number of nodes and tasks, which can serve as a basis for calculating a runtime
guarantee for practical applications. For example, let us have a look at Figure 6, which depicts
a cumulative histogram of 8,100 runs of example instances with 50 nodes. At about 1 second,
we reach 8,000 runs. Hence, with a probability of 0.9877, the runtime for problem instances
comprising 50 nodes and a varying number of tasks is less than or equal to 1 second.

• Second, there is also a substantial difference between the time required for SAT and UNSAT
instances. For SAT instances, the runtime increases when the number of solutions is limited,
requiring consideration of the entire search space. Most UNSAT instances can be found using
global constraints. For instances where the currently used global constraints are not violated but
the problem instance is UNSAT, we also experience extended runtime. It would be interesting to
further investigate this topic to elaborate on the different reasons behind this observation.

• Similarly to the previous findings, the runtime varies most in the transition phase between SAT
and UNSAT instances. These are the hardest instances to solve. Before the transition phase, the
runtime varies but – with exceptions – not substantially. After the transition phase, UNSAT
seems to be easily ensured by the global constraints.

• The global constraints have a huge impact on runtime performance, especially when the problem
size increases. Without global constraints, the ASP-based solution to the problem is hardly
feasible. Hence, using global constraints is essential, and identifying additional ones is worth
investigating.

• Optimization increases runtime and should be considered when required for applications in
practice. We did not use any optimization for running the ASP solver clingo. The use of multi-
cores might be an advantage when searching for an optimized solution, and it is left for future
research.

• We identified several UNSAT instances in which the global constraints are satisfied. Hence, it
is worth considering additional global constraints for further improving performance. When
searching for methods to reduce the search space, such as symmetry breaking [20, 21], might be
appropriate. This might reduce search, especially in optimization.

The conducted experimental evaluation allows us to discuss the practicability of implementing the
task assignment problem using ASP. Besides the advantage of providing declarative knowledge for
representing the problem, we can also estimate the runtime based on the results. From Figure 2, we see
that for instances having at most 20 nodes, we obtain results in less than 0.1 seconds. Of course, this
result does not hold in general and depends on the available computational resources. Experiments
might be re-executed on other hardware and software, where this paper serves as a blueprint.

There are also several threats to the validity of the experimental evaluation that warrant mention.
Such threats include the design of the experiments, the generation of the problem instances, and their
analysis. We generated and executed all problem instances automatically using Java programs. These
programs have been tested and run several times to ensure they are functioning correctly. Problem
instances were generated using specific domains for the parameters, with concrete values selected at
random. Hence, the generated instances show a wide variety, but random selection might lead to the
omission of certain, specifically harder instances, which is hardly avoidable. The evaluation is again
based on a program that was tested on smaller examples. Hence, it is unlikely that any severe fault
was undetected. There is, of course, an influence from the hardware and software used to carry out
the experiments. Because all experiments were carried out on the same hardware and software, we
do not expect any significant influence on the comparison of results. We do not expect that changes
in hardware or software will substantially affect the outcomes of the experimental evaluation and
comparison. Only the absolute runtime values might vary.
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Figure 6: The cumulative histogram of the runtime in seconds of all 5 runs and 1,620 problem instances com-
prising 50 nodes, which sums up to 8,100 runs. We see, for example, that almost 3,000 instances require less
than 0.2 seconds, and about 5,900 instances need less than 0.4 seconds, etc. for computing a solution.

5. Conclusions

This paper presents an exhaustive experimental evaluation of the ASP solution to the task assignment
problem. The evaluation is based on 6,280 randomly generated problem instances, covering examples
up to 150 computing nodes. The experimental evaluation identified the transition phase between
satisfiable and unsatisfiable problem instances and the importance of global constraints for identifying
unsatisfiable instances as early as possible. For the latter, we discussed two reasons for the need to
develop a corresponding global constraint. Furthermore, we present the first experiments in which the
task was to compute an optimal solution, i.e., one with the fewest required computing nodes.

Future research should address adding symmetry-breaking mechanisms and a more detailed analysis
of the quality of computed solutions, i.e., their closeness to optimality. Furthermore, it is necessary to
compare the ASP solution with other algorithmic approaches, given the examples provided in the study.
Finally, we want to carry out research on the effects of clingo’s parameters on its runtime behavior.
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Abstract
Generative AI can support knowledge engineering (KE) by helping experts work across informal evidence, formal
models, and natural-language interaction. This paper defines a research agenda for such support in industrial KE.
We focus here on product configuration, using it as a concrete industrial KE setting, while treating the proposed
collaboration modes as broadly applicable to KE tasks that involve actionable knowledge artifacts. Generative
AI may help derive candidate knowledge base changes from heterogeneous evidence, support impact analysis
within an existing knowledge base, and debug observed outcomes such as rejected configurations or failing
regression tests. Across these cases, the central problem is grounded and reviewable collaboration between
human experts and generative AI. The paper argues that impact analysis and debugging offer near-term paths for
method development, while acquisition from heterogeneous evidence is the harder long-term test for generative
AI in knowledge engineering.

Keywords
Knowledge Engineering, Generative AI, Product Configuration

1. Introduction

Generative AI is changing software engineering practice. Engineers use it to draft code and tests,
explore unfamiliar code bases, summarize alternatives, and shorten iteration cycles. Early reports and
empirical studies suggest that these uses can yield real productivity gains, even if the gains vary by
task and setting [1, 2, 3, 4]. That shift matters beyond software engineering.

Knowledge engineering (KE) is likely to undergo a similar shift. In many KE domains, a knowl-
edge base can determine which system behaviors are permitted, how decisions are made, and how
organizational processes respond to change [5, 6]. In industrial product configuration, for example,
knowledge bases affect which product variants are accepted, how conflicts are explained, and how later
modifications propagate through a configurator [7, 8, 9, 10]. Small semantic errors can therefore have
consequences that extend well beyond drafting quality.

Generative AI also changes how experts can interact with knowledge artifacts. It enables forms
of interaction that were previously difficult or too costly to support at useful levels of flexibility. A
model can help turn heterogeneous evidence into candidate knowledge base changes, answer natural-
language questions about a large and evolving knowledge base, and translate low-level formal evidence
into explanations that non-experts can inspect and act on [11, 12]. These capabilities are promising
precisely because KE rarely starts from a clean specification and rarely ends with a single act of rule
authoring. Figure 1 illustrates this in a KE authoring environment: the expert still navigates and edits
the knowledge base, while the assistant is embedded next to the artifact it must inspect, explain, and
eventually modify.

Yet KE currently lacks principled methods for using these capabilities well. Recent empirical work
with knowledge engineers points to open issues around prompting skills, evaluation of generated
outputs, trust, and responsible use [13]. The central challenge is how humans and generative AI
should collaborate when the result must remain grounded in source evidence, reviewable by experts,
behaviorally reliable, and subject to human responsibility for acceptance and interpretation [14, 15].
This position paper focuses on product configuration because it makes these requirements especially
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Figure 1: Example knowledge authoring environment with module navigation, an editable knowledge base
fragment, and an integrated generative AI assistant, illustrating how such support can become part of existing
KE tools.

concrete, but the proposed use cases are intended as instances of a broader agenda for generative AI in
knowledge engineering.

Section 2 characterizes KE in industrial manufacturing and uses product configuration as a running
example. Section 3 develops three use cases that expose concrete research questions: acquisition from
heterogeneous evidence, knowledge base research and impact analysis, and debugging of observed
behavior. Section 4 returns to the broader implication and argues for a sustained methods agenda for
generative AI in KE.

2. Knowledge Engineering in Industrial Manufacturing

We focus on industrial manufacturing because several hard properties of knowledge engineering
appear there at once. Knowledge has to be assembled from heterogeneous evidence, negotiated across
organizational roles, encoded in artifacts that directly affect system behavior, and maintained under
continual change [5, 6].

Product configuration for a coffee-machine manufacturer provides a concrete running example. In
our example, the company sells product families across markets, installation contexts, and feature
packages, and it relies on a knowledge base to decide which combinations are admissible, how conflicts
are explained, and how changes can be introduced without breaking existing behavior [16, 10].

Throughout the paper, the operational knowledge base is represented using a domain-specific lan-
guage (DSL); here the language COOM [17]. This assumption reflects many industrial KE environments,
where a DSL can make domain concepts explicit, support modular authoring, enable static checks and
regression tests, and provide stable references for explanations and impact analysis [18, 19]. These
properties are also attractive for agentic AI systems, because they give the model a text-based artifact to
inspect, edit, test, and cite. The use cases, however, do not depend on DSLs specifically. Other knowledge
representations, such as rule-based models, ontologies, logic programs, or hybrid representations, could
support similar collaboration patterns if they expose inspectable structure [20, 5].



2.1. Heterogeneous Knowledge Sources

In an industrial setting, relevant knowledge is rarely located in one clean specification or one formal
model. A knowledge engineer working on the coffee-machine configurator may need to consult
installation manuals in PDF form, multi-sheet option spreadsheets, enterprise resource planning (ERP)
and product lifecycle management (PLM) data, supplier documents, certification records, service reports,
issue trackers, and the current knowledge base itself. These sources differ in structure, terminology,
granularity, update rhythm, and authority. Some are curated and stable, some are provisional, and some
reflect operational practice rather than official policy [21, 6].

The harder problem is that intent is often implicit. Constraints are encoded in tables, footnotes,
examples, naming conventions, and historically evolved modeling choices. The same concept may
appear in several places with different wording, different scope, or a different revision status. A market-
specific power requirement for a coffee machine, for example, may be stated in a manual, reflected in a
supplier data sheet, partly encoded in ERP material variants, and only indirectly represented in existing
rules. Knowledge engineering therefore begins with evidence triage and interpretation. Formalization
comes later, after the engineer has determined which sources matter, how they relate, and what they
actually commit the organization to [21, 5].

2.2. Stakeholder Diversity

Industrial knowledge is also distributed across stakeholders who each contribute a different part of
the product reality. In the coffee-machine example, engineering defines technical dependencies, sales
frames sellable options and market packages, compliance tracks certification and regional obligations,
manufacturing cares about buildability, and knowledge engineering turns these inputs into a maintained
operational model. These use different vocabularies, ask different questions, and care about different
consequences. Conflicts are therefore normal. One source may describe an option as generally available
while another restricts it to a subset of machine variants. Engineeringmay group components by internal
architecture while sales uses product-line language that cuts across those boundaries. Compliance may
insist on a regional distinction that other roles have previously ignored. Knowledge engineering has to
reconcile these differences, set priorities, and make modeling conventions explicit.

2.3. Continual Change

The artifacts produced by knowledge engineering are actionable. In a coffee-machine configurator,
a small semantic error can block valid orders, admit invalid combinations, or distort the explanation
given to sales, service, or customers. The artifacts also evolve continuously. New product variants are
introduced, region-specific requirements change, supplier portfolios shift, and certification constraints
are revised. KE spans recurring activities rather than a one-time modeling step: introducing changes,
understanding the current knowledge base, estimating the impact of planned modifications, and debug-
ging observed outcomes [10, 22]. Generative AI may help across all of these activities, but it may also
increase the number of plausible candidate changes and the burden of review. Once KE is understood as
work on an evolving ecosystem of artifacts rather than isolated rule authoring, the need for principled
methods of human-generative-AI collaboration becomes concrete.

3. Use Cases for Generative AI in Knowledge Engineering

Generative AI is useful in this setting because it can operate across representation boundaries. In one
interaction loop it can move between source documents, DSL modules, tests, traces, and formal evidence
while still supporting natural-language exchange with the human expert [23, 24]. More generally, the
same pattern applies whenever the knowledge representation exposes structure that can be retrieved,
checked, and linked back to user-facing explanations. We therefore concentrate on three recurring
collaboration modes that arise naturally in industrial KE work: from evidence to change, from question



Documents

XLS Marktoptionen_DACH.xlsx

ERP KIT-AQUASTOP-DE

PDF Installation_KM200_DE.pdf

Installation Notes for Water
Connection
For appliances with a direct water connection,
country-specific requirements must be
observed.

Germany: For a fixed water connection,
an AquaStop kit is required.

Note: Other markets may require different
connection checks or local approvals.

Chat

For power, DE and AT can share 230 V, 50
Hz, and Schuko.

For water connection, I only found
grounded evidence for an AquaStop
requirement in Germany.

The candidate change should therefore
separate a shared regional power rule
from a DE-specific water-connection rule.
Based on Installation_KM200_DE.pdf, KIT-
AQUASTOP-DE, and Marktoptionen_DACH.xlsx.

Can we keep AquaStop scoped
to DE for now and leave AT
unchanged?

Changes Discard Apply

behavior Regional_Power {
  condition market = DE || market = AT {
    require voltage = v230
    require frequency = hz50
    require plug = schuko
  }
}

behavior Water_Connection_DE {
  condition market = DE
  condition water_supply = fixed_connection
  require aquastop_kit = installed
}

Compile pass

Passed Tests 3

Failed Tests 1

Regression check pending

Figure 2: Conceptual workspace for evidence-to-change collaboration. The left panel shows heterogeneous
source material, the middle panel supports clarification, and the right panel presents a candidate DSL patch
with basic compilation and test feedback. Users primarily interact with the middle panel. Answers directly link
back to source documents.

to impact understanding, and from observed behavior to debugging. These use cases make the methods
agenda visible as concrete research fronts.

3.1. Acquisition from Heterogeneous Evidence

The first collaboration mode starts with a recurring KE task: turning heterogeneous evidence into
candidate operational knowledge. Consider a knowledge engineer who has to implement a market
update for a coffee-machine family. The available material includes an installation manual, a multi-sheet
market-options spreadsheet, ERP material data, and the current knowledge base. Relevant fragments
are concrete and unevenly distributed across these sources. The manual states 230 V / 50 Hz /
Schuko-Stecker (Schuko plug). Another source specifies that machines with Festwasseranschluss
(permanent water connection) require an AquaStop-Kit. ERP data may refer to a material such as
KIT-AQUASTOP-DE. The task is not complete once these fragments have been found. The engineer has
to produce a knowledge change that can be reviewed, tested, and accepted in the configurator.

A plausible collaboration method would let the human provide the gathered sources and the current
knowledge base, then let the agent extract relevant facts and relations, connect them to the existing
vocabulary and likely points of integration, ask focused clarification questions where scope remains
unclear, and draft a candidate DSL change together with checks. Figure 2 sketches such a workspace.
The left panel organizes source material, the middle panel supports the interaction and clarification loop,
and the right panel turns the result into an inspectable patch with basic feedback such as compilation
and regression status. The human remains responsible for resolving ambiguity and deciding whether
the proposed change is acceptable.

Research Question 1 Does the generative AI shorten the path from heterogeneous indus-
trial evidence to an accepted knowledge change while preserving grounding, behavioral
correctness, and reviewability?

The process begins with documentation understanding. Source documents are large, heterogeneous,
and difficult to interpret reliably. The method has to identify which sections, tables, notes, and relations
matter for the current task and which do not. In industrial documents, relevant intent is often expressed



indirectly through examples, footnotes, naming conventions, or exceptions. The source view in Figure 2
illustrates this first step.

Once relevant fragments have been identified, they have to be related to the existing knowledge
base. Extracted industrial language has to be aligned with the current formal vocabulary, the existing
rule structure, and the likely points of integration in the knowledge base. A phrase such as 230 V /
50 Hz / Schuko-Stecker is useful only if it can be related to existing concepts for market, voltage,
frequency, and plug type, and only if the method can determine whether similar behavior is already
encoded elsewhere. The right panel in Figure 2 represents this alignment problem. The system has to
draft a change that fits the current artifact rather than producing an isolated rule fragment.

Even after extraction and alignment, ambiguity remains. The available sources may support an
AquaStop-Kit requirement while leaving open whether it applies only in Germany, across the full
Germany-Austria-Switzerland market, or only to a subset of machine families. A collaboration method
therefore needs a disciplined clarification step. It should ask targeted questions tied to concrete evidence
and explicit uncertainty, rather than replacing missing information with fluent guesses [14, 25]. The
chat workspace in Figure 2 illustrates this middle step.

3.2. Research within the Knowledge Base

The second collaboration mode begins inside an existing knowledge base. In the coffee-machine
configurator, different actors query the same artifact in different vocabularies. Sales may ask “Which
machines qualify for office installation?”. Engineering may ask “Is TB-12 approved on the compact
hydraulics?”. A knowledge engineer may ask “If MilkSystem is decomposed, what changes?”. The first
two questions show that the knowledge base may serve as the company’s practical ground truth for
several roles.

Suppose the current concept MilkSystem has grown into a mixed abstraction that bundles milk
source choices with cleaning obligations. A knowledge engineer considers decomposing it into a
cleaner internal structure and needs to understand, before editing anything, which product contexts,
constraints, explanations, and tests would be affected.

A plausible collaboration method would treat this as an impact-analysis session. The human asks
a short, partly underspecified question. The system interprets the intended concept, distinguishes
reusable library knowledge from product-specific usage, consults DSL modules, tests, explanation
templates, and dependency information, and returns a natural-language impact brief. Figure 3 sketches
such a session. The left panel shows the question and answer, while the right panel grounds the answer
in structural evidence from the knowledge base. The human remains responsible for judging whether
the analysis is sufficient and for deciding on the actual change.

Research Question 2 How can generative AI support understanding and impact analysis
in complex knowledge bases?

The interaction starts from ambiguous, role-specific questions. They are often short, underspecified,
and phrased in stakeholder-specific language. The system has to resolve terminology, infer missing
scope only where justified, and surface ambiguity when clarification is needed. The left panel in
Figure 3 illustrates this problem. A compact question has to be expanded into an answer that matches
the intended modeling concern rather than a nearby concept.

Evenwhen the intended concept is clear, reconstructing it across layered andmodular artifacts remains
difficult. The relevant answer may span reusable library knowledge, product-specific knowledge, tests,
and compiled or derived artifacts. A useful system has to preserve these context boundaries instead
of flattening them into one undifferentiated summary. The right panel in Figure 3 represents this
layered context. The method has to distinguish what belongs to general library structure, what belongs
to specific coffee-machine families, and what belongs to derived artifacts that constrain behavior or
explanation.
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If MilkSystem is decomposed, what changes?

MilkSystem is a library concept reused across product families. A
decomposition would touch four areas:

Open ambiguity: the current concept bundles milk source choices
with cleaning obligations. The split should be reviewed before
editing.

Visualization

LIBRARY MODULE

MilkSystem
R E U S A B L E  C O N C E P T

MilkSource CleaningMode DrainConnection

PRODUCT

KM200 Office

PRODUCT

KM350 Premium

PRODUCT

KM500 Enterprise

TEST

milk_office

TEST

drain_required

TEST

fresh_milk_check

TEST

premium_milk

CONSTRAINT

fresh_drain_req

3 direct references in library constraints (milk source, cleaning
obligations, drain).

Product-specific use in KM200 Office, KM350 Premium, and
KM500 Enterprise.

4 regression tests that exercise milk + cleaning combinations.

1 product-level constraint (fresh_drain_req) involving the
current concept.

Figure 3: Conceptual workspace for impact analysis within an existing knowledge base. The left panel turns a
short question into a natural-language impact brief, and the right panel grounds that brief in structural evidence.

Impact analysis then has to be grounded in executable structure. Impact can often not be answered
from text or name matching alone. It requires structural grounding through symbolic references, depen-
dency information, or similar relationships that expose how behavior is connected [22]. Reviewability
cuts across all three challenges. The answer has to expose assumptions, uncertainty, and evidence in a
form that humans can inspect.

3.3. Debugging of Outcomes and Regressions

The third collaboration mode begins at a later point in the lifecycle. Here the knowledge base has
already produced an observable outcome, and that outcome now has to be debugged. Consider an
office coffee-machine configuration with MilkSystem = FreshMilk. The configurator rejects it. The
environment can already provide part of the formal basis of that rejection, for example the selected
values, the relevant DSL fragments, and a minimal conflict explanation [26, 27, 28]. Yet these artifacts
are still hard to interpret in context. What the human needs is a grounded debugging explanation
that shows why the configuration is rejected and what broader modeling issue the conflict points
to. Regression tests are a related case: a failing test also creates an observed outcome that has to be
debugged rather than merely reported.

A plausible collaboration method would begin from a selected observed case. The environment
supplies the relevant formal evidence, such as configuration values and violated constraints. The agent
then produces a contextual debugging explanation in human language. It should make clear what is
formally established by the artifacts, how those artifacts fit together causally, and what higher-level
interpretation they support. Figure 4 sketches such a workspace. The right panel records the rejected
case together with the supporting rule fragments, and the left panel turns that material into a debugging
explanation that a human can inspect, question, and refine. The human remains responsible for deciding
whether the explanation is adequate and what modeling action should follow.

Research Question 3 How can generative AI support grounded debugging of observed
behavior in complex knowledge bases?

Debugging starts from complex formal context. The formal basis of an observed outcome may already
be available, but making sense of it is still non-trivial. Even a small case can require following multi-step
dependencies, respecting modular boundaries, and understanding reused knowledge in its specific



Chat

The configuration is rejected because of a chained constraint, not a
direct conflict on MilkSystem.

The rejection therefore stems from how MilkSystem currently
bundles milk functionality with cleaning infrastructure — a single
milk choice silently commits the configuration to
drain‑dependent cleaning.
Grounded in Milk_Cleaning, Auto_Cleaning_Drain, and
Office_Countertop_Limits.

Is there an installation variant where FreshMilk would
still be admissible?

Debug Context
REJECTED CONFIGURATION

Model        = KM350 Office
MilkSystem   = FreshMilk
Installation = OfficeCountertop

SUPPORTING CONSTRAINTS

behavior Milk_Cleaning {
  condition MilkSystem = FreshMilk
  require CleaningMode = AutoFlush
}

behavior Auto_Cleaning_Drain {
  condition CleaningMode = AutoFlush
  require DrainConnection = yes
}

behavior Office_Countertop_Limits {
  condition Installation = OfficeCountertop
  require DrainConnection = no
}

FreshMilk implies CleaningMode = AutoFlush.

AutoFlush requires a drain connection.

OfficeCountertop installation excludes a drain connection.

Figure 4: Conceptual workspace for debugging observed behavior. The right panel shows the rejected case
together with relevant knowledge base fragments, and the left panel turns that formal material into a contextual
debugging explanation and follow-up interaction.

product context [26, 28]. The left panel in Figure 4 illustrates this problem. A generative system can
easily produce a locally plausible explanation that ignores the actual dependency chain or introduces
causal claims not supported by the provided artifacts [25, 29].

From there, the method has to move toward faithful abstraction across representational levels. A
useful debugging explanation should not simply restate raw constraints, but it also cannot collapse into
a fluent story that hides scope conditions, uncertainty, or model-specific meaning. The right panel in
Figure 4 illustrates the required move from formal evidence to stakeholder-usable language. The central
problem is controlled abstraction: the method has to contextualize the formal basis while preserving
traceability to it and exposing what is interpretation rather than formal fact.

4. Conclusion

The three use cases expose different levels of difficulty and different near-term opportunities. Acquisition
from heterogeneous evidence is the hardest case by a wide margin. It combines document understanding,
source authority, terminology alignment, ambiguity resolution, integration into an existing knowledge
base, and the generation of a candidate change whose acceptance would alter system behavior. Its
success criterion is correspondingly strong: the output is a candidate knowledge base change that could
be reviewed and accepted, not merely an analysis that informs later work. Research within an existing
knowledge base is more tractable in the near term because it starts from a grounded artifact, can rely on
structural information already present in the environment, and aims at an impact brief rather than an
immediate change. Debugging observed behavior is promising in a different way. When traces, violated
tests, unsatisfiable cores, or linked DSL rules are available, the formal basis is often stronger than in the
other two cases. Its open difficulty is faithful abstraction: it is still unclear how far formal evidence can
be translated into stakeholder language without losing too much of the causally relevant structure.

Current generative AI changes the space of possible KE interactions because one natural-language
interaction layer can now mediate among documents, knowledge base modules, tests, and formal
evidence [11, 12]. The consequence is flexibility as much as speed. Knowledge engineers can query,
compare, summarize, and reformulate artifacts across representation boundaries that previously required
separate tools or bespoke interfaces. Current models are already highly capable in areas such as
programming, but it remains unclear how far those capabilities transfer to private, niche, organization-



specific KE domains such as industrial product configuration [1]. Performance in KE will likely depend
strongly on the harness around the model: how it accesses source documents, knowledge base structure,
tests, traces, and explicit signals of ambiguity. Hallucination remains unresolved [25]. In KE, fluent
output is not an adequate success criterion. The relevant question is underwhich collaboration structures
current models become dependable enough to support real knowledge work.

Near-term advances in context handling, multimodal document processing, tool use, and tighter
integration with structured artifacts will expand what is feasible in all three cases. In acquisition
workflows, larger context capacity may reduce the need for manually designed intermediate document
representations in some settings. That does not remove the core problem, which is still to move from
heterogeneous evidence to an accepted and behaviorally correct knowledge change. More generally,
stronger models widen the feasible interaction space, but they do not answer the central KE questions.
As capabilities improve, the bottleneck shifts toward method design: how work is divided between
humans and models, how outputs are grounded in sources and formal artifacts, how ambiguity is
surfaced and resolved, how review is supported, and how trust is calibrated without over-relying on
fluent output [14, 15, 25, 13]. This is why the three use cases matter as a research progression rather than
as isolated examples. The more grounded cases, especially impact analysis and parts of debugging, can
establish methods for harness design, grounding, and review. The harder acquisition case then becomes
the longer-term test of whether those methods scale to messy industrial evidence and accepted change.
The next step for KE is to turn emerging capability into collaboration methods that stay grounded,
reviewable, and fit for industrial knowledge work.

Declaration on Generative AI

During the preparation of this work, the authors used ChatGPT and OpenAI Codex, to support drafting,
editing, and LaTeX troubleshooting. After using these tools, the authors reviewed and edited the content
as needed and take full responsibility for the publication’s content.
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Abstract

Industrial product configuration requires robust, maintainable modeling environments that clearly separate
domain knowledge from solving mechanisms. Declarative modeling addresses the maintainability aspects by
focusing on valid configurations rather than control flow. Nonetheless, significant challenges remain when
handling complex numerical calculations and generative component structures. To bridge the gap between
expressive, general-purpose modeling languages and the need for specialized solving support, this paper introduces
the ShadowMaster, a novel problem domain derived from real-world sun blind configuration. By isolating the
difficulties of numerical reasoning and generative configuration into simplified models, we provide a systematic
examination of these challenges. Furthermore, we present explicit declarative representations of the ShadowMaster
domain using Coom, an open-source, solver-independent product configuration modeling language.

1. Introduction

Industrial product configuration [1] is a knowledge engineering problem before it is a solver problem [2,
3]. A configurator captures decisions that affect sales, engineering, production, and maintenance, and it
evolves over time as products and business rules change. Because of this lifecycle, a company needs a
modeling environment that domain experts and knowledge engineers can maintain, rather than just a
collection of solver-specific tricks.

This naturally motivates declarative modeling. Configuration research has long emphasized repre-
sentations that separate product domain knowledge from problem-solving knowledge [4, 5]. Rule-based
configurators can be effective initially, but this separation becomes difficult when product knowledge is
encoded together with control flow, rule ordering, and implementation-specific side effects. Declara-
tive models instead aim to describe which configurations are valid, while leaving the search for such
configurations to the solving system.

At the same time, industrial configuration problems often require forms of reasoning that are
difficult to encode. Numerical calculations usually require additional machinery for SAT [6] and
ASP [7] solvers when interacting with discrete choices [8, 9]. This becomes even more pronounced
for non-linear formulas and real-valued engineering quantities. Component generation creates a
different kind of difficulty because the solver has to reason about an unknown number of objects
and references between them. Generative configuration has therefore been studied as a distinct issue
in configuration research [10, 11] and recent work on ASP-based configuration investigates related
questions for interactive and industrial-scale settings [12].

The resulting tension is that a modeling language should be general enough for knowledge engineers,
while the underlying system still needs specialized solving support for the constructs that occur in
practice. In this paper, we take a first step toward a systematic treatment of these challenges by
introducing a novel problem domain. This domain describes the task of configuring sun blinds, which
inspired us to dub it the ShadowMaster. The problem is simplified for this paper but derived from
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Figure 1: Representative sun blind systems motivating the ShadowMaster variants

real-world configuration work in industry such that the motivating modeling difficulties are preserved.
Examples of the sun blinds encountered in practice are shown in Figure 1.

The rest of the paper is structured as follows. In Section 2, we start by describing two simplified
versions of the ShadowMaster, each addressing only one of the two challenges. In Section 3, we provide
explicit representations of both versions, specified in the product configuration language Coom [13]. We
choose Coom because it offers a concrete, declarative notation for product structures, numerical features,
and behavioral constraints and is not tied to a specific solver system. A workbench for experimenting
with Coom product models, the CoomSuite [14], was introduced in [12]. Although initially targeted at
ASP, it allows for the integration of different solver backends in a modular fashion. Both Coom and the
CoomSuite are open source, so the examples can be inspected and experimented with.1

2. The ShadowMaster Problem

The problem is split into two deliberately simplified but complementary configuration tasks. The
ShadowMaster 1500 isolates the geometric calculations for a single specific type of sun blind, a pergola
awning (see left side of Figure 1), and challenges a configurator with non-linear numeric dependencies
and feasibility constraints over derived values. The ShadowMaster 3000 abstracts from such geometry
and instead focuses on generating and linking components for multiple neighboring blinds (see right
side of Figure 1), requiring reasoning over an initially unknown number of objects and their associations.
Together, the two variants capture capabilities that are central to industrial product configuration but
difficult to implement robustly: non-linear calculations, component generation, cardinality reasoning,
and structural consistency across references.

2.1. ShadowMaster 1500

We consider a simplified, two-dimensional side-view model of a pergola awning. The model is derived
from a real installation problem but abstracts from several construction details; in particular, the awning
is assumed to be straight, whereas some product variants use a curved guide rail.

Figure 2 shows a side-view of the geometry. Here, green symbols refer to constants and all other
symbols refer to variables. The input parameters are

1. the installation height ℎ𝑖,
2. the required clearance height ℎ𝑐, and
3. the input width 𝑤𝑖.

The fixed product-specific offsets, obtained from the technical drawing, are

𝑥0 = 125, 𝑦0 = 8.82, 𝑦1 = 90, 𝜌 = 48.4985 , (1)

1Note, however, that not all required features are currently implemented in the CoomSuite.



Figure 2: Simplified side view geometry of the ShadowMaster 1500

where 𝑥0 is the wall-to-roller-axis offset, 𝑦0 and 𝑦1 are vertical cassette offsets, and 𝜌 is the perpendicular
offset between the post pivot and the awning reference axis. All quantities are assumed to be expressed
in the same unit.

The central calculation of the awning is that of the inclination angle 𝛼. First, we define several auxiliary
variables (omitted in Figure 2 for the sake of readability). The horizontal and vertical components ∆𝑥
and ∆𝑦 between the roller-axis reference point and the front clearance reference point are defined as

∆𝑥 = 𝑤𝑖 − 𝑥0, ∆𝑦 = ℎ𝑖 − 𝑦0 + 𝑦1 − ℎ𝑐 . (2)

Furthermore, we define

𝐿 =
√︀
∆𝑥2 +∆𝑦2 . (3)

The inclination angle 𝛼 is then calculated as

𝛼 = atan2(∆𝑦,∆𝑥) + arcsin
(︁ 𝜌

𝐿

)︁
. (4)

The first term is the inclination of the segment connecting the rear and front reference points. The
second term corrects for the fact that the post pivot is not located on the awning reference axis but at
a fixed perpendicular distance 𝜌. For the inclination calculation to be real-valued, the perpendicular
offset must not exceed the distance between the reference points, that is, 0 ≤ 𝜌 ≤ 𝐿. In this simplified
instance, the effective order width 𝑤𝑜 is calculated as

𝑤𝑜 = 𝑤𝑖 + 80 tan(𝛼) . (5)

In addition, the configuration of the pergola awning may include a pole for extra stability. If a pole is
used, its input value is the pole width 𝑤𝑝, that is, the distance of the pole from the wall. This must lie in
the admissible range 0 ≤ 𝑤𝑝 ≤ 4000. Then, the pole overhang 𝑜𝑝 is derived as

𝑜𝑝 = 𝑤𝑖 − 𝑤𝑝 , (6)



and it must exceed the required minimum

𝑜𝑝 > 105 . (7)

Lastly, the pole height ℎ𝑝 must satisfy 1000 ≤ ℎ𝑝 ≤ 3200 and is determined from the clearance height
ℎ𝑐 and the inclination angle 𝛼, namely

ℎ𝑝 = ℎ𝑐 + 𝑜𝑝 tan(𝛼) . (8)

2.2. ShadowMaster 3000

The ShadowMaster 3000 abstracts from the geometric calculation of a single blind and focuses on the
configuration of several neighboring blinds. The difficulty is now the generation of a suitable object
structure: given a number of blinds, the problem consists of determining the necessary number of
engines together with consistent references between blinds and engines.

Engine 1 Engine 2

Blind 1
p1 = false

Blind 2
p2 = true

Blind 3
p3 = false

Figure 3: Schematic abstraction of neighboring blinds and their associated engines

Formally, as illustrated in Figure 3, the input to the problem is a fixed sequence of sun blinds

𝐵 = (𝑏1, . . . , 𝑏𝑛) (9)

with corresponding Boolean values

𝑝𝑖 ∈ {true, false} for 𝑖 ∈ {1, . . . , 𝑛} , (10)

where 𝑝𝑖 denotes whether blind 𝑏𝑖 is connected to the same engine as the previous blind. The first blind
cannot refer to a predecessor, so

𝑝1 = false . (11)

A solution consists of a generated sequence of engines 𝐸 = (𝑒1, . . . , 𝑒𝑚) and an engine assignment

𝑔 : {1, . . . , 𝑛} → {1, . . . ,𝑚} . (12)

The intended meaning is that blind 𝑏𝑖 is powered by engine 𝑒𝑔(𝑖). The assignment is constrained by the
sequential order of the blinds such that the first blind is powered by the first engine, that is

𝑔(1) = 1 , (13)

and, for 1 < 𝑖 ≤ 𝑛 it holds that

𝑝𝑖 = true ⇒ 𝑔(𝑖) = 𝑔(𝑖− 1) (14)

𝑝𝑖 = false ⇒ 𝑔(𝑖) = 𝑔(𝑖− 1) + 1 . (15)

Thus, setting 𝑝𝑖 to false instantiates a new engine, while setting it to true attaches the current blind to
the previous blind’s engine.

The generated engines must also satisfy the engine cardinality constraints. In the simplified problem,
each engine can serve between one and three blinds, that is

1 ≤ |{𝑖 | 𝑔(𝑖) = 𝑗}| ≤ 3 for 𝑗 ∈ {1, . . . ,𝑚} . (16)



Consequently, once three consecutive blinds have been assigned to the same engine, the next blind
cannot also be assigned to the same engine; otherwise the instance is infeasible.

Finally, the object references must be maintained in both directions. Each blind stores a single
reference to its engine, and each engine stores the set of blinds assigned to it:

𝑏𝑖.engine = 𝑒𝑔(𝑖) (17)

𝑒𝑗 .blinds = {𝑏𝑖 | 𝑔(𝑖) = 𝑗} . (18)

This bidirectional structure is important for knowledge engineers because it allows modular constraints
to be attached to blinds, to engines, or to other functional groupings.

In practical product models, additional components may introduce further reference structures; for
example, a shared housing could itself be a sequential component that can connect to a different subset
of blinds. Furthermore, the problem can be posed as an optimization problem, for instance, by omitting
the explicit 𝑝𝑖 choices and asking for a valid configuration with a minimal number of engines.

3. Representing the ShadowMaster in Coom

We now illustrate how the two ShadowMaster variants can be represented in Coom. The encodings are
intended to make the representational requirements of the problems explicit and to provide concrete
models that can be inspected and experimented with in the CoomSuite and the Coom language
environment. In particular, they show how the numerical dependencies of the ShadowMaster 1500 and
the generated object structure of the ShadowMaster 3000 can be expressed in a declarative way. Note,
however, that the CoomSuite solving backend does not yet support all the required features.

3.1. ShadowMaster 1500

The product keyword in Listing 1 initiates the Coom product model by defining the root-level features
of the awning configuration. Each feature is defined by a type, a name, and an optional cardinality, which
defaults to 1..1. Numerical features may additionally have a range restricting the admissible values of
the feature.2 As in Section 2, the awning contains an optional Pole. The numerical features include the
input variables installationHeight, clearanceHeight, and inputWidth, (corresponding to ℎ𝑖,
ℎ𝑐, 𝑤𝑖), as well as the derived variables inclination and orderWidth (corresponding to 𝛼 and 𝑤𝑜).

1 product {
2 0..1 Pole pole
3 num installationHeight
4 num clearanceHeight
5 num inputWidth
6 num inclination
7 num orderWidth

Listing 1: Root product declaration of the ShadowMaster 1500

Listing 2 is the continuation of Listing 1 and contains additional root-level features for the material
of the awning cover with corresponding input variable length and derived variables for its area and
weight. These additional features are not part of the formalization from Section 2 but illustrate further
real-world product constraints that are typically derived from the core geometric calculations.

9 CoverMaterial material
10 num length
11 num area
12 num weight
13 }

Listing 2: Additional root features of the ShadowMaster 1500

2Note that Coom also allows specifying the unit and floating-point precision for numerical features but these are omitted here
for brevity.



The pole and the material refer to separate types; both of which are shown in Listing 3. First,
the structure keyword defines an abstract part Pole, which has numerical features for its width,
height, and overhang (corresponding to 𝑤𝑝, ℎ𝑝, and 𝑜𝑝 from before). The admissible intervals for
the width and height are given as ranges because they are intrinsic bounds of these features. Next,
the enumeration keyword declares an enumeration CoverMaterial with a finite set of available
options. Each option has a constant value with a corresponding density. This allows behavioral rules
to compute the weight of the configured awning from the selected material later on.

15 structure Pole {
16 num 0-4000 width
17 num 1000-3200 height
18 num overhang
19 }
20 enumeration CoverMaterial {
21 attribute num/gpqm density
22 _Default = ( 850 )
23 _Light = ( 599 )
24 _Acryl = ( 1495 )
25 _AllWeather = ( 2450 )
26 _Kombi = ( 2087 )
27 }

Listing 3: Pole structure and cover material enumeration of the ShadowMaster 1500

The behavior keyword describes constraints between variables of the model. Listing 4 shows
the root-level behavioral knowledge of the awning. First, Lines 30-33 encode the constraint from (4)
deriving the inclination angle 𝛼.3 For the sake of readability, the fixed geometric constants from (1)
are inlined directly. This is the central calculation of the ShadowMaster 1500 instance. Next, Line 34
encodes the constraint from (5). The remaining values for the area and total weight of the cover are
subsequently derived from it. As mentioned above, these additional constraints are not part of the
formalization from Section 2. Note how the selected cover variant enters the weight calculation through
its material-specific density attribute.

30 require inclination =
31 atan((125 - inputWidth) / (installationHeight - 8.82 + 90 - clearanceHeight)) +
32 acos(48.4985 / sqrt((installationHeight - 8.82 + 90 - clearanceHeight) ^ 2
33 + (125 - inputWidth) ^ 2))
34 require orderWidth = inputWidth + tan(inclination) * 80
35 require area = length * orderWidth / 1000000
36 require weight = area * material.density / 1000
37 }

Listing 4: Root-level behavior of the ShadowMaster 1500

Behavior blocks may also be scoped to a structure type. A block such as behavior Pole is
evaluated separately for each Pole instance, and unqualified path expressions inside the block are
interpreted relative to that instance. The keyword root refers back to the root product instance, which
allows local constraints to access root-level features such as inputWidth or clearanceHeight. For
instance, Listing 5 adds the Pole constraints (6)-(8).

40 require overhang = root.inputWidth - width
41 require overhang > 105
42 require height = root.clearanceHeight + tan(root.inclination) * overhang
43 }

Listing 5: Pole-specific behavior of the ShadowMaster 1500

3Equation (4) uses atan2 to state the geometry independently of quadrant conventions. Coom currently only provides atan,
so Listing 4 uses a one-argument trigonometric formulation restricted to the intended geometric range.



3.2. ShadowMaster 3000

The ShadowMaster 3000 targets a different aspect of configurator capability. Expressing it declaratively
is not trivial because the model must describe an initially unknown object structure. Component
generation and the convenient declarative representation of such generated structures remain ongoing
research problems and the language constructs for them are not yet final. The following representations
should therefore be read as preliminary encodings, not as a final recommendation for the syntax.

Listing 6 shows the structural part of the model. It contains two types of parts: Blind and Engine.
In the problem statement, the blind sequence is part of the instance. The cardinality 1..* should
therefore not be read as asking the solver to choose an arbitrary set of blinds. Rather, problem instances
fix the number and order of blinds. The generated part of the model is the sequence of engines and
the references between blinds and engines. The reference keyword is important here. A reference
feature links to an already existing component elsewhere in the configuration instead of owning it.
Thus, each blind has exactly one reference to an engine, while each engine connects to between one
and three blinds. Note that the former stems from the nature of the function 𝑔 from (12) and the latter
from the cardinality defined in (16). The Boolean variable withPrevious corresponds to the variable
𝑝𝑖 from (10). Additionally, the auxiliary numerical feature engineBlindIndex stores the position of a
blind within its selected engine’s local list of blinds.

1 product {
2 1..* Blind blinds
3 1..* Engine engines
4 }
5 structure Blind {
6 bool withPrevious
7 num engineBlindIndex
8 reference 1..1 Engine engine
9 }

10 structure Engine {
11 reference 1..3 Blind blinds
12 }

Listing 6: Product hierarchy of the ShadowMaster 3000

The behavioral part of the Coom model again uses local constraints. First, Listing 7 introduces
two local definitions, blindIndex and previousBlind. These definitions only provide short names
for expressions used in the subsequent constraints. The expression index(this) uses the special
keyword this, which denotes the blind instance for which the behavior Blind block is currently
evaluated. The function index returns the position of an instance within the feature of its parent object
that owns the instance. Thus, blindIndex denotes the position of the current blind in the root-level
blinds feature, and previousBlind abbreviates access to the preceding blind in that sequence. These
constructs allow the model to relate a blind to its predecessor without iterating over all blinds. The
subsequent lines encode the constraints specified in (11) and (13)-(15).

14 behavior Blind {
15 define blindIndex = index(this)
16 define previousBlind = root.blinds[blindIndex - 1]

18 condition blindIndex = 0
19 require withPrevious = false && index(engine) = 0

21 condition withPrevious = true
22 require engine = previousBlind.engine

24 condition blindIndex > 0 && withPrevious = false
25 require index(engine) = index(previousBlind.engine) + 1

Listing 7: Constraints for sequential engine assignment



Next, Listing 8 continues the behavior block from Listing 7 and constrains the position of the
current blind within its engine’s list of blinds. A blind starting a new sequence is always assigned
engineBlindIndex 0, and otherwise it increments the engineBlindIndex of the previous blind by
1. Note that in this way the engineBlindIndex is always a value between 0 and 2 as follows from
the other constraints and the cardinality 1..3 in Listing 6.

27 condition withPrevious = false
28 require engineBlindIndex = 0

30 condition withPrevious = true
31 require engineBlindIndex = previousBlind.engineBlindIndex + 1
32 }

Listing 8: Constraints for blind index in engine reference

Lastly, the two constraints in Listing 9 encode the requirement from (17) and (18) that the references
are bidirectional.

34 behavior Blind { require engine.blinds[engineBlindIndex] = this }
35 behavior Engine { require blinds.engine = this }

Listing 9: Constraints for bidirectional references

4. Discussion

We introduced a novel problem domain, the ShadowMaster, which describes configurations of different
types of sun blinds. The ShadowMaster 1500 characterizes the geometric aspects of a pergola awning
and involves challenging non-linear calculations. The ShadowMaster 3000 defines a system of sun blinds
with corresponding engine assignments and deals with component generation, cardinality reasoning,
and structural consistency across references. We presented a mathematical description of the two
problems and corresponding preliminary Coom product models.

Both problems are highly non-trivial even when considered by themselves. In industrial settings,
however, combinations of the above challenges are common. It remains an open research question to
find compact and maintable represenations as well as efficient and flexible solving approaches. For
instance, in ASP even the treatment of floating-point numbers, let alone of non-linear functions such
as trigonometric ones, is already non-trivial. Other approaches, such as constraint programming [15],
naturally deal with these kinds of numerical domains but do not natively support object generation and
references. Although the simplified ShadowMaster 3000 has a natural upper bound on the number of
engines by the given sequence of blinds, configurators with open-ended component generation may
require non-standard incremental approaches.

While this paper focuses on introducing and describing the problem domain, implementing the
necessary solving technologies is in active development. Currently, this is done in the context of the
CoomSuite using ASP; however, a study and comparison with other approaches would be insightful.
For this purpose, we plan to create scalable and modular benchmark versions of the problems introduced
here. One straightforward but more complex extension would be a combination of the two isolated
problems from Section 2. For example, instead of a single pergola awning, a sequence of awnings could
be configured, each with possibly different requirements regarding size, material, and other factors.
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Abstract 
Modern	retail	environments	rely	on	complex	interconnected	information	systems	supporting	inventory	
management,	shelf	space	allocation,	replenishment,	planogram	generation,	and	promotional	operations.	
However,	 operational	 retail	 data	 frequently	 contains	 inconsistencies.	 Existing	 retail	 optimization	
approaches	commonly	assume	that	input	data	is	structurally	valid,	which	limits	their	applicability	in	real-
world	 environments	 characterized	 by	 dynamically	 evolving	 retail	 states.	 This	 paper	 proposes	 a	
configuration-oriented	framework	for	representing	and	repairing	inconsistent	retail	operational	data.	The	
proposed	approach	interprets	retail	 inconsistencies	as	invalid	configuration	states	within	a	constrained	
retail	 configuration	space.	To	 formalize	 this	perspective,	 the	paper	 introduces	 the	concept	of	a	Broken	
Retail	 State.	 The	 framework	 adopts	 a	 layered	 architecture	 consisting	 of	 a	 Raw	 Retail	 Data	 Layer,	 a	
Consistency	Configuration	Layer,	a	Valid	Retail	Representation	Layer,	and	a	downstream	Optimization	and	
Decision	Layer.	The	central	contribution	of	the	framework	is	the	Consistency	Configuration	Layer,	which	
performs	 inconsistency	diagnosis	 and	 controlled	 retail	 state	 transformation	 through	 the	 application	of	
configuration	 operators.	 The	 proposed	 operators	 include	 completion,	 removal,	 substitution,	
synchronization,	 and	 consolidation	mechanisms	 responsible	 for	 transforming	 invalid	 retail	 states	 into	
structurally	 valid	 ones.	 Additionally,	 the	 paper	 introduces	 a	 taxonomy	 of	 Broken	 Retail	 States	 and	
formalizes	 retail	 consistency	 restoration	 as	 a	 configuration	 transformation	 process	 operating	 over	
constrained	retail	state	spaces.	Several	illustrative	scenarios	are	presented	to	demonstrate	the	applicability	
of	the	framework	to	common	retail	inconsistencies.	

Keywords 
Shelf	 space	 allocation,	 retail	 configuration,	 data	 inconsistency,	 retail	 data	 quality,	 broken	 retail	 states,	
configuration	framework,	operational	retail	data,	intelligent	retail	systems.	

1. Introduction	
Retail	 environments	 increasingly	 rely	 on	 data-driven	 decision-making	 processes	 to	 support	
operational	 activities	 such	 as	 inventory	 management,	 planogram	 generation,	 shelf	 space	
allocation,	 replenishment,	 and	 demand	 forecasting	 [1–3].	 Modern	 retail	 systems	 integrate	
information	originating	from	multiple	heterogeneous	sources,	including	point-of-sale	systems,	
enterprise	 resource	 planning	 platforms,	 warehouse	 management	 systems,	 shelf	 monitoring	
technologies,	and	promotional	management	applications.	Although	these	systems	enable	large-
scale	 optimization	 and	 automation,	 they	 also	 introduce	 specific	 challenges	 related	 to	 data	
consistency	 and	 structural	 integrity.	 In	 practice,	 retail	 data	 frequently	 contains	 incomplete	
assignments,	 contradictory	 records,	 duplicated	 entities,	 outdated	 planograms,	 phantom	
inventory	 states,	 and	 inconsistencies	 between	 physical	 shelf	 observations	 and	 digital	
representations.	

Such	inconsistencies	do	not	originate	exclusively	from	technical	integration	problems.	Retail	
environments	involve	multiple	stakeholders,	including	assortment	planners,	category	managers,	
store	employees	responsible	for	shelf	replenishment,	warehouse	workers,	logistics	personnel,	
and	 store	managers.	 These	 actors	 interact	 with	 different	 information	 systems	 and	maintain	



different	perspectives	on	retail	operations.	Consequently,	 inconsistencies	may	emerge	due	 to	
manual	data	entry	errors,	differences	in	operational	priorities,	incomplete	execution	of	planned	
shelf	 layouts,	 usability	 limitations	 of	 retail	 software	 interfaces,	 or	 discrepancies	 between	
strategic	retail	plans	and	physical	store	execution.	The	resulting	inconsistencies	are	therefore	
often	 socio-technical	 in	 nature,	 involving	 both	 information	 systems	 and	 human	 operational	
processes.	

Existing	research	on	Shelf	Space	Allocation	Problems	(SSAP),	assortment	optimization,	and	
retail	analytics	typically	assumes	that	input	data	is	valid,	consistent,	and	operationally	reliable	
[2–6].	 Under	 this	 assumption,	 optimization	methods	 focus	 primarily	 on	maximizing	 sales	 or	
profitability.	 However,	 real-world	 retail	 environments	 rarely	 satisfy	 these	 assumptions.	
Optimization	 processes	 executed	 on	 inconsistent	 retail	 data	may	 produce	 infeasible	 or	 non-
interpretable	solutions.	Consequently,	inconsistencies	in	retail	operational	data	represent	a	data	
quality	 concern.	 It	 is	 a	 structural	 problem	 that	 can	 reduce	 the	 feasibility	 and	 reliability	 of	
optimization	results.	

From	the	perspective	of	configuration	research,	retail	data	inconsistencies	can	be	interpreted	
as	 invalid	configuration	states	[7–9].	Retail	systems	consist	of	 interconnected	entities	such	as	
products,	 shelves,	 facings,	 inventory	 records,	 replenishment	 policies,	 and	 promotional	
assignments	that	must	satisfy	a	variety	of	physical,	semantic,	temporal,	and	business	constraints.	
For	instance,	a	product	may	be	assigned	to	a	shelf	section	that	lacks	sufficient	physical	space,	or	
a	 replenishment	 system	 may	 generate	 deliveries	 for	 products	 that	 have	 already	 been	
discontinued	in	the	assortment	database.	In	case	of	violation	of	constraints,	retail	systems	may	
enter	inconsistent	operational	states	that	decision-support	systems	cannot	process	reliably.	In	
this	context,	restoring	retail	data	consistency	can	be	treated	as	a	configuration	problem	in	which	
inconsistent	states	are	transformed	into	valid	operational	representations	using	configuration	
operators	and	consistency	rules.	

This	paper	proposes	a	layered	configuration	framework	for	repairing	inconsistent	retail	data	
states,	building	upon	concepts	from	constraint-based	configuration	and	inconsistency	diagnosis	
while	addressing	challenges	that	have	received	limited	attention	in	retail	optimization	research.	
The	proposed	 framework	 introduces	 the	concept	of	 a	Broken	Retail	 State,	defined	as	a	 retail	
operational	representation	violating	one	or	more	constraints.	Unlike	conventional	approaches	
focused	directly	on	optimization,	the	proposed	framework	establishes	a	dedicated	consistency-
configuration	 layer	responsible	 for	detecting,	classifying,	and	 transforming	 inconsistent	retail	
states	 into	 valid	 and	 traceable	 retail	 representations.	 The	 framework	 is	 a	 preprocessing	
mechanism	that	enables	downstream	optimization	processes.	As	a	result,	analytical	systems	can	
operate	on	feasible	and	reliable	data.	

This	 work	 makes	 conceptual	 and	 theoretical	 contributions.	 The	 paper	 formalizes	 retail	
inconsistencies	as	configurable	entities	within	a	retail	configuration	space.	It	then	introduces	a	
taxonomy	of	broken	retail	states	observed	in	large-scale	retail	environments	and	defines	a	set	of	
configuration	operators	 capable	of	 repairing	 invalid	 retail	 states	 and	 transforming	 them	 into	
consistent	operational	representations.	Finally,	the	paper	presents	a	layered	architecture	that	
separates	raw	retail	data,	consistency	configuration	processes,	and	downstream	optimization	
mechanisms.		

The	remainder	of	the	paper	is	organized	as	follows.	Section	2	discusses	related	work	in	retail	
optimization,	configuration	systems,	and	data	consistency	management.	Section	3	introduces	the	
formal	definition	of	Broken	Retail	States	and	the	proposed	taxonomy	of	retail	inconsistencies.	
Section	 4	 presents	 the	 layered	 configuration	 framework.	 Section	 5	 defines	 the	 consistency-
configuration	 layer,	 configuration	operators,	 and	state	 transformation	mechanisms.	Section	6	
provides	 illustrative	 retail	 inconsistency	 scenarios	 and	 configuration	 examples.	 Section	 7	
presents	the	discussion.	Finally,	Section	8	concludes	the	paper	and	outlines	directions	for	future	
research.	



2. Related	Literature	
Research	 related	 to	 retail	 shelf	 management,	 configuration	 systems,	 and	 data	 inconsistency	
handling	spans	multiple	domains.	Typically,	 the	relevant	domains	 include	retail	optimization,	
constraint-based	configuration,	knowledge	representation,	and	data	consistency	management.	
However,	substantial	progress	has	been	achieved	in	Shelf	Space	Allocation	Problems	(SSAP)	and	
retail	decision-support	systems.	

2.1. Retail	Shelf	Space	Allocation	and	Retail	Optimization	
Retail	 shelf	 space	 allocation	 has	 been	 extensively	 studied	 in	 operations	 research	 and	 retail	
analytics	literature.	Early	research	focused	primarily	on	the	relationship	between	shelf	exposure	
and	 product	 sales,	 while	 later	 studies	 introduced	 mathematical	 optimization	 methods	 for	
allocating	limited	retail	shelf	resources	[1,6,10,11].	

Yang	and	Chen	[6]	introduced	one	of	the	earlier	comprehensive	optimization	approaches	to	
shelf	management,	 emphasizing	 the	 importance	 of	 operational	 constraints	 in	 practical	 retail	
environments	 [6].	 Subsequent	 research	 extended	 shelf	 allocation	 models	 toward	 more	
sophisticated	formulations	involving	assortment	planning,	replenishment	integration,	category	
management,	and	planogram	generation.	

Bianchi-Aguiar	et	al.	[1]	provided	a	comprehensive	review	and	classification	framework	for	
retail	shelf	space	planning	problems,	demonstrating	the	increasing	complexity	of	shelf	allocation	
models	and	highlighting	the	importance	of	operational	constraints	in	modern	retail	systems	[1].	
Their	work	systematized	the	literature	surrounding	shelf	space	planning	and	identified	the	lack	
of	unified	representations	and	benchmark	formulations.	

Hübner	 et	 al.	 [2]	 further	 extended	 shelf	 space	 allocation	 research	 by	 integrating	 shelf	
dimensioning	and	product	allocation	within	a	unified	optimization	framework	[2].	Their	work	
demonstrated	 that	 shelf	 configuration	 and	 product	 allocation	 are	 strongly	 interdependent	
processes.	 Similarly,	 Flamand	 et	 al.	 [5]	 investigated	 store-wide	 shelf	 allocation	 strategies	
supporting	impulse	buying	and	category	interactions	[5].	

Additional	contributions	were	provided	through	the	development	of	heuristic	frameworks	
integrating	practical	retail	shelf	constraints,	such	as	facings,	capping,	and	nesting	methods,	into	
shelf	 allocation	 decision	 support.	 These	 studies	 highlighted	 the	 importance	 of	 realistic	
operational	conditions	and	demonstrated	that	retail	shelf	allocation	problems	frequently	involve	
highly	constrained	decision	spaces	[12,13].	Further	research	addressed	shelf-space	allocation	
while	considering	vertical	positioning	effects,	product	visibility,	and	merchandising	constraints.	
The	findings	indicated	that	shelf	allocation	decisions	depend	on	optimization	objectives	and	on	
structural	and	contextual	relationships	between	retail	entities	[14].	

The	next	research	emphasized	the	complexity	of	planogram	symmetry,	shelf	segmentation,	
and	 product	 clustering	 in	 retail	 configuration	 environments.	 The	 authors	 introduced	 hyper-
heuristic	approaches	for	handling	large	constrained	shelf	allocation	problems	involving	multiple	
interconnected	operational	rules	[15].	

Recent	 studies	 additionally	 incorporate	 replenishment	 and	 assortment	 planning	 into	
integrated	retail	optimization	systems.	For	example,	 integrated	decision-support	 frameworks	
combining	 assortment	 optimization,	 shelf	 allocation,	 and	 replenishment	 planning	 were	
proposed	to	improve	operational	coordination	across	retail	processes	[3].	

Integrated	retail	planning	approaches	have	also	gained	increasing	attention	in	recent	years.	
Hübner	and	Schaal	[4]	investigated	integrated	shelf	planning	and	replenishment	coordination	
mechanisms	 supporting	 large-scale	 retail	 operations.	 Their	 work	 demonstrated	 that	 shelf	
allocation	 decisions	 strongly	 influence	 inventory	 management	 and	 operational	 logistics	 [4].	
Borin	et	al.	[16]	proposed	integrated	category-management	models	considering	profitability	and	



shelf-space	 utilization	 simultaneously.	 Their	work	 became	 an	 important	 foundation	 for	 later	
integrated	retail	optimization	studies	[16].	

Another	 important	direction	concerns	computer-vision-assisted	retail	monitoring.	Chadha	
[17]	 explored	 automated	 shelf	 recognition	 and	 planogram	 verification	 systems	 using	 deep	
learning.	Their	results	demonstrated	that	discrepancies	between	detected	shelf	states	and	stored	
retail	representations	are	common	in	operational	retail	environments,	reinforcing	the	need	for	
consistency	restoration	mechanisms	[17].	

Mesquita	et	al.	[18]	proposed	real-time	synchronization	architectures	integrating	computer	
vision,	RFID	technologies,	and	inventory	systems.	Their	work	emphasized	that	synchronization	
delays	and	heterogeneous	data	streams	frequently	produce	inconsistent	retail	representations	
requiring	automated	consistency	restoration	mechanisms	[18].	

Additional	 studies	 have	 investigated	 sustainability-aware	 shelf	 optimization	 and	
environmentally	adaptive	retail	systems.	Yu	et	al	[19]	assessed	the	implications	of	a	fixed	carbon	
tax,	tradable	emission	allowances,	and	emission	pricing	and	incorporated	sustainability	metrics	
into	shelf	allocation	optimization.	Their	work	demonstrated	that	sustainability-related	business	
constraints	introduce	additional	configuration	dependencies	capable	of	generating	operational	
inconsistencies	[19].	

Recent	 studies	 increasingly	 combine	 shelf	 allocation	 with	 broader	 retail	 analytics	 and	
operational	 coordination	 systems.	 Integrated	 approaches	 simultaneously	 addressing	
assortment	 planning,	 replenishment	 synchronization,	 category	 management,	 and	 shelf	
optimization	 have	 become	 particularly	 important	 in	 large-scale	 retail	 environments	
characterized	by	dynamically	changing	assortments	and	operational	uncertainty.	

Despite	the	maturity	of	SSAP	research,	most	existing	models	assume	that	retail	operational	
data	 is	 consistent,	 synchronized,	 and	 structurally	 valid.	 In	 practice,	 however,	 retail	 systems	
frequently	contain	conflicting	assignments,	outdated	planograms,	duplicate	records,	phantom	
inventory	 states,	 and	 synchronization	 delays.	 Such	 inconsistencies	 are	 rarely	 formalized	
explicitly	within	retail	optimization	literature.	

2.2. Configuration	Systems	and	Constraint-Based	Reasoning	
Configuration	research	traditionally	focuses	on	constructing	valid	product	or	system	instances	
from	predefined	components	and	constraints.	In	such	systems,	consistency	maintenance	plays	a	
fundamental	 role	because	 invalid	 configurations	violate	 structural	 or	 semantic	 rules	 that	 are	
defined	within	the	configuration	space.	

Felfernig	 et	 al.	 [7]	 extensively	 investigated	 knowledge-based	 configuration	 systems,	
recommender-supported	configuration	engineering,	and	inconsistency	diagnosis	in	constraint-
based	 environments.	 The	 authors	 emphasized	 the	 importance	 of	 explanation	 mechanisms,	
configuration	 repair,	 and	 intelligent	 recommendation	 processes	 in	 complex	 configuration	
spaces[7].	 Similarly,	 Felfernig	 et	 al.	 [8]	 introduced	 diagnosis	 mechanisms	 for	 identifying	
conflicting	constraints	within	over-constrained	systems	[8].	

Pereira	et	al.	[9]	analyzed	methods	for	representing,	learning,	and	exploring	configuration	
spaces	 in	 software	 systems.	 Their	 work	 demonstrated	 that	 complex	 configurable	 systems	
frequently	 contain	 large	 numbers	 of	 interdependent	 constraints	 and	 configuration	 variants.	
Although	their	research	focuses	on	software	systems,	the	concept	of	configuration	spaces	and	
invalid	 configurations	 provides	 important	 theoretical	 foundations	 for	 modeling	 retail	
operational	states	as	constrained	configuration	environments	[9].	

Research	on	feature	models	and	configurable	systems	additionally	highlights	the	importance	
of	 constraint	 propagation,	 dependency	 management,	 and	 explainability	 in	 complex	
configuration	 environments.	 The	 concepts	 of	 it	 are	 highly	 relevant	 in	 retail	 systems	 where	
products,	 shelves,	 planograms,	 promotions,	 and	 replenishment	 structures	 form	 strongly	
interconnected	operational	networks.	



Further	research	investigated	practical	shelf-space	allocation	under	realistic	merchandising	
conditions	 involving	 horizontal	 and	 vertical	 grouping,	 capping,	 nesting,	 and	 multi-shelf	
constraints.	 The	 work	 showed	 that	 retail	 shelf	 allocation	 problems	 naturally	 contain	 large	
numbers	 of	 interacting	 constraints	 and	 operational	 dependencies,	 making	 them	 structurally	
similar	to	complex	configuration	systems	[13].	

Investigation	of	merchandising	rules	is	another	interesting	direction	in	retailing.	Researchers	
analyzed	the	relationship	between	product	categorization,	shelf	positioning,	brand	visibility,	and	
customer	perception.	Their	work	demonstrated	that	retail	shelf	configurations	are	governed	by	
physical	constraints	and	contextual	business	rules	[20].	

Constraint	 satisfaction	 and	 diagnosis	methods	 can	 be	 interpreted	 as	 over-constrained	 or	
invalid	configuration	states.	In	this	context,	diagnosis	mechanisms	identify	violated	constraints,	
while	repair	operators	transform	inconsistent	states	into	admissible	configurations.	

However,	 existing	 configuration	 research	 primarily	 focuses	 on	 configurable	 products,	
software	systems,	or	feature	models.	The	underlying	principles	of	configuration	theory	can	also	
be	 applied	 to	 operational	 retail	 states	 composed	 of	 interconnected	 entities	 and	 business	
constraints.		

2.3. Data	Consistency	and	Knowledge	Integration	
Research	 on	 data	 consistency	 management	 and	 knowledge	 integration	 provides	 important	
foundations.	Distributed	information	systems	frequently	experience	inconsistencies	caused	by	
asynchronous	 updates,	 heterogeneous	 schemas,	 incomplete	 synchronization,	 or	 conflicting	
representations	across	integrated	systems.	

In	 retail	 environments,	 these	 problems	 are	 amplified	 by	 the	 coexistence	 of	 multiple	
operational	platforms	such	as	inventory	systems,	point-of-sale	systems,	warehouse	management	
systems,	 and	 shelf	 monitoring	 technologies.	 Consequently,	 inconsistencies	 emerge	 at	 the	
database	level	as	well	as	at	the	operational	level.	

The	 relevance	of	 structured	operational	 representations	 is	 also	visible	 in	 advanced	 shelf-
space	allocation	literature.	Realistic	shelf-space	allocation	requires	the	integration	of	multiple	
spatial,	merchandising,	and	category-management	constraints	[21].	The	work	emphasized	the	
importance	of	representing	shelf	structures	as	interconnected	operational	systems	rather	than	
isolated	allocation	variables	[21].	

Several	 researchers	 analyzed	 allocation	 consistency	 in	 both	 retail	 stores	 and	distribution	
centers	 while	 considering	 multi-oriented	 capping	 constraints	 and	 operational	 storage	
dependencies.	Their	work	further	illustrates	that	retail	operational	structures	inherently	contain	
complex	interdependencies	capable	of	generating	structurally	inconsistent	states	[22].	

Additional	 research	 demonstrated	 that	 retailers	 frequently	 impose	 predefined	 allocation	
restrictions	 related	 to	 product	 type,	 positioning	 strategy,	 package	 characteristics,	 or	 brand	
visibility.	 Such	 restrictions	 significantly	 increase	 the	 likelihood	of	operational	 inconsistencies	
when	multiple	systems	simultaneously	modify	retail	representations	[23].	

Recent	 configuration	 research	 has	 increasingly	 focused	 on	 constraint	 satisfaction,	
configuration	repair,	and	reconfiguration	processes	in	environments	where	system	states	evolve	
over	 time.	 Dynamic	 configuration	 environments	 require	 transforming	 invalid	 or	 outdated	
configurations	into	admissible	states	while	preserving	as	much	of	the	original	configuration	as	
possible.	

Research	 on	 knowledge-based	 configuration	 systems	 provides	 a	 formal	 perspective	 on	
consistency	management	that	is	directly	relevant	to	the	proposed	Broken	Retail	States	concept.	
Felfernig	et	al.	[24]	defined	a	configuration	as	valid	only	when	it	satisfies	all	constraints	encoded	
in	the	underlying	knowledge	base	and	distinguished	between	consistent	and	inconsistent	system	
states	through	declarative	constraint	reasoning.	Their	consistency-based	diagnosis	framework	
further	demonstrates	that	violations	of	configuration	constraints	can	be	automatically	identified,	



localized,	and	explained	by	analyzing	conflicts	between	expected	and	observed	system	states	
[24].	This	view	closely	aligns	with	the	proposed	Consistency	Configuration	Layer,	where	Broken	
Retail	 States	 represent	 retail	 system	 states	 that	 violate	 semantic,	 operational,	 or	 business	
constraints	governing	correct	product,	inventory,	pricing,	or	process	configurations.	

Lambrix	 [25]	 argued	 that	 knowledge-based	 systems	 require	 mechanisms	 for	 detecting	
inconsistencies	 and	 for	 repairing	 incomplete	 or	 incorrect	 knowledge	 structures.	 Ontology	
debugging	distinguishes	between	semantic	defects,	modeling	defects,	and	missing	knowledge,	
emphasizing	 that	 incorrect	 or	 incomplete	 domain	 representations	 can	 lead	 to	 erroneous	
reasoning	and	decision-making.	The	proposed	framework	for	ontology	repair	further	formalized	
defect	detection	and	correction	as	a	reasoning	problem,	reinforcing	the	view	that	maintaining	
consistent	knowledge	requires	continuous	validation	against	domain	constraints	[25].		

Recent	AI-oriented	studies	investigated	adaptive	retail	shelf	systems	capable	of	responding	
dynamically	 to	 changes	 in	 demand,	 inventory,	 and	 customer	 behavior.	 Jayakrishnan	 [26]	
analyzed	 machine-learning	 and	 AI-based	 approaches	 supporting	 automated	 merchandising,	
demand-aware	 shelf	 allocation,	 and	 customer-centric	 planogram	 generation.	 Their	 review	
demonstrated	that	intelligent	shelf	systems	increasingly	depend	on	large-scale	operational	data	
integration	and	real-time	adaptation	mechanisms	[26].	

Interesting	 research	 direction	 concerns	 reinforcement-learning-based	 inventory	
optimization	for	perishable	goods.	Nomura	et	al.	[27]	investigated	dynamic	pricing	and	ordering	
policies	 using	 deep	 reinforcement	 learning	 and	 proximal	 policy	 optimization.	 Their	 findings	
demonstrated	 that	 reinforcement-learning-based	 approaches	 can	 significantly	 reduce	
computation	time	while	maintaining	near-optimal	performance	in	complex	perishable	inventory	
environments,	highlighting	the	potential	of	AI-driven	decision	systems	for	reducing	waste	and	
improving	retail	profitability	[27].	

Similarly,	Wu	et	 al.	 [28]	 introduced	 reinforcement-learning	approaches	 for	adaptive	 shelf	
allocation	under	continuously	evolving	inventory	and	demand	conditions.	The	authors	showed	
that	dynamic	retail	environments	generate	frequent	inconsistencies	between	digital	plans	and	
physical	 shelf	 states,	 especially	 when	 autonomous	 allocation	 decisions	 are	 performed	
continuously	[28].	

Interactive	 ontology	 debugging	 further	 extends	 consistency	 management	 by	 focusing	 on	
efficient	fault	localization	in	knowledge	bases.	Shchekotykhin	et	al.	[29]	proposed	an	interactive	
diagnosis	 framework	 that	 treats	 ontology	 inconsistencies	 as	 violations	 of	 logical	 axioms	 and	
progressively	identifies	the	underlying	faulty	constraints	through	user-guided	reasoning.	Their	
entropy-based	 query	 strategy	 minimized	 the	 effort	 required	 to	 isolate	 the	 source	 of	
inconsistencies	while	maintaining	 formal	 correctness.	 The	work	 highlighted	 that	 consistency	
management	includes	identifying	the	specific	semantic	rules	responsible	for	those	states	[29].	
Similarly,	the	proposed	Consistency	Configuration	Layer	aims	to	detect	Broken	Retail	States	and	
to	 support	 the	 localization	 of	 semantic,	 temporal,	 and	 operational	 constraint	 violations	 that	
generate	inconsistencies	in	retail	operations.	

The	proposed	taxonomy	of	Broken	Retail	States	is	also	consistent	with	research	on	database	
consistency	and	repair.	Bertossi	et	al.	[30]	and	colleagues	showed	that	inconsistent	databases	
can	 contain	multiple	 valid	 repair	 alternatives,	with	 repair	 strategies	 determined	by	 integrity	
constraints	 and	 preference	 relations	 among	 conflicting	 facts	 .	 Preferred	 repair	 frameworks	
formalize	inconsistency	as	a	violation	of	database	constraints	and	define	principled	mechanisms	
for	 restoring	 valid	 database	 states	 [30].	 This	 perspective	 is	 particularly	 relevant	 for	 retail	
environments,	where	conflicting	inventory	records,	product	attributes,	or	pricing	information	
may	admit	several	possible	corrections	that	must	be	resolved	according	to	business	priorities	
and	operational	policies.	

Declarative	knowledge	representation	and	reasoning	approaches,	particularly	Answer	Set	
Programming	 (ASP),	 provide	 a	 well-established	 computational	 foundation	 for	 consistency	



management	in	complex	systems.	As	reviewed	by	Falkner	et	al.	[31],	ASP	has	been	successfully	
applied	 in	 industrial	 domains	 including	 configuration,	 diagnosis,	 planning,	 and	 repair,	where	
system	states	are	represented	as	sets	of	constraints	and	valid	solutions	are	generated	through	
automated	reasoning.	A	key	advantage	of	ASP	is	its	ability	to	identify	inconsistent	configurations,	
explain	 conflicting	 requirements,	 and	 compute	 valid	 repairs	 while	 optimizing	 according	 to	
business	constraints	[31].	These	capabilities	closely	align	with	the	objectives	of	 the	proposed	
Consistency	 Configuration	 Layer,	 suggesting	 that	 Broken	 Retail	 States	 can	 be	 interpreted	 as	
constraint	violations	amenable	to	declarative	reasoning	and	automated	diagnosis.	

Kaminski	and	Schaub	[32]	developed	a	rigorous	theoretical	foundation	for	grounding	in	ASP.	
Grounding	 is	 the	 process	 of	 converting	 logic	 programs	 containing	 variables	 into	 equivalent	
propositional	(variable-free)	programs	that	ASP	solvers	can	process.	They	provided	a	semantic	
and	algorithmic	framework	that	closely	matches	how	practical	grounders	such	as	gringo	operate	
[32].	

Gonçalves	et	al.	[33]	provided	a	comprehensive	overview	of	forgetting	(also	called	variable	
elimination)	in	ASP.	Forgetting	is	the	operation	of	removing	atoms,	variables,	or	symbols	from	a	
logic	program	while	preserving	as	much	of	its	original	meaning	as	possible	over	the	remaining	
vocabulary.	The	authors	systematically	compared	the	many	forgetting	operators	proposed	in	the	
literature,	analyzed	 their	properties,	 computational	complexity,	and	applicability,	and	offered	
guidance	on	selecting	the	most	appropriate	operator	for	different	applications	[33].	

Recent	literature	demonstrates	several	important	trends,	including	increasing	integration	of	
retail	 planning	 processes,	 growing	 adoption	 of	 AI-driven	 shelf	 optimization,	 expansion	 of	
dynamic	and	adaptive	merchandising	systems,	and	increasing	importance	of	explainability	and	
sustainability.	 The	 studies	 indicate	 that	 retail	 operational	 environments	 naturally	 generate	
conflicting	assignments,	synchronization	delays,	inconsistent	planograms,	incompatible	product	
placements,	and	structurally	infeasible	shelf	representations.		

Traditional	data-cleaning	approaches	generally	focus	on	removing	corrupted	records,	filling	
missing	values,	or	resolving	duplicates.	However,	these	approaches	often	treat	inconsistencies	
as	 defects	 rather	 than	 structured	 operational	 states	 embedded	 within	 broader	 business	
processes.	Consequently,	there	remains	a	significant	gap	between	optimization-oriented	retail	
research	and	the	operational	reality	of	inconsistent	retail	environments.	

3. Broken	Retail	State	Formalization	
Retail	 systems	 rely	 on	 interconnected	 data	 describing	 products,	 shelves,	 inventory	 levels,	
replenishment	 operations,	 pricing	 structures,	 promotions,	 and	 customer-facing	 planograms	
[34–37].	 Such	 retail	 entities	 are	 continuously	 updated	 by	 different	 information	 systems	 and	
physical	 operational	 processes.	 Retailers’	 transformation	 into	 digital	 marketplaces	 requires	
retail	information	systems	to	support	their	dual	role	as	both	marketplace	operators	and	direct	
sellers.	 Implementation	of	 retail	 information	systems	enables	multi-sided	digital	marketplace	
business	models	[38].		

Joint	optimization	of	product	selection	and	shelf	space	allocation	in	omnichannel	retailing	is	
very	 important.	 It	 incorporates	 the	 showroom	 effect,	where	 customers’	 in-store	 experiences	
influence	their	online	purchasing	decisions.	Chen	et	al.	[39]	proposed	an	optimization	model	that	
simultaneously	 determines	 online	 and	 offline	 assortments	 and	 shelf	 space	 allocation	 to	
maximize	 overall	 profitability.	 The	 authors	 demonstrated	 that	 integrated	 decision-making	
outperforms	separate	optimization	approaches	and	provides	valuable	managerial	 insights	 for	
improving	omnichannel	retail	performance	[39].	

While	 existing	 configuration	 research	 primarily	 addresses	 engineering	 and	 product	
configuration	domains	 [24],	 the	present	study	extends	 these	principles	 to	omnichannel	 retail	



operations	 by	 conceptualizing	 retail	 inconsistencies	 as	 knowledge-based	 configuration	
violations	that	can	be	systematically	detected	and	classified.	

Because	retail	environments	are	highly	distributed	and	constantly	changing,	inconsistencies	
often	emerge	between	the	physical	state	of	a	store	and	its	digital	representation.	For	example,	a	
retail	 system	 may	 indicate	 that	 a	 product	 is	 available	 in	 backroom	 inventory	 while	 shelf-
monitoring	sensors	simultaneously	report	an	empty	shelf.	Similarly,	promotional	systems	may	
assign	discounted	products	to	planograms	that	no	longer	reflect	the	actual	shelf	layout	used	in	
stores.	 Most	 of	 the	 inconsistencies	 may	 originate	 from	 synchronization	 delays,	 incomplete	
updates,	conflicting	operational	rules,	manual	 interventions,	or	errors	introduced	during	data	
integration	processes.	

Conventional	retail	optimization	approaches	usually	treat	retail	inconsistencies	as	isolated	
data	quality	issues	handled	through	preprocessing	or	filtering.	In	contrast,	this	work	interprets	
inconsistent	 retail	 representations	 as	 invalid	 configuration	 states.	 From	 a	 configuration	
perspective,	a	retail	environment	may	be	understood	as	a	structured	space	consisting	of	entities,	
relationships,	and	operational	constraints.	

A	retail	state	is	considered	valid	only	if	all	relevant	constraints	are	satisfied	simultaneously.	
When	 these	 constraints	 are	violated,	 the	 resulting	 retail	 representations	become	structurally	
inconsistent;	in	this	work,	such	states	are	referred	to	as	Broken	Retail	States.	In	practice,	many	
of	 these	 inconsistencies	 coexist	 and	 may	 propagate	 across	 multiple	 retail	 systems	
simultaneously.	

A	Broken	Retail	State	(BRS)	is	defined	as	a	retail	operational	representation	violating	at	least	
one	 structural,	 semantic,	 temporal,	 or	 operational	 constraint	 within	 the	 retail	 configuration	
space.	 Inconsistencies	are	 interpreted	as	 invalid	configurations	within	 the	retail	 space	rather	
than	merely	corrupted	data	records.	

A	retail	state	𝑆is	considered	valid	if:	
∀𝑐! ∈ 𝐶: 𝑐!(𝑆) = 𝑡𝑟𝑢𝑒	

A	BRS	occurs	whenever	at	least	one	constraint	is	violated:	
∃𝑐! ∈ 𝐶: 𝑐!(𝑆) = 𝑓𝑎𝑙𝑠𝑒	

The	 framework	 distinguishes	 several	 categories	 of	 constraints	 that	maintain	 operational	
consistency	in	retail	systems.	

Structural	constraints	define	physical	and	 logical	placement	conditions	related	 to	shelves,	
products,	and	spatial	assignments.	They	ensure	that	product	allocations	satisfy	shelf	dimensions,	
category	structures,	and	physical	compatibility	rules.	Violations	of	structural	constraints	may	
lead	 to	 physically	 infeasible	 shelf	 configurations.	 An	 example	 structural	 constraint	 is	 shelf	
capacity	limitation:	

3𝑤!𝑥!

"
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≤ 𝑊%	

where:	
§ 𝑤! 	denotes	the	width	of	product	𝑖,	
§ 𝑥! 	denotes	the	assignment	decision	variable,	
§ 𝑊%	denotes	the	available	shelf	width.	

	
Semantic	constraints	preserve	logical	consistency	between	retail	entities	and	their	attributes.	

Their	purpose	is	to	maintain	compatibility	between	product	properties,	inventory	records,	and	
promotional	 assignments	 across	 integrated	 systems.	 Common	 examples	 include	 consistency	
between	 product	 categories	 and	 shelf	 zones,	 consistency	 between	 inventory	 records	 and	
observed	 shelf	 presence,	 and	 compatibility	 between	 promotional	 states	 and	 planogram	
assignments.	

Temporal	 constraints	 govern	 synchronization	 between	 dynamically	 changing	 retail	
processes	and	digital	representations.	Retail	systems	continuously	evolve	due	to	replenishment	



operations,	assortment	changes,	seasonal	promotions,	and	inventory	movements.	Consequently,	
timing	discrepancies	 frequently	 introduce	 inconsistencies.	Therefore,	 some	examples	of	 such	
constraints	include	outdated	planograms,	delayed	inventory	synchronization,	expired	product	
assignments,	and	stale	replenishment	schedules.	

Operational	 constraints	 describe	 business	 and	 execution	 rules	 required	 for	 daily	 retail	
functioning.	 They	 ensure	 compatibility	 between	 replenishment	 operations,	 pricing	 systems,	
promotional	strategies,	and	physical	shelf	accessibility.	Among	the	examples	are	minimum	facing	
requirements,	 replenishment	 feasibility,	 price	 synchronization,	 and	 promotional	 placement	
obligations.	

The	proposed	framework	introduces	a	taxonomy	of	Broken	Retail	States	commonly	observed	
in	large-scale	retail	environments.	It	groups	inconsistencies	according	to	the	type	of	constraint	
that	has	been	violated.	

Structurally	 broken	 states	 are	 associated	with	 violations	 of	 physical	 or	 logical	 placement	
rules.	 In	 practice,	 these	 problems	 often	 appear	 during	 assortment	 updates,	 shelf	 resets,	 or	
automated	planogram	generation.	Typical	examples	include	shelf-capacity	overflows,	duplicate	
product	 assignments,	 missing	 shelf	 allocations,	 and	 products	 placed	 in	 incorrect	 hierarchy	
segments.	Such	inconsistencies	may	produce	shelf	configurations	that	are	physically	infeasible	
or	operationally	difficult	to	maintain.	

Semantic	 broken	 states	 arise	 when	 related	 retail	 entities	 contain	 contradictory	 or	
incompatible	information.	They	are	especially	common	in	distributed	retail	information	systems	
where	data	originates	from	multiple	independent	sources.	For	instance,	inventory	systems	may	
report	stock	availability	while	shelf-monitoring	systems	detect	empty	shelves,	creating	phantom	
inventory	situations.	Similar	issues	may	occur	when	different	systems	assign	conflicting	product	
attributes	or	incompatible	category	labels.	

Temporal	 broken	 states	 emerge	 from	 delays	 or	 synchronization	 mismatches	 between	
operational	 processes	 and	 their	 digital	 representations.	 Because	 retail	 environments	
continuously	 evolve	 through	 replenishment	 activities,	 assortment	 changes,	 and	 promotional	
updates,	 timing	 inconsistencies	 are	 difficult	 to	 avoid	 entirely.	 Common	 examples	 include	
outdated	planograms,	expired	product	placements,	delayed	replenishment	synchronization,	and	
promotional	configurations	that	no	longer	correspond	to	current	store	conditions.	

Operational	broken	 states	affect	 the	execution	of	 everyday	 retail	processes	and	 therefore	
have	a	direct	impact	on	store	performance	and	customer	experience.	These	inconsistencies	may	
involve	 replenishment	 conflicts,	 pricing	 mismatches	 between	 systems	 and	 shelf	 labels,	
insufficient	 product	 facings,	 or	 inaccessible	 replenishment	 paths	 that	 prevent	 efficient	 shelf	
restocking.	In	many	cases,	operational	inconsistencies	emerge	as	a	consequence	of	unresolved	
structural,	semantic,	or	temporal	problems.	

The	 proposed	 taxonomy	 is	 also	 consistent	 with	 broader	 classifications	 of	 integrity	
constraints	discussed	in	database	systems,	knowledge	integration,	and	data	quality	management	
literature.	 Structural	 constraints	 correspond	 to	 schema-level	 and	 physical	 consistency	
requirements.	 Semantic	 constraints	 are	 closely	 related	 to	 business-rule	 consistency	 and	
ontology	 alignment.	 Temporal	 constraints	 reflect	 synchronization	 and	 temporal	 database	
consistency	 requirements.	 Operational	 constraints	 capture	 process-oriented	 business	
restrictions	 governing	 executable	 retail	 operations.	 Consequently,	 the	 proposed	 taxonomy	
adapts	established	consistency	concepts	to	the	retail	configuration	domain.	

The	designed	framework	treats	BRS	as	configurable	objects	subject	to	transformation	and	
repair	 operations.	 The	 framework	 preserves	 inconsistent	 states	 as	 explicitly	 identifiable	
operational	 configurations.	 This	 approach	 supports	 explainable	 diagnosis,	 traceable	 repair	
procedures,	and	more	systematic	consistency	restoration.	



4. Retail	Configuration	Framework	
The	 proposed	 Retail	 Configuration	 Framework	 establishes	 a	 structured	 approach	 for	
representing,	 diagnosing,	 and	 transforming	 inconsistent	 retail	 operational	 states.	 The	
framework	 is	designed	 to	 support	 consistency	 restoration	 in	 large-scale	 retail	 environments.	
Often,	 such	 retail	 spaces	 are	 characterized	 by	 heterogeneous	 data	 sources,	 asynchronous	
operational	processes,	and	continuously	evolving	shelf	configurations.	Unlike	traditional	retail	
optimization	systems	 that	assume	 the	existence	of	valid	 input	data,	 the	proposed	 framework	
explicitly	incorporates	inconsistency	handling	as	a	dedicated	configuration	problem.	

The	framework	adopts	a	 layered	architecture	separating	raw	operational	representations,	
consistency	 restoration	processes,	 and	downstream	analytical	mechanisms.	 In	 such	 a	way,	 it	
isolates	the	inconsistent	data	management	from	optimization	procedures.	Each	step	preserves	
traceability	and	explainability	of	configuration	transformations.	The	framework	consists	of	four	
conceptual	layers,	illustrated	in	Figure	1.	

	
Figure	1:	Framework	Layers	

The	 primary	 objective	 of	 the	 framework	 is	 to	 correct	 retail	 representations	 suitable	 for	
downstream	optimization	and	analytical	processing.	The	 framework,	 therefore,	operates	as	a	
preprocessing	mechanism	transforming	invalid	retail	states	into	feasible	and	reliable	data.	

The	 proposed	 framework	 pursues	 four	 principal	 objectives,	 including	 representation	 of	
inconsistent	 retail	 operational	 states,	 identification	and	classification	of	 constraint	violations,	
transformation	 of	 invalid	 states	 into	 consistent	 retail	 representations,	 and	 preservation	 of	
traceable	 and	 explainable	 configuration	 processes.	 Consequently,	 inconsistent	 states	 are	
preserved	as	explicitly	represented	configurations	subject	to	diagnosis.	

The	Raw	Retail	Data	 Layer	 contains	 heterogeneous	 operational	 representations	 collected	
from	 distributed	 retail	 systems.	 Data	 sources	 may	 include	 point-of-sale	 systems,	 inventory	
management	 systems,	 warehouse	 management	 platforms,	 shelf	 monitoring	 technologies,	
replenishment	 logs,	 planogram	databases,	 and	 promotional	management	 systems.	 This	 layer	
intentionally	 preserves	 inconsistencies,	 missing	 values,	 contradictory	 assignments,	 and	
synchronization	conflicts	originating	from	operational	retail	processes.	It	therefore	represents	
the	operational	retail	environment	in	its	naturally	evolving	form.	

The	Consistency	Configuration	Layer	constitutes	the	central	component	of	 the	 framework	
and	represents	its	primary	scientific	contribution.	This	layer	interprets	inconsistent	retail	states	
as	invalid	configurations	within	the	retail	configuration	space.	Under	its	responsibilities	are	the	
detection	of	constraint	violations,	classification	of	BRS,	application	of	configuration	operators,	
generation	of	consistent	retail	representations,	and	preservation	of	transformation	traceability.	
The	 layer	 operates	 using	 configuration	 rules,	 consistency	 constraints,	 and	 transformation	
operators	 defined	 over	 the	 retail	 configuration	 space.	 Unlike	 conventional	 preprocessing	
approaches	 that	 eliminate	 inconsistent	 records,	 the	 proposed	 layer	 explicitly	 models	
inconsistencies	as	configurable	entities	subject	to	controlled	transformation	processes.	

The	Valid	Retail	Representation	Layer	stores	retail	states	satisfying	all	required	consistency	
constraints.	 States	 within	 this	 layer	 constitute	 admissible	 retail	 configurations	 suitable	 for	
downstream	 optimization	 and	 analytical	 processing.	 The	 resulting	 representations	 provide	
structural	 consistency,	 semantic	 compatibility,	 temporal	 synchronization,	 and	 operational	
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feasibility.	This	layer,	therefore,	defines	the	feasible	retail	configuration	space	generated	by	the	
consistency	restoration	process.	

The	 Optimization	 and	 Decision	 Layer	 contains	 downstream	 optimization	 and	 decision-
support	mechanisms	and	operates	on	valid	data	configurations.	These	mechanisms	may	include	
shelf	 space	 allocation	 optimization,	 assortment	 planning,	 replenishment	 optimization,	
sustainability-aware	retail	analytics,	pricing	optimization,	and	demand	forecasting.	

The	proposed	framework	provides	valid	input	data	enabling	reliable	operation	of	analytical	
systems.	The	 framework	models	 the	 retail	 environment	as	a	 constrained	configuration	space	
composed	 of	 entities,	 relationships,	 and	 operational	 rules.	 Formally,	 the	 retail	 configuration	
space	(RCS)	is	defined	as:	

𝑅𝐶𝑆 = (𝐸, 𝑅, 𝐶, 𝑂)	
where:	

§ 𝐸	denotes	the	set	of	retail	entities,	
§ 𝑅	denotes	the	set	of	relationships	between	entities,	
§ 𝐶	denotes	the	set	of	consistency	constraints	governing	admissible	retail	states.	
§ 𝑂	denotes	the	set	of	configuration	operators.	
	

Retail	 entities	 may	 include	 products,	 shelves,	 categories,	 inventory	 records,	 planograms,	
promotional	assignments,	replenishment	schedules,	or	pricing	structures.	Relationships	define	
interactions	 between	 entities,	 such	 as	 product	 placement,	 category	 hierarchy,	 or	 inventory	
allocation.	Constraints	define	admissible	operational	conditions	within	the	retail	environment.	
Configuration	operators	define	transformation	mechanisms	capable	of	converting	invalid	retail	
states	into	structurally	consistent	representations.	Valid	retail	states	correspond	to	admissible	
configurations	satisfying	all	constraints	within	the	configuration	space.	

The	 framework	 adopts	 a	 state	 transformation	 perspective	 in	 which	 retail	 consistency	
restoration	 is	modeled	 as	 a	 sequence	 of	 configuration	 transitions	 between	 invalid	 and	 valid	
operational	states.	Given	a	BRS,	the	framework	applies	a	transformation	process:	

𝑇: 𝐵𝑅𝑆 → 𝐶𝑅𝑆	
where:	

§ 𝐵𝑅𝑆	denotes	a	broken	retail	state,	
§ 𝐶𝑅𝑆	denotes	a	consistent	retail	state,	
§ 𝑇	denotes	a	configuration	transformation	process.	
	

Typically,	transformation	processes	may	involve	completion	of	missing	assignments,	removal	of	
contradictory	 relationships,	 synchronization	 of	 temporal	 records,	 substitution	 of	 invalid	
placements,	 and	 consolidation	 of	 conflicting	 operational	 representations.	 The	 framework,	
therefore,	interprets	consistency	restoration	as	a	controlled	reconfiguration	process	operating	
over	the	retail	configuration	space.	

5. Consistency	Configuration	Layer	
The	 Consistency	 Configuration	 Layer	 represents	 the	 central	 operational	 and	 conceptual	
component	of	the	proposed	framework.	This	layer	is	responsible	for	transforming	inconsistent	
retail	operational	states	into	appropriate	retail	representations	using	the	configuration	rules	and	
transformation	operators.	

Unlike	traditional	data-cleaning	approaches	focused	primarily	on	filtering	corrupted	records,	
the	proposed	 layer	explicitly	models	 inconsistencies	as	 invalid	 configuration	 states	 requiring	
data	diagnostics	and	controlled	repair	processes.	Consequently,	 the	 layer	operates	as	a	 retail	
reconfiguration	engine,	preserving	explainability	and	transformation	traceability.	



The	 primary	 role	 of	 the	 layer	 is	 to	 establish	 a	 consistency-preserving	 transformation	
mechanism	capable	of	converting	BRS	into	valid	retail	configurations.	The	layer	performs	four	
principal	tasks,	among	which	are	the	identification	of	violated	constraints,	the	classification	of	
inconsistency	states,	the	selection	of	appropriate	configuration	operators,	and	the	generation	of	
consistent	 retail	 representations.	 The	 layer,	 therefore,	 bridges	 the	 gap	 between	 noisy	
operational	 retail	 environments	 and	 downstream	 optimization	 systems	 because	 it	 requires	
feasible	and	reliable	input	representations.	

The	first	stage	of	the	layer	involves	the	diagnosis	of	inconsistent	states	within	the	retail	space.	
Diagnosis	mechanisms	analyze	retail	entities	and	relationships	against	predefined	consistency	
constraints.	Given	a	retail	state	𝑆,	the	diagnosis	process	evaluates:	

𝐷(𝑆) = {𝑐! ∈ 𝐶|𝑐!(𝑆) = 𝑓𝑎𝑙𝑠𝑒}	
where:	

§ 𝐷(𝑆)	denotes	the	set	of	violated	constraints,	
§ 𝐶	denotes	the	set	of	consistency	constraints.	
	

The	diagnosis	process,	therefore,	identifies	structural	inconsistencies,	semantic	contradictions,	
temporal	 conflicts,	 and	 operational	 violations.	 The	 framework	 assumes	 that	 not	 all	
inconsistencies	originate	from	system-level	failures.	Constraint	violations	may	also	result	from	
human	 activities,	 including	 manual	 shelf	 adjustments,	 incomplete	 replenishment	 execution,	
delayed	 reporting,	 incorrect	 data	 entry,	 or	 deviations	 from	 prescribed	 planograms.	
Consequently,	 diagnosis	mechanisms	may	 identify	 inconsistencies	whose	 ultimate	 resolution	
requires	 human	 intervention,	 physical	 verification,	 or	 managerial	 decision-making.	 In	 such	
situations,	 the	 Consistency	 Configuration	 Layer	 functions	 as	 a	 decision-support	 mechanism	
rather	 than	 a	 fully	 autonomous	 repair	 system.	 Detected	 inconsistencies	 are	 subsequently	
classified	into	BRS	categories.	The	framework	assumes	that	multiple	inconsistency	types	may	
occur	simultaneously	within	a	single	retail	state.	Consequently,	diagnosis	procedures	operate	on	
interconnected	constraint	structures.	

Following	diagnosis,	the	layer	applies	configuration	operators	responsible	for	transforming	
invalid	 retail	 states	 into	 consistent	 representations.	 Configuration	 operators	 constitute	
controlled	transformation	mechanisms	defined	over	the	retail	configuration	space.	

Let:	
𝑂 = {𝑜$, 𝑜&, … , 𝑜"}	

denote	the	set	of	available	configuration	operators.	
Each	operator:	

𝑜$: 𝑆 → 𝑆′	
transforms	a	retail	state	𝑆	into	a	modified	state	𝑆'.	

The	framework	introduces	several	classes	of	configuration	operators.	They	are	particularly	
important	in	large-scale	distributed	retail	architectures.	

1. Completion	operators	 introduce	missing	assignments	required	 for	structural	consistency.	
Some	 examples	 include	 assigning	 missing	 shelf	 locations,	 restoring	 incomplete	 product	
metadata,	and	reconstructing	missing	planogram	relationships.	

2. Removal	operators	eliminate	contradictory	or	 invalid	entities	and	relationships.	They	are	
represented	 by	 the	 removal	 of	 duplicate	 shelf	 assignments,	 the	 deletion	 of	 obsolete	
promotional	records,	and	the	elimination	of	invalid	category	mappings.	

3. Substitution	operators	replace	invalid	entities	or	assignments	with	admissible	alternatives.	
Common	examples	include	relocation	of	products	to	compatible	shelf	zones,	replacement	of	
invalid	replenishment	paths,	and	reassignment	of	incompatible	category	placements.	



4. Synchronization	operators	restore	temporal	consistency	between	distributed	retail	systems.	
Under	their	responsibility	are	the	synchronization	of	inventory	states,	the	update	of	delayed	
planograms,	and	the	alignment	of	pricing	records.	

5. Consolidation	operators	merge	conflicting	representations	originating	from	heterogeneous	
systems	into	unified	retail	states.	

The	 proposed	 framework	 adopts	 a	 minimal-disruption	 transformation	 strategy.	 It	 seeks	 to	
minimize	 modifications	 required	 to	 restore	 consistency.	 The	 formulation	 of	 it	 preserves	
operational	 continuity	 and	 reduces	 unnecessary	 modifications	 to	 existing	 retail	 structures.	
Formally,	the	transformation	objective	may	be	expressed	as:	

min∆( 𝑆, 𝑆 ʹ) 
subject	to:	

∀𝑐! ∈ 𝐶: 𝑐!(𝑆ʹ) = 𝑡𝑟𝑢𝑒 

where	∆(𝑆, 𝑆ʹ)	denotes	an	abstract	transformation	distance	metric	measuring	the	magnitude	of	
modifications	 required	 to	 transform	 state	 S	 into	 state	 S’.	 Depending	 on	 implementation	
requirements,	the	distance	function	may	incorporate	weighted	graph-edit	distances	over	retail	
entity	relationships,	penalties	associated	with	constraint	violations,	or	vector-based	similarity	
measures	over	retail	attributes.	

The	 proposed	 framework	 treats	 configuration	 operators	 as	 coordinated	 repairing	
mechanisms.	Operator	 execution	 follows	 an	 iterative	 diagnosis–repair–validation	 cycle.	 After	
each	operator	application,	the	resulting	retail	state	is	re-evaluated	against	the	complete	set	of	
consistency	 constraints.	 Consequently,	 newly	 introduced	 violations	 are	 detected	 during	 the	
subsequent	diagnosis	phase	and	become	inputs	to	the	next	transformation	iteration.	

Consistency	restoration	is	viewed	as	a	sequence	of	controlled	configuration	transitions.	If	the	
repair	of	one	inconsistency	introduces	another	constraint	violation	(e.g.,	relocation	of	a	product	
to	resolve	a	temporal	inconsistency	that	subsequently	exceeds	shelf	capacity),	the	new	violation	
is	treated	as	a	newly	identified	Broken	Retail	State	and	handled	during	the	following	iteration.	

To	 reduce	 unnecessary	 oscillations,	 the	 framework	 conceptually	 assumes	 operator	
prioritization.	 Structural	 consistency	 is	 restored	 before	 semantic	 consistency,	 followed	 by	
temporal	 synchronization	and	operational	 refinement.	This	ordering	 reflects	 the	dependency	
between	retail	constraints.	

The	 transformation	 process	 terminates	 when	 either	 (i)	 all	 consistency	 constraints	 are	
satisfied,	producing	a	Consistent	Retail	State,	or	(ii)	no	further	operator	can	improve	the	current	
configuration	 according	 to	 the	 available	 repair	 knowledge.	 The	 latter	 situation	 represents	 a	
stable,	 unresolved	 configuration	 requiring	 external	 intervention	 or	 additional	 domain	
knowledge.	 Formal	 convergence	 guarantees	 and	optimal	 repair	 strategies	 remain	 subjects	 of	
future	research.	

The	proposed	Broken	Retail	State	concept	may	be	viewed	as	a	domain-specific	realization	of	
invalid	 configurations	 studied	 in	 knowledge-based	 configuration	 systems.	 Similarly,	 the	
Consistency	Configuration	Layer	corresponds	to	a	diagnosis-and-repair	mechanism	operating	
over	constrained	retail	configuration	spaces.	

An	 important	 characteristic	 of	 the	 Consistency	 Configuration	 Layer	 is	 preservation	 of	
explainability	throughout	the	transformation	process.	Each	configuration	operator	is	applied	to	
a	 retail	 state	 and	 produces	 traceable	 transformation	 records.	 They	 are	 describing	 violated	
constraints,	selected	repair	operators,	affected	entities,	and	resulting	state	modifications.	This	
capability	enables	operational	auditing,	configuration	explainability,	debugging	of	retail	systems,	
and	analysis	of	recurring	inconsistency	patterns.	

The	 explicit	 representation	 of	 inconsistencies	 additionally	 allows	 future	 integration	with	
intelligent	 reasoning	 systems,	 AI-driven	 diagnosis	 mechanisms,	 and	 adaptive	 retail	



reconfiguration	 approaches.	 The	 Consistency	 Configuration	 Layer	 models	 inconsistency	
restoration	 as	 a	 configuration	 process	 operating	 over	 constrained	 retail	 state	 spaces.	 So	 the	
proposed	framework	introduces	a	structured	foundation	for	future	research	on	intelligent	retail	
reconfiguration	systems.	

The	framework	additionally	enables	future	integration	with	constraint	satisfaction	methods,	
Answer	 Set	 Programming,	 ontology-based	 reasoning,	 explainable	 AI	 systems,	 adaptive	
optimization	algorithms,	and	sustainability-aware	retail	analytics.	Consequently,	the	proposed	
layer	 provides	 both	 a	 theoretical	 and	 operational	 basis	 for	 consistency-driven	 retail	
configuration	research.	

6. Illustrative	Scenarios	
To	demonstrate	the	applicability	of	the	Retail	Configuration	Framework,	this	section	presents	
representative	 illustrative	 scenarios	 of	 possible	 BRS	 and	 their	 corresponding	 configuration	
transformations.	The	objective	is	to	clarify	how	inconsistency	states	are	modeled,	diagnosed,	and	
transformed	within	the	Consistency	Configuration	Layer.	

Each	scenario	follows	a	uniform	structure:	(i)	initial	broken	state,	(ii)	violated	constraints,	
and	(iii)	configuration-based	repair	leading	to	a	consistent	retail	state.	

1. Scenario	1.	Shelf	capacity	overflow	(structural	BRS).	When	multiple	replacement	candidates	
exist,	substitution	operators	may	use	priority	scores	derived	from	profitability,	promotional	
importance,	category	coverage,	or	contractual	obligations.	

Initial	state.	A	set	of	products	is	assigned	to	a	shelf	exceeding	its	physical	capacity	due	to	
independent	updates	from	assortment	planning	and	promotional	expansion.	
Violation.	Structural	constraint	violation	(shelf	capacity	exceeded).	

3𝑤!𝑥!

"

!#1

> 𝑊% 

Configuration	 process.	 Removal	 operators	 eliminate	 low-priority	 promotional	 items.	
Substitution	 operators	 relocate	 oversized	 SKUs	 to	 alternative	 shelves.	 Consolidation	
operators	reconcile	duplicate	allocations	created	by	different	systems.	
Resulting	 state.	 A	 feasible	 shelf	 configuration	 satisfying	 physical	 constraints	 while	
preserving	high-priority	product	placement.	

2. Scenario	 2.	 Phantom	 inventory	 (semantic	 BRS).	 The	 acceptable	 synchronization	 latency	
depends	on	the	operational	context	and	may	range	from	near	real-time	updates	 in	smart	
retail	environments	to	periodic	synchronization	in	conventional	retail	systems.	

Initial	state.	Inventory	systems	report	the	availability	of	a	product,	but	shelf	observation	
data	indicate	the	absence	of	physical	stock.	
Violation.	Semantic	inconsistency	between	the	inventory	database	and	shelf	state.	
Configuration	process.	Synchronization	operators	align	inventory	records	with	observed	
shelf	data.	Completion	operators	 infer	missing	replenishment	events.	Removal	operators	
discard	stale	inventory	entries.	
Resulting	 state.	 A	 consistent	 mapping	 between	 digital	 inventory	 representation	 and	
physical	shelf	state.	

3. Scenario	 3.	 Duplicate	 shelf	 assignment	 (structural	 +	 operational	 BRS).	 Consolidation	
operators	may	rely	on	entity-resolution	and	record-deduplication	mechanisms	to	determine	
authoritative	representations	among	conflicting	assignments.	



Initial	state.	A	single	SKU	is	assigned	to	multiple	incompatible	shelf	zones	due	to	conflicting	
planogram	updates.	
Violation.	 Structural	 constraint	 violation	 (unique	 placement	 requirement).	 Operational	
constraint	violation	(invalid	execution	plan).		
Configuration	process.	Consolidation	operators	merge	conflicting	assignments.	Removal	
operators	eliminate	redundant	placements.	Substitution	operators	reassign	SKUs	based	on	
priority	rules.	
Resulting	 state.	 Each	 SKU	 is	 assigned	 to	 a	 single	 valid	 shelf	 location	 consistent	 with	
operational	constraints.	

4. Scenario	 4.	 Stale	 planogram	 configuration	 (temporal	 BRS).	 Depending	 on	 deployment	
architecture,	synchronization	and	repair	operators	may	operate	either	continuously	in	real	
time	or	as	scheduled	batch	consistency-restoration	processes.	

Initial	state.	A	planogram	references	discontinued	products	and	outdated	shelf	layouts.	
Violation.	 Temporal	 inconsistency	 (expired	 configuration	 reference).	 Structural	
inconsistency	(invalid	entity	references).	
Configuration	 process.	 Synchronization	 operators	 update	 the	 planogram	 against	 the	
current	 product	 catalog.	 Removal	 operators	 eliminate	 obsolete	 product	 references.	
Completion	operators	reconstruct	missing	layout	mappings.	
Resulting	 state.	 A	 temporally	 consistent	 planogram	 aligned	 with	 the	 current	 retail	
assortment.	

5. Scenario	 5.	 Promotion-placement	 conflict	 (Semantic	 +	 operational	 BRS).	 When	 multiple	
promotional	placements	 satisfy	 the	applicable	 constraints,	 operator	 selection	may	 follow	
retailer-defined	 merchandising	 policies,	 including	 promotion	 priority,	 available	
promotional	space,	campaign	objectives,	and	category-specific	display	rules.	

Initial	 state.	 A	 product	 is	 flagged	 as	 promotional	 in	 the	 system,	 but	 is	 not	 placed	 in	
designated	promotional	zones.	
Violation.	 Semantic	 inconsistency	 (promotion	 flag	 mismatch).	 Operational	 constraint	
violation	(placement	rule	breach)	
Configuration	 process.	 Substitution	 operators	 relocate	 products	 to	 promotional	 shelf	
zones.	Completion	operators	assign	missing	promotional	attributes	in	shelf	representation.	
Consolidation	operators	reconcile	promotional	metadata	across	systems.	
Resulting	 state.	 Consistent	 alignment	 between	 promotional	 status	 and	 physical	 shelf	
placement.	

6. Scenario	6.	 Regional	 assortment	 violation	 (contextual	BRS).	 Configuration	operators	may	
evaluate	region-specific	business	rules,	regulatory	requirements,	and	localized	assortment	
policies	to	ensure	that	the	resulting	configuration	complies	with	the	operational	context	of	
the	target	store.	

Initial	state.	A	set	of	products	appears	in	a	store	region	where	they	are	not	authorized	due	
to	regional	assortment	policies.	
Violation.	Contextual	constraint	violation	(policy	mismatch).	
Configuration	process.	Removal	operators	eliminate	non-compliant	products.	Substitution	
operators	 replace	 them	 with	 regionally	 approved	 alternatives.	 Completion	 operators	
restore	missing	assortment	coverage	where	necessary.	
Resulting	state.	A	regionally	compliant	assortment	configuration	consistent	with	business	
policies.	



7. Discussion	
The	 proposed	 framework	 introduces	 a	 conceptual	 shift	 in	 the	 treatment	 of	 retail	 data	
inconsistencies	by	interpreting	them	as	configuration	violations	rather	than	conventional	data	
quality	issues.	This	reinterpretation	enables	the	formal	modeling	of	inconsistent	retail	states	as	
BRS	within	a	structured	configuration	space.	As	a	result,	 inconsistencies	are	transformed	into	
valid	configurations	through	configuration	operators.	

A	 key	 contribution	 of	 this	 approach	 lies	 in	 the	 separation	 between	 inconsistency	
management	 and	 optimization.	 Traditional	 retail	 optimization	methods	 typically	 assume	 the	
existence	of	clean	and	reliable	input	data.	However,	real-world	retail	environments	frequently	
violate	this	assumption	due	to	distributed	data	sources,	asynchronous	updates,	and	operational	
complexity.	The	proposed	framework	addresses	this	gap	by	introducing	a	dedicated	consistency	
configuration	layer	that	restores	structural	validity	prior	to	optimization.	

The	 proposed	 framework	 differs	 from	 existing	 retail	 optimization	 approaches	 in	 several	
important	ways.	Most	SSAP	and	retail	planning	models	assume	that	input	data	is	already	valid	
and	focus	on	optimizing	shelf	allocation,	assortment	planning,	or	replenishment	decisions	[2–6].	
In	 contrast,	 the	 proposed	 framework	 addresses	 the	 preceding	 problem	 of	 consistency	
restoration	 and	 explicitly	 models	 invalid	 retail	 representations	 as	 Broken	 Retail	 States.	 The	
framework	 also	 differs	 from	 traditional	 configuration	 research,	which	 primarily	 investigates	
product,	 software,	 or	 feature-model	 configuration	 [7–9].	 Instead,	 it	 extends	 configuration	
concepts	to	operational	retail	data	and	introduces	a	dedicated	consistency-configuration	layer	
responsible	for	transforming	inconsistent	retail	states	into	admissible	retail	configurations.	To	
the	best	of	our	knowledge,	this	perspective	has	not	been	formalized	previously	within	retail	shelf	
management	and	retail	configuration	research.	

Another	important	aspect	of	the	framework	is	its	emphasis	on	explainability	and	traceability.	
Each	transformation	applied	within	the	configuration	layer	is	explicitly	associated	with	violated	
constraints	and	selected	repair	operators.	Because	of	this,	the	full	auditability	of	the	consistency	
restoration	 process	 becomes	 possible.	 It	 is	 particularly	 relevant	 in	 large-scale	 retail	 systems	
where	multiple	stakeholders	and	automated	processes	interact	simultaneously.	

The	 operator-based	 formulation	 further	 enhances	 the	 flexibility	 of	 the	 framework.	 The	
modular	configuration	operators	support	a	wide	range	of	inconsistency	types	without	requiring	
domain-specific	 reengineering.	 Common	 operators	 are	 completion,	 removal,	 substitution,	
synchronization,	and	consolidation	of	the	system.	

From	 a	 theoretical	 perspective,	 the	 framework	 extends	 configuration	 research	 by	
broadening	the	notion	of	configurability	beyond	product	or	system	design	to	include	operational	
data	states	themselves.	In	this	view,	inconsistency	becomes	a	property	of	configuration	spaces.	
This	perspective	aligns	retail	data	management	with	broader	research	in	configuration	systems,	
reconfiguration	processes,	and	knowledge-based	reasoning.	

The	 designed	 framework	 provides	 a	 structured,	 configuration-theoretic	 interpretation	 of	
retail	data	inconsistencies	and	positions	them	as	first-class	objects	within	retail	system	design	
and	analysis.	

An	important	limitation	of	purely	technical	consistency	restoration	approaches	is	that	retail	
environments	 are	 inherently	 socio-technical	 systems.	 Retail	 representations	 are	 created	 and	
maintained	by	multiple	actors	operating	at	different	organizational	 levels,	 including	planners,	
category	 managers,	 store	 employees,	 warehouse	 personnel,	 and	 logistics	 operators.	 These	
stakeholders	often	possess	different	objectives,	responsibilities,	and	levels	of	expertise,	which	
may	 contribute	 to	 the	 emergence	 of	 inconsistent	 retail	 states.	 Furthermore,	 certain	
inconsistencies	 originate	 from	 physical	 events	 such	 as	 theft,	 product	 damage,	 misplaced	
inventory,	 or	 losses	 during	 transportation.	 Such	 situations	 cannot	 always	 be	 resolved	 solely	
through	automated	configuration	operators.	Consequently,	the	proposed	framework	should	be	



interpreted	 as	 a	 human-in-the-loop	 consistency	 management	 approach,	 where	 automated	
diagnosis	 and	 repair	 mechanisms	 complement	 rather	 than	 replace	 human	 judgment	 and	
physical	verification	processes.	

8. Conclusion	and	Future	Work	
This	 paper	 introduces	 a	 configuration-oriented	 framework	 for	 configuring	 and	 repairing	
inconsistent	retail	data.	The	operational	anomalies	within	a	structured	retail	configuration	space	
are	referred	to	as	BRS.	Unlike	traditional	approaches	that	treat	inconsistencies	as	data	quality	
defects	 to	be	 filtered	or	 corrected	 in	 an	 ad	hoc	manner,	 the	proposed	 framework	 formalizes	
inconsistency	as	a	concept	in	configuration	systems.	This	shift	enables	a	systematic	treatment	of	
retail	 data	 irregularities	 as	 invalid	 configurations	 that	 can	 be	 diagnosed,	 transformed,	 and	
restored	through	configuration	operators.	

The	central	contribution	of	the	work	is	the	Consistency	Configuration	Layer,	which	separates	
raw	retail	data	from	downstream	optimization	processes	and	provides	a	dedicated	mechanism	
for	consistency	restoration.	Within	 this	 layer,	 inconsistent	retail	 states	are	 identified	 through	
constraint	 violation	 analysis,	 classified	 into	 structural,	 semantic,	 temporal,	 operational,	 and	
contextual	 categories,	 and	 subsequently	 transformed	 into	 valid	 retail	 configurations.	 The	
transformation	 process	 is	 governed	 by	 a	 set	 of	 modular	 configuration	 operators,	 including	
completion,	removal,	substitution,	synchronization,	and	consolidation,	which	collectively	ensure	
traceable	and	explainable	state	repair.	

This	research	introduces	a	formal	model	of	BRS	and	defines	a	corresponding	configuration	
space.	Therefore,	a	theoretical	foundation	for	treating	retail	inconsistencies	as	structured	objects	
is	 established.	 This	 approach	 allows	 retail	 systems	 to	 separate	 inconsistency	 handling	 and	
optimization,	 ensuring	 that	downstream	analytical	methods	operate	 exclusively	 on	valid	 and	
coherent	data.	

The	 proposed	 framework	 contributes	 to	 ongoing	 research	 on	 retail	 planning	 and	
configuration-based	 reasoning	 by	 extending	 consistency	 management	 concepts	 beyond	
traditional	 optimization	 and	 configuration	 domains	 [1,7,9].	 It	 highlights	 the	 importance	 of	
consistency	restoration	as	a	prerequisite	for	reliable	decision-making	in	 large-scale	and	data-
intensive	retail	environments.	

The	primary	limitation	of	the	present	work	is	its	conceptual	nature.	The	framework	has	been	
developed	 as	 a	 theoretical	 and	 architectural	 model	 and	 has	 been	 illustrated	 through	
representative	 retail	 scenarios	 rather	 than	 evaluated	 using	 real-world	 retail	 datasets.	
Consequently,	 the	 effectiveness,	 scalability,	 and	practical	 impact	 of	 the	proposed	 consistency	
restoration	mechanisms	remain	subjects	for	future	empirical	investigation.	

Despite	 its	 conceptual	 contributions,	 several	 directions	 remain	 open	 for	 future	 research.	
First,	the	formalization	of	optimal	repair	strategies	within	the	Consistency	Configuration	Layer	
could	be	 further	developed,	particularly	with	 respect	 to	minimal-change	principles	 and	 cost-
aware	 transformations.	 Second,	 the	 integration	 of	 uncertainty	 modeling	 would	 enhance	 the	
framework’s	ability	to	handle	ambiguous	or	partially	observed	retail	states,	potentially	through	
probabilistic	configuration	models	or	fuzzy	constraint	representations.	Third,	the	incorporation	
of	 automated	 reasoning	 techniques	 such	 as	 Constraint	 Satisfaction	 Problems,	 Answer	 Set	
Programming,	and	SAT-based	solvers	could	provide	a	more	rigorous	computational	foundation	
for	inconsistency	diagnosis	and	repair.	

A	 particularly	 important	 direction	 for	 future	 research	 is	 the	 empirical	 validation	 of	 the	
proposed	framework	using	operational	retail	data	obtained	from	real	retail	environments.	Such	
studies	 could	 evaluate	 the	 frequency	 of	 Broken	 Retail	 States,	 the	 effectiveness	 of	 different	
configuration	 operators,	 the	 quality	 of	 generated	 repairs,	 and	 the	 impact	 of	 consistency	
restoration	 on	 downstream	 optimization	 performance.	 Empirical	 validation	 would	 provide	



important	 evidence	 regarding	 the	 practical	 applicability	 and	 scalability	 of	 the	 proposed	
approach.	

Additionally,	 future	 work	 may	 explore	 the	 integration	 of	 machine	 learning	 methods	 for	
predicting	 inconsistency	 patterns	 and	 guiding	 configuration	 operator	 selection.	 Hybrid	
approaches	 combining	 symbolic	 reasoning	 with	 data-driven	 models	 may	 further	 improve	
scalability	and	adaptability	in	highly	dynamic	retail	environments.	Finally,	empirical	validation	
of	 the	 framework	 using	 real-world	 retail	 datasets	 would	 be	 a	 valuable	 extension,	 enabling	
quantitative	 evaluation	 of	 its	 effectiveness	 in	 improving	 consistency,	 traceability,	 and	
downstream	optimization	quality.	

Future	 research	 should	 also	 investigate	 human-centered	 aspects	 of	 retail	 consistency	
management.	In	particular,	the	interaction	between	retail	personnel	and	consistency	restoration	
systems	 deserves	 further	 attention.	 User	 roles,	 interface	 design,	 workflow	 integration,	
explainability	 of	 repair	 recommendations,	 and	human	acceptance	of	 automatically	 generated	
configuration	changes	may	substantially	influence	the	effectiveness	of	consistency	restoration	
processes.	 Incorporating	 human-in-the-loop	 validation	 mechanisms	 represents	 a	 promising	
direction	for	extending	the	proposed	framework.	

In	 conclusion,	 the	 proposed	 framework	 establishes	 a	 novel	 configuration-theoretic	
perspective	on	retail	data	inconsistencies.	It	provides	a	structured	foundation	for	research	on	
consistency-aware	 retail	 systems,	 intelligent	 reconfiguration	 mechanisms,	 and	 AI-supported	
decision-making	in	complex	operational	environments.	
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Abstract
Combinatorial and optimization problems are central to many industrial AI applications, including automated
engineering, product configuration, and production scheduling. A long-standing vision in AI is that domain
experts should specify what constitutes a correct solution, while the system determines how to find one efficiently.
In practice, however, deploying state-of-the-art solvers on large real-world instances still demands substantial
expert intervention: redesigning problem encodings, crafting domain-specific heuristics, decomposing problems,
or implementing tailored local-search procedures.

To address these challenges, we build on recent advances in program generation via code evolution [1].
OpenEvolve [2], an open-source implementation of [1], consists of four modules: a prompt sampler, an LLM
ensemble, an evaluator pool, and a program database. We introduce CheckMate [3], which extends the evaluator
pool. OpenEvolve+CheckMate only requires as inputs what a solution is, via (i) a formal specification 𝐹 of valid
solutions, (ii) a natural language description 𝐷 of the problem, and (iii) a small set of training problem instances 𝐼.

OpenEvolve+CheckMate outputs the best Python program 𝑝∗ from an evolutionary training loop. In each
iteration 𝑗, the LLM ensemble generates a program 𝑝𝑗, which CheckMate evaluates by (a) executing 𝑝𝑗 on each
𝑖 ∈ 𝐼, producing a candidate solution 𝑐𝑗𝑖, (b) syntactically validating 𝑐𝑗𝑖, (c) verifying its correctness against 𝐹 given
𝑖 using a state-of-the-art solver (such as clingo [4]), and (d) scoring 𝑝𝑗𝑖 depending on its performance. CheckMate
returns the score of 𝑝𝑗 and, for incorrect outputs, textual feedback per incorrect 𝑐𝑗𝑖. Finally, the best Python
program 𝑝∗ corresponds to the highest-scored 𝑝𝑗 after a predefined number of iterations.

We investigate: (RQ1) Can OpenEvolve+CheckMate solve hard real-world (a) combinatorial and (b) optimization
problems, such as configuration and scheduling?, (RQ2) How does the performance of the generated programs compare
to state-of-the-art solvers?, and (RQ3) How well do the evolved programs scale?.

We evaluate on three industrial case studies: two (decisional) configuration problems, the House Configuration
Problem (HCP) [5, 6] and the Combined Configuration Problem (CCP) [7], and one (optimization) scheduling
problem, the Energy-Aware Double-Flexible Job-Shop Problem (E-DFJSP) [8], which lexicographically minimizes
tardiness, energy consumption, and makespan. As baselines we use clingo [4] for HCP and CCP and CP
Optimizer [9] for E-DFJSP, each using the original formal problem encodings [10] [11] [12] during testing. Test
sets over-represent hard instances (RQ3). LLM program generation queries were served by GPT-5 (60%) and
GPT-5-mini (40%). Overall training cost for all experiments was below €200 in API fees, with training time
between 1-16 hours per evolution run, depending on the problem.

In all case studies, the evolved programs outperform the baselines. On HCP, the evolved program solves all
instances (avg. 0.08 𝑠, 281MB), while clingo fails all hard instances. On CCP, the evolved program solves 89% of
instances, and a portfolio of four independently evolved programs solves 100%—to our knowledge, for the first time
solving all CCP instances from [7]. Clingo solves 65% overall and 4% of hard instances. On E-DFJSP, the evolved
program solves 100% of instances, each within 4 𝑠, while CP Optimizer fails on 14 of the 18 hardest instances and,
on instances with 200+ jobs, is outperformed on tardiness—the highest-priority objective—by 49% on average.

These results show that OpenEvolve+CheckMate needs no information on how to construct solutions, only
what defines a correct (optimal) solution and a set of representative instances, and that the resulting programs
can efficiently solve hard real-world (a) combinatorial and (b) optimization problem instances currently out
of reach for state-of-the-art solvers—addressing (RQ1–RQ3). Future work topics include ablation studies of
CheckMate’s components, comparisons with open-weight LLMs, and analyses of CheckMate’s adoptability in
dynamic environments with changing problem constraints.
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Extended abstract of Trentin et al. [1] 

In response to recent calls to intensify research on the relationships among the enablers of mass customization 
capability (MCC) as well as on their combined effects on this organizational capability, this study is the first to 
investigate the combined effect of three practices that correspond one-to-one with Salvador et al.’s [2] three 
fundamental building blocks of mass customization: knowledge absorption from customers (KAfC), 
corresponding to solution space development; product modularity (PM), corresponding to robust process 
design; and online sales configurator use (OSCU), corresponding to choice navigation. As a matter of fact, 
Salvador et al. [2] had not clarified whether these building blocks should be developed simultaneously or 
sequentially. This is also the first study on MCC to utilize concepts from resource orchestration theory; a theory 
highly relevant for understanding how organizational capabilities are generated but not previously applied to 
MCC antecedents research. 

The research hypothesis is based on Salvador et al.’s [2] conceptual model, combined both with the principle 
of resource orchestration theory that posits that organizational capabilities arise from the combination of 
multiple interdependent resources that reinforce one another (resource bundle), and with Venkatraman’s [3] 
work on how to define and test the concept of fit. This high-level line of reasoning is supported by detailed 
arguments systematically explaining why each of the three practices (KAfC, PM, OSCU) facilitates the 
implementation of the other two and reinforces their benefits in terms of MCC. 

The hypothesis is tested using CB-SEM (covariance-based structural equation modeling) on data from 213 
manufacturing plants across three industries (electronics, machinery, and transportation equipment) and 16 
countries in Asia, America, and Europe. Results strongly support the hypothesis. The joint effect of KAfC, PM, 
and OSCU explains 41.9% of MCC variance, compared to only 13.9% explained by their independent effects. 
This stronger explanatory power, greater than that of most previous studies on MCC predictors, challenges 
the essentially sequential logic that dominates the literature on the guidelines for the implementation of mass 
customization (see Suzić et al. [4]), suggesting the adoption of a holistic approach in which the three practices 
are implemented together. 

Furthermore, since the three practices correspond to Salvador et al.’s [2] building blocks of mass customization, 
these results provide an initial answer, more than fifteen years later, to the question posed by Salvador et al. 
[2] regarding whether the three building blocks should be developed together or in a specific sequence. A 
further contribution consists in clarifying, by resolving apparent contradictions in the literature, the complex 
link between mass customization and flexibility. Finally, this study contributes to resource orchestration 
research by arguing that fit-as-covariation is most appropriate for modelling bundles of three or more 
interdependent, mutually reinforcing resources. 
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Abstract Reconciling product flexibility with cost, deliv-

ery, and quality is an ambidextrous organizational capa-

bility known as mass customization capability. This study

focuses on how this capability is affected by the joint

implementation of three organizational practices––knowl-

edge absorption from customers, product modularity, and

online sales configurator use––that directly correspond to

the three fundamental building blocks of mass customiza-

tion identified by prior, influential research. By drawing

upon a central tenet of resource orchestration theory, the

fit-as-covariation perspective, and prior mass customiza-

tion research, we conceptually develop the hypothesis that

the fit-as-covariation of these practices has a stronger

positive association with mass customization capability

than the same practices implemented in isolation. This

hypothesis was tested using covariance-based structural

equation modeling and survey data from 213 manufactur-

ing plants in three industries across 16 countries. Our

results support the hypothesis, showing that the joint effect

of these practices explains substantially more mass cus-

tomization capability variation (41.9%) than their isolated

effects (13.9%). This amount of variation indicates an

effect size that is greater than that reported by most pre-

vious survey-based studies on the antecedents of this

capability. Theoretically, this paper adds to the relatively

limited body of knowledge on the relationships among the

enablers of mass customization by highlighting the benefits

of a holistic approach in the implementation of the three

practices under investigation. Pragmatically, this study

helps companies create flexible systems that are able to

provide customized products without compromising cost,

delivery, or quality.

Keywords Flexibility �
Knowledge absorption from customers �
Mass customization � Product configuration �
Product modularity � Resource orchestration
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RMSEA Root-mean-square error of approximation

ROT Resource orchestration theory

TLI Tucker–Lewis index

Introduction

Flexibility has long been recognized as a critical factor in

enabling companies to navigate rapidly changing socioe-

conomic landscapes (Singh et al., 2021). The need for

flexibility has intensified in today’s business environment,

as organizations must adapt to increasingly complex and

dynamic markets while transitioning toward sustainable

production and consumption paradigms (Basile et al.,

2024; D’Adamo et al., 2023; Sushil, 2018).

Research on flexibility is grounded in the manufactur-

ing/operations strategy literature, which has examined the

role of flexibility among other competitive priorities,

including cost, delivery, and quality (Pérez-Pérez et al.,

2019). Overcoming the traditional trade-offs between a key

aspect of a manufacturer’s flexibility––that is, product

customization––and cost, delivery, and quality is an

ambidextrous organizational capability known as mass

customization capability (MCC) (Trentin et al., 2020;

Zhang et al., 2024). This capability is gaining increasing

attention from companies, as product customization is

becoming the new norm in the manufacturing sector

(Genedge; PwC & Oracle Alliance, 2024). In this context,

MCC can foster innovation (Qi et al., 2020), improve

several dimensions of firm performance, including envi-

ronmental sustainability (Sheng et al., 2021), and become a

source of competitive advantage (Jain et al., 2022). The

growing importance of MCC in practice has spurred a

considerable body of research aimed at understanding how

to develop this capability (see Suzić et al., 2018 for a recent

review on the topic). Prior research has also observed that

improving MCC is a complex endeavor that requires put-

ting multiple enablers in place, and that uneven or inter-

rupted paths toward this goal are not unusual (Suzić et al.,

2018). To develop guidelines capable of supporting com-

panies in this challenging process, it is crucial to under-

stand the relationships among MCC enablers, as firms

implementing mass customization must decide not only

what enablers should be put in place but also the order in

which they should be implemented (Suzić et al., 2018).

However, most prior research on the enablers of MCC

has focused on their independent effects on this capability

(Sheng et al., 2023). The relationships among MCC

enablers and their combined effects on MCC require

additional research (Jain et al., 2023; Sheng et al., 2023). In

particular, the precedence relationships and the resulting

sequential path toward MCC that characterize most of the

mass customization implementation guidelines available in

the literature should be reconsidered (Suzic & Forza,

2023). A strong challenge to this sequential path is pre-

sented by resource orchestration theory (ROT), since ROT

posits that organizational capabilities, such as MCC, stem

from bundling (i.e., jointly deploying) multiple interde-

pendent and mutually reinforcing resources (Hitt et al.,

2016; Liu et al., 2016; Sirmon et al., 2007), defined as

tangible and intangible assets that a firm controls (Sirmon

et al., 2008), including organizational practices. However,

this theoretical lens has not been applied to the investiga-

tion of MCC antecedents (see Liu et al., 2023) and, par-

ticularly, the investigation of their combined effects on

MCC.

The present paper aims to narrow this gap by drawing on

ROT arguments to explain the effect on MCC of bundling

three organizational practices that directly correspond to

the fundamental enablers of mass customization identified

by prior influential research and whose joint effect on MCC

has remained unexplored (see ‘‘Appendix 1’’), namely

knowledge absorption from customers (KAfC), product

modularity (PM), and online sales configurator use

(OSCU). By integrating ROT arguments with the fit-as-

covariation perspective and prior MCC research, the pre-

sent study conceptually develops the hypothesis that the fit-

as-covariation (i.e., the bundling) of KAfC, PM, and OSCU

has a stronger positive association with MCC than the same

practices implemented in isolation. The present study tes-

ted this hypothesis using covariance-based structural

equation modeling (CB-SEM) and survey data from 213

manufacturing plants in three industries across 16 countries

in Asia, America, and Europe. By doing so, this study

improves the understanding of how to develop MCC,

which can help companies not only improve their prof-

itability but also foster innovation and transition toward

sustainable production.

The remainder of this paper is organized as follows. The

next section reviews the relevant literature and conceptu-

ally develops the research hypothesis. The following sec-

tions describe the data and the measures used to test the

hypothesis, show the quality of the measures, present the

results of the main analysis, and introduce the supple-

mentary analyses, whose details are reported in the online

supplement to this paper. The theoretical and managerial

implications of the findings, as well as the study’s limita-

tions and opportunities for future research, are then dis-

cussed. Finally, some concluding remarks are provided

concerning the main message of the paper.

270 Global Journal of Flexible Systems Management (June 2025) 26(2):269–293

123



Literature Review and Research Hypothesis

This section begins with a review of the literature linking

mass customization with flexibility. It then explains why

the three organizational practices of interest here map one-

to-one onto the fundamental building blocks of mass cus-

tomization identified by Salvador et al.’s (2009) influential

work. Finally, it presents the conceptual arguments that led

to the research hypothesis.

Mass Customization and the Role of Flexibility in its

Context

Mass customization seeks to combine the best of custom

manufacturing, in terms of individualized products, with

the best of mass production, in terms of cost, delivery, and

quality performance (Squire et al., 2006). Prior research

has distinguished different mass customization strategies

that reflect different customer utility functions (Trentin &

Salvador, 2023). For example, when customers value a

high degree of product customization more than they value

delivery speed, the mass customization strategy should

involve customers at the design or fabrication stage of the

value chain (Trentin & Salvador, 2023). On the other hand,

when customers are not willing to sacrifice delivery speed,

‘‘they must be involved at a later stage and customization

takes place within the constraints of pre-engineered pro-

duct options or variants’’ (Trentin & Salvador, 2023, p. 24).

In the former case, prior research has used the term ‘‘full

mass customization,’’ while in the latter case, it has spoken

of partial mass customization (e.g., Huang et al., 2010;

Sandrin et al., 2018).

The notion of mass customization (capability) has long

been related to the concept of flexibility in two different

ways. One perspective sees flexibility as an enabler of

MCC. This view dates back to Pine’s (1993) seminal work

on mass customization. Unsurprisingly, the earliest litera-

ture review on mass customization, conducted by da Sil-

veira et al. (2001), defined mass customization in a way

that emphasized the role played by flexible processes in the

development of this capability. Similarly, process flexibil-

ity was identified by Zipkin (2001) as one of the funda-

mental enablers of MCC. Two years later, Fogliatto et al.

(2003) considered not only process flexibility but also ‘‘the

flexibility of design and/or supply delivery’’ (pp.

1811–1812) in their flexibility-driven index, which aimed

to assess the feasibility of mass customization. Elements of

flexibility beyond the traditional boundaries of the firm

were also identified in studies by Brabazon et al. (2010),

Salvador et al. (2015), Trentin et al. (2015), and Ullah and

Narain (2022). Besides reiterating the message on the

importance of flexibility at the plant level, Brabazon et al.

(2010) showed the role that interdealer trading flexibility––

a form of routing flexibility involving the downstream

supply chain––plays in the pursuit of MCC in the auto-

motive industry. Regarding the upstream supply chain,

Trentin et al.’s (2015) longitudinal case study indicated

supplier flexibilization as one of the factors that had

improved MCC at the case company. In the same year,

Salvador et al. (2015) reported large-scale empirical evi-

dence of the MCC-enabling role of flexible manufacturing

resources, defined in that study as including flexible sup-

pliers. Seven years later, these findings were corroborated

and extended by Ullah and Narain’s (2022) survey-based

study, which found empirical support for the positive effect

on MCC of not only supplier flexibility but also sourcing

flexibility. At a higher level of abstraction, Kortmann et al.

(2014) examined and reported large-scale empirical evi-

dence for the MCC-enabling role of strategic flexibility,

which depends not only on the flexibility of a firm’s

resources but also on the firm’s ability to reconfigure them.

Unsurprisingly, flexible manufacturing systems and

reconfigurable manufacturing systems have often been

mentioned as important enablers of mass customization

(Gao et al., 2021; He & Smith, 2024; Jain et al., 2023).

Other authors, however, have seen flexibility not as an

enabler of MCC but as one of the two poles of the tension

whose reconciliation is the very essence of MCC. For

example, Birkinshaw and Gupta (2013) observed that mass

customization makes it possible to reconcile efficiency and

flexibility in the manufacturing sector. In the same vein,

subsequent research has observed that mass customization

is expected to overcome the traditional trade-off between

flexibility and other dimensions of operational performance

(Trentin et al., 2020; Wiengarten et al., 2017). Similarly,

recent research in the construction industry has viewed

mass customization as the key to simultaneously increasing

flexibility and efficiency (Cao et al., 2021; Formoso et al.,

2022). Notably, this view implicitly equates flexibility with

the ability to provide customized products, that is, with

product flexibility as defined by Vickery et al. (1999). On

the other hand, the view of flexibility as an enabler of MCC

focuses on other dimensions of flexibility, such as process

flexibility or supplier flexibility, as explained above.

Focal Organizational Practices and Their Mapping

onto Mass Customization Building Blocks

Knowledge absorption from customers is the practice of

acquiring, assimilating, and exploiting knowledge gained

from customers (e.g., Yang & Yee, 2022; Zhang et al.,

2015b). This practice maps onto the first of the three fun-

damental building blocks of mass customization identified

by Salvador et al. (2009)—solution space development.

This building block points to the necessity for a mass
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customizer to define its solution space, that is, the ‘‘pre-

defined space of possible outputs’’ (Salvador et al., 2020,

p. 4), based on a clear understanding of customers’

idiosyncratic needs and, specifically, of the product attri-

butes along which customers’ idiosyncratic needs diverge

the most (Salvador et al., 2009). As such, solution space

development clearly implies the acquisition, assimilation,

and exploitation of customer knowledge.

Knowledge absorption from customers adds to a com-

pany’s flexibility by enabling the organization to keep its

solution space aligned with its customers’ evolving needs

(Zhang et al., 2015b). For example, customers’ post-pur-

chase feedback on the value received from existing solu-

tions can be gathered, analyzed, and incorporated into

improved solutions. Keeping the solution space aligned

with changes in customers’ needs is a prerequisite to ful-

filling customer orders using predefined solutions and not

having to resort to engineered-to-order ones. In turn, this is

essential to infusing ‘‘flexibility into the product architec-

tures as well as into the sales and transformation pro-

cesses’’ without compromising other dimensions of

operational performance (Salvador et al., 2020, p. 4).

Product modularity is the practice of designing products

composed of parts that can be physically separated and

recombined to create a variety of product configurations

(Mikkola, 2007; Salvador, 2007; Wurzer & Reiner, 2018).

This practice maps onto the second of the three funda-

mental building blocks of mass customization identified by

Salvador et al. (2009)—robust process design. This build-

ing block points to the requirement that a mass customizer

fulfill differentiated customer needs by reusing or recom-

bining existing organizational and value-chain resources

(Salvador et al., 2009). Product modularity enables a

company to achieve this by creating product variety in a

combinatorial fashion from a relatively small number of

components (Ulrich, 1995). Consequently, product com-

ponents can be made in volume using mass-production

techniques, which allow manufacturers to achieve the low

cost and consistent quality typical of repetitive manufac-

turing (Duray et al., 2000).

Product modularity is a key enabler of strategy flexi-

bility (Worren et al., 2002). In particular, PM helps a

manufacturer keep its solution space aligned with changes

in customers’ functional requirements, as the number of

product components affected by these changes is minimal

(Gauss et al., 2022; Ulrich, 1995). In addition, PM allows

the postponement of the creation of product variety along

the manufacturing and distribution process (Verma &

Chatterjee, 2023), thus improving several dimensions of

operational performance (see Trentin & Salvador, 2023).

Finally, OSCU is the practice of enabling customers to

self-customize their product solutions online within the

constraints specified by the manufacturer (Sandrin et al.,

2017; Tseng & Piller, 2003). This practice maps onto the

last of the three fundamental building blocks of mass

customization identified by Salvador et al. (2009)—choice

navigation. This building block points to the necessity for a

mass customizer to help its customers identify their own

solutions within the manufacturer’s solution space ‘‘while

minimizing complexity and the burden of choice’’ (Sal-

vador et al., 2009, p. 74). An online sales configurator

enables a company to do this by giving customers the

freedom to explore the company’s solution space and make

their choices within the constraints specified by the com-

pany, ideally in a flexible and focused manner (Trentin

et al., 2013).

The use of an online sales configurator reconciles pro-

duct flexibility with cost, delivery, and quality in at least

two ways. First, it eliminates sales configuration errors,

which require time-consuming and costly interactions

between the customer and the manufacturer to fix, or if

these errors remain undetected, may impair product quality

(Heiskala et al., 2007). Second, OSCU increases the

number of customer orders that are fulfilled using prede-

fined solutions instead of engineered-to-order ones (Heis-

kala et al., 2007). Both mechanisms contribute to

improving cost, delivery, and quality performance when

customized products are provided (see Zhang, 2014 for a

review of the research on the impacts of configurators on

firm performance).

The practices outlined above can support a wide range

of mass customization strategies that are characterized by

different degrees of product customization (e.g., Duray

et al., 2000; Forza & Salvador, 2006). However, as the

degree of product customization approaches its maximum,

the implementation of OSCU becomes increasingly diffi-

cult (Forza & Salvador, 2006).

Hypothesis Development

A useful theoretical framework for this study is ROT.

According to ROT, organizational capabilities stem from

bundles of multiple, interdependent, and mutually rein-

forcing resources (Hitt et al., 2016; Liu et al., 2016; Sirmon

et al., 2007). It is the ‘‘fit or alignment’’ of these resources

‘‘rather than the independent effects of the individual

resources’’ (Liu et al., 2016, p. 14) that leads to organiza-

tional capabilities and, ultimately, to the creation of value

for customers and owners (Sirmon et al., 2007). This notion

of alignment among multiple interdependent and mutually

reinforcing resources is captured well by the fit-as-covari-

ation perspective identified by Venkatraman (1989). This

perspective, not unlike the perspectives termed ‘‘fit-as-

gestalts’’ and ‘‘fit-as-profile deviation’’ in the same paper,

conceptualizes fit as internal consistency among three or

more variables (Venkatraman, 1989). The fit-as-covariation

272 Global Journal of Flexible Systems Management (June 2025) 26(2):269–293

123



perspective, however, is more precise than the other two in

specifying the functional form that internal consistency

should take: ‘‘In this case, internal consistency requires that

a higher value of any one of the considered variables is

associated with higher values of all the other variables’’

(Sandrin et al., 2018, p. 338). Another reason why this

perspective on fit aligns well with ROT’s notion of

resource bundling is that the outcome of the multilateral

interactions among the three or more variables that com-

prise the bundle is captured well by the performance effect

of fit-as-covariation (Tanriverdi & Venkatraman, 2005).

In summary, ROT arguments and Venkatraman’s (1989)

work on the conceptualization of fit imply that organiza-

tional capabilities stem from the fit-as-covariation of

multiple, interdependent, and mutually reinforcing resour-

ces rather than from the independent effects of the same

resources considered in isolation. This major premise can

be combined with another premise, which rests on the

direct correspondence of KAfC, PM, and OSCU with the

fundamental building blocks of mass customization iden-

tified by Salvador et al.’s (2009) influential work. This

correspondence implies that KAfC, PM, and OSCU are key

resources for MCC. From these two premises, it follows

that the fit-as-covariation of these three specific resources

explains and predicts the organizational capability of mass

customization better than the independent effects of the

same resources considered in isolation.

The result of this deductive reasoning is corroborated by

a set of intertwined arguments that, for the sake of con-

ciseness, are reported in Appendices 2 and 3, where they

are also illustrated by company case examples based on the

MCC literature or the authors’ experience with manufac-

turers pursuing MCC. Appendix 2 provides a comprehen-

sive and systematic explanation of the mechanisms

whereby KAfC, PM, and OSCU mutually facilitate their

implementation in the pursuit of MCC (i.e., why PM

facilitates both OSCU and KAfC, why OSCU facilitates

both KAfC and PM, and why KAfC facilitates both PM

and OSCU). These mechanisms of mutual facilitation

contribute to explaining why MCC is better predicted by

the joint presence of these three practices than by the same

practices considered in isolation. Likewise, Appendix 3

provides a comprehensive and systematic explanation of

the mechanisms whereby the three practices mutually

reinforce their benefits in terms of MCC (i.e., why OSCU

reinforces the positive effect on MCC of both KAfC and

PM, why PM reinforces the positive effect on MCC of both

OSCU and KAfC, and how KAfC reinforces the positive

effect on MCC of both PM and OSCU). Since a manu-

facturer that understands these synergies is likely to

implement these practices together (see Aral et al., 2012,

for the same logical point, although applied to a different

research aim), these complementarity mechanisms

contribute to explaining why MCC is better predicted by

the joint presence of these practices than by their isolated

effects.

Besides corroborating the line of reasoning that com-

bines ROT arguments, Venkatraman’s (1989) notion of fit-

as-covariation, and Salvador et al.’s (2009) influential

work, Appendices 2 and 3 also overcome the concern that

simply advocating the bundling of KAfC, PM, and OSCU

based on this line of reasoning might be considered by

managers as overly generic or lacking in substance. Based

on the above, the following research hypothesis is posited:

Hypothesis: The fit-as-covariation of KAfC, PM, and

OSCU has a stronger positive association with a manu-

facturer’s MCC than KAfC, PM, and OSCU implemented

in isolation.

The effect of the fit-as-covariation of the three practices

on MCC is captured by the covariation model depicted in

Fig. 1a, while the effects of the same practices imple-

mented in isolation are captured by the independent-effects

model depicted in Fig. 1b. The research hypothesis

involves a comparison of the two models.

Method

This study follows the approach recommended for confir-

matory survey research, which is the type of survey

research that aims to test theory-driven hypotheses (Forza

& Sandrin, 2023). Accordingly, this section begins with a

description of the data collection procedures and continues

with a description of the measures used to test the

hypothesis and the results of the analyses performed to

assess measurement quality. Finally, this section describes

the testing procedure, which is based on Venkatraman’s

(1989) influential work on alternative notions of fit and the

associated testing procedures, as well on subsequent stud-

ies by the same author (Tanriverdi & Venkatraman, 2005;

Venkatraman, 1990).

Data Collection

The data for hypothesis testing were sourced from the

fourth and most recent edition of the High-Performance

Manufacturing (HPM) research initiative. This is an

international survey that has targeted, since its first edition,

medium-to-large manufacturing plants operating within

three industries: electronics, machinery, and transportation

equipment. The number of countries involved has pro-

gressively increased from one edition to the next and now

includes 16 countries across America, Asia, and Europe. In

exchange for its participation, each plant received a com-

prehensive benchmarking report that allowed it to compare
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its levels of performance and practice adoption against the

values of descriptive statistical indicators, such as aver-

ages, maxima, and minima, derived from the subsample of

plants in the same industrial sector worldwide. This

incentive contributed to a response rate of around 65% per

country. Twelve distinct questionnaires, each covering

specific topics, were provided to each plant. Two plant

respondents for each questionnaire were selected based on

their expertise in the relevant subject matter, except for the

questionnaire on accounting, which was submitted to one

respondent.1 The sample we used to test the hypothesis is

described in Table 1.

The fourth round of the HPM survey was specifically

designed to collect data on a set of manufacturing and

supply chain management practices that includes the three

practices of interest in the present study. In addition, the

HPM survey focuses on mid- to large-sized manufacturing

plants, whose relatively greater resources make it more

likely that the application of the surveyed practices can be

observed (Morita et al., 2018). Undeniably, practices such

as PM or OSCU may be more relevant in some industries

than in others. However, their adoption in the machinery,

transportation equipment, and electronics industries has

been discussed in business sources as well as in academic

papers (e.g., Bannasch et al., 2014; Blazek et al., 2021;

Mahlamäki et al., 2020). Consequently, our sample is

appropriate for the purposes of the present study.

Measures and Their Quality

The measurement scales for the focal constructs are pre-

sented in Table 2. For MCC, we used Zhang et al.’s (2020)

validated four-item scale adapted from Tu et al. (2001). For

KAfC and PM, we employed, respectively, Phan et al.’s

(2020) validated five-item scale and Liu et al.’s (2010)

validated three-item scale. For all these scales, the

Fig. 1 Conceptual models to be

compared

1 More details on the data collection process can be found in Ortega-

Jimenez et al. (2020).
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participants responded to each item on a five-point Likert-

type scale, where 1 = strongly disagree and 5 = strongly

agree. Finally, for OSCU, we used a single-item measure,

based on Bergkvist and Rossiter’s (2007) argument that

single-item measures are sufficient when a) ‘‘the object of

the construct [in our case, the online sales configurator] is

‘concrete singular,’ meaning that it consists of one object

that is easily and uniformly imagined [by the survey

respondents]’’ and b) ‘‘the attribute of the construct [in our

case, the extent to which the online sales configurator is

used] is ‘concrete,’ again meaning that it is easily and

uniformly imagined’’ (Bergkvist & Rossiter, 2007, p. 176).

The instructions for the OSCU item read: ‘‘For which of

the following marketing and sales activities does your plant

use the Internet or EDI [that is, electronic data inter-

change]? (1 = not at all, …, 5 = completely).’’

Since the focal constructs are plant-level characteristics

that were measured using individual-level data collected

from multiple respondents per plant, agreement among

informants is essential: ‘‘To the extent that responses

across multiple informants evaluating the same system […]

are consistent, the researcher infers this is due to a common

system-level trait driving the informant reports’’ (Ketokivi,

2019, pp. 383–384). To assess inter-rater agreement, we

used the ratio method developed by James et al. (1984). All

inter-rater agreement coefficients (IRACs) were well above

0.8 (Table 2), indicating good agreement among the

informants (Boyer & Verma, 2000). Consequently, the

informants’ scores were averaged to arrive at a plant-level

score for each focal construct.

Since the measures of the focal constructs are percep-

tual, we assessed their psychometric properties through

confirmatory factor analysis (CFA) performed using IBM’s

SPSS Amos version 22 software. To evaluate unidimen-

sionality and convergent validity, a model was specified in

which each item was constrained to load solely on its

intended construct while allowing the four latent constructs

to correlate freely. The model showed a good fit with the

data, as evidenced by standard fit indices: v2 (df) = 142.98

(60), v2/df = 2.38; comparative fit index (CFI) = 0.92,

incremental fit index (IFI) = 0.92, Tucker–Lewis index

(TLI) = 0.90, root-mean-square error of approximation

(RMSEA) (90% confidence interval) = 0.081

(0.064–0.098). Additionally, standardized factor loadings

for all items exceeded 0.50 and were significant at

p\ 0.01. Finally, all average variance extracted (AVE)

scores exceeded 0.50. Together, these results suggest uni-

dimensionality and good convergent validity. All com-

posite reliability (CR) values were above 0.70, which

indicates satisfactory reliability. Finally, the application of

Fornell and Larcker’s (1981) procedure suggests good

discriminant validity (Table 3).

Finally, we assessed common method bias, which could

be a concern when using perceptual measures. However, it

is worth emphasizing that, in our case, this concern is

mitigated by the fact that the focal constructs were mea-

sured using different informants so that no informant was

shared by any pair of constructs (see Podsakoff et al.,

2003). Nonetheless, we conducted Harman’s single-factor

test using both exploratory and confirmatory factor analysis

(see Podsakoff et al., 2003). The results of these analyses

do not suggest that method bias is a concern in this study.

Testing Procedure

To test the hypothesis, we compared the effect on MCC of

a reflective, second-order latent factor representing the fit-

as-covariation of KAfC, PM, and OSCU with the inde-

pendent effects of the same three variables on the same

capability. In the former model, the second-order factor

accounts for the complementarity and covariance among

the considered practices in the pursuit of MCC (see Tan-

riverdi & Venkatraman, 2005, although in a different

context). On the contrary, the latter model does not posit

any incremental explanatory power for the complemen-

tarity and covariance of these practices (see Tanriverdi &

Venkatraman, 2005, although in a different context).

Table 1 Sample distribution by industry and country

Industry Frequency %

Electronics 70 32.9

Machinery 86 40.4

Transportation equipment 57 26.8

Total 213 100.0

Country Frequency %

Brazil 9 4.2

China 19 8.9

Finland 12 5.6

Germany 19 8.9

Israel 6 2.8

Italy 25 11.7

Japan 18 8.5

South Korea 21 9.9

Spain 16 7.5

Sweden 3 1.4

Switzerland/Austria 9 4.2

Taiwan 23 10.8

UK 13 6.1

USA 7 3.3

Vietnam 13 6.1

Total 213 100.0
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In line with several previous studies on the determinants

of MCC (e.g., Liu et al., 2006; Zhang et al., 2014), we

controlled for the effects of the country and industry in

which a manufacturer operates and the size of the manu-

facturing company, measured with the natural logarithm of

the number of personnel employed (e.g., Huang et al.,

2008). Unlike plant size and the two industry dummies, the

numerous country dummies could not be included in the

two models due to our sample size. Thus, to rule out the

potential effects of country, we followed the approach of

Liu et al. (2006) and Sandrin et al. (2018) by employing in

all analyses the standardized residuals from the linear

ordinary least square regression analysis of each MCC item

on the country dummies.

Results

Using IBM’s SPSS Amos version 22 software, we esti-

mated and compared the two models through CB-SEM and

applied the criteria suggested by Venkatraman (1989) and/

or Venkatraman (1990). The first criterion involves

Table 2 Measurement scales

Construct

Composite reliability, Average variance extracted, Inter-rater

agreement coefficient

Measurement item (item code) Standardized factor

loadinga

Knowledge absorption from customersi (Phan et al., 2020, p. 395)

CR = 0.88

AVE = 0.59

IRAC = 0.91

‘‘We obtain a great amount of our product knowledge

from our customers.’’ (KAfC1)

0.76

‘‘Our customers provide us with valuable information on

product innovation.’’ (KAfC2)

0.74

‘‘We have learned a lot from our customers as part of our

product development process.’’ (KAfC3)

0.85

‘‘We quickly adopt new technologies by applying what

we learn from our customers.’’ (KAfC4)

0.78

‘‘We systematically check whether we have applied the

knowledge we acquire from our customers regarding

our products.’’ (KAfC5)

0.70

Product modularityii (Liu et al., 2010, p. 1010)

CR = 0.76

AVE = 0.52

IRAC = 0.84

‘‘Our products are modularly designed, so they can be

rapidly built by assembling modules.’’ (PM1)

0.85

‘‘We have defined product platforms as a basis for future

product variety and options.’’ (PM2)

0.52

‘‘Our products are designed to use many common

modules.’’ (PM3)

0.77

Online sales configurator useiii (see Roth et al., 2008, p. 33)

CR = 1

AVE = 1

IRAC = 0.83

‘‘Providing online customized customer service, where

customers can configure the product within the

constraints stated by the plant.’’ (OSCU1)

1

Mass customization capabilityiv (Zhang et al., 2020, p. 492)

CR = 0.81

AVE = 0.52

IRAC = 0.86

‘‘We are highly capable of large-scale product

customization.’’ (MCC1)

0.72

‘‘We can easily add significant product variety without

increasing cost.’’ (MCC2)

0.64

‘‘We can customize products while maintaining high

volume.’’ (MCC3)

0.79

‘‘Our capability for responding quickly to customization

requirements is very high.’’ (MCC4)

0.73

aAll estimated factor loadings are statistically significant with p\ 0.01
iDownstream supply chain management questionnaire
iiNew product development questionnaire
iiiInformation system management questionnaire
ivProcess engineering questionnaire
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evaluating the models’ goodness-of-fit statistics. Both

models exhibit similar and satisfactory fit indices. For the

covariation model, v2 (df) = 162.53 (95), v2/df = 1.71;

CFI = 0.94, IFI = 0.94, TLI = 0.92, RMSEA (90% confi-

dence interval) = 0.058 (0.042–0.073). For the indepen-

dent-effects model, v2 (df) = 158.00 (87), v2/df = 1.82;

CFI = 0.93, IFI = 0.94, TLI = 0.91, RMSEA (90% confi-

dence interval) = 0.062 (0.046–0.077). However, the

covariation model is preferred due to its greater parsimony

(Venkatraman, 1990).

The second criterion is the target coefficient––that is, the

ratio of the v2 value of the independent-effects model over

the v2 value of the covariation model—whose maximum

value is 1. Here, the target coefficient is 0.97, which is

close to 1. This indicates that the covariation model, which

is more parsimonious, explains the relationships among the

first-order factors almost as well as the independent-effects

model.

The third criterion considers the statistical significance

of the loadings of the first-order factors on the second-order

factor, while the fourth criterion evaluates the statistical

significance of the structural path linking the second-order

factor to the outcome variable, that is, to MCC. As illus-

trated in Fig. 2, all the loadings of the first-order factors on

the second-order factor are positive and highly significant,

and the second-order factor has a highly significant positive

impact on MCC.

The last criterion compares the squared multiple corre-

lation of MCC in the two models, which is the equivalent

of R2 in the regression analysis. The value of the MCC

squared multiple correlation in the covariation model

(41.9%) is much greater than the same value in the inde-

pendent-effects model (13.9%).

Collectively, these results corroborate our hypothesis by

favoring the covariation model (Fig. 2) over the indepen-

dent-effects model (Fig. 3). Specifically, criteria 1, 2, and 3

support the existence of the fit-as-covariation of KAfC,

PM, and OSCU in the pursuit of MCC. Criterion 4 shows

that the fit-as-covariation of these three practices has a

highly significant positive association with MCC. Finally,

criterion 5 shows that the fit-as-covariation of these

practices explains much more of the MCC variation in our

sample than do the independent effects of the same prac-

tices considered in isolation. Notably, in the independent-

effects model, the positive effects of KAfC and PM on

MCC are highly significant, but the positive effect of

OSCU on MCC is not significant, even with a generous

0.10 p value. This result provides further corroboration of

our conceptual argument that MCC is better explained and

predicted by a model in which the three practices are

bundled.

Finally, we performed a range of supplementary analy-

ses to assuage possible concerns about the measures used

for OSCU and MCC. These analyses, which are presented

in detail in the online supplement to this paper, supported

our hypothesis, thus showing the robustness of our

findings.

Discussion

This section begins with a discussion of the implications of

our findings for theory and practice. Subsequently, it

explains the limitations of our work and discusses the

corresponding opportunities for future research.

Theoretical Implications

Our findings have theoretical implications for three dif-

ferent but related streams of research: flexibility, MCC, and

resource orchestration. The first contribution lies in our

positioning of MCC research, including the results of the

present study, in the context of flexibility research. Our

systematic review of the literature linking flexibility and

mass customization shows that flexibility plays a key role

in both the conceptualization of MCC and the implemen-

tation of this capability. On the one hand, flexibility is one

of the poles of the tension that the ambidextrous organi-

zational capability of mass customization is expected to

reconcile (e.g., Wiengarten et al., 2017). On the other hand,

flexibility is one of the enablers of this capability (e.g.,

Fogliatto et al., 2003). Interestingly, these two roles have

coexisted in the literature, with some recent works focusing

on new solutions to increase manufacturing flexibility to

improve MCC (e.g., Hashemi-Petroodi et al., 2022; Vješ-

tica et al., 2023), while other recent studies have viewed

mass customization as the key to simultaneously increasing

flexibility and efficiency (Cao et al., 2021; Formoso et al.,

2022). This dual role played by flexibility in the context of

MCC implies that MCC research is inherently relevant to

flexibility research.

Notably, these two roles do not constitute a contradic-

tion but are fully consistent with the results of prior

Table 3 Discriminant validity of MCC, KAfC, PM, and OSCU

Construct AVE square root Correlations

MCC KAfC PM OSCU

MCC 0.72 1.00

KAfC 0.77 0.22 1.00

PM 0.72 0.26 0.14 1.00

OSCU 1.00 0.15 0.09 0.13 1.00
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research on flexibility types or dimensions.2 How different

types of flexibility relate to each other is one of the issues

addressed by the stream of research on the conceptualiza-

tion and operationalization of manufacturing and supply

chain flexibility (Pérez-Pérez et al., 2019). Our systematic

literature review shows that when flexibility is involved in

the conceptualization of MCC, it is understood as product

flexibility; on the other hand, when it is mentioned as an

enabler of MCC, it is understood as the flexibility of the

manufacturing process or of the upstream or downstream

supply chain, with a focus that––reflecting the main

research trajectory identified by Varma et al. (2024) in the

domain of flexibility––has progressively broadened from

in-house flexibility to include inbound and outbound flex-

ibilities (see Dey et al., 2019 for this categorization of

flexibility types). Notably, one of the accepted relation-

ships between the various dimensions of flexibility is the

positive association between process flexibility and product

flexibility (Jain et al., 2013; Parker & Wirth, 1999). This

accepted relationship is entirely consistent with the two

roles that flexibility plays in the implementation and con-

ceptualization of MCC; that is, flexibility (referring to

process flexibility) enables MCC, which is defined as the

ability to reconcile flexibility (referring to product flexi-

bility) with low cost, fast delivery, and high quality. This

dual role can also be interpreted through the lens of the

input-throughput-output model recently used by Höse et al.

(2023) to classify the different types of flexibility, which

states that product-related (or output) flexibility stems from

process-related (or throughput) and resource-related (or

input) flexibilities.

Interestingly, the results of the present study can also be

discussed in relation to Pérez-Pérez et al.’s (2019) inte-

grative framework on the antecedents, building blocks, and

consequences of manufacturing and supply chain flexibil-

ity. Two of these building blocks can be related to the

organizational practices of interest here: KAfC and OSCU

map onto the ‘‘information sharing and communication’’

building block, while PM maps onto the ‘‘processes’’

Fig. 3 Independent-effects

model: structural model

estimates (***p\ 0.01;

**p\ 0.05; NSp[ 0.10)

Fig. 2 Covariation model:

structural model estimates

(***p\ 0.01; **p\ 0.05;
NSp[ 0.10)

2 We use the terms ‘‘flexibility type’’ and ‘‘flexibility dimension’’ as

synonyms, in accordance with the vast majority of the flexibility

literature (e.g., Pérez Pérez et al., 2016).
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building block (Pérez-Pérez et al., 2019, p. 12). Therefore,

our results regarding the added value of bundling KAfC,

OSCU, and PM can be seen as echoing Pérez-Pérez et al.’s

(2019) observation that the building blocks of flexibility

are ‘‘interconnected and reinforcing approaches’’ (p. 12). In

addition, Pérez-Pérez et al. (2019) observe that organiza-

tional capabilities, such as agility, are among the outcomes

of the interdependent and mutually reinforcing building

blocks of flexibility. This observation is echoed by our

findings, since we showed that bundling KAfC, OSCU, and

PM––three practices that map onto two of the flexibility

building blocks identified by Pérez-Pérez et al. (2019)––is

positively associated with the organizational capability of

mass customization.

The second contribution of the present study concerns

the relationships between MCC enablers and how these

relationships affect MCC. Even though prior research has

investigated the effect of one or another of our focal

practices––considered in isolation––on MCC (e.g., Zhang

et al., 2015b, 2019), our conceptual and empirical results

are the first concerning their joint effect on MCC. Given

the lack of prior studies on this issue, we can only compare

our findings with prior research that explicitly or implicitly

suggests relationships between MCC enablers whose defi-

nitions conceptually overlap––to various extents––with

two or more of the practices of interest here (see Appendix

1).

On the one hand, our results are consistent with the

message that PM and OSCU are positively associated with

one another, which can be inferred from Peng et al. (2011)

and Zhang et al. (2015a). Likewise, our results are in line

with the positive association that was found by Tu et al.

(2004) between PM and KAfC. Finally, our results are

consistent with the pairwise complementarities found by

Salvador et al. (2015) among three different ‘‘resource

types’’ (Salvador et al., 2015, p. 618): customer involve-

ment, which overlaps with KAfC; the endowment of flex-

ible manufacturing resources, which embraces five

different resources, including PM; and product manage-

ment tools, which encompass three distinct resources,

including OSCU.

On the other hand, our results challenge the mainly

sequential logic that dominates the literature reviewed by

Suzić et al. (2018), that is, the literature that contains

guidelines for the implementation of mass customization.

Their review found an overall agreement that PM––as part

of product platform development––should precede infor-

mation technology–based product configuration, which

includes OSCU. This relationship, in which PM precedes

OSCU, might also be inferred from Purohit et al.’s (2016)

findings. However, our results showed that the joint effect

of PM, OSCU, and KAfC explains substantially more

MCC variation (41.9%) than the effects of the same

practices when considered independently (13.9%). The

amount of MCC variation explained by our covariation

model indicates a large effect size according to Cohen et al.

(2003). In addition, this effect size is greater than that

reported in most previous survey-based studies on the

antecedents of MCC. Of 22 studies that tested models with

MCC as a dependent variable, only three (i.e., Migdadi,

2022; Ullah & Narain, 2021; Wang et al., 2015; all of

which use partial least squares structural equation model-

ing) explain more MCC variation than our covariation

model. Conversely, the two highest amounts of MCC

variation explained by the studies that used regression

analysis or CB-SEM are smaller than the amount explained

by our covariation model: 36% in Salvador et al. (2015)

and 29% in Huang et al. (2010). Collectively, our con-

ceptual and empirical findings suggest that with a strictly

sequential implementation process, the adoption of the first

practice in the sequence (e.g., OSCU) could possibly fail

due to lack of support from the two other practices; in

addition, supposing this were not the case, the synergies

among the three practices would be fully captured only at

the end of the process, when all the practices have been

implemented. This means that a strictly sequential imple-

mentation, even if it did not lead to an interrupted path,

would certainly delay the full realization of the benefits of

KAfC, PM, and OSCU in the pursuit of MCC.

By either echoing or challenging prior mass cus-

tomization research results, our findings add to the dis-

cussion on the relationships among MCC enablers and how

these relationships affect MCC. Although crucial to the

development of mass customization implementation

guidelines (Suzic & Forza, 2023; Suzić et al., 2018), this

issue has attracted relatively little research, especially on

the interplay among larger sets of enablers (Jain et al.,

2023). By advancing knowledge of this issue, our study

complements Salvador et al.’s (2009) influential work,

which identified three fundamental building blocks of mass

customization but left it up to managers to decide whether

to implement them simultaneously or in a particular

sequence. Since KAfC, PM, and OSCU map one-to-one

onto those building blocks, our results argue in favor of the

simultaneous, rather than sequential, implementation of the

fundamental building blocks of mass customization iden-

tified by Salvador et al. (2009).

A final contribution of the present paper to the MCC

literature lies in our borrowing of ROT arguments to

generate novel insights into the process of developing

MCC. The existing literature has adopted various theoret-

ical lenses to investigate the antecedents of MCC, includ-

ing the theory of sociotechnical systems and the resource-

based view (see Liu et al., 2023). However, to the best of

Global Journal of Flexible Systems Management (June 2025) 26(2):269–293 279

123



our knowledge, prior research on the antecedents of MCC

has not yet exploited ROT,3 whose aim is to elucidate the

process through which executives manage firm resources to

create and maintain value for customers and owners (Sir-

mon et al., 2007, 2011). A key step in this process consists

of bundling multiple interdependent and mutually rein-

forcing resources to develop organizational capabilities

(Chirico et al., 2025; Hitt et al., 2016; Liu et al., 2016). By

drawing upon this central tenet of ROT, the present paper

also makes an incremental contribution to the stream of

research on resource orchestration.

Prior research in this stream has conceptualized the

notion of resource bundling using the fit-as-profile devia-

tion perspective (e.g. Liu et al., 2016) or the fit-as-mod-

eration perspective (e.g. Deligianni et al., 2019). To the

best of our knowledge, the present study is the first to

establish a logical connection between ROT’s notion of

resource bundling and the fit-as-covariation perspective. In

a context in which ROT is attracting considerable attention

from researchers beyond the confines of strategy research

(e.g., Chirico et al., 2025; Jiang et al., 2024), this con-

nection may help future research take full advantage of

Venkatraman’s (1989) work on alternative notions of fit

and on the associated testing procedures. When the bund-

ling of three or more resources mutually reinforces their

effects on a given criterion variable and mutually facilitates

their creation, the other five perspectives identified by

Venkatraman (1989) appear less appropriate for concep-

tualizing the resource bundle. First, the fit-as-matching

perspective cannot capture the fit between more than two

variables (Venkatraman, 1989). Second, the fit-as-gestalts

perspective and the fit-as-profile deviation perspective

view fit as internal consistency between three or more

variables but do not require that the pattern of internal

consistency be a pattern of covariation (see Venkatraman,

1989). Finally, the fit-as-moderation perspective and the

fit-as-mediation perspective capture only part of the com-

plex set of intertwined relationships that explain the exis-

tence of such a resource bundle: The fit-as-mediation

perspective does not capture the fact that the bundled

resources mutually reinforce their effects on a given cri-

terion variable, while the fit-as-moderation perspective

does not capture the fact that the bundled resources

mutually facilitate their creation, thus affecting the same

criterion variable not only directly but also indirectly

through the other resources of the bundle (see Venkatra-

man, 1989).

Finally, the present study provides empirical corrobo-

ration for one of the central tenets of ROT—that is, that

organizational capabilities stem from bundles of multiple,

interdependent, and mutually reinforcing resources (Hitt

et al., 2016; Liu et al., 2016; Sirmon et al., 2007). By

focusing on a specific bundle that prior research has not

examined, our conceptual results apply this highly abstract

tenet of ROT to the organizational capability of mass

customization, and our empirical results corroborate this

tenet in the specific context of MCC. Overall, this middle-

range theorizing effort (see Bourgeois, 1979) adds to the

resource orchestration literature, as the latter has rarely

identified the specific bundles needed to develop specific

capabilities (Hughes et al., 2018).

Managerial Implications

From a practical standpoint, this study can help companies

create flexible systems that are able to provide customized

products without compromising cost, delivery, or quality. It

does so in two ways. First, it makes managers aware that

they should strive to simultaneously increase PM, KAfC,

and OSCU to reconcile product flexibility with low cost,

fast delivery, and high quality. Our conceptual arguments,

corroborated by our empirical findings, imply that any

partial approach in which only a subset of these practices is

implemented will make their implementation more difficult

and hinder the full realization of their potential benefits in

the pursuit of MCC. In particular, our data show that

adopting an online sales configurator without adequately

investing in the ability to absorb customer knowledge and

modularize the product architecture does not have a sta-

tistically significant positive effect on MCC. This finding

points once more to the risk of adopting technological

solutions for mass customization without what, three dec-

ades ago, Hart (1995) termed ‘‘organizational readiness’’

(p. 44). Likewise, any approach in which OSCU, KAfC,

and PM are implemented sequentially will certainly delay

the achievement of the same benefits and might possibly

lead to failure in the implementation of the early practices

in the sequence and, therefore, to an interrupted path. Of

course, resource constraints could prevent a simultaneous,

steep increase in the level of all these practices. In this

case, a feasible approach to avoid the disadvantages of

working on only one practice at a time might be to make

simultaneous but gradual improvements, for example, by

focusing on one product family at a time.

Second, this paper helps managers build support for the

possibly gradual but simultaneous increase of KAfC, PM,

and OSCU. This coordinated move requires information

exchange and collaboration across multiple functional

departments within a manufacturing organization (at the

very least, product design and engineering, manufacturing,

marketing and sales, and information systems) as well as

beyond the organizational boundaries (at the very least,

3 Jafari et al. (2022) drew upon ROT to address the question of

whether MCC mediates the relationship between supply integration

and firm performance, not to explain and predict MCC.
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with customers). On the one hand, our comprehensive,

systematic, and detailed presentation of the mechanisms

whereby KAfC, PM, and OSCU mutually facilitate their

implementation and reciprocally reinforce their benefits in

the pursuit of MCC, along with the illustration of these

mechanisms by means of company case examples (see

Appendices 2 and 3), offers several selling points to

managers advocating a holistic approach to the imple-

mentation of these practices. On the other hand, possible

resistance from customers to sharing information on their

product preferences/experiences could be reduced by the

promise––corroborated by our empirical findings––of

greater product flexibility without compromising on cost,

quality, or delivery.

Limitations and Related Research Opportunities

The present study has some limitations that can be over-

come in future research. First, this paper focuses on prac-

tices that map one-to-one onto the fundamental building

blocks of mass customization identified by Salvador et al.

(2009) but does not fully cover them because of data

unavailability. Future research could develop comprehen-

sive measures of these building blocks and test the research

proposition––suggested by our results––that these building

blocks should be created simultaneously rather than

sequentially. Similarly, richer data would allow future

studies to empirically examine the effectiveness of the

proposed bundle of practices for different degrees of pro-

duct customization, corresponding to different mass cus-

tomization strategies, or the role that sales configurator

characteristics, such as user-friendliness, are likely to play

in strengthening the synergies among these practices in the

pursuit of MCC. Another focus for future research could be

the effect of complementing this bundle of practices with

cybersecurity systems aimed at mitigating data protection

concerns about capturing and storing rich customer infor-

mation as part of an organization’s KAfC.

Second, the present study, while presenting compelling

arguments and robust evidence supporting the simultane-

ous implementation of KAfC, PM, and OSCU to improve

MCC, does not address the question of how managers can

implement these practices simultaneously. While answer-

ing this ‘‘how’’ question will most likely require qualitative

research, we can safely conjecture that human resources

will play an important role in this process. This is because

the resource orchestration literature has explicitly recog-

nized that ‘‘multiple levels of management, with different

perspectives and pressures, must cooperate’’ (Chadwick

et al., 2015, p. 361) to orchestrate resources. However,

research on the micro-foundations of resource orchestration

is still in its infancy (Symeonidou & Nicolaou, 2018) and,

likewise, there is little prior research on the individual-

level enablers of MCC (Trentin et al., 2019). Future studies

could not only address these gaps but also complement the

results of previous studies on the crucial role played by

human resources in linking competitiveness and environ-

mental sustainability (e.g., Almanza Floyd et al., 2024) and

on the ways in which several dimensions of firm perfor-

mance are affected by human resource-related factors, such

as leadership style (e.g., Dimple & Tripathi, 2024; Prabhu

& Srivastava, 2023), top management team characteristics

(e.g., De la Gala-Velásquez et al., 2023), and human

resource flexibility (e.g., Dimple & Tripathi, 2024).

Future research could also apply a higher level of

analysis than the organization level adopted in the current

research. This is because the simultaneous increase in

KAfC, PM, and OSCU requires information exchange and

collaboration not only within but also beyond organiza-

tional boundaries. Thus, research on digital platform–based

ecosystems (see Helfat & Raubitschek, 2018; Suzic &

Chatzimichailidou, 2023), Industry 4.0 technologies (e.g.,

Pandey et al., 2024; Srivastava & Bag, 2023), and stake-

holder engagement (see D’Adamo, 2023; D’Adamo et al.,

2024; Kujala et al., 2022) might generate additional

insights into how to carry out this coordinated move.

We also recognize the need for additional research on

the extent to which our findings can be extended to

industries not covered by our sample. Finally, we under-

score that the cross-sectional nature of our data has led us

to formulate our hypothesis in correlational terms and,

certainly, a causal interpretation of our empirical findings

is not recommended. However, our conceptual arguments

support the causal effect of the bundling of KAfC, PM, and

OSCU on MCC, and this causal effect could be tested by

future longitudinal studies.

Conclusions

The present study joins the stream of research on how to

reconcile product flexibility with other dimensions of

operational performance, that is, how to develop MCC.

Prior research has shown that this ambidextrous organiza-

tional capability can help companies improve their prof-

itability, foster innovation, and transition toward

sustainable production. However, prior research has also

shown that developing MCC is a complex endeavor that

requires putting multiple enablers in place, and that uneven

or interrupted paths toward this goal are not unusual. To

develop guidelines capable of supporting companies

engaged in this challenging process, it is crucial to

understand the relationships between MCC enablers and

how these relationships affect MCC, as firms implementing

mass customization must decide not only what enablers to

implement but also in what sequence.
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The present study adds to the relatively limited body of

knowledge on these issues. It does so by conceptually and

empirically investigating, for the first time, the added value

of bundling three organizational practices (i.e., KAfC, PM,

and OSCU) that map one-to-one onto the fundamental

building blocks of mass customization identified by prior,

influential research. Our conceptual and empirical results

consistently support a holistic approach to the implemen-

tation of these practices, as advancements in the imple-

mentation of each of them are facilitated and made more

effective by advancements in the implementation of the

other two. Theoretically, these results have a bearing on

how the effects of these practices on MCC should be

modeled to better explain and predict a manufacturer’s

MCC, at least in the industries covered by our sample.

Pragmatically, our results suggest a specific path to

improving MCC––a path that challenges the mainly

sequential logic that dominates the literature on

the guidelines for the implementation of mass

customization––and offer several selling points to man-

agers striving to overcome resistance to this specific path.

Overall, the present study supports flexible systems man-

agement by enriching the body of knowledge on how to

create a system capable of reconciling product flexibility

with low cost, fast delivery, and high quality.

Appendix 1: Prior Research Results
on the Relationships between MCC Enablers
Whose Definitions Conceptually Overlap with Two
or More of the Focal Organizational Practices

Several studies on the enablers of MCC have explicitly or

implicitly suggested relationships among constructs whose

definitions overlap to various extents with KAfC, PM, and

OSCU. However, none of these studies has focused on the

effect on MCC of bundling exactly KAfC, PM, and OSCU.

Source MCC enabler overlapping with PM or

KAfC or OSCU (formal conceptual

definition)

Conceptual overlap with… (justification) Results relevant to the present study

Zipkin

(2001)

Elicitation (‘‘Any elicitation process is an

artful means of leading customers

through the process of identifying

exactly what they want. And it reduces

the costs associated with customers’

laborious searching.’’ (Zipkin, 2001,

p. 82))

OSCU (‘‘mass customization usually

employs the computer and the Internet.

Advances in user interfaces now make it

possible, fairly cheaply and quickly, to

construct a program to guide customers

or salespeople through an array of

choices.’’ (Zipkin, 2001, p. 83))

No explicit hypothesis concerning the

interplay among MCC enablers

For a mass customization system to work,

elicitation and process flexibility, besides

logistics, ‘‘must be linked tightly to form

a coherent, integrated whole’’ (Zipkin,

2001, p. 84)

Process flexibility (‘‘a high-volume but

flexible process [that] translates

[customer-specific] information into the

physical product’’ (Zipkin, 2001, p. 83))

PM (‘‘Flexibility-enhancing innovations

range from modular design and lean

operations to the increasing use of

digital-information technology for

controlling manufacturing equipment’’

(Zipkin, 2001, p. 83))

Tu et al.

(2004)

Customer closeness (‘‘the practice of

keeping close contact with customers, to

communicate with customers

effectively, and to understand

customers’ individual needs’’ (Tu et al.,

2004, p. 150))

KAfC (understanding customers’ needs

entails the acquisition and assimilation

of customer knowledge)

Large-scale empirical support for the

hypothesis that: ‘‘Firms that are closer to

customers will have higher levels of

modularity-based manufacturing

practices’’ (Tu et al., 2004, p. 153)

Modularity-based manufacturing practices
(second-order construct reflected by

product modularity, process modularity

and dynamic teaming. ‘‘Product
Modularity is the practice of using

standardized product modules so they

can be easily reassembled/rearranged

into different functional forms, or shared

across different product lines’’ (Tu et al.,

2004, p. 151))

PM (by its definition, the second-order

construct termed modularity-based

manufacturing practices includes PM)
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continued

Source MCC enabler overlapping with PM or

KAfC or OSCU (formal conceptual

definition)

Conceptual overlap with… (justification) Results relevant to the present study

Salvador

et al.

(2009)

Solution space development (the ability to

‘‘identify the idiosyncratic needs of its

customers, specifically, the product

attributes along which customer needs

diverge the most […] Once that

information is known and understood, a

business can define its ‘solution space,’

clearly delineating what it will offer —

and what it will not’’ (Salvador et al.,

2009, p. 72))

KAfC (by its definition, solution space

development implies the acquisition,

assimilation and exploitation of

customer knowledge)

‘‘A company might decide to improve all

three capabilities simultaneously or,

rather, to prioritize one or two of them’’

(Salvador et al., 2009, p. 76)

Robust process design (the ability to

‘‘reuse or recombine existing

organizational and value-chain resources

to fulfill a stream of differentiated

customer needs’’ (Salvador et al., 2009,

p. 73))

PM (enables a company to create product

variety in a combinatorial fashion from a

relatively small number of components

(Ulrich, 1995))

Choice navigation (the ability to ‘‘support

customers in identifying their problems

and solutions while minimizing

complexity and the burden of choice’’

(Salvador et al., 2009, p. 74))

OSCU (enables a company to give

customers the freedom to explore its

solution space, ideally in a flexible and

focused manner, and to make their

choices within the constraints specified

by the company (Trentin et al., 2013))

Peng

et al.

(2011)

Modular product design (‘‘Modular

product design allows firms to de-

construct a product and its underlying

production processes based on a formal

product architecture, which

subsequently allows one to

reconfigure those underlying

components into new products and

associated processes’’ (Peng et al., 2011,

p. 1027))

PM (by its definition, modular product

design includes PM)

Large-scale empirical support for the

hypothesis that: ‘‘Modular product

design is positively associated with

product configurator IT’’ (Peng et al.,

2011, p. 1029)

Product configurator IT (‘‘[information

technology] tools made available to

customers and salespeople to let them

participate in activities related to the co-

design of a product, and to guide

customers through the process of

designing a product’’ (Peng et al., 2011,

p. 1027))

OSCU (by its definition, product

configurator IT includes an online sales

configurator)

Zhang

et al.

(2015a)

Elicitation (‘‘Elicitation refers to ‘a

mechanism for interacting with the
customer and obtaining specific

information’ (Zipkin, 2001, 82)’’ (Zhang

et al., 2015a, p. 461))

OSCU (see the observations made above

concerning Zipkin, 2001)

Large-scale empirical support for the

hypotheses that elicitation positively

affect process-flexible technology and

vice versa

Process-flexible technology (‘‘process-

flexible technology, refers to a

‘production technology that fabricates

the product according to the

information’ (Zipkin, 2001, 82)’’ (Zhang

et al., 2015a, p. 462))

PM (see the observations made above

concerning Zipkin, 2001)
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continued

Source MCC enabler overlapping with PM or

KAfC or OSCU (formal conceptual

definition)

Conceptual overlap with… (justification) Results relevant to the present study

Salvador

et al.

(2015)

Customer involvement (‘‘the extent to

which a manufacturer engages in

interactions with its customers to

understand and respond to their needs

and to receive feedback on quality and

delivery’’ (Salvador et al., 2015, p. 619))

KAfC (by its definition, customer

involvement entails the acquisition,

assimilation and exploitation of

customer knowledge)

Empirical support for the pairwise

complementarity effects of customer

involvement, flexible manufacturing

resources, and product management

tools on MCC. Lack of empirical

support for their three-way

complementary effect on MCCa
Flexible manufacturing resources (‘‘the
aggregate availability of machines,

production workers, product

architectures, process architectures, and

suppliers that are flexible’’ (Salvador

et al., 2015, p. 622))

PM (is one of the five first-order constructs

that form the second-order construct

termed flexible manufacturing

resources)

Product management tools (‘‘IT
[information technology] and software

applications that the plant personnel

utilize to support decision making and

monitor information related to the

configuration, the manufacturing, and

the delivery performance of products’’

(Salvador et al., 2015, p. 619))

OSCU (one of the three first-order

constructs that form the second-order

construct termed product management

tools is product configurator, which

includes a sales configurator to ‘‘acquire

complete and nonconflicting customer

specifications’’ (Salvador et al., 2015,

p. 619))

Purohit

et al.

(2016)

Modularity-based practices (‘‘an attribute

of the product system that characterises

the ability to mix and match independent

and interchangeable product building

blocks with standardised interfaces in

order to create product variants’’

(Purohit et al., 2016, p. 776))

PM (by its definition, the notion of

modularity-based practices coincides

with PM)

Modularity-based practices strongly drive

the use of web-based interactive systems

but weakly depend on the latter

Web-based interactive systems (‘‘online

product configurator, interface among

SC [supply chain] partners’’ (Purohit

et al., 2016, p. 776))

OSCU (by their definition, web-based

interactive systems include online sales

configurators)

Suzić

et al.

(2018)

Product platform development (‘‘defining a

set of design parameters (features,

components, etc.) that form a common

structure from which a stream of

derivative products (product

family/families) can be efficiently

developed and produced’’ (Suzić et al.,

2018, p. 871))

PM (‘‘PP [product platform development]

embeds M [product modularization]’’

(Suzić et al., 2018, p. 860))

‘‘Figure 2. Resulting model of enabler

relationships derived from the analysis

of articles.’’ (Suzić et al., 2018, p. 871)

The model depicted in this figure suggests

that product platform development be

implemented before IT-based product

configuration

Information technology (IT)-based product
configuration (‘‘a set of IT-backed

activities that support order acquisition

and fulfilment by translating each

customer’s specific needs into correct

and complete product information’’

(Suzić et al., 2018, p. 871))

OSCU (IT-based product configuration

includes OSCU, as it ‘‘guides users in

defining feasible product variants which

satisfy his/her needs, supplies users with

real-time information on the overall

characteristics of the product

configuration’’ (Suzić et al., 2018,

p. 871))

aFlexible manufacturing resources and product management tools are second-order constructs of formative nature and, therefore, the first-order

constructs underlying each of these two higher-order constructs are not expected to co-vary (see Jarvis et al., 2003). This implies that (Salvador

et al. 2015)’s empirical results on the three-way complementarity of customer involvement, flexible manufacturing resources and product

management tools cannot be extended to the constructs underlying the last two variables. Doing this would be an instance of ecological fallacy,

according to (Certo et al. 2017) definition: to ‘‘mistakenly assume that a relationship at one level mirrors the relationship at another level’’ (p.

1538)
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Appendix 2: Mechanisms Whereby PM, KAfC,
and OSCU Mutually Facilitate Their
Implementation in the Pursuit of MCC

There are several mechanisms whereby PM, KAfC, and

OSCU mutually facilitate their implementation. These

mechanisms contribute to explaining why MCC is better

predicted by the joint presence of these three practices than

by the same practices considered in isolation.

Product modularity facilitates both KAfC and OSCU

There are two reasons why PM facilitates KAfC: First, it

minimizes the number of product components affected by

changes in customers’ functional requirements (see the

section titled ‘‘Focal Organizational Practices and Their

Mapping onto Mass Customization Building Blocks’’). As

a result, knowledge about these changes can be incorpo-

rated into new product solutions more quickly and at a

lower cost (Ulrich, 1995). Second, PM increases compo-

nent commonality across product solutions (see the section

titled ‘‘Focal Organizational Practices and Their Mapping

onto Mass Customization Building Blocks’’). As a conse-

quence, knowledge acquired from one customer with

regard to a specific solution can be incorporated into other

solutions more easily (Wang et al., 2014). For instance,

following requests from a few customers, a carwash

equipment manufacturer developed a new module that

mixes detergent with air, which not only produces foam, as

requested by those customers, but also reduces detergent

consumption. This product innovation was immediately

shared among other solutions of the same manufacturer

thanks to their modular architecture.

Likewise, there are two mechanisms whereby PM

facilitates OSCU: One is by simplifying the ‘‘dynamic

pricing’’ of the product (Tseng & Piller, 2003, p. 11),

meant as the dynamic generation of the product price based

on the answers provided by a customer during the sales

dialogue.4 This is a consequence of the fact that in a fully

modular product, the different product attributes that a

customer can customize are mapped onto distinct physical

components (Ulrich, 1995). This allows the association of

each possible value of each customizable attribute with a

specific price. In turn, this enables the configurator to

compute the price of the configured product by simply

adding up the prices associated with the answers provided

by the customer during the sales dialogue (Forza & Sal-

vador, 2006), as illustrated by Dell workstations (Dell.-

com). This is a quick approach, which does not require

implementing the so-called generic bill of materials to

determine the cost of the configured solution and then

applying a markup (Forza & Salvador, 2006). Furthermore,

this approach simplifies price updating, as prices are

directly linked to the possible answers in the sales dialogue

and can be modified without having to update the costs of

materials and the costs of production activities in the

respective master files (Forza & Salvador, 2006). In sum-

mary, PM facilitates OSCU by reducing the effort needed

to define and maintain the pricing model of an online sales

configurator. Another mechanism whereby PM facilitates

OSCU is observed whenever the product under consider-

ation needs to be specified by at least some of its target

customers in terms of functions rather than of product

components, as often happens especially for complex

products (see Felfernig et al., 2001). If this is the case, a

functional view of the product must be codified in the sales

configuration model underlying the sales dialogue. Nota-

bly, the creation of this ‘‘function structure,’’ which rep-

resents the product’s functions and their interconnections,

is also a fundamental step in the definition of a modular

product architecture (Ulrich, 1995, p. 421). Thus, PM

facilitates OSCU also by sharing with the latter the costs of

defining and maintaining a functional view of the product.

Online-sales-configurator use facilitates both KAfC and

PM There are two mechanisms whereby OSCU facilitates

KAfC: One is by enabling a systematic analysis of past

product configurations and customers’ clickstream data.

For example, a systematic analysis of clickstream data can

provide information about product solutions that have been

evaluated but not ordered, thus ultimately leading to a

refined solution space (Salvador et al., 2009). The other

mechanism is by freeing resources in the technical office

(Hvam et al., 2013) thanks to both the elimination of sales

configuration errors and the reduction of the risk of

unnecessarily developing ad hoc solutions (see the section

titled ‘‘Focal Organizational Practices and Their Mapping

onto Mass Customization Building Blocks’’). The resour-

ces thus freed can be invested in the assimilation and

exploitation of knowledge from customers, thereby

reducing the necessity of procuring additional resources to

increase KAfC. At a manufacturer of mold bases for plastic

injection molding, for example, OSCU eliminated config-

uration errors in the tendering phase and, consequently,

freed the time that was previously spent in the technical

office to correct bills of materials and production sequen-

ces. The resources thus freed helped improve the com-

pany’s KAfC, as witnessed by the subsequent development

of new product solutions that better satisfied the needs of

certain target markets.

As for the mechanism whereby OSCU facilitates PM,

this revolves around the creation of a product’s function

structure. As mentioned above, a functional view of the

product must be codified in the sales configuration model

4 This dialogue guides customers to progressively specify the values

of all the product attributes that can be customized and prevents

customers from defining inconsistent or invalid values thanks to the

constraints that are included in the logic structure––the sales or

commercial model––behind that dialogue (Forza & Salvador, 2006).
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whenever the product needs to be specified by at least some

of its target customers in terms of functions. At the same

time, as mentioned above, the creation of a product’s

function structure is a fundamental step in the definition of

a modular product architecture. Thus, OSCU and PM

facilitate one another by sharing the costs of defining and

maintaining a functional view of the product.

Knowledge absorption from customers facilitates both

PM and OSCU Product modularity is facilitated by KAfC

because the latter helps a manufacturer keep its solution

space aligned with its customers’ evolving needs. This

reduces technical personnel’s workload for ad hoc engi-

neering (see the section titled ‘‘Focal Organizational Prac-

tices and Their Mapping onto Mass Customization Building

Blocks’’), and the resources thus freed can be employed to

improve PM. For instance, at a manufacturer of electric

linear actuators, the workload for ad hoc engineering in the

technical office had become excessive due to the acquisition

of new customers who demanded the same operating ranges

provided by their previous suppliers. The company devel-

oped a routine––revolving around customers’ compiling of a

detailed technical form––aimed at understanding for which

applications customers were demanding a certain operating

range and, therefore, whether they really needed an ad hoc

solution or would be equally satisfied by a predefined solu-

tion with a different operating range. This improvement in

the company’s KAfC reduced the number of customer orders

requiring ad hoc engineering. The resources thus freed in the

technical officewere employed to increase the combinability

of the product’s functional modules, thereby achieving a

higher degree of PM.

Finally, KAfC facilitates OSCU because the ability to

elicit adequate information from customers, to assimilate it

and to apply it in the implementation of an online sales

configurator leads to fewer trial-and-error loops in the

development of a configurator that suits its target users

(Hvam et al., 2008). For example, it is easier to implement

a sales configurator capable of explaining the benefits of

the various choice options in a way that reduces both

cognitive complexity and anticipated regret in target cus-

tomers’ decision processes (Trentin et al., 2013). Clearly,

such a configurator will be more easily accepted by its

target users (Haug et al., 2019), and this will lead to a

higher level of OSCU.

Appendix 3: Mechanisms Whereby PM, KAfC,
and OSCU Mutually Reinforce Their Benefits
in the Pursuit of MCC

There are several mechanisms whereby PM, KAfC, and

OSCU mutually reinforce their benefits in the pursuit of

MCC. These complementarity mechanisms contribute to

explaining why MCC is better predicted by the joint

presence of these three practices than by the same practices

considered in isolation. While there is a common rationale

behind all these mechanisms (that is, each practice con-

tributes to realizing the potential MCC benefits of the other

two to a larger extent), the individual mechanisms are

idiosyncratic in their details and, therefore, deserve to be

presented separately.

OSCU reinforces the positive effect on MCC of both

KAfC and PM Knowledge absorption from customers helps

manufacturers define and maintain a solution space that

adequately reflects their target customers’ idiosyncratic

needs over time. Such a solution space is a prerequisite to

fulfilling those needs by means of predefined solutions

instead of ad hoc solutions, thus achieving higher MCC

(see the section titled ‘‘Focal Organizational Practices and

Their Mapping onto Mass Customization Building

Blocks’’). However, the improvement of MCC does not

fully materialize if customers are offered, instead of the

predefined solutions that fully meet their needs, either

predefined solutions that fit their needs worse or solutions

that require ad hoc engineering. This could happen because

the salesperson serving a customer has not been informed

of, or has forgotten about, the existence of the predefined

solution that best fits the customer’s needs (Salvador &

Forza, 2004). Since OSCU reduces the risk of this occur-

ring (see the section titled ‘‘Focal Organizational Practices

and Their Mapping onto Mass Customization Building

Blocks’’), OSCU helps manufacturers get the most out of

KAfC in terms of MCC improvement. At a manufacturer of

carwash equipment, for instance, OSCU ensured that cus-

tomers were offered a few innovative solutions (e.g., for-

ward arrow signal lamps equipped with high-luminosity

light-emitting diodes) that best fitted their specific needs

and were available in the company’s solution space but

were often overlooked by salespeople because of the little

attention these people usually paid to little product

improvements.

Likewise, OSCU helps manufacturers fully exploit the

potential benefits of PM in enhancing MCC. These

potential benefits get lost, at least in part, whenever a

customer’s order is fulfilled with an ad hoc solution despite

the availability of a suitable solution in the predefined,

modular solution space. Again, the risk of this occurring is

lowered by OSCU (see the section titled ‘‘Focal Organi-

zational Practices and Their Mapping onto Mass Cus-

tomization Building Blocks’’). At the carwash equipment

manufacturer mentioned above, for example, OSCU con-

tributed to decreasing the number of customer orders ful-

filled with engineered-to-order products by 90% in 3 years.

This helped the company take full advantage of the mod-

ular product architecture of its predefined solutions.
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PM reinforces the positive effect on MCC of both OSCU

and KAfC Online sales configurator use has the potential

for improving MCC through the reduction in the number of

customer orders fulfilled with engineered-to-order products

(see the section titled ‘‘Focal Organizational Practices and

Their Mapping onto Mass Customization Building

Blocks’’). This potential benefit, however, does not mate-

rialize if a customer using the online sales configurator fails

to create an acceptable product configuration within the

solution space and for this reason demands ad hoc engi-

neering. The risk of this occurring is reduced by PM, as the

latter makes it easier to develop an online sales configu-

rator that enables its users to change the choice made at any

previous step of the configuration process without having

to start it over again.5 As a result, customers can conduct

more trial-and-error tests to evaluate the effects of their

initial choices and improve upon them during the time span

they are willing to devote to the configuration task (Trentin

et al., 2013).

The same logic explains why PM helps manufacturers

get the most out of KAfC to improve MCC. Defining and

maintaining a solution space that adequately reflects cus-

tomers’ idiosyncratic needs over time, thanks to KAfC,

might not be sufficient to reduce the number of customer

orders fulfilled with engineered-to-order products. If cus-

tomers fail to identify an acceptable product solution

within the solution space, despite the existence of such a

solution, they may end up requiring an ad hoc solution. The

risk of this occurring is reduced by PM, as the free com-

binability of choice options facilitates trial-and-error

experimentation within the solution space, as explained

above.

KAfC reinforces the positive effect on MCC of both

OSCU and PM The mechanisms whereby OSCU may

improve MCC (see the section titled ‘‘Focal Organizational

Practices and Their Mapping onto Mass Customization

Building Blocks’’) are inhibited whenever a customer is not

satisfied with the solution space modeled in the online sales

configurator and, hence, demands an ad hoc solution. Since

KAfC reduces the risk of this occurring (see the section

titled ‘‘Focal Organizational Practices and Their Mapping

onto Mass Customization Building Blocks’’), KAfC works

as a catalyst for these mechanisms. This is well illustrated

by the manufacturer of carwash equipment mentioned

above. This company embarked on the implementation of a

sales configurator without the resources needed to effec-

tively survey target customers’ needs. As a result, the

solution space initially modeled in the configurator was

inadequate, as witnessed by the fact that the first two

customer orders processed after the implementation of the

configurator required ad hoc engineering and did not ben-

efit at all from OSCU. This experience prompted the

company’s decision to improve its KAfC.

Similarly, the mechanisms whereby PM may enhance

MCC (see the section titled ‘‘Focal Organizational Prac-

tices and Their Mapping onto Mass Customization Build-

ing Blocks’’) are inhibited if customers demand ad hoc

solutions that cannot be easily derived from the extant

modular architecture (Salvador et al., 2020). Accordingly,

prior research has repeatedly recommended that PM be

based on a thorough understanding of customer needs (e.g.,

Tu et al., 2004). In other words, to fully exploit the

potential benefits of PM in enhancing MCC, KAfC is a

prerequisite.
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Abstract 
Product configurators are widely used to automate design and quotation processes for customized products. 
However, in practice, not all product configurator projects are successfully implemented or adopted, 
especially in complex engineering companies. Despite the technical and financial challenges involved in 
developing configurators, many companies fail to achieve actual adoption of these IT tools. This issue is 
closely related to the acceptance and use of configurators by people. To better understand this issue, we 
apply the Technology Acceptance Model (TAM) as a lens to explain the reasons behind configurator 
adoption and non-adoption. Based on a single in-depth case in a pharma engineering company, informed 
by our research team's experience from configurator projects in other engineering sectors, we propose a 
context-specific extension of TAM for product configurators in engineering companies. The model is 
presented as a conceptual contribution rather than an empirically validated instrument, and we outline a 
roadmap for its validation. This study contributes to product configurator research by linking configurator 
development with technology acceptance theory, and provides practical guidance for developing 
configurators more effectively from the user perspective. 

Keywords  
Product Configurator, Engineering, Technology Acceptance Model 1 

1. Introduction 

How can a company design a large number of product variants while still maintaining production 

quality and efficiency? This is the case for Volvo Trucks, a market leader in heavy-duty trucks [1]. 

During an assembly line visit as part of a Product Platform course at Jönköping University, it was 

stated that “every single truck we manufacture can be different.” [2]. Managing such a high level of 

product variety is practically impossible through manual work alone.  

The answer lies in the use of information technologies (IT), such as product configurators. 

Together with modular product architecture, product configurators enable companies to handle large 

numbers of variants efficiently and form a key foundation for the mass customization strategy [3], 

[4], [5]. This strategy is often described as the ability to provide tailored products through flexible 

processes and organizational structures while maintaining the low costs associated with standardized 

mass production [6]. 
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Product configurators are widely used for customized products. For example, customers can use 

configurators to design a unique Volvo truck, receive a quotation for the order, and enable the 

manufacturing site to obtain detailed bills of materials for production [7], as shown in Figure 1. The 

use of product configurators brings significant benefits, such as reduced lead time and improved 

quality [3]. Beyond the automotive industry, the use and benefits of product configurators in 

engineering companies have also been documented in several studies, where many positive effects 

have been observed [8], [9]. 

 

Figure 1: Design your Volvo truck [7]. 

Existing literature mainly reports successful cases and focuses on development or implementation 

procedures, frameworks, and strategies. However, even though product configurators are a mature 

technology, many configurator projects still fail in practice and there is much less attention to this 

problem in literature [10]. In some cases, the problem is not the technical capability of the 

configurator but the lack of consideration of organizational and human factors [11].  

Product configurators are developed to support users, and regardless of how advanced a system 

is, it will not be successful if users are not properly involved or considered in its development and 

use. There is a need to better understand how users perceive and adopt product configurators. 

To address this issue, theories from information systems research that focus on technology 

acceptance can provide useful insights. One widely used theory is the TAM, which explains technology 

adoption based on users’ perceptions of usefulness and ease of use [12]. TAM has been applied to 

study the acceptance of various IT systems, but its application in the context of product configurators 

in complex engineering remains limited. Therefore, we propose a context-specific extension of TAM 

for product configurators in engineering companies, which provides an explanatory lens for 

understanding how users perceive, accept, and use product configurators. This model is grounded in 

a single in-depth industrial case and informed by broader cross-sector project experience; it is 

intended as an explanatory lens and a basis for future empirical validation, with the wider aim of 

drawing research attention to the human and organizational side of configurator adoption. 



This paper is structured as follows. Section  II reviews related literature. Section III describes the 

methodology. Section IV presents the model. Section V discusses the results. Section VI concludes the 

paper. 

2. Related Literature 

2.1. Product configurator 

In general, product configurators are used to support the configuration process, from collecting 

customer needs to releasing the product documentation required for production [13]. These systems 

act as expert systems that help users create product specifications during the configuration process 

[14]. In engineering companies, existing literature documents numerous configurator 

implementations and highlights their potential to streamline processes and achieve various benefits 

[3], [9], [15], [16]. An example of a product configurator in an engineering company is illustrated by 

Shafiee in Figure 2. 

  

Figure 2: Product configurator in an engineering company [17]. 

Many studies have proposed frameworks for developing product configurators in engineering 

contexts. Hvam et al.  present a seven-phase framework that includes analysis and redesign of 

specification processes, product modeling, software selection, and configurator modeling, 

implementation, and maintenance [3]. Zhao et al. emphasize the importance of the investigation 

phase and the alignment between product architecture and product configurators [18], [19]. Shafiee 

et al.  present a framework for scoping product configurators, including identifying users and 

requirements, defining inputs and outputs, determining functionalities, and integrating product 

knowledge [20]. Kristjansdottir et al.  propose a framework for identifying potential applications of 

product configurators, which includes identifying potential applications, aligning IT development, and 

establishing an overview of product configurator applications [21]. 

Besides many mature and established frameworks, several studies show that product configurator 

projects often fail not because of technical functionality. A recurring issue is that configurator 

development focuses mainly on software and product knowledge, while organizational and human 

aspects receive less attention [11]. In some cases, configurator projects also fail due to tacit 

knowledge, while the underlying issues are related to unclear concepts, poorly structured product 

knowledge, and difficulties in transferring knowledge from experts to product configurators [22]. 

Another common challenge is that configurators are developed based on assumptions about how 

people should work, rather than how configuration tasks are actually performed in practice [23]. 



Building on this, Haug et al. [10] study failed product configurator projects and identify five common 

causes of configurator failures, such as insufficient user involvement, weak alignment with 

organizational needs, lack of clarity about the purpose and scope of the configurator, as illustrated in 

Figure 3. 

  

Figure 3: Product configurator project termination points [10] 

While many frameworks provide strong guidance for developing and scoping product 

configurators in engineering companies, they mainly focus on technical and process-related aspects, 

and many configurator projects fail due to issues related to user understanding, involvement, and 

use in daily work. To better understand these issues, it is important to focus on how users perceive 

and adopt configurators. 

2.2. TAM 

TAM is a well-known model used to explain how users accept and use information technologies. 

TAM focuses on users rather than the technology itself, and it was first proposed by Davis with studies 

of acceptance of text editor application [12]. The model explains adoption mainly through two 

factors: perceived usefulness and perceived ease of use. Davis defined perceived usefulness as the 

degree to which the person believes that using the particular system would enhance her/his job 

performance, whereas the perceived ease of use was defined as the degree to which the person 

believes that using the particular system would be free of effort. These two factors influence users’ 

attitude to use a system and, eventually, its actual use [12]. Meanwhile, these two factors are 

impacted by some external factors, as shown in Figure 4. 



 

Figure 4: Technology acceptance model (adapted from [12]) 

Different versions and extensions of TAM have later been developed for different purposes, levels 

of detail, and application contexts [24], [25]. Nevertheless, TAM has been widely applied to study 

user acceptance of different software categories, such as office automation, software development 

and business application tools [26].  Numerous studies have shown that TAM is a useful theoretical 

model for understanding and explaining user behavior in IT implementation [27]. It has been tested 

in many empirical studies, and the measurement instruments used in TAM have been shown to be 

reliable and to produce consistent and valid results [26]. 

More recently, TAM has also been applied to newer digital technologies, such as AI-based 

technologies. Chatterjee et al. confirm that perceived usefulness and perceived ease of use remain 

key factors in explaining AI adoption in complex Industry 4.0 environments [28]. Similarly, Baroni et 

al. demonstrate that TAM can be extended for human-in-the-loop AI systems by including AI-specific 

factors such as trust and perceived quality of AI outputs, while retaining the core TAM structure [29].  

In addition, recent research on AI maturity models for engineering explicitly uses technology 

acceptance as a core dimension to assess and manage AI adoption, further confirming the relevance 

of TAM even in advanced AI-based engineering applications [30]. These studies show that even when 

technologies become more advanced, TAM is still applicable for understanding user acceptance. 

Like other IT systems and AI-based systems, product configurators also require consideration of 

end-user perspectives during their development and implementation phases. However, we did not 

find studies that systematically apply the TAM to product configurators. Based on this gap, we 

propose a context-specific extension of TAM for product configurators in engineering companies. This 

model provides an explanatory lens for understanding how users perceive, accept, and use product 

configurators in practice. 

3. Methodology 

The main objective of this study is to create a context-specific TAM for product configurators that 

has both practical relevance for engineering companies and a theoretical contribution to the field of 

product configurators. 



This study follows an interactive research approach. Interactive research is a collaborative form of 

research in which researchers and practitioners work closely together and create knowledge jointly 

through continuous interaction, reflection, and iteration between theory and practice [31], [32]. We 

chose this approach because the phenomenon of interest, namely how users perceive and adopt 

product configurators, emerges in everyday practice and is difficult to observe from the outside, and 

close, long-term involvement with a company is needed to capture it. The approach is illustrated in 

Figure 5. 

 

Figure 5: The interactive research approach for this study (redrawn and adapted from [31], [32]) 

The study is built on a single in-depth case at a leading pharma engineering company in Europe. 

The case was studied closely from January 2023 to May 2026 through several configurator projects 

in an engineer-to-order context. These projects involved engineers and managers from different 

departments and included activities such as workshops, project meetings, informal discussions and 

pitching, and hands-on involvement in configurator development. Through these activities, practical 

insights were discussed, collected, and reflected on by both researchers and practitioners. In addition 

to this main case, the research team draws on its experience from configurator projects in other 

engineering sectors, including a wind-engineering consultancy, a construction company, a machinery 

manufacturer, and a plant-engineering company, which served as supporting reference points rather 

than separate cases. 

The author team combined both perspectives. The first author led the model development and 

was engaged on both the practitioner and the research side; the last author contributed the case-

company (practitioner) perspective; the second and third authors, from the research team, 

contributed expertise in technology acceptance and in configurator projects in engineering, 



respectively. The research team also brings years of experience together with literature on product 

configurators and technology acceptance. These theoretical elements were not applied directly but 

were used as a reference to interpret and structure the empirical insights. 

The knowledge in this study was gained through participatory and largely unstructured 

engagement rather than through formal, structured interviews. For this reason, the study does not 

rely on a fixed interview protocol or a formal coding scheme. Instead, recurring observations from 

the projects were discussed and reflected on by researchers and practitioners and gradually shaped 

into the factors of the model, drawing on existing TAM constructs where they fit. When existing TAM 

models or factors were insufficient to explain an observation, new or adapted elements were 

introduced to better reflect the characteristics of product configurators. Continuous reflection and 

feedback between researchers and practitioners supported the refinement of the model. Structured 

interviews, formal qualitative coding, and cross-company validation are deliberately left to future 

work. 

By combining practical experience with established academic knowledge through an interactive 

research approach, this methodology ensures that the resulting model is both theoretically grounded 

and closely aligned with real industrial challenges. 

4. Results 

Based on the interactive research process described above, a TAM-based model for product 

configurators in engineering companies was developed. Perceived Ease of Use and Perceived 

Usefulness remain the central constructs in the model. These two factors influence Attitude Towards 

Using, which then leads to the Actual System Use of the configurator. In addition, the model includes 

a set of external factors that affect these perceptions, grounded in practical experience from 

configurator projects in industry and research activities at the university. 

The external factors are grouped into three main categories: objective, subjective, and 

environmental influences. The factors were grouped according to where they originate. Objective 

factors are properties of the configurator, the product, and the process itself, and are relatively 

observable and independent of the individual user. Subjective factors relate to the individual user, 

including their attitudes, experience, and role. Environmental factors lie outside the individual and 

describe the organizational and market context in which the configurator is used. This separation 

between technological, individual, and contextual influences is consistent with how external variables 

are commonly organized in technology-acceptance research. 

The objective category covers the configurator IT software, the configurable product, and the 

configuration process. The subjective category reflects user-related aspects. The environmental 

category captures broader context conditions, including internal organizational environment and 

external market environment.  These external factors shape how users perceive a configurator as 

easy to use and useful in their work. These perceptions influence Attitude Towards Using and finally 

lead to Actual System Use. Figure 6 illustrates the complete model. 



 

Figure 6: TAM for product configurators in engineering companies 

 

4.1. Objective factors 

The first category includes objective factors related to the configurator IT software, the 

configurable product, and the configuration process it supports. 

IT factors play an important role. Reliability is critical. The software must be stable and run without 

system errors or crashes. Otherwise, users lose patience and return to the original working process. 

Trialability also matters. Users are more willing to adopt a configurator if they can test a prototype 

or limited version before full implementation. Comprehensibility is another key aspect. Users are 

more likely to use and trust the configurator if they understand, at least to some degree, how the 

software works and how results are generated. 

Process factors have a big influence. Process fit is essential. A configurator must support the 

company’s actual quotation or design process and allow users to reach the desired results without 

forcing a complete change of workflow. Output quality is another important concern. If the 

configurator produces frequent errors or results that require constant manual correction, users 

quickly stop relying on it. 

Product factors determine whether users think a configurator is suitable in the first place. Product 

structure affects this strongly. Factors such as product complexity, level of modularity or 



standardization, and maturity of the product structure influence whether a product can be configured 

effectively. Companies often do not have clear views about which products are suitable for 

configurators and which are not. Product knowledge is also important. When knowledge is 

transparent, maintained, and structured, configurator development and use become much easier. 

When knowledge is tacit or stored mainly in a few experts’ heads, configurator development becomes 

difficult and users are less confident in the developed configurator.  

4.2. Subjective factors 

The second category includes subjective factors related to the individual. The individual user’s 

Willingness to adopt new tools plays an important role. Some users actively welcome new tools and 

appreciate the structure and automation that configurators provide. Others prefer traditional 

methods or rely on their own experience and do not see the configurator as part of their role. Trust 

also influences the use of configurators. Adoption becomes easier when users believe that the 

configurator brings benefits and has a positive impact. Besides, Previous experience also plays a role. 

Users who have worked with similar IT tools before, either in earlier jobs or within the same company, 

often accept configurators faster. Good past experiences help adoption, while negative experiences 

may lead to resistance from the beginning. Finally, Roles are another important factor. A configurator 

may change what users do in their daily work. Some users see the configurator as a way to improve 

their skills or move into more advanced tasks, while others may feel that their responsibilities are 

being replaced by automation. How roles are defined before and after configurator implementation, 

and whether there is a clear development or change plan, strongly affects how users perceive 

configurators. 

4.3. Environmental factors 

The final category includes factors inside and outside the user’s environment that shape their 

perception of configurators.  

Inside the company, Culture plays a strong role. Some companies encourage the use of digital 

tools, experimentation, and new ways of working. In these cases, configurators are more naturally 

accepted. In more traditional engineering environments, where individual expertise dominates, 

experience is highly valued and mistakes are punished, configurators may be viewed as a challenge 

to established practices. Organization structure also influences configurator use. Companies with 

product-focused structures often have standardized modules and repeatable designs, making 

configurators easier to introduce. In contrast, project-driven companies typically struggle more, since 

every project is different and knowledge is harder to structure and maintain. In these situations, 

configurators require more effort to develop and tend to face more resistance in daily use. 

Supporting functions are another internal factor. The way a company maintains and supports a 

configurator has a big impact on adoption. Users need access to training, onboarding, updates, and 

help when problems occur. When support is available and the configurator is followed up through 

routines and expectations, users are more likely to rely on it. When support is weak and management 

sees the configurator as optional, the configurator often becomes ignored. 

The external environment also shapes adoption. Market pressure is often a major driver. When 

customers or partners expect faster quotations, more accurate design, or more consistent technical 

data, configurators become a practical necessity rather than a choice. Norms in the industry also play 

a role. If competitors and similar companies actively use configurators, adoption becomes more 

natural. If configurators are rarely seen in the industry, companies may hesitate or delay investments. 



4.4. Core TAM 

All external factors play a major role in shaping how users perceive product configurators in terms 

of ease of use and usefulness. Following Davis [12], we define Perceived Ease of Use as how simple 

and stress-free the configurator feels to work with. This includes how quickly users can learn the 

configurator, how easy it is to complete their tasks, and how much knowledge is needed to operate 

it. When the effort required is low, users experience the configurator as easy to use. Perceived 

Usefulness refers to the extent to which users believe that the configurator improves their work 

performance and brings value to themselves. In practice, this comes down to whether the 

configurator helps them work faster, make fewer mistakes, produce more accurate results, reduce 

manual effort, win more orders, make decisions more easily, or move to more value-adding tasks or 

positions. Perceived ease of use also influences perceived usefulness because a configurator that is 

simple to operate allows users to experience its benefits more directly, while a difficult configurator 

hides or reduces those benefits. 

Perceived ease of use and perceived usefulness jointly influence the attitude towards using a 

configurator, which then leads to actual use. Based on experience from both industry projects and 

our research team, perceived usefulness often has a stronger impact on attitude than ease of use. 

Users are generally willing to tolerate a system that is difficult or takes effort to learn if they believe 

it will bring clear benefits. In contrast, even an easy-to-use configurator will not be used if it does not 

deliver meaningful value. For this reason, usefulness becomes the main driver for adoption, while 

ease of use acts more as a supporting factor.  

Figure 7 shows four scenarios depending on how users perceive usefulness and ease of use. When 

both are high (Target), configurators are more likely to be accepted and integrated into daily work. 

When usefulness is high, but configurators are not easy to use (Resistance), users may understand 

that the configurator is valuable but struggle with operating it, which leads to complaints or 

workarounds.  When usefulness is low, but it is easy to use (Ignore), the developed configurators tend 

to be ignored, as users do not see enough value in using it. When both are low (Dead-end), the 

configurator is unlikely to be adopted at all. 

 

Figure 7: TAM quadrant for product configurators 



5. Discussion 

Over the centuries, industrial productivity has increased dramatically through the use of new 

technologies, and all of these technologies have had to be accepted by the people who use them. 

Challenges of acceptance are not new. A well-known example from the First Industrial Revolution is 

the Luddite movement, in which English textile workers destroyed mechanized looms in protest 

against job loss and falling wages [33]. Similar challenges persist today, as IT tools require people to 

learn new ways of working rather than relying only on past methods.  

In the engineering industry, customization has almost become a basic requirement for companies 

to stay competitive. Together with other IT systems, product configurators make customization easier 

in engineering companies, which has been well documented in the literature during the past two 

decades. However, having the technology itself is not enough. Simply developing a configurator does 

not guarantee that it will be used. 

Tools are developed for users, and we must therefore consider the user perspective. By combining 

technology acceptance theory with insights from industry and research, this study addresses a gap in 

understanding how users perceive product configurators in engineering companies. This perspective 

is often overlooked in configurator development projects, which may help explain why some 

configurators fail to achieve full adoption in practice. 

This study has several implications. For research, the model links the configurator literature, which 

has focused mainly on development frameworks and technical aspects, with technology acceptance 

theory, and offers a structured way to study why configurators succeed or fail in use. For engineering 

practice, the factors can be used as a checklist in the early design and planning of configurator 

projects, where including users as key stakeholders and treating the acceptance factors as key 

performance indicators can increase the chance that a configurator is adopted in daily work. For 

management, the model highlights that decisions about culture, organization structure, supporting 

functions, and roles are as important as the technical scope of a configurator. Although the model is 

grounded in a single engineering case company, many of the factors are expected to be relevant to 

other engineering companies, which is an avenue for future work. 

This study also has limitations that point to clear next steps. The model is proposed on the basis 

of a single in-depth case and supporting cross-sector experience. It has not yet been empirically 

tested, and the external factors are therefore plausible but unranked and unverified. We note that 

this single-case design is also a source of depth, since many of the factors became visible only through 

close, long-term involvement with one company. To validate and extend the model, we propose three 

steps. First, the constructs and external factors should be operationalized into measurable survey 

items. Second, the resulting hypotheses, including the relative importance and ranking of the external 

factors and the suggestion that usefulness matters more than ease of use, should be tested through 

a survey across several engineering companies, complemented by systematically structured 

interviews. Third, configurator projects should be followed longitudinally, from early development to 

daily use, to observe how user perceptions change as experience increases. Through this work we 

hope to encourage broader research attention to the human and organizational factors in 

configurator adoption. 

6. Conclusion 

This study shows that technology alone is not enough to ensure successful configurator projects, 

and that the acceptance of product configurators also depends on the users. To better understand 

this, we propose a TAM-based model that brings together the factors influencing configurator 

acceptance in engineering companies. By understanding user perceptions and needs early in 



development, companies can increase the success of configurator implementation and avoid building 

tools that remain unused. 

The model is proposed on the basis of a single in-depth case and supporting cross-sector 

experience, and it has not yet been empirically tested. Future work should therefore validate and 

extend it through quantitative studies that operationalize and test the factors and their relationships, 

comparative and cross-sector case studies that examine how the factors transfer to other engineering 

contexts, and longitudinal studies that follow configurator projects from early development to daily 

use. We hope this study encourages both practitioners and researchers to integrate user-acceptance 

thinking into the design, planning, and rollout of product configurators in complex engineering 

companies. 
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Abstract
Configurators are used by customers to personalize products and services. These rely on robust domain models
for performance and technical correctness. However, the usability of configurator user interfaces (UIs) is often
overlooked as a quality attribute, even though it directly affects the ability of customers to complete configurations.
Manual heuristic evaluations conducted by experts and other methods can uncover usability issues, but are
infrequently used in many companies due to high cost, limited time, and a lack of expertise, as revealed in a
survey among practitioners. Also, traditional usability heuristics focus on general usability aspects and fail to
address configurator‑specific interactions. In this paper, we present a novel tool that automatically identifies
usability issues and recommends explicit improvements for configurator UIs using multimodal large language
models (MLLMs) and screen recordings of user interactions as context. The tool uses configurator‑specific criteria
to generate reviews. This helps to reduce the effort of manual analysis and makes usability evaluation accessible
to users with limited usability expertise.

Keywords
Configuration, Usability Evaluation, Multimodal Large Language Models, Configurator User Interface

1. Introduction

Configurators enable customers to personalize products and services based on their individual prefer-
ences and needs [1, 2]. They usually serve as the main entry point for placing orders [3]. To ensure that
customers can complete configurations, domain knowledge must be correctly encoded, and configurator
performance must be adequate [2, 4, 5]. However, one quality aspect that frequently receives less
attention is the usability of configurator user interfaces (UIs), which help users understand available
options, express preferences, explore alternatives, construct valid solutions, and complete orders [6].
The ISO9241-11:2018 standard defines usability as the extent to which users achieve specified goals effec-
tively, efficiently, and satisfactorily [7]. This means that even when configurators produce technically
valid configurations, poor usability can lead to unfulfilled customer expectations [8]. Therefore, good
usability is highly relevant for the successful completion of configuration sessions, especially since end
users often have limited domain expertise.

While practitioners in software development companies acknowledge the importance of usability in
product development, they recognize multiple reasons why usability evaluations are not conducted
regularly (see Section 2). These include a lack of time and expertise, as well as high cost.

Traditional methods to evaluate the usability of systems include, for example, usability tests, in which
real users are observed while solving tasks [9], or usability inspections [10], in which usability experts

ConfWS’26: 28th International Workshop on Configuration, Aug 15–16, 2026, Bremen, Germany
∗Corresponding author.
Envelope-Open sebastian.lubos@tugraz.at (S. Lubos); alexander.felfernig@tugraz.at (A. Felfernig); v.m.le@tugraz.at (V. Le);
trang.tran@tugraz.at (T. N. T. Tran)
Orcid 0000-0002-5024-3786 (S. Lubos); 0000-0003-0108-3146 (A. Felfernig); 0000-0001-5778-975X (V. Le); 0000-0002-3550-8352
(T. N. T. Tran); 0009-0008-6410-0947 (R. Willfort); 0009-0002-5907-5173 (J. Fuchs); 0009-0007-4644-0836 (M. Henrich)

© 2026 This work is licensed under a “CC BY 4.0” license.

mailto:sebastian.lubos@tugraz.at
mailto:alexander.felfernig@tugraz.at
mailto:v.m.le@tugraz.at
mailto:trang.tran@tugraz.at
https://orcid.org/0000-0002-5024-3786
https://orcid.org/0000-0003-0108-3146
https://orcid.org/0000-0001-5778-975X
https://orcid.org/0000-0002-3550-8352
https://orcid.org/0009-0008-6410-0947
https://orcid.org/0009-0002-5907-5173
https://orcid.org/0009-0007-4644-0836
https://creativecommons.org/licenses/by/4.0/deed.en
https://creativecommons.org/licenses/by/4.0/deed.en


simulate how real users solve tasks. While both methods aim to identify usability issues, they are
resource-intensive due to manual analysis and the need for expert knowledge.

To address this, various approaches to automate usability evaluations have been proposed, including
heuristic checkers and rule-based methods [11, 12]. However, these typically evaluate only limited
aspects and contexts [13]. Recent methods rely onmultimodal large language models (MLLMs) and report
promising results [14, 15, 16]. MLLMs process textual descriptions alongside visual representations [17].
For usability evaluation, the general approach is to include textual evaluation instructions and to use
screenshots or screen recordings of user interactions of the evaluated application as visual context.

This paper builds on prior research and presents the first tool that enables automated usability
evaluation of configurator applications. Based on uploaded screen recordings of user interactions, our
tool runs an MLLM-based usability evaluation to identify issues, with severity ratings and explicit
recommendations to improve them. For this purpose, the tool applies configurator-specific usability
criteria derived from existing literature (see Section 3). These criteria consider configurator-specific
challenges that general heuristics do not cover, such as complex compatibility constraints or large
option spaces, and deliver additional benefit for the usability evaluation of configurator UIs. The tool
presents the evaluation results in a structured way to enable reviewing and validating identified issues
and suggested improvements. Overall, this paper makes the following contributions:

• We present the results of a survey among software development practitioners to understand the
importance and challenges of usability evaluation in their development processes.

• We introduce the first tool for MLLM-based usability evaluation that applies criteria specifically
targeted at user interactions with configurator UIs.

2. Practitioner Survey

To understand the relevance of usability evaluations for companies and the challenges they face when
applying these methods, we conducted a survey among practitioners to learn about their requirements
in this area. Participants could complete the survey in German or English, and invitations were sent
via mail and LinkedIn. The participation was voluntary and not compensated. Overall, 24 participants
answered the survey and shared their feedback.

Participants represented companies of all sizes, evenly distributed across five employee-count cat-
egories (< 10, 10 − 49, 50 − 249, 250 − 999, ≥ 1000). As shown in Tables 1a and 1b, their developed
products were primarily web, desktop, and mobile applications, while a broader spectrum of end users
was represented. Overall, these properties reflect important contexts for usability evaluations.

Table 1
Details about the company products of survey participants (multiple choice).

Product Type Responses

Web applications 18 (75%)
Desktop software 9 (38%)
Mobile applications 8 (33%)
Embedded/hardware interfaces 2 (8%)
Other 2 (8%)
Physical products 1 (4%)

(a) Developed product types.

Product End Users Responses

Business users/Professionals 14 (58%)
End users/Consumers 12 (50%)
Internal staff 10 (42%)
Administrators/IT 6 (25%)
Partners/Resellers 2 (8%)

(b) End users of developed products.

Furthermore, participants were asked about the perceived importance of usability evaluations and
the frequency with which they are conducted in their company. The results point to a gap between
attitude and practice (see Table 2). Although 54% of respondents rate usability evaluation as essential
or important, 71% conduct evaluations only once a year or less frequently. More than half of those
who believe it is important do not evaluate more than once a year. This pattern also aligns with the



organizational responsibility for usability in practice, as nearly half of the companies have no assigned
responsibility for this topic (see Table 3a).

Table 2
Perceived importance of usability evaluation by evaluation frequency in companies.

Essential/Important Neutral Unimportant Total Frequency

At least monthly 6 (25%) 0 (0%) 1 (4%) 7 (29%)
Yearly or less 7 (29%) 4 (17%) 6 (25%) 17 (71%)

Total Importance 13 (54%) 4 (17%) 7 (29%) 24 (100%)

To understand the reasons for these discrepancies, participants were asked to specify all applicable
barriers they perceive (see Table 3b). The most prominent reasons were a lack of time, internal priori-
ties, budget constraints, and insufficient skills/know-how. These responses indicate that operational
constraints limit the inclusion of usability evaluation in practice, while its value is recognized. This
motivates our focus on automation to make usability evaluations more accessible and routine within
existing development workflows.

Table 3
Organizational responsibility and reasons for infrequent usability evaluations in companies (multiple choice).

Assigned responsibility Responses

No specific competence 11 (46%)
Own UX team 7 (29%)
Individual UX roles 4 (17%)
External contractors 2 (8%)

(a) Organizational responsibility of usability and UX.

Reasons Responses

Lack of time 12 (50%)
Low internal priority 11 (46%)
Lack of budget 10 (42%)
Lack of skills/know-how 7 (29%)
No access to end-users 5 (21%)
Other methods are sufficient 3 (13%)
Unclear benefit/ROI 2 (8%)

(b) Reasons for infrequent usability evaluations.

3. Configurator-Specific Usability Criteria

Different usability guidelines support the evaluation of interactive software applications. These include
general heuristics, such as the ISO9241-110 interaction principles [18] and Nielsen heuristics [19],
which address general concepts of human-computer interaction and can therefore be applied to most
applications. Other guidelines are platform-dependent andmore design-oriented, for example, Android’s
UI Design best practices1 and Apple’s Human Interface Guidelines2. Furthermore, the Web Content
Accessibility Guidelines (WCAG)3 consider accessibility-related aspects to ensure usage by all users,
including those with disabilities. While all of these criteria are also relevant to configurator UIs, they
do not account for configurator-specific user interactions.

Lubos et al. [16] suggested a set of configurator-specific usability criteria derived from related research.
The criteria are summarized in Tables 4–7, each with a detailed description that can be used to evaluate
the extent to which a configurator application fulfills each criterion. The criteria are grouped by the
specific parts of the user-configurator interaction they address:

• Configuration Process summarizes the criteria for the preference specification, including the
availability and presentation of configuration options, the comparison of alternatives, and the
prevention of invalid configurations (see Table 4).

• Navigation considers how users can navigate efficiently, transparently, and flexibly, based on
their individual needs (see Table 5).

1https://developer.android.com/design/ui
2https://developer.apple.com/design/human-interface-guidelines
3https://www.w3.org/TR/WCAG21/

https://developer.android.com/design/ui
https://developer.apple.com/design/human-interface-guidelines
https://www.w3.org/TR/WCAG21/


• Explanation assesses the help for users to understand the product domain, dependencies, and
gives support if errors occur (see Table 6).

• Visualization reviews the possibilities of users to review whether the configuration adequately
fulfills their needs (see Table 7).

Table 4
Evaluation criteria of the configuration process category.

ID Criterion Description References

C1 Customized options Does the configurator adapt the available options to meet different user
profiles (e.g., expert vs. non-expert), such as presenting a needs-based view
or a parameter view, with a clear way to select the profile?

[6, 20, 21]

C2 Organized
configuration
space

Does the configurator help users with large option spaces by utilizing explicit
mechanisms (e.g., grouping, search/filtering, multi-step configuration) to
keep the number of simultaneously visible choices manageable?

[8, 20]

C3 Availability of
options

Can users revisit and change previously set options without losing their
current configuration state?

[3, 8, 20]

C4 Auto-completion Does the configurator offer user-triggered auto-completion that fills in the
remaining required options with defaults?

[3]

C5 Variant comparison Can users keep multiple variants and compare them (e.g., ranking by prop-
erties, side-by-side, or highlighting differences) to review trade-offs?

[6, 21]

C6 Error prevention Does the configurator prevent users from ending up with an invalid config-
uration (e.g., by disabling incompatible options, auto-resolving conflicts, or
requiring conflict resolution before proceeding)?

[3, 8, 22]

Table 5
Evaluation criteria of the navigation category.

ID Criterion Description References

N1 Focused navigation Does the configurator provide a clear, task-aligned sequence of steps that
helps users reach a valid result efficiently (e.g., using a relevant order of
decisions or avoiding unnecessary steps)?

[3, 8, 22, 23]

N2 Manual step
transition

Does the configurator support moving forward/backward using consistently
placed, clearly labeled controls?

[3, 8]

N3 Flexible navigation Can users modify or undo earlier selections without losing the current
configuration state?

[3, 8, 21]

N4 Progress indication Does the configurator clearly indicate the current step, remaining steps,
and completion status (e.g., stepper or progress bar)?

[3, 22]

N5 Variant persistence Can users save, name, or restore previous full configuration variants during
or after the session (e.g., version history or saved configurations)?

[21]

N6 Starting points Does the system offer practical starting points to support different user
needs (e.g., starting from predefined configurations or selecting properties
to start with)?

[6, 21]

These configurator-specific usability criteria encompass a broad range of aspects that can help to
improve the quality of user interaction with configurators. As some of the criteria are tightly coupled
to specific features of a configurator, e.g., the auto-completion of configurations (see C4 in Table 4), it
is important to notice that their evaluation is beyond simply identifying whether these features are
present. The focus is also on how intuitive they are to use. In this sense, the availability of a feature does
not necessarily indicate that it is intuitive to use and sufficiently supports users in their interactions.

4. Automated Usability Evaluation

Automating usability evaluations makes them more accessible to companies. Especially for complex
applications such as configurators, good usability is essential for customers to complete configurations.
In the following, we describe our tool that uses anMLLM to detect usability issues from screen recordings
of user interactions, following [15]. The overall tool flow is depicted in Figure 1 and contains five steps:



Table 6
Evaluation criteria of the explanation category.

ID Criterion Description References

E1 Providing domain
knowledge

Does the configurator provide in-context explanations of options (e.g.,
tooltips or examples) that clarify meaning and help users make informed
choices?

[3, 6, 21, 23]

E2 Transparency of
dependencies

Does the configurator explain dependencies of options at decision time
(e.g., ‘choosing X requires Y’, ‘this removes Z’, impact on price/delivery) to
highlight consequences of choices?

[6, 21, 22]

E3 Transparency of
errors

Does the configurator explain why a configuration is inconsistent (e.g.,
highlighting which selected options are in conflict) using actionable, non-
technical language?

[3, 6, 8, 20, 22]

E4 Repair suggestions Does the configurator suggest actionable repair options (e.g., ‘change X to
Y or Z’ or ‘remove X’) to assist users in resolving errors with inconsistent
constraints?

[3, 6, 8]

Table 7
Evaluation criteria of the visualization category.

ID Criterion Description References

V1 Product preview Does the configurator provide a product preview that is continuously up-
dated after changes to reflect the current configuration?

[3, 6, 8, 22, 23]

V2 Customized
preview

Can users switch between preview modes (e.g., 2D/3D images or a textual
summary), with a consistent relation to the current configuration?

[20, 23]

1. Data Preparation: Create a screen recording of user interactions with the configurator. Us-
ing screen recordings instead of screenshots helps preserve interaction dynamics and UI state
transitions, enabling a more comprehensive usability analysis.

2. Upload: Upload the recording. An optional description that describes its usage context is provided
for more narrow issue descriptions. For example, stating that end users are IT administrators
prevents flagging domain-specific UI labels that might only be unclear to a broad audience.

3. MLLM-based Usability Evaluation: TheMLLM evaluates the application based on the uploaded
context and specified usability criteria (see Tables 4–7). The general role and boundaries are
specified in the system prompt (see Listing 1), while the user prompt includes the criterion-specific
instructions (see Listing 2). For each criterion,4 the MLLM returns a structured JSON response that
includes a list of identified issues per criterion, where each issue consists of an issue description,
severity rating, and improvement recommendation.

4. Result Review: Review the identified usability issues, grouped by the violated usability criterion
and issue severity. The severity helps prioritize issues that should be resolved quickly while
avoiding forgetting those with lower impact.

5. Validation and Feedback: Choose to accept or reject each issue to enable human validation. If
an issue is rejected, a reason can be selected from a dropdown. This feedback is used to improve
the tool’s accuracy in future updates.

You are a Senior Usability Engineer specializing in evidence-based UI/UX audits.
Your task is to perform an evaluation of software interfaces based strictly on provided visual evidence and context.

Core Principles:
1. Strict Visual Evidence: Report ONLY what is explicitly visible in the screenshots or recording.
2. No "Missing" Hypotheses: You are strictly forbidden from reporting the absence of features (e.g., "missing

confirmation dialogs" or "lack of undo options") unless the recording explicitly shows a user attempting a specific
action where that feature is expected and fails to appear.

3. No Assumptions: Do not speculate on what happens before or after the provided media. If the recording ends, do not
assume the next step is missing or broken.

4. Data Neutrality: Ignore the actual values of the data shown (e.g., placeholder text, test names like "Test User", or
mock prices like "$0.00"). Assume the data is intentional for the test environment.

4We consider one criterion per prompt for more focused and precise results instead of evaluating multiple criteria at once.



Figure 1: Overview of the automated usability analysis using an MLLM.

5. Interface Focus: Focus exclusively on UI/UX elements: layout, navigation, visual hierarchy, affordance, and
interaction logic. Report on how data is presented (e.g., alignment, legibility, wrapping), not the substance of
the data itself.

6. Actionable Precision: Recommendations must be specific enough for a developer to implement (e.g., specify placement,
contrast, or labeling).

7. Tone: Professional, objective, and analytical.

Listing 1: System prompt for the usability evaluation, providing general instructions and boundaries.

Usability Criterion Under Evaluation: {criterion_name}
Usability Criterion Explanation: {criterion_description}
{application_context}

Evaluation Task
Analyze the provided interface against the criterion above.
Base your findings solely on visible friction points.

Follow these steps:
1. Identify any usability issues related to the criterion and explain each issue.
2. Provide a practical, actionable recommendation to fix each issue.
3. Assign a severity level.

Severity Scale:
- 1: Cosmetic - Minor aesthetic issues or very small frustrations.
- 2: Minor - Usability problems that slow down the user but don't prevent task completion.
- 3: Major - Important usability problems that lead to significant frustration or potential task abandonment.
- 4: Catastrophe - Critical issues that prevent the user from completing their task or cause data loss.
[...]

Listing 2: Prompt template for the usability evaluation with variable placeholders indicated in braces “{}”.
We use the severity scale suggested by Nielsen.5 Result formatting instructions are omitted.

The current version uses Google’s gemini-2.5-flash MLLM for the usability evaluation [24], which
efficiently handles multimodal inputs, including video. To make outputs more deterministic, the
temperature parameter was set to 0. The screen recordings are directly submitted to the API using the
default settings, which extract one frame per second.6 This balances cost and detail, as fewer frames
lower token usage7 and speeds up analysis, but may miss relevant interactions. In contrast, more frames
add detail at a higher cost. Reaching the context-token limit is unlikely with typical user interaction
samples, as at least 1 hour of video can be processed with default settings before exceeding it.

5. Practical Example and Discussion

We demonstrate the tool by evaluating the usability of the AimControllers configurator.8 AimControllers
allows gamers to fully customize and purchase modified gaming controllers by configuring aesthetic elements
alongside functional upgrades.9 We created a screen recording simulating a typical configuration session
and uploaded it to the tool. After a few minutes, it presented the results as shown in Figure 2.
5https://www.nngroup.com/articles/how-to-rate-the-severity-of-usability-problems/
6https://ai.google.dev/gemini-api/docs/video-understanding
7Each extracted frame contributes 258 tokens under default settings.
8https://eu.aimcontrollers.com
9This sentence was also used as the app description in the tool.

https://www.nngroup.com/articles/how-to-rate-the-severity-of-usability-problems/
https://ai.google.dev/gemini-api/docs/video-understanding
https://eu.aimcontrollers.com


The tool identified 18 usability issues across the configurator-specific criteria with different severities.
The UI shows the uploaded video on the left and an issue list on the right, grouped by severity and
violated criterion. The issues can be filtered by severity, and improvement suggestions are collapsible
to reduce text. The criterion definitions are available via tooltips. Users can accept or decline issues
using the thumbs-up or thumbs-down icons. In the latter case, they are hidden in the list after the user
provides the reason. In addition to sharing the result page, a PDF summary can be downloaded.

This work focuses on the presentation of an accessible tool that enables automated usability evalu-
ations of configurators. An in-depth evaluation of the quality of identified issues and improvement
suggestions using general usability heuristics was conducted in [15], while a configurator-specific study
across 16 commercial configurators from different domains confirmed that most identified issues were
plausible and accompanied by helpful improvement suggestions [16]. The latter study also highlighted
distinct trends regarding which configurator usability criteria (see Section 3) are widely adopted and
where issues were frequently recognized. The most frequently fulfilled criteria included availability of
options (C3), transparency of errors (E3), manual step transitions (N2), starting points (N6), and product
preview (V1). In contrast, customized options (C1), variant comparison (C5), providing domain knowledge
(E1), progress indication (N4), and variant persistence (N5) appeared to be commonly overlooked. Auto-
mated usability evaluation can help reveal these issues in configurators and support their resolution in
commercial configurators, thereby improving the user experience.

For the AimControllers example, one author of this paper reviewed the identified issues for plausibility
in terms of describing actual issues in the application and considered most of them (12/18) plausible. The
implausible issues in this example were mainly due to domain misunderstandings, such as misclassifying
valid option combinations as incompatible ormisinterpreting the positioning of labels in the UI. Reducing
these false positives likely requires prompt tuning and improvements in the provision of visual context.
As no benchmark datasets for usability evaluations exist, a curated dataset with example applications
and validated issues is needed to automatically test the accuracy of approaches and models. For now,
human validation remains essential as suggested by related studies [14, 15, 16]. To address this, our
tool includes built-in controls that allow users to accept or decline issues and provide feedback, helping
to collect validation data for continuous system improvement.

Beyond textual recommendations, automated resolution could suggest concrete UI code changes if the
configurator’s code repository is accessible [25]. This way, the MLLM acts as an assistant, translating
usability findings into implementation-level guidance for developers.

Overall, MLLM-based usability evaluation offers practical support that can make its adoption in
the industry more feasible. By enabling accessible, semi-automated evaluations, also for complex
configurator applications, this approach directly addresses barriers identified in our practitioner survey,

Figure 2: Tool screenshot showing identified usability issues for the AimControllers application. In the full UI,
the uploaded screen recording appears to the left of these issues.



such as a lack of time, budget, and know-how (see Section 2).

6. Conclusions

This work presented a novel tool that automates the usability evaluation of configurator UIs by ana-
lyzing screen recordings of user interactions with multimodal large language models (MLLMs). Using
configurator-specific criteria, it generates structured issue descriptions with severity ratings and ex-
plicit improvement recommendations, reducing the effort and expertise required for typical usability
evaluations. The approach is motivated by a survey we conducted among practitioners. It highlights
that although the importance of usability is widely recognized, evaluations are infrequent due to con-
straints on time, budget, internal priorities, and know‑how. This motivates automated analysis with
human-in-the-loop validation, as supported by our tool. Future work aims to improve its accuracy by
refining prompts, enabling agent-driven exploration to further reduce manual effort, and extending the
improvement recommendations to provide direct implementation-level guidance.
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Abstract
Cognitive aspects of constraint representations have been studied in configuration knowledge engineering.
Earlier work documented that human knowledge engineers make systematic errors in three situations: when
working with logically equivalent constraint forms, when constraints are presented in different orders, and
when translating between natural language statements and formal encodings. We ask whether these human
error patterns transfer when large language models (LLMs) are the test subjects, how they extend to real-world
configuration knowledge bases, and whether the domain meaning of feature names helps or hurts LLM reasoning.
Five LLMs are tested across nine experimental settings: four replicate the human findings on small synthetic
constraint satisfaction problems, four extend the same manipulations to feature model (FM) knowledge bases of 13
to 169 features, and one examines whether the knowledge encoded in pretrained LLMs influences their reasoning
when knowledge bases contain domain-meaningful feature names. Across these experiments, we find that human
error patterns largely do not transfer to LLMs: the representation, ordering, and formalization manipulations that
derail human knowledge engineers leave all five LLMs highly accurate, and on redundancy detection three of
the five outperform the human baseline. However, three LLM-specific vulnerabilities emerge: (1) when asked to
produce a valid configuration, GPT-4.1 mini collapses as FM size grows, while the four other LLMs are unaffected;
(2) domain-meaningful feature names lower the tested LLMs’ accuracy compared to abstract identifiers (f1…fN);
and (3) the mandatory relationship is not reliably identified in natural-language descriptions of FMs, where the
LLMs conflate it with cross-tree requires and or relationship. Taken together, the cognitive-robustness profile is
the inverse of the human one.

Keywords
Cognitive aspects, Configuration knowledge engineering, Large language models, Feature models

1. Introduction

Configuration knowledge engineering (CKE) is concerned with authoring and maintaining the knowledge
bases (KBs) that drive knowledge-based configuration systems. CKE has matured over four decades,
from the rule base of R1/XCON in the early 1980s [1] through model-based configuration [2] to the
feature models that drive software product lines (SPLs) [3, 4]. To develop and maintain such KBs, the
field has produced solver-based tooling that spans their lifecycle, from model-based diagnosis [5, 6, 7],
testing and debugging [8, 9, 10], and redundancy detection [11, 12] during construction to analysis
operations for validation and maintenance [13, 14]. Although this tooling improves KB development,
the principal bottleneck lies upstream, in the human authoring of these KBs. This process is inherently
error-prone: cognitive overload, incomplete domain knowledge, and outdated rules lead engineers to
encode faulty, redundant, or inconsistent constraints, and the way the same knowledge is represented
directly shapes the cognitive effort involved [15, 16].

Among these causes, how knowledge engineers represent and formalize constraints has itself been
studied empirically as a source of such errors in CKE [15, 17, 18]. Two of these findings motivate
this paper. Felfernig et al. [17] report that human knowledge engineers solving a small constraint
satisfaction problem (CSP) [19] make 21% errors on the implication form 𝐴 → 𝐵 and 96% errors on its
logically equivalent contrapositive ¬𝐵 → ¬𝐴. Felfernig et al. [18] report that engineers translating
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natural-language (NL) statements into formal encodings mistake directional “only compatible with”
relations for biconditionals in 60% of cases, and that none identify the redundant constraints in a small
CSP (0% exact match). This latter finding connects to the linguistic-ambiguity literature in requirements
engineering [20] and motivated automated redundancy detection algorithms such as CoreDiag [12].
Together these studies identify four cognitive dimensions along which human performance in CKE
degrades: representation choice, constraint ordering, NL-to-formal translation, and redundancy detection.

These results raise a question of transfer. Large Language Models (LLMs) are now being considered as
analysis assistants for CKE, with SPLs as a leading use case. With appropriate prompting techniques
[21, 22], LLMs map NL into formal artefacts such as CSPs [23], answer-set programs [24], and feature
models (FMs) [25], with benchmarks confirming both the capability and its limits [26]. In this context,
Le et al. [27] show that frontier LLMs execute the sixteen standard analysis operations [13] on FMs with
accuracy approaching the solver-based oracle [28]. The FMs in their study are expressed as blueprints,
semi-formal NL descriptions of feature hierarchies and constraints, such as “a Smartwatch must have
a Connector and a Screen” or “the Connector can be Cellular, Wifi, or both”. That result establishes
feasibility, but not cognitive robustness, i.e., whether an LLM returns the same answer when the same
constraint is rewritten in a logically equivalent form, reordered, or renamed, or when a description
is phrased ambiguously. This gap matters in practice. Le et al. [27] report that misinterpreting FM
relationships, such as interpreting or/alternative as mandatory, is the most frequent of three failure
modes, without identifying its source.

Furthermore, the human error patterns were established in a setting that differs from real LLM-
assisted CKE in two respects. First, real feature models are far larger and more structurally complex
than the small synthetic CSPs of the human studies, so what counts in practice is whether the effects
hold at that scale. Second, real feature models carry meaningful names rather than domain-independent
variables, so an LLM may bring world knowledge to bear that could either aid or mislead it. Both
differences bear directly on whether LLMs can be trusted as authoring assistants, and neither can be
settled from the human studies alone.

This paper analyses the impact of different constraint representations on the knowledge acquisition
behaviour of LLMs along the four human-derived dimensions (representation, ordering, formalization,
redundancy), plus a fifth dimension novel to LLMs: naming. We organise the experimental design around
three research questions. (RQ-A) Transfer : do the human cognitive error patterns of [17, 18] along the
four dimensions of constraint representation, ordering, formalization, and redundancy replicate when
LLMs are the subjects? (RQ-B) Generalisation to FM : do those effects persist when stimuli move from
small synthetic CSPs to inputs derived from real, industrial-scale feature models, namely Universal
Variability Language (UVL) models, FM-derived CSPs, and NL blueprint fragments? (RQ-C) World-
knowledge invocation: do LLMs invoke pretrained world knowledge when feature names carry domain
meaning, and does the invocation help or hurt accuracy on configuration tasks?

In this paper we make three contributions. First, we design an experimental framework that recasts
the four human cognitive dimensions [17, 18] as LLM-testable manipulations, extends them from small
synthetic CSPs to FM-derived inputs at industrial scale, adds a fifth naming manipulation, and comprises
nine experimental settings evaluated across five LLMs.1 Second, we show that the human error patterns
largely do not transfer to LLMs. The representation, ordering, and formalization manipulations that
derail human knowledge engineers leave the five LLMs at or near ceiling, with a single formalization
task as the only exception, and on redundancy detection three of them exceed the human baseline.
In the same experiments we identify three LLM-specific vulnerabilities: (1) one LLM collapses as the
feature model grows large when asked to produce a valid configuration, while the other four remain
accurate; (2) abstract feature identifiers (f1…fN) outperform domain-meaningful feature names across
two distinct task types; and (3) all five LLMs fail to identify themandatory relationship under ambiguous
NL descriptions and conflate it with cross-tree requires and or relationship, which locates a concrete
source of the semantic-slip failure mode reported by [27]. These results indicate a cognitive-robustness

1Code, stimuli, raw model outputs, evaluation results, and analysis scripts are available at https://github.com/AIG-ist-tugraz/
cognitive-robustness-cke/releases/tag/v1.0-confws2026.

https://github.com/AIG-ist-tugraz/cognitive-robustness-cke/releases/tag/v1.0-confws2026
https://github.com/AIG-ist-tugraz/cognitive-robustness-cke/releases/tag/v1.0-confws2026


profile inverse to the human one. Third, we derive basic recommendations for the design of LLM-assisted
CKE pipelines. Together, these contributions carry a practical message for CKE. LLMs are unaffected
by the manipulations that derail human knowledge engineers. This robustness motivates their use
as assistants in the human authoring stage. This assistance is safe only once the three LLM-specific
vulnerabilities we identify are mitigated.

The remainder of the paper is organised as follows. Section 2 introduces feature models, UVL, and the
analysis tasks. Section 3 reviews the cognitive-aspects studies and prior work on LLMs in CKE. Section 4
describes the experimental design. Sections 5, 6, and 7 report the results for each RQ. Section 8 discusses
cross-experiment patterns and implications for LLM-assisted CKE pipelines. Section 9 discusses threats
to validity, and Section 10 concludes with recommendations and future work.

2. Background

This section introduces the artefacts the experiments operate on and the tasks they perform over them.
It moves from feature models and their textual form in UVL to the NL blueprints that describe them,
then to the CSPs they translate into and the reasoning and analysis tasks defined over them. The
Smartwatch feature model of Figure 1 runs as an example throughout.

Feature models. Feature models, introduced in the Feature-Oriented Domain Analysis (FODA) method
of Kang et al. [4], have become the de facto representation of variability and commonality in an SPL [3].
An FM is a tree of features connected by structural relationships, together with cross-tree constraints
[13]. The four structural relationships are mandatory (the child is included whenever the parent is),
optional (the child may or may not be included), or (if the parent is included, at least one child of the
group is selected), and alternative (if the parent is included, exactly one child of the group is selected).
The two cross-tree constraints are requires (if one feature is present, another must also be present) and
excludes (two features are mutually exclusive). A configuration is a selection of features that satisfies
every relationship and every cross-tree constraint.

For demonstration, we use a simplified and intentionally faulty Smartwatch feature model (SMW)
as a running example throughout the paper. Figure 1 shows it in four representations (feature model
diagram, UVL, blueprint, and FM-derived CSP): a Smartwatch must have a Connector, a Screen, a Camera,
a Batt100mAh (a 100mAh battery), and a GPS, with an optional Compass. The Connector is one or
both of Cellular and Wifi, and the Screen is either Analog or HiRes (high resolution). The four cross-
tree constraints are: Analog excludes Cellular, Camera requires HiRes, Batt100mAh requires Analog,
and Compass requires GPS. By design, Camera requires HiRes and Batt100mAh requires Analog jointly
force both HiRes and Analog, which the alternative Screen forbids. Because of the conflict, no valid
configuration exists for this feature model.

UVL. UVL [29] has emerged as a unified textual language for feature modeling, and we adopt it as the
textual syntax throughout this paper. It encodes the four structural relationships as keyword-tagged
child groups and the cross-tree constraints as Boolean expressions, as Figure 1b shows for the running
example. We use only its Boolean level, not the arithmetic or type extensions.

Blueprints. Le et al. [27] introduced blueprints, an NL representation of feature models that serves as
the input to LLM-based analysis operations. A blueprint is a semi-formal NL description of a model’s
features and dependencies, such as “a Smartwatch must have a Connector and a Screen” or “a Camera
requires a HiRes Screen”. Figure 1c gives the blueprint of the running example. Both the UVL form and
the blueprint form are used as LLM inputs across the experiments in this paper.

Constraint satisfaction and configuration. A feature model can be transformed into a formal
representation, such as a CSP, bymapping each feature to a Boolean variable (selected or not selected) and
by translating both the hierarchical relationships and the cross-tree constraints into logical constraints.



(a) Feature model diagram (b) UVL

(c) Blueprint (d) FM-derived CSP

Figure 1: The Smartwatch running example in four representations of the same feature model: (a) the feature
model diagram, (b) the UVL text, (c) the NL blueprint, and (d) the FM-derived CSP.

A complete set of rules for this translation is given by Benavides et al. [13]. Formally, a CSP is a tuple
(𝑉 , 𝐷, 𝐶) with variables 𝑉, finite domains 𝐷, and constraints 𝐶, and a solution is an assignment of values
from 𝐷 to the variables of 𝑉 that satisfies every constraint in 𝐶 [19]. A configuration task is the special
case 𝐶 = 𝐶𝐾𝐵 ∪ 𝑅𝐸𝑄, where 𝐶𝐾𝐵 is a configuration knowledge base that encodes the product model and
𝑅𝐸𝑄 collects user requirements, and a configuration is a solution of the configuration task. Figure 1d
shows the FM-derived CSP of the running example, where 𝑐0∶ Smartwatch = 𝑡 (𝑡 denotes true) is a root
constraint, avoiding the derivation of empty configurations. This transformation enables identifying
configurations, performing solver-based reasoning, and executing analysis operations on FMs.

Conflict set identification. When a configuration task has no solution, we are interested in ex-
planations as to why no solution could be identified. Minimal conflict sets, also denoted as minimal
unsatisfiable subsets (MUS) [30], are a common means of explaining such inconsistent situations. For-
mally, a minimal conflict set 𝐶𝑆 is a minimal set of possibly faulty constraints that is inconsistent
together with the background knowledge 𝐶𝐾𝐵, where minimal means no proper subset 𝐶𝑆′ ⊂ 𝐶𝑆 is
inconsistent with 𝐶𝐾𝐵 [6]. In the running example (Figure 1d), with the feature hierarchy (𝑐0 to 𝑐8) as
the background knowledge 𝐶𝐾𝐵 and the cross-tree constraints (𝑐9 to 𝑐12) as possibly faulty, {𝑐10, 𝑐11} is a
minimal conflict set: because Camera and Batt100mAh are mandatory, 𝑐10 entails HiRes and 𝑐11 entails



Table 1
The six task types used across experiments and the abbreviations used as labels throughout the paper.

Task Abbreviation

Find a configuration find-config
Find a minimal conflict set find-conflict
Formalization formal
Redundancy detection red-detect
Satisfiability check sat
Configuration counting count

Analog, but the alternative Screen allows only one of them, so no configuration exists.

Redundancy detection. A constraint is redundant when removing it leaves the solution space
unchanged, and redundancy detection is the task of flagging such constraints, which neither restrict nor
enlarge the set of valid configurations [12]. In the running example (Figure 1d), once 𝑐11 is removed so
that the model has valid configurations, 𝑐12 (Compass requires GPS) is redundant: GPS is mandatory, so
the implication always holds, and removing 𝑐12 leaves the set of configurations unchanged. Although
semantics-preserving, redundant constraints reduce model understandability and inflate maintenance
and solver cost, which makes their reliable detection a practical concern [31].

Analysis operations. Conflict and redundancy detection are part of the catalogue of analysis opera-
tions of [13], which formalises the standard reasoning tasks over FMs. Two further such operations are a
satisfiability check, which decides whether an FM has at least one valid configuration, and configuration
counting, which computes the number of valid configurations. In the running example (Figure 1d), the
satisfiability check returns false (the model is void) and the configuration count is zero. The solver-based
oracle FLAMA [28] executes these operations on UVL inputs.

Tasks. Six task types recur across the experiments. Five appear above, namely find-config (a valid
configuration), find-conflict (a minimal conflict set), red-detect (the redundant constraints), and sat
and count (the satisfiability check and configuration counting). The sixth, formalization (formal), is a
translation task in which the model is given an NL statement and must select its correct formal encoding
from a set of candidate constraints. Table 1 lists all six with the abbreviations used as labels throughout
the paper.

3. Cognitive Aspects of Configuration Knowledge Engineering:
Studies and Replication Template

The cognitive aspects of CKE have been studied empirically since Felfernig et al. [15]. That work showed
that different expressive means for the same chunk of knowledge trigger different cognitive overheads
on the knowledge engineer, and that the choice of representation significantly affects knowledge-base
acquisition and maintenance. Two studies extend this line directly and supply the methodological
template that our experiments replicate.

Felfernig et al. [17] ran two within-subject studies on small synthetic CSPs (3 to 10 variables, 5
to 15 mixed constraints) over domain-independent variables 𝑣1, 𝑣2, … Study A varied the order of
the constraints on two synthetic CSPs across three orderings, namely variable-similarity (constraints
that share variables placed together), operator-similarity (constraints with the same operators placed
together), and random. In each ordering, subjects were asked to find a solution or a minimal conflict,
and variable-similarity ordering halved the error rate of the random baseline. Study B varied the form of
an implication on two further CSPs across five logically equivalent encodings, 𝐴 → 𝐵 (𝑅1), ¬𝐴 ∨ 𝐵 (𝑅2),
¬𝐵 → ¬𝐴 (𝑅3), ¬(𝐴∧¬𝐵) (𝑅4), and 𝐵 ← 𝐴 (𝑅5), and asked subjects to find a solution. The contrapositive



form 𝑅3 produced 96% error against 21% for the implication form 𝑅1, a 75 percentage point (pp) gap on
a logically identical constraint.

Felfernig et al. [18] extended this line from representation choice to formalization, addressing what the
authors call a neglected area of CKE research, namely the cognitive understandability of transforming
informally specified knowledge into a formal representation. Ten translation tasks in a financial-
advisory domain, over the variables return rate (rr ), willingness to take risks (wr ), and investment period
(ip), were given to ten knowledge engineers, each asking for the formal encoding of an NL statement.
Four concern compatibility and incompatibility relations. Task 1 encodes “a low willingness to take
risks is incompatible with a high return rate” as either a compatibility or an incompatibility set. Task 6
encodes the directional “a high return rate is only compatible with a high willingness to take risks”, which
must not collapse into an equivalence. Task 7 encodes “a shortterm investment period is incompatible
with a high return rate” as either ¬(ip=short ∧ rr=high) or ip=short → ¬ rr=high. Task 9 encodes an
incompatibility whose two directions are stated explicitly. Three concern requires constraints. Task 2
shares a left-hand side, as in “a high return rate requires a high willingness to take risks and a longterm
investment period” (rr=high → (wr=high∧ ip=long)). Task 3 shares a right-hand side, as in “a shortterm
period and a high return rate both require a high willingness to take risks”. Task 4 has a disjunctive
right-hand side, as in “a high return rate requires a longterm investment period or a high willingness to
take risks” (rr=high → (ip=long ∨ wr=high)). The remaining three are Task 8, combined properties
through enumerated negation (“a return rate that is not low and not medium requires an investment
period that is not shortterm and not mediumterm”, which merely restates a high return rate requires a
longterm investment period); Task 5, spotting the two redundant constraints hidden among eleven over
ten variables (for instance 𝑣8 ≠ 𝑣9 and 𝑣9 ≠ 𝑣8, both entailed by 𝑣9 > 𝑣8); and Task 10, describing a whole
feature model in prose, where the or relationship is the hardest element to convey unambiguously.
Two findings of this paper underpin our experimental design. First, directional “only compatible with”
relations were misread as biconditional in 60% of cases, while the same logical content with the explicit
phrase “and vice-versa” was read correctly in 90% of cases. Second, no participant identified the two
redundant constraints in a CSP of eleven constraints, and the participants who returned faulty answers
spent less time than those who returned correct answers, indicating that confidence on this task is
uncorrelated with correctness. This second finding directly motivated the automated redundancy
detection algorithm CoreDiag [12]. The ambiguity findings of [18] also connect to the long-standing
literature on linguistic ambiguity in requirements specifications [20].

These two studies establish that constraint representation choice, constraint order, NL-to-formal
translation, and redundancy detection are four distinct cognitive dimensions along which the CKE
process degrades. They form the four-dimension template that our experiments replicate with LLMs as
subjects. We reuse the Study A/Study B and Task 𝑛 labels of [17, 18] throughout the paper to refer back
to these source experiments.

Machine learning has been applied across feature modeling, configuration, and constraint solving
[32, 33]. More recently, LLMs have been used to map NL descriptions onto formal artefacts such as CSPs
[23, 34], answer-set programs [24], and feature models [25]. Le et al. [27] propose LLMs as an engine
for the early validation of FMs, targeting SPL scoping [35], the early phase of SPL engineering where
variability decisions are first articulated. Their benchmark evaluates twelve LLMs on the sixteen analysis
operations [13] applied to ten FMs ranging from six to nearly seven thousand features, presented as
blueprints (Section 2) rather than as formal UVL. The top three reach 88 to 90% average accuracy
against the oracle FLAMA [28]. The study reports three failure modes, namely semantic slips on FM
relationships, incomplete propagation on counting operations, and context-window exhaustion on the
largest FMs. Semantic slips are by far the most frequent of the three, and are squarely a cognitive-aspects
phenomenon, where an LLM misreads, for example, an or or alternative group as mandatory, the same
kind of representation-induced error that the human studies above document. Le et al. [27] report this
slip without diagnosing its source, an open question that our study takes up.

Together, these foundations set up our study. The cognitive-aspects studies of [17, 18] supply the
methodological template that our experiments replicate, while the blueprint-based pipeline of [27]
serves both as proof of feasibility, since it shows that LLMs can execute the analysis operations at all,



Table 2
Nine experimental settings grouped by research question. FM acronyms follow [27] Table 2: SMW = Smartwatch,
COM = Computer, SEA = Subsea Control System, CVE = Cybersecurity Vulnerability, BDB = Berkeley DB. See
Table 3 for feature model characteristics. The Task column uses the abbreviations defined in Table 1; the Task 𝑛
labels in the Experiment input column follow [18] (Section 3). Each RQ-B experiment (E1b–E4b) extends the
RQ-A experiment of the same axis; E5 is a novel naming experiment.

Exp. Axis Task Experiment input

RQ-A (Transfer): do human cognitive patterns replicate on LLMs?
E1a Representation find-config Synthetic CSPs of Study B [17]
E2a Formalization formal NL→ CSP (Tasks 1–4, 6–9) [18]
E3a Redundancy red-detect CSP of 11 constraints (Task 5) [18]
E4a Ordering find-config, find-conflict Synthetic CSPs of Study A [17]

RQ-B (FM Generalisation): do those effects persist on FM-derived stimuli?
E1b Representation find-config UVL FMs (SMW, COM, SEA)
E2b Formalization formal Blueprint fragments [27] from SMW, COM, SEA, CVE
E3b Redundancy red-detect UVL FMs (COM, SEA, CVE, BDB)
E4b Ordering find-config, find-conflict FM-derived CSP (SMW, COM, SEA)

RQ-C (World-knowledge invocation): do LLMs invoke world knowledge encoded in feature names, and does it help or
hurt?
E5 Naming find-config, sat, count UVL FMs (COM, SEA) × 3 naming variants (abstract,

domain-aligned, domain-scrambled )

and as a source of the failure modes we investigate. The next section turns these foundations into a
concrete experimental design.

4. Experimental Design

This section describes the experimental design, organised around the three research questions (Section 1)
and summarised in Table 2. RQ-A (Transfer ) is addressed by the four synthetic-CSP replications E1a–
E4a, which test whether the human error patterns of [17, 18] reappear when LLMs are the subjects.
RQ-B (Generalisation to FM ) is addressed by the four FM-derived extensions E1b–E4b, which lift each
manipulation from synthetic CSPs to industrial-scale feature models. RQ-C (World-knowledge invocation)
is addressed by the naming experiment E5, which tests whether the domain meaning of feature names
helps or hurts LLM reasoning. Each experiment is detailed in its own subsection of Sections 5–7, while
the rest of this section describes the setup shared across them. Several experiments attach a foundational-
knowledge scaffolding to the prompt: a set of reference documents (detailed below) that supply the
background needed to interpret UVL feature models. Three ablation variants of this scaffolding, each
removing one or more of those documents, are applied to each of E1b and the find-config task of E5,
giving four conditions per experiment including the full-scaffolding baseline (Section 6.1).

Experiment inputs. The experiments take two kinds of input: synthetic CSPs and FMs.

Constraint satisfaction problems. Synthetic CSPs from [17, 18] serve as inputs for E1a, E3a,
and E4a, kept at the original-paper scale (3–10 variables, 5–15 mixed constraints) to enable direct
comparison with the human baselines of those studies. The NL-to-formal translation candidates of E2a
are CSP fragments from [18] at the same scale. E4b also derives CSPs from UVL FMs by applying the
FM-to-CSP translation rules of [13].

Featuremodels. Five feature models from the dataset of [27] populate the FM-derived experiments.
Across these experiments, a model appears in one of three forms, namely a UVL FM (E1b, E3b, E5),
an NL blueprint fragment (E2b), or an FM-derived CSP (E4b). Table 3 reports their structural metrics.



Table 3
Feature models used in this paper. Structural metrics from [27] Table 2. “#Rel.” is the count of structural
relationships (mandatory, optional, or, alternative). “#CTC” is the count of cross-tree constraints (requires,
excludes).

FM Full name #Feat. #Rel. #CTC Depth Used in

SMW Smartwatch 13 8 2 2 E1b, E2b, E4b
COM Computer 48 25 21 3 E1b, E2b, E3b, E4b, E5
SEA Subsea Control System 145 73 13 10 E1b, E2b, E3b, E4b, E5
CVE Cybersecurity Vulnerability 169 15 153 4 E2b, E3b
BDB Berkeley DB 117 54 282 5 E3b

Table 4
LLMs used in this paper, ordered by decreasing average accuracy on the benchmark of [27] (89.7%, 88.9%, 88.2%,
78.3%, and 68.0% respectively). Provider model IDs link to the corresponding model documentation. Reasoning
effort follows each provider’s API documentation. The Grok 4 Fast Reasoning model benchmarked by [27]
has been retired since publication. Following Grok’s compatibility guidance, we substitute grok-4.3 with low
reasoning effort as the closest match.

Short name Provider model ID Type Reasoning effort

Grok grok-4.3 [36] Reasoning-optimized low
GPT5 gpt-5-mini [37] Reasoning-optimized high
Gemini gemini-2.5-pro [38] Reasoning-optimized default
Claude claude-sonnet-4-6 [39] Non-reasoning —
GPT4.1 gpt-4.1-mini [37] Non-reasoning —

The five FMs span a broad range of size and constraint density. SMW is the smallest, comparable in
scale to the synthetic CSPs of E1a. COM (48 features) and SEA (145 features) are just below and just
above 100 features, the size at which the scale-cliff of E4b emerges. CVE and BDB have far higher
ratios between cross-tree constraints and features than the others, so they serve as the inputs for the
redundancy detection test of E3b across its six redundancy types. E1b, E3b, and E4b use the abstract
variants distributed with [27] (feature identifiers replaced by f1…fN). The short identifiers reduce token
counts on the larger FMs (CVE, BDB) and keep each prompt well within the context window of every
LLM. SMW is the exception. It is small enough not to need shortening and no abstract variant is
distributed for it, so E1b and E4b use it with its original feature names. E5 uses the original feature
names because naming is the experimental variable.

LLM selection. Table 4 lists the five LLMs tested. The selection follows the ranking of [27], who find
three reasoning-optimized models at the top (Grok 4 Fast Reasoning, GPT-5 mini, Gemini 2.5 Pro). We
adopt these three as the reasoning-model contingent, paired with the two highest-ranked non-reasoning
models (Claude Sonnet 4.6 and GPT-4.1 mini). Throughout the paper we use the short names Grok,
GPT5, Gemini, Claude, and GPT4.1, in the same decreasing-accuracy order. Coverage is not exhaustive.
Section 9 discusses generalisation.

Evaluation pipeline. Every experiment uses the same three-part prompt pipeline, illustrated in
Figure 2 on the SMW find-config task. A system prompt fixes themodel role and attaches the foundational-
knowledge scaffolding, a user prompt carries the experiment input (here the SMW UVL of Figure 1) and
the task instruction, and an output contract requires the model to reason inside <reasoning> tags and
emit its answer inside <answer> tags, which an eval script parses and scores against the ground truth.
This mirrors the three-part pipeline of [27], except that our inputs are UVL feature models rather than
blueprints, so the foundational-knowledge scaffolding adds a UVL reference and grammar (detailed
below).



three-part prompt

System prompt

Role: feature-model engi-
neering assistant.

Foundational scaffolding:
FM concepts, UVL refer-
ence, UVL grammar.

Semantics recap: manda-
tory, optional, or, alterna-
tive, requires, excludes, etc.

User prompt

Target feature model in
UVL:
features
smartwatch ...

constraints ...

Instruction: reason in
<reasoning>, give the se-
lection in <answer>.

Output contract

<reasoning>
...step-by-step...
</reasoning>

<answer>
config: smartwatch,
screen, touch, ...
</answer>

5 LLMs
(Table 4)

eval script
vs. ground

truth

Figure 2: The three-part prompt pipeline (system prompt, user prompt, output contract), shown on the SMW
find-config task. Each prompt is sent to the five LLMs of Table 4. An eval script parses the <answer> block and
scores it against the ground truth. Cf. Figure 1 of [27].

Foundational-knowledge scaffolding. The prompts for E1b, E3b, and the find-config task of E5
attach three reference documents to the system message (Figure 2): a brief on feature model concepts,
a UVL reference, and the UVL grammar. They act as foundational-knowledge scaffolding, supplying
the background needed to interpret UVL feature models and controlling for cross-provider variance in
how much UVL each provider’s training corpus contained. The sat and count tasks of E5 build on the
system prompts of [27] behind their A010 (satisfiability) and A012 (configuration counting) operations,
extended with the same scaffolding. Section 6.1 reports the ablation that removes individual scaffolding
components and quantifies their contribution.

Sample size and statistical framing. Each (experiment, condition, LLM) cell is run 𝑛 = 3 times.
With so few runs in each cell, the paper relies throughout on aggregated patterns: totals for each
LLM (typically 15–36 observations per condition, after aggregating over the multiple stimuli in each
condition), monotonic gradients across FM size or scaffolding variant, and side-by-side comparison
with the human baselines of [17, 18]. Section 9 discusses the confidence interval for each cell.

Experiment-input conventions. Three conventions address potential biases in the experimen-
tal measurements. (i) Variable identifiers in the replication inputs from [17, 18] are renamed
(wr/rr/ip → x1/x2/x3 in E2a, v → x in E3a) to mitigate verbatim training-data contamination. (ii) In
the multiple-choice experiments (E2a and E2b), candidate answers are shuffled per (input, LLM, run)
with a deterministic seed for each run to control for positional bias. The recorded permutation maps the
chosen position back to the canonical answer. (iii) UVL FM inputs are presented in full, with hierarchy,
groups, and cross-tree constraints intact (E1b, E3b, and the find-config task of E5), to avoid partial-input
effects.

5. Transfer of Human Patterns (RQ-A)

In this section, we report the four synthetic-CSP experiments that test whether human cognitive error
patterns documented by [17, 18] replicate when LLMs are the subjects. Each subsection pairs with the
corresponding FM-scale extension in Section 6.

5.1. E1a: Representation Effect on Synthetic CSP

Study B of [17] documented that humans make 21% errors on the implication form𝐴 → 𝐵 and 96% errors
on its logically equivalent contrapositive ¬𝐵 → ¬𝐴. The two forms carry the same logical content but
produce very different human error rates. E1a asks whether LLMs share this human-specific difficulty
to constraint form. The experiment replicates the original design: five logically equivalent encodings
of the same constraint set, 𝐴 → 𝐵 (𝑅1), ¬𝐴 ∨ 𝐵 (𝑅2), ¬𝐵 → ¬𝐴 (𝑅3), ¬(𝐴 ∧ ¬𝐵) (𝑅4), and 𝐵 ← 𝐴 (𝑅5),



Table 5
E1a accuracy by form. All five LLMs ceiling on both CSPs across the five forms. The human baseline for R1–R5
from [17] Table 8 is shown for reference.

CSP Form Grok GPT5 Gemini Claude GPT4.1 Human

1 R1 (𝐴 → 𝐵) 1.00 1.00 1.00 1.00 1.00 0.79
1 R2 (¬𝐴 ∨ 𝐵) 1.00 1.00 1.00 1.00 1.00 0.50
1 R3 (¬𝐵 → ¬𝐴) 1.00 1.00 1.00 1.00 1.00 0.04
1 R4 (¬(𝐴 ∧ ¬𝐵)) 1.00 1.00 1.00 1.00 1.00 0.27
1 R5 (𝐵 ← 𝐴) 1.00 1.00 1.00 1.00 1.00 0.75
2 R1…R5 1.00 1.00 1.00 1.00 1.00 0.50–0.86

applied to two CSPs, one with 5 variables and 7 requires constraints and one with 3 variables and 5
incompatibility constraints. For each (CSP, form) cell, the LLM is asked to find a configuration that
satisfies the constraints (find-config, Table 1). All five LLMs answered correctly across the design space
(Table 5). For comparison, the human R3 contrapositive form produced 96% error in the original. The
LLM/human gap is therefore 96 pp at this scale, near the theoretical maximum. We interpret this null
result, i.e., the absence of any form-related accuracy effect, as a methodological baseline rather than a
counter-finding to [17]. These inputs are too small to expose such an effect on our LLMs, including on
R3. The question of whether the effect re-emerges at FM scale is the subject of E1b.

5.2. E2a: Formalization through Translation Tasks

Felfernig et al. [18] documented systematic mistranslations when humans encode NL statements as
formal CSP, with task-specific human error rates up to 100% on enumerated-negation forms (Task 8)
and 60% on directional “only compatible with” forms (Task 6). E2a asks whether LLMs make the same
mistranslations. The experiment replicates eight of the original translation tasks (Tasks 1–4 and 6–9),
including the directional “only compatible with” stimulus (Task 6). For each task, the LLM is presented
with an NL statement and asked to pick the correct formal encoding from a list of candidates (formal,
Table 1). All LLMs except GPT4.1 score 100% on seven of the eight tasks. The exception is Task 1
(compatibility vs. incompatibility), where only GPT5 stays at 100% while the others drop to 33–67%,
with every error a partial mislabelling of one candidate encoding rather than a full miss. Averaged
across the eight tasks, GPT4.1 scores 87.5% and the other four exceed 90%. As a contamination check, we
re-ran the original (un-renamed) wording of four high-impact tasks (4, 6, 8, 9) on two LLMs. Accuracy
matched the renamed version exactly (0 pp), confirming the results are not inflated by memorisation of
the original tasks.

5.3. E3a: Redundancy Detection on Synthetic CSP

Task 5 of [18] documented 0% human exact-match on identifying the two redundant constraints in a CSP
of eleven constraints. E3a asks whether LLMs can do better than this 0% human result. The experiment
presents the same input to the five LLMs, which are asked to identify the redundant constraints (red-
detect, Table 1). Exact-match rates vary widely across the LLMs: Claude 100% (3/3), Grok 67% (2/3),
GPT4.1 33% (1/3), Gemini and GPT5 0% exact-match but partial-correct on all 3 runs (one of the two
redundancies identified). The human baseline of [18] is 0% exact-match. Three of the five LLMs exceed
the human baseline (Table 6). The remaining two match it at 0% exact-match but score partial-correct.

5.4. E4a: Ordering Effect on Synthetic CSP

Study A of [17] documented that variable-similarity ordering of constraints yields lower human error
rates than operator-similarity or random orderings. E4a asks whether LLMs are sensitive to constraint
order. The experiment replicates the original design on two synthetic CSPs, one with 5 variables and



Table 6
E3a redundancy detection accuracy on the input of the redundancy task of [18]. “Exact” counts runs that
returned exactly {𝑐0, 𝑐5}. “Partial” counts runs that returned a proper subset or superset.

LLM Exact (3 runs) Partial Wrong Exact rate

Grok 2 1 0 0.67
GPT5 0 3 0 0.00
Gemini 0 3 0 0.00
Claude 3 0 0 1.00
GPT4.1 1 2 0 0.33
Human (2015) 0 n/a n/a 0.00

Table 7
The four UVL-expressible forms of a requires cross-tree constraint 𝐴 → 𝐵, used as the form manipulation in E1b,
illustrated on Camera requires HiRes. The reverse-implication form 𝑅5 (𝐵 ← 𝐴) of [17] is not expressible in UVL
and is omitted.

Form Logical UVL

𝑅1 implication 𝐴 → 𝐵 Camera => HiRes
𝑅2 disjunction ¬𝐴 ∨ 𝐵 !Camera | HiRes
𝑅3 contrapositive ¬𝐵 → ¬𝐴 !HiRes => !Camera
𝑅4 negated conjunction ¬(𝐴 ∧ ¬𝐵) !(Camera & !HiRes)

15 mixed constraints and one with 10 variables and 10 constraints, under three orderings (variable-
similarity, operator-similarity, random) and two variants per CSP (one satisfiable, one unsatisfiable).
For satisfiable variants the LLM is asked to find a configuration (find-config, Table 1). For unsatisfiable
variants it is asked to find a minimal conflict set (find-conflict). All five LLMs answered correctly across
the design space. As with E1a, we frame this as a methodological baseline. The question of whether the
ordering effect emerges at FM scale is the subject of E4b (Section 6.4).

6. FM Generalisation (RQ-B)

This section reports the four FM-derived extensions paired with the synthetic-CSP replications of
Section 5. Each extension tests whether the effect (or its absence) persists when the experiment input
is derived from a real feature model. The experiment input takes one of three forms: a UVL FM (E1b,
E3b), an FM-derived CSP (E4b), or an NL blueprint fragment (E2b).

6.1. E1b: Representation Effect on FM Scale

E1a found all five LLMs at ceiling on small synthetic CSPs (3–5 variables, 5–7 constraints). At this scale,
contrapositive parsing does not exceed any LLM’s capacity, so the human representation effect cannot
be tested. E1b asks whether the effect re-emerges when the same form manipulation is applied to UVL
FMs at FM scale. The experiment rewrites the cross-tree constraint block of three UVL FMs (SMW,
COM, and SEA in Table 3) in each of four forms (Table 7). The UVL syntax does not support reverse
implication, so 𝑅5 is dropped. For each (FM, form) cell, the LLM is asked to find a configuration that
satisfies the constraints (find-config, Table 1).

The representation effect emerges only on the smallest FM (Figure 3, left panel). At baseline scaffolding,
SMW shows accuracy ranging from 33% on R3 to 60% on R2 when averaged across LLMs. COM (medium,
21 cross-tree constraints) is near-ceiling across all forms. SEA (large, 13 cross-tree constraints) stays at
a uniform 67% plateau. On SMW, the contrapositive 𝑅3 is the hardest form (33%), matching [17], but
the full 𝑅1 > 𝑅2 > 𝑅4 > 𝑅3 ranking does not reproduce, since 𝑅2 is in fact the easiest form here (60%).
Even this 𝑅3-hardest pattern is fragile to the scaffolding ablation reported below. Grok alone shows a
divergent pattern: 78% on the disjunctive forms (R2, R4) versus 44% on the implicative forms (R1, R3) at
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Figure 3: E1b representation effect by FM (panels) and scaffolding condition (lines). The R3-hardest pattern
from [17] appears on SMW at baseline only. COM is near-ceiling. SEA is a uniform plateau.

baseline, a 34 pp gap. This signal comes from one LLM and does not generalise across the selection, so
we treat it as a candidate for future work rather than a paper finding.

Foundational-scaffolding ablation. Three ablation variants remove, in turn, the UVL grammar
reference (no_grammar), both the grammar and the UVL language reference (no_gram_lang), and all
three scaffolding documents (minimal). Aggregated across the five LLMs, the baseline-to-minimal
gradient is monotone for the two reasoning-effort models (GPT5 from 92% to 64%, −28 pp, and Gemini
from 100% to 86%, −14 pp) and flat to noisy for Claude, GPT4.1, and Grok (Figure 6, left panel). At
the minimal variant the SMW form ordering scrambles and 𝑅3 is no longer the hardest form. The
representation effect is therefore not robust to scaffolding removal. We carry this as a scaffolding-related
caveat to the representation-effect finding (Section 9).

6.2. E2b: Relationship and Constraint Identification in Blueprints

Le et al. [27] report that semantic slips on FM relationships and constraints are the most frequent of the
three LLM failure modes in their analysis operation pipeline, and they do not diagnose the source. A
semantic slip is fundamentally a failure to recover the correct relationship or constraint type from its
blueprint phrasing. E2b tests this directly. For each such type, we present a blueprint fragment that
expresses it, and we ask whether the LLM identifies that type to the exclusion of the readings it is most
easily confused with.

We organise the test into four classes by the type of the fragment, i.e., group relations (the or and
alternative fragments, the pair most readily conflated), mandatory relations, requires constraints, and
excludes constraints. These four classes cover five of the six core relationship and constraint types
whose misreading in feature-model blueprints produces the semantic slip. The sixth type, optional,
enters only as a candidate foil and not as a fragment class, because its “may include” phrasing carries
no comparable ambiguity. The fragments and their candidate vocabulary come from the SMW, COM,
SEA, and CVE blueprints (Table 3). Each fragment carries four candidate interpretations, exactly one
of which is correct. The LLM judges every candidate as a valid reading or not, and a response counts
as correct only when it accepts the correct reading and rejects the other three (formal, Table 1). This
exclusive-identification criterion is strict by design, since a response that accepts the correct reading but
also marks an incompatible one as valid already commits the semantic slip we study.

The result is uneven across the four classes (Table 8). Group relations are identified without error,
i.e., every LLM accepts the correct or or alternative reading and rejects all others (100%). The or-versus-
alternative distinction that a counting-level analysis flags as the strongest confusion site (Appendix A)
therefore does not surface at the identification level, which places that counting-level confusion in the
enumeration step rather than in the reading of the relationship. Requires is also identified well (93%).



Table 8
E2b exclusive-identification accuracy by class. Group relations and requires are identified without error, whereas
the mandatory relationship is the failure mode.

Class Grok GPT5 Gemini Claude GPT4.1

Group (or/alternative) 1.00 1.00 1.00 1.00 1.00
Mandatory 0.00 0.17 0.00 0.00 0.00
Requires 1.00 1.00 0.83 1.00 0.83
Excludes 0.17 0.33 0.00 0.50 0.83

Table 9
Readings the five LLMs accept for the mandatory “must have a [X]” fragment, averaged over runs. The correct
parent–child reading is accepted less often than the cross-tree requires reading, and only optional is rejected
outright.

Reading accepted for “must have a [X]” Acceptance

Cross-tree requires 90%
Parent–child mandatory (correct) 77%
or-group 60%
alternative-group (SEA stimulus) 47%
optional “may include” 0%

Excludes drops to 37%, almost entirely because the LLMs accept a one-way 𝐴 → ¬𝐵 encoding (64%)
alongside the correct symmetric reading, which is a completeness lapse rather than a type confusion.
Mandatory is the failure mode, at 3.3% exclusive identification and the lowest of the four. The mandatory
stimulus shows the mechanism (Listing 1).

Listing 1: The E2b mandatory stimulus.
Fragment: a [f1] must have a [f2]
(1) Mandatory: [f1] must include [f2] <-- correct
(2) Or-group: parent [f1], child {[f2]}
(3) Cross-tree: [f1] requires [f2]
(4) Alternative group: parent [f1], child {[f2]}

The mandatory result has a specific structure (Table 9). On the fragment “must have a [X]” the LLMs
accept the correct parent–child mandatory reading in 77% of runs, but they also accept the cross-tree
requires reading (90%) and the or-group reading (60%), and on the SEA stimulus the alternative-group
reading (47%). They reject only the optional “may include” reading (0%). The same LLMs reject every
cross-tree and hierarchy foil on the group fragments (the group class at 100%), so this behaviour is
specific to the mandatory phrasing and is not a generic tendency to over-accept. The diagnosis is
therefore sharper than a single confusion pair. The blueprint phrase “must have a [X]” does not let the
LLMs separate a parent–child mandate from a cross-tree requires or a group membership, although they
separate it clearly from optional. This result locates a concrete and actionable source of the semantic-slip
failure mode of [27]. Blueprint authoring should phrase a mandatory child so that it cannot be read as
a cross-tree dependency or as a group.

6.3. E3b: Redundancy Detection by Type on Full UVL FMs

E3a found three of five LLMs exceeded the 0% human exact-match baseline on the small stimulus of 11
constraints. E3b asks whether LLMs sustain this redundancy detection advantage at FM scale and across
a typed redundancy taxonomy. The experiment extends E3a to four UVL FMs (COM, SEA, CVE, and
BDB in Table 3) and to six redundancy types from the FM-analysis catalogue of [13]. Two are structural:
child → parent (a cross-tree implication that the feature tree already entails, e.g., GPS → Connector
when GPS is a tree child of Connector ) and alternative-excludes pair (a cross-tree excludes between two



Table 10
E3b recall by redundancy type (%) on the redundancy detection task, pooled across COM, SEA, CVE, and BDB. 𝑛
is the total count of injected redundancies of each redundancy type across the four FMs (3 runs per stimulus).
Structural redundancy types are at ceiling for every LLM; transitivity is the hardest cross-tree redundancy type.

Redundancy type 𝑛 Grok GPT5 Gemini Claude GPT4.1

Structural
child→ parent 12 100 100 100 100 100
alt-excludes 9 100 100 100 100 100

Cross-tree
contrapositive 3 100 100 100 100 67
restatement 12 75 100 100 75 67
weakening 15 93 100 100 100 33
transitivity 3 0 100 100 100 0

siblings in an alternative relationship, e.g., Analog excludes HiRes when Analog and HiRes are alternatives
under Screen). Four are cross-tree. Three of them are redundancies of a base implication GPS → Screen,
namely restatement (¬GPS ∨ Screen), weakening (GPS → Screen ∨ Camera), and transitivity (entailed by
GPS→ Cellular together with Cellular→ Screen). The fourth, contrapositive, is derived from an excludes
constraint, so the base Analog→ ¬Cellular of the running example yields Cellular→ ¬Analog. For each
FM, the LLM is asked to flag all redundant constraints (red-detect, Table 1).

Table 10 summarises recall by redundancy type and shows that the redundancy type, not LLM capabil-
ity, is the binding constraint. All five LLMs achieve 100% recall on both structural types. Contrapositive
is at 100% across the LLM selection with the single exception of GPT4.1 (67%). Restatement spans 67%
to 100%. Weakening averages 85% (range 33–100%) with GPT4.1 alone accounting for the low end at
33%. Transitivity averages 60% (range 0–100%), with GPT4.1 and Grok at 0%.

Two failure modes appear in the exact-match rate for each FM. Gemini and GPT5 false-positive every
run on the no-redundancy control constraints, reducing their exact-match rate to 0% across all four FMs
even where their recall by redundancy type is perfect. GPT4.1 under-flags weakening and transitivity,
producing a sparse-but-correct flagging that earns partial credit on COM (67% exact) but fails entirely
on SEA and BDB. We interpret these as two distinct cognitive failure modes, i.e., an over-flag bias and
an under-flag bias, each tied to specific LLMs and not predicted by recall alone.

6.4. E4b: Ordering and Scale on FM-Derived CSPs

E4a found all five LLMs at ceiling on the synthetic 5–10 variable CSPs of [17]. The ordering effect
therefore cannot be tested at that scale. E4b asks whether the ordering effect (or any scale-dependent
effect) emerges when stimuli scale to FM-derived CSPs with 21–377 constraints. The experiment lifts
the ordering manipulation to FM-derived CSPs of SMW, COM, and SEA (Table 3). Following [13],
each FM relationship is expanded into one or more implications. A mandatory relationship becomes a
bi-implication, an optional relationship and a cross-tree constraint each become a single implication, and
group relationships (or/alternative) become a parent-to-children disjunction plus one child-to-parent
implication per child, with alternative adding the pairwise exclusions. As in E4a, the LLM is asked to
find a configuration on satisfiable variants (find-config, Table 1) and to find a minimal conflict set on
unsatisfiable variants (find-conflict).

The ordering manipulation produces no detectable effect across any FM. The size manipulation
shows a scale-cliff at one of the five LLMs (Figure 4). GPT4.1 achieves 100% accuracy on SMW (13
features, 21 constraints), 11% on COM (48 features, 128 constraints), and 0% on SEA (145 features, 377
constraints). The other four LLMs remain at 100% across all three FM sizes. The failure mode on SEA is
concrete and mixed. GPT4.1 was run with no explicit output cap, so the OpenAI default budget of 32,768
completion tokens applied. In 3 of the 9 SEA find-config runs the model reached exactly this budget
and terminated mid-trace in a repeated reasoning loop, leaving an empty <answer> block, a generation-
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Figure 4: E4b find-config accuracy on the satisfiable variants vs. FM size. GPT4.1 collapses from 100% on SMW
to 0% on SEA. The four other LLMs remain at ceiling.

budget truncation. In the other 6 runs it returned a complete 145-feature assignment well within budget
(1,941 to 13,510 output tokens) that violates at least one constraint, a genuine constraint-reasoning
error. The collapse therefore combines budget exhaustion (3 of 9) with constraint-reasoning failure
(6 of 9). Budget exhaustion also appears on COM find-config, in 4 of 9 runs. We treat this scale-cliff
as the strongest finding of RQ-B. A human-side counterpart appears in the comprehension study of
Rezaei Sepasi et al. [40]. For human readers, the number of features and cross-tree constraints interact
to affect accuracy on configuration-validation tasks, and greater visual effort on the model predicts
more errors. The LLM effect here is sharper and narrower, a collapse confined to a single model rather
than a graded decline across the selection.

7. World-Knowledge Invocation (RQ-C)

RQ-C is addressed by a single experiment, E5, which asks whether LLMs invoke world knowledge
encoded in feature names when reasoning about FMs, and whether the invocation helps or hurts. The
manipulation has no human counterpart in [17, 18], because the constraint logic is held fixed and only
the feature names vary across conditions.

E5 manipulates the naming of features in two FMs of contrasting semantic richness, COM (48 features,
Spanish nouns such as Mesa, Portatil, Servidor) and SEA (145 features, English technical compounds
such as InjectionChokeValve). See Table 3 for the structural metrics. Three naming variants are
tested for each FM, namely abstract (features renamed to f1…fN), domain-aligned (the original verbatim
names), and domain-scrambled (a deterministic bijection over the original name set). Listing 2 shows the
same COM sub-tree under all three variants. The structural logic is identical and only the vocabulary
changes. Three tasks, find-config, sat, count, are run on each (FM, variant) cell.

Listing 2: The same COM sub-tree, in UVL, under the three E5 naming variants. The structure is
identical across variants, and only the feature names differ.

abstract domain-aligned domain-scrambled
f1 Taller1Computadores Lenovo
mandatory mandatory mandatory
f2 Tipo A1TB
alternative alternative alternative
f3 Mesa SO
f4 Portatil P24
f5 Servidor Servidor

sat is at or near ceiling for all LLMs on both FMs and all three naming variants and contributes no
signal. The other two tasks both show an abstract naming effect (Figure 5). Aggregated across the
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Figure 5: Naming-effect accuracy on E5’s find-config task (left) and count task (right) by naming variant.

Table 11
E5 find-config accuracy by FM and naming variant.

FM Variant Grok GPT5 Gemini Claude GPT4.1

COM abstract 1.00 1.00 1.00 1.00 1.00
COM domain-aligned 0.67 1.00 1.00 1.00 1.00
COM domain-scramb. 1.00 1.00 1.00 1.00 1.00
SEA abstract 0.33 0.67 1.00 1.00 0.33
SEA domain-aligned 0.00 0.00 1.00 1.00 0.33
SEA domain-scramb. 0.00 0.33 1.00 1.00 0.00

five LLMs on the find-config task, accuracy is 0.83 on abstract, 0.70 on domain-aligned, and 0.73 on
domain-scrambled. The abstract-vs-aligned gap is 13 pp. On the count task, the same aggregation yields
0.60 on abstract, 0.57 on domain-aligned, and 0.50 on domain-scrambled, an abstract-vs-aligned gap
of 3 pp. The two LLMs strongest on this task (Claude and Gemini) reach 100% on the find-config task
across all variants and contribute no signal. The signal is driven by GPT4.1, GPT5, and Grok. The effect
is most pronounced on the larger FM (SEA), where Grok and GPT5 drop to 0% on domain-aligned from
non-zero accuracy on abstract (Table 11). The replication across two distinct task types is the central
piece of evidence. Interpretation is deferred to Section 8.

Scaffolding ablation. The naming effect is preserved across the four foundational-scaffolding
variants of the E5 find-config ablation (Figure 6, right panel). The gradient varies across LLMs, but the
abstract-vs-aligned gap remains in the same direction across all variants. As a secondary observation,
removing the UVL language reference (no_gram_lang) shifts the gap from 13 pp to 23 pp. The UVL
language reference contains worked examples such as Windows, MobilePhone, and Sandwich, and their
removal widens the naming effect. We note this as a supplementary observation.

8. Discussion

8.1. Inverse Profile

Our experiments produce a cognitive-robustness profile that is the inverse of the human one, because
the two kinds of subject fail in different places. First, humans fail on constraint form. Logically
equivalent rewrites, reorderings, and translations from natural language to a formal encoding increase
the cognitive load on the knowledge engineer even though the underlying logic is unchanged, which is
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Figure 6: Foundational-scaffolding ablation gradient on E1b (left) and E5 find-config (right). GPT5’s monotone
decline on E1b and GPT4.1’s steep drop on E5 no_grammar are the two main patterns.

the source of the error patterns reported in [17, 18]. The five LLMs are largely insensitive to these same
manipulations, staying at or near ceiling on representation, ordering, and formalization and exceeding
the human baseline on redundancy (RQ-A). This is unsurprising in hindsight, because the tested LLMs
are pretrained on large volumes of symbolic and formal text, which plausibly makes them robust to
the representational variation that induces human errors. Second, LLMs fail on content and capacity.
Rather than depending on how a constraint is represented, their failures stem from the world knowledge
that meaningful feature names invoke (E5), from natural-language ambiguity that no rewriting removes
(the conflation of the mandatory relationship in E2b), and from a per-model breakdown at scale that is
partly budget exhaustion and partly reasoning error (E4b).

8.2. Capability and Scaffolding Interact

The four-variant foundational-scaffolding ablation shows two distinct interaction patterns (Figure 6).
On E1b, among the three reasoning models, GPT5 drops the most when scaffolding is removed (92% at
baseline to 64% at minimal, −28 pp), Gemini drops less (100% to 86%, −14 pp), and Grok is noisy. The
two non-reasoning models (Claude, GPT4.1) are also flat or noisy across variants. The reasoning model
most dependent on foundational context is therefore GPT5. On E5’s find-config task, the pattern shifts
to the non-reasoning side: GPT4.1 drops steeply when the grammar reference is removed (−28 pp from
baseline to no_grammar), with the other variants recovering partially. The dependence is on specific
scaffolding components rather than on context volume.

8.3. Claude’s Combinatorial Reasoning on the Counting Task

Configuration counting on E5 clearly separates the LLM selection (Figure 7). Among the five LLMs,
the non-reasoning Claude exact-matches the ground-truth count on 18 of 18 runs across the six (FM,
naming variant) cells. The reasoning GPT5 scores 16 of 18. Gemini, GPT4.1, and Grok score 6, 4, and
6 respectively. The strongest combinatorial-counting LLM in this selection is non-reasoning. The
SEA configuration space has over 31 billion valid configurations (exactly 31,980,064,896) as computed
by FLAMA. The reasoning-trace dump for Claude’s run on SEA under the abstract variant verifies
step-by-step combinatorial arithmetic matching this ground truth, on a stimulus whose feature names
are the abstract identifiers f1…f145 rather than the original SubseaCS vocabulary. Gemini’s failure
mode is structured but mis-counted. The trace records a +396 overcounting at the joint subtree of
features f94 and f124, traceable to a specific constraint-propagation gap in its step-by-step procedure.
Grok produces both wide overestimates and one catastrophic underestimate (log10 error of −8.8 on the
SEA run under the domain-scrambled variant, corresponding to an answer 8 orders of magnitude below
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Figure 7: E5 counting-task accuracy (left) and the error magnitude of each call (right). Claude at 18/18 exact.
Grok shows one catastrophic underestimate on SEA-scrambled.

ground truth).

8.4. Observations for CKE Tooling

Three observations follow from the results across the LLM selection we tested. First, the LLMs we tested
handled abstract identifiers (f1…fN) better than the original-domain feature names of the same FMs,
across two distinct tasks (Section 7, Listing 2). Second, foundational-knowledge scaffolding produced
larger accuracy changes on the weaker LLMs in our selection than on the stronger ones (Section 8.2).
Third, a capability gap appeared around 100 features on E4b, where one LLM dropped from 100% to 0%
across an FM-size step from 13 to 145 features (Section 6.4). These observations describe the behaviour
of the five LLMs we tested. Generalisation to other LLMs or to other CKE tasks is not established by
this study.

These observations translate into guidance for LLM-assisted authoring pipelines, which we state as
proposals rather than validated rules. The naming effect indicates that CKE tooling should neutralise
feature vocabulary before an analysis call and re-project the result onto the original names afterwards.
The scale-cliff at one LLM indicates that model selection, validated at the target FM size, matters more
than reasoning-effort settings when large knowledge bases are at stake. The mandatory-identification
failure observed on E2b indicates that blueprint authoring should phrase a mandatory child so that it
cannot be read as a cross-tree dependency or a group.

9. Threats to Validity

Sample size. Because LLM outputs are non-deterministic and may differ across runs even under
fixed settings, each (experiment, condition, LLM) cell is repeated 𝑛 = 3 times. At this small sample
size, the Wilson 95% confidence interval at ̂𝑝 = 2/3 still spans [0.21, 0.94], so differences between
individual cells are not interpretable as significant. The paper consistently aggregates across stimuli
within a condition (typically 15–36 observations per (condition, LLM) cell) and reports rank-order and
monotonic-gradient patterns.

Scaffolding interactionwith the representation effect. The representation effect at SMW baseline
does not survive the removal of foundational scaffolding (Section 6.1). The naming-effect direction is
preserved across all four scaffolding variants. We report scaffolding as a moderator of the representation
effect but not of the naming effect.

Size and naming are confounded in E1b. SMW is both the smallest FM of E1b and the only
one carrying domain-meaningful feature names (Section 4). Since E5 shows that such names shift



accuracy by 3 to 13 pp (Section 7), the SMW-only representation effect of Section 6.1 cannot be attributed
to FM size alone, and the present design cannot separate the two axes. A factorial design crossing
representation with naming would be needed to do so.

Data contamination. The FMs of E1b, E3b, and E4b are the abstract variants distributed with
[27], with the exception of SMW (Section 4), insulating those experiments from contamination by
the original-name FMs. Because the E1b representation effect appears on SMW alone, contamination
cannot be ruled out by construction for that result. E5 uses original-name FMs by design, because
naming is the experimental variable. E2a runs a verbatim-vs-paraphrased test on four tasks and finds
no contamination effect.

LLM-selection coverage. Five LLMs from four vendors are tested (Table 4). Three are reasoning-
optimized models (Gemini, GPT5, Grok), of which two have explicit reasoning-effort settings (GPT5
at high, Grok at low). Two are non-reasoning models (Claude, GPT4.1). Coverage is not exhaustive.
Patterns reported here (the scale-cliff in particular) are tied to specific LLM identities. They should not
be read as properties of LLMs in general.

10. Conclusion and Future Work

This paper asked whether the cognitive error patterns that constrain human knowledge engineers
also constrain the LLMs now enlisted as analysis assistants, and whether they survive the step from
synthetic CSPs to industrial-scale feature models. One half of the answer motivates LLM-assisted
authoring. The representation, ordering, and formalization manipulations that derail humans leave all
five LLMs at or near ceiling, with a single formalization task as the only exception, and on redundancy
detection several clear a baseline that no human participant ever reached. The other half is a caution,
because what destabilises LLMs lies elsewhere. One model collapses across an FM-size step that its
peers pass without loss of accuracy, domain-meaningful feature names depress accuracy by 3 to 13 pp
relative to abstract identifiers (f1…fN), and the mandatory relationship is systematically misidentified,
which locates the origin of the semantic-slip failure mode reported by [27]. Each instability calls for a
concrete mitigation in the authoring pipeline (Section 8.4). The broader lesson is methodological. The
cognitive robustness of an LLM cannot be read off human studies, feasibility results, or confusion signals
inferred from a different analysis task, but has its own failure profile that must be characterised directly.
Characterising that cognitive-robustness profile, and the points at which it diverges from the human
one, is a prerequisite for keeping LLM-assisted knowledge bases trustworthy and comprehensible.

Open topics for future research are the following. First, the representation effect at SMW does not
survive the foundational-scaffolding ablation on E1b, which indicates that scaffolding interacts with it
in ways the present design cannot decompose. A factorial ablation that crosses the representation effect
with each scaffolding component separately is needed. Second, the redundancy detection failure modes
identified on E3b (over-flag on Gemini and GPT5, under-flag on GPT4.1) suggest that the underlying
causes differ across LLM identities. A causal experiment that varies the size of the no-redundancy
control set independently of the true-redundancy set would separate calibration from coverage. Third,
the naming-effect finding rests on two FMs and three task types. A larger sweep across the FM dataset
of [27], cross-cut with a semantic-similarity metric for each feature between the domain-aligned and
domain-scrambled variants, would isolate which features carry the world-knowledge interference.
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A. Counting-Level Cross-Check for E2b

As a counting-level cross-check on the E2b result (Section 6.2), we analyse the count-error data of
[27]. For each (LLM, FM) cell, we compute the miscounts of the six relationship and constraint types
(mandatory, optional, or, alternative, requires, excludes) against FLAMA ground truth. We then compute
Pearson correlations between the miscount vectors of each pair of relationship and constraint types, on
two slices, i.e., all 10 FMs (𝑛 = 112 cells) and the 8 medium-scale FMs only (𝑛 = 96 cells, which exclude
the two industrial-scale FMs CNN1 and CNNf whose token counts saturate the prompts of [27] and
dominate the Pearson computation as scale outliers). Table 12 reports the filtered-slice matrix.

Table 12
Pearson correlations between miscount vectors of the six FM relationship and constraint types in the count-error
data of [27], filtered slice (𝑛 = 96, excluding CNN1 and CNNf). A negative entry is consistent with the LLM
confusing the two types, i.e., over-counting one goes with under-counting the other. The two strongest negative
pairs (bold) are or–alternative and mandatory–or.

mand. opt. or alt. req. excl.

mandatory 1.000
optional 0.026 1.000
or −0.364 0.013 1.000
alternative 0.200 0.011 −0.578 1.000
requires 0.020 −0.090 −0.024 0.003 1.000
excludes −0.023 −0.026 −0.011 −0.026 0.024 1.000

On the filtered slice, the strongest negative correlation holds between or and alternative miscounts
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(𝑟 = −0.578), followed by mandatory and or (𝑟 = −0.364). A negative correlation between two miscount
vectors is consistent with the LLM confusing the two types, i.e., over-counting one goes with under-
counting the other. These counting-level signals predict the or–alternative and mandatory–or pairs as
the most likely confusion sites at the identification level.

The identification results in Section 6.2 do not match this counting-level prediction. The or–alternative
pair, i.e., the strongest counting correlation, is identified cleanly (the group class at ceiling). The
mandatory fragment does fail, as the mandatory–or correlation hints, but the dominant confusion there
is with cross-tree requires, a pair the correlation leaves near zero. We read this mismatch as evidence
that cross-task inferences from counting data are not reliable, and that identification-level testing is
required to locate a blueprint-vocabulary redesign target.

The signed net miscount tells a different counting-level story again. Mandatory features are net
under-counted and reappear mostly as optional, but at the identification level the optional reading of
“must have” is the one the LLMs reject. Neither the symmetric correlation nor the signed net flow
therefore anticipates the identification result, i.e., the conflation of mandatory with cross-tree requires.

Counting and identification are not independent. To count a relationship or constraint type the
LLM must identify each instance and then enumerate and tally the instances across the whole feature
model, so a miscount can arise above the identification layer, in enumeration, in arithmetic, or in the
scale of an industrial FM. A counting-level confusion signal therefore need not reflect an identification
confusion. The or-versus-alternative pair makes this concrete, since its strong negative miscount
correlation coexists with flawless identification (the group class at ceiling), which places that miscount
in the enumeration and tallying step rather than in the reading of the relationship. Because the counting
signals come from the twelve-LLM evaluation of [27] while our identification runs use a different five-
LLM set, the observed non-transfer also reflects differences between models rather than a controlled
within-model result.
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Abstract
Configuration knowledge in the automotive domain must integrate a growing range of engineering and market
concerns, and is increasingly maintained, reviewed, tested, and deployed like software. It combines classical
product variability with market regulations, homologation rules, packages and trims, software-enabled functions,
manufacturing constraints, supply-chain restrictions, and post-sale activation logic. This position paper argues
that internal domain-specific languages (internal DSLs), i.e., domain-oriented APIs embedded in modern host
languages such as Swift or Kotlin, are a promising authoring layer for such configuration spaces. They provide
typed abstractions, reuse mechanisms, IDE support, and integration into software engineering workflows.
However, the Turing completeness of host languages can undermine the declarative semantics needed for
solver integration, reproducible analysis, and explanation. We therefore propose a layered approach in which
internal-DSL declarations are compiled into a declarative intermediate representation that can be validated,
analyzed, exported, and translated to reasoning engines and downstream engineering backends, including
testing, documentation, bill-of-materials generation, and manufacturing checks. This is an architectural position
supported by illustrative language sketches, not a complete IR specification, solver implementation, or industrial
evaluation.
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1. Introduction

Product configuration has long been studied as a knowledge-based design task: a configurable product is
composed from predefined component types, and admissible combinations are determined by constraints.
This view remains central. However, in industrial automotive settings the artifact to be maintained is no
longer only a feature hierarchy with cross-tree constraints. It is a heterogeneous body of configuration
knowledge that connects hardware variants, software features, regional regulations, homologation
rules, sales packages, trims, supply-chain availability, manufacturing constraints, post-sale activation,
and over-the-air updates [1].

In such settings, configuration knowledge behaves increasingly like a software artifact. It has versions,
owners, dependencies, generated fragments, regression tests, release processes, and downstream
consumers. Changes are often small but safety-critical or commercially relevant: a market restriction
may invalidate an option package; a supply issue may temporarily remove a component; or a software
feature may become available only after a regulatory approval. Maintaining this knowledge with
spreadsheets, ad-hoc rule formats, or disconnected modeling tools creates a gap between configuration
engineering and the software engineering infrastructure already used in the organization. [2, 3]

In this paper we argue that internal domain-specific languages (DSLs) embedded in modern host
languages are a promising authoring layer for automotive configuration spaces. Languages such as
Swift and Kotlin support DSL-like syntax through result builders or type-safe builders, while retaining
type checking, modularity, IDE support, package management, and test frameworks. These facilities
can make configuration models easier to construct, review, and evolve.

The goal is not to move configuration semantics into arbitrary program code. Instead, the host-
language DSL should serve as a front end whose declarations are compiled into an explicit, declarative
intermediate representation (IR). The IR is the semantic contract: it can be validated, translated to

ConfWS’26: 28th International Workshop on Configuration, Aug 15–16, 2026, Bremen, Germany
$ carsten.sinz@h-ka.de (C. Sinz)
� 0000-0001-9718-1802 (C. Sinz)

© 2026 Copyright for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).

mailto:carsten.sinz@h-ka.de
https://orcid.org/0000-0001-9718-1802
https://creativecommons.org/licenses/by/4.0/deed.en


solvers, exported to interchange formats, compared across versions, and used for explanations. The
host language provides authoring power; the IR preserves analyzability.

The contribution claimed is therefore architectural rather than a new DSL embedding mechanism: it
combines automotive-specific configuration concepts and host-language integration with an explicit
semantic boundary for analysis, interchange, and traceability.

The proposal is assessed against three requirements: R1, the authoring layer must express automotive
concepts beyond a Boolean variability core; R2, it must support abstraction, integration, testing, and
modular evolution in software-engineering workflows; and R3, its meaning must remain explicit,
analyzable, and portable. The paper develops a Swift-style internal DSL and declarative IR as a position
toward these requirements and identifies the research challenges that remain.

2. Background and Related Work

A configuration model describes a space of admissible products or systems. It contains selectable
entities, attributes, structural relationships, and constraints. A concrete configuration is an assignment
of decisions and attribute values for one product instance. It may be complete, if all required decisions
have been made, or partial, if some decisions are still open. Validation asks whether a model is well-
formed, whether a concrete or partial configuration is consistent with the model, and whether additional
decisions can complete it. Interactive configuration, repair, optimization, and diagnosis build on these
basic reasoning tasks [4].

Feature modeling is one of the most influential foundations for variability modeling. The FODA
report introduced feature-oriented domain analysis as a way to capture commonality and variability in
product families [5]. Automated analysis of feature models has since become a mature area, including
satisfiability, dead-feature detection, valid product counting, and explanation [6]. FeatureIDE provides
an example of an extensible tool environment for feature-oriented software development [7].

The Universal Variability Language (UVL) aims to provide a common textual language for feature
models and variability artifacts [8]. It is part of a broader discussion on textual variability modeling
languages [9] that aims at making variability models portable and declarative. Clafer [10] is another
textual language that combines feature modeling with class-like structures, references, constraints,
and solver-backed reasoning. The approach proposed here is complementary: host-language DSLs
serve as the authoring layer, while the declarative IR remains the semantic artifact. Solver-oriented
modeling languages, such as MiniZinc, demonstrate a complementary tradition: a modeling language can
provide a disciplined surface syntax for translation to multiple solving technologies [11, 12]. Automotive
hardware/software co-configuration also shows the need for richer solver-facing representations beyond
propositional feature constraints [13]. These lines of work motivate a crucial requirement for the
approach proposed here: even if a configuration model is authored through a host-language DSL, its
meaning should ultimately be represented in a declarative form.

Internal or embedded DSLs are an established language-engineering technique [14]; Scala has likewise
been used to embed formal modeling languages [15]. Modern programming languages have made
this technique more practical. An internal DSL is embedded in a host language, i.e., a general-purpose
programming language that provides the DSL’s syntax, type system, module system, and execution
environment. We use Swift and its result builders [16] in our examples; Kotlin offers a comparable
mechanism through type-safe builders [17].

Our position is not that internal DSLs are novel or that configuration should become “just pro-
gramming”. The specific proposal is to use established embedding techniques for typed authoring,
generation, modularity, and integration of heterogeneous automotive knowledge, while making a
separate declarative IR the analyzable and portable semantic contract.

Table 1 summarizes complementary strengths of the main approaches; “++” denotes strong built-in
support, “+” useful support, “∘” support through extensions, and “–” a relative weakness.



Table 1
Comparison by requirements relevant to this proposal.

Approach
Explicit

semantics
IDE and
testing

Abstraction
and generation Portability

Automotive
extensibility

UVL ++ + – ++ ∘
FeatureIDE ++ ++ + + ∘
MiniZinc ++ + + + ∘
Internal DSL + IR + ++ ++ + ++

3. Internal DSLs as Authoring Languages

Internal DSLs are libraries whose API and syntax are shaped so that client code reads like a domain
language. In contrast to external DSLs, they do not require a separate parser, editor, type checker, or
build tool. They reuse the host-language ecosystem. For configuration engineering, this reuse can be
substantial: model fragments can be packaged, generated, reviewed in code review systems, checked by
continuous integration, and tested with ordinary unit tests.

This reuse concerns authoring only; IR validators, solver translations, semantic comparison, and
explanation tooling remain configuration-specific infrastructure.

Listings 1, 3, 4, and 5 form one running example: model, generated IR, reusable rules, and vehicle
order. Listing 1 shows a small Swift-embedded DSL for an automotive configuration space. The example
is intentionally minimal, but it illustrates several properties that are useful in larger models: hierarchical
structure, typed quantities, named constraints, market conditions, and rule declarations. The syntax is
Swift code, yet the expressions construct data structures rather than directly performing reasoning.

Listing 1: Sketch of a Swift-embedded automotive configuration DSL.
let evSUV = Vehicle("EV-SUV") {

// Feature groups define the configuration vocabulary.
Feature("Battery", selection: .exactlyOne) {

Option("Standard", capacity: 75.kWh)
Option("LongRange", capacity: 100.kWh)

}

Feature("Drive", selection: .exactlyOne) {
Option("RWD")
Option("AWD")

}

// Markets are modeled explicitly, not hidden in generator logic.
Feature("Market", selection: .exactlyOne) {

Option("EU")
Option("US")
Option("China")

}
Feature("WinterPackage", selection: .optional)

// Rules remain declarative although they are authored in Swift.
Requires(.option("AWD"), .option("LongRange"))
Requires(.market("EU"), .feature("eCall"))

// Typed units make accidental dimension errors less likely.
Constraint("weight-limit") {

Attribute.totalMass <= 2_800.kg
}

}

Here the selection argument states whether a feature group selects exactly one child or is itself
optional. The listing sketches the intended API. The accompanying proof of concept currently constructs



hierarchy, attributed options, binary requirements, and simple numeric constraints; explicit group
cardinalities, complete IR serialization, and solver translation remain proposed extensions.

Listing 2: UVL projection of
the battery feature.

features
EV_SUV
mandatory
Battery
alternative
Standard
LongRange

constraints
AWD => LongRange

UVL represents this variability core more concisely and with
explicit declarative semantics. The internal DSL instead contributes
typed generation, reuse, testing, and API integration; the IR is
needed to recover a portable semantic artifact.

Internal DSLs are particularly useful when parts of the model
are structured or repetitive. A family of option packages can be
constructed from tabular product data. A reusable rule template can
express that a market-specific regulation requires a certain safety
function. Constants can define shared thresholds such as mass
limits, battery capacities, or price classes. Such mechanisms are
common in software engineering but often awkward in standalone
configuration languages. Listings 4 and 5 below return to these
examples for reusable rule templates and concrete configurations.

4. Layered Architecture and Intermediate Representation

Figure 1 sketches the intended architecture. The DSL is an authoring layer whose declarations are
compiled into a declarative IR for analysis and integration. Analysis and integration tools consume this
IR rather than depending on how the host-language program happened to execute.

Listing 3: Generation-time loop with explicit generated IR.
let chargingStandards = [

("EU", "CCS2"),
("US", "NACS")

]

let charging = FeatureGroup("Charging") {
for (market, standard) in chargingStandards {

Feature("Charging-\(market)") {
AppliesTo(.market(market))
Option(standard)

}
}

}

// compile() closes the generation-time phase and produces IR.
let ir = charging.compile()

// emit() serializes the IR; the comments show its textual form.
ir.emit()
// feature Charging-EU { appliesTo market("EU"); option CCS2 }
// feature Charging-US { appliesTo market("US"); option NACS }

// Unsafe: model meaning depends on mutable external state.
let liveRules = RegulatoryAPI.currentRules()
if Date.now >= launchDate { enable("NewPackage") }

This layering is the central design principle. The DSL may use host-language constructs to assemble
the model, but the resulting object must belong to a restricted semantic vocabulary. A loop that generates
one feature per market, as in Listing 3, is harmless if the generated IR is explicit. A function that hides
an unbounded search or reads mutable external state is problematic if its effect cannot be reproduced
or explained. The IR is not a restricted subset of the host-language syntax, but a separate declarative
data model produced by the DSL pipeline and used as the semantic artifact for validation, translation,
explanation, and downstream engineering tools.



Host-language internal DSL
Swift / Kotlin authoring

Declarative configuration IR
semantic contract

Reasoning engines
SAT / SMT / CP

Export /
interchange

Testing, docs,
explanation

Engineering
backends

compile

Figure 1: Layered architecture: internal DSL authoring with a declarative IR as semantic artifact for reasoning
and engineering backends.

In Listing 3, compile() denotes the DSL pipeline step that turns the Swift authoring objects into
this separate IR. emit() denotes a serializer or pretty-printer for the IR. The IR is shown as comments
in the listing only to keep the generated artifact next to the authoring code; in an implementation it
would typically be written as JSON, protobuf, or another structured exchange format.

The loop is safe because explicit input is materialized in the IR; live service responses or the system
clock can change model meaning without a source revision.

An automotive configuration IR should include at least the following elements: entities such as
features, options, components, packages, and software functions; hierarchical and compositional
relationships; attributes with typed domains and units; constraints over selections and attributes;
named rule groups; provenance links to source code, product data, requirements, or regulations; and
annotations for ownership, validity periods, markets, and lifecycle state. For solver integration, the
IR should have a clear logical interpretation and a finite, explicit structure that does not depend on
re-executing arbitrary host-language code. For engineering integration, it should be serializable, diff-
friendly, and stable across tool versions, while preserving enough source-level information to support
diagnostics and explanations.

The main benefits of this approach are pragmatic. First, it integrates configuration models with
industrial software workflows: version control, review, testing, packaging, and continuous integration.
Second, it provides static checks that ad-hoc rule formats often lack; for example, typed quantities
can prevent mixing mass, price, and energy values. Third, it offers good support for hierarchical and
compositional product structure. Fourth, it reuses existing IDE features such as completion, navigation,
and refactoring. Fifth, it can bridge configuration models and implementation artifacts, for example
when the same identifiers are used by configurators, software feature flags, and test infrastructure.
Sixth, it allows automotive-specific concepts to be added as library abstractions without changing a
standalone language grammar.

A passing CI build additionally requires a well-formed, satisfiable IR, successful regression configura-
tions, and an explicit semantic difference from the previous baseline.

The approach also has clear risks. Unrestricted host-language computation can make the model
difficult to understand, reproduce, or translate to a solver. The formal semantics of an internal DSL
may be less obvious than that of a standalone language. Domain experts may not want to edit code.
Tooling can couple configuration knowledge to a vendor ecosystem. Portability may suffer if the IR is
not treated as the primary semantic artifact. These risks do not refute the approach; they define its
design constraints.

5. Automotive Concerns Beyond Feature Models

Generic variability constructs are necessary but not sufficient for the automotive domain. A vehicle
configuration is tied to many concerns that are not naturally captured by a pure feature tree. A
configuration model may need to express that a software function is available only in specific markets,
that a component is valid only after a production date, that a package implies a homologation-relevant



safety system, or that a factory cannot build a combination because of workstation tooling [2, 3].
Several categories appear repeatedly in practice. The first is attributes with units and derived values:

mass, energy capacity, range, emissions class, towing capacity, price, and electrical load. The second is
market and regulatory context: regional availability, homologation, mandatory equipment, language
packages, charging standards, and data-protection constraints. The third is commercial structure: trims,
packages, campaigns, sales channels, and guided selling rules. The fourth is production and supply: bill
of materials generation, factory feasibility, workstation requirements, tooling, procurement risk, and
temporary availability. The fifth is software lifecycle: feature activation, subscriptions, OTA updates,
compatibility with hardware revisions, and post-sale reconfiguration.

These concerns suggest that configuration models should not be isolated from other artifacts. Trace-
ability is essential. A rule may originate in a regulation, an engineering requirement, a supplier notice,
or a sales decision. If a configuration is rejected, the explanation should be able to point back to the
responsible rule and its source. If a model changes, impact analysis should identify affected packages,
markets, tests, documentation, production processes, and already sold configurations.

Host-language DSLs can help with the repetitive and structured parts of this work. They can
avoid repeated declarations by generating similar fragments from data. They can define reusable rule
templates, such as “market requires feature” or “package requires option”. They can use constants and
formulas for derived attributes. They can construct conditional model fragments for product lines,
model years, or markets. They can express concrete configurations from option codes or order data.
They can also support documentation generation and regression tests close to the model.

Listing 4 shows a reusable rule template for recurring market constraints. The template function is
an ordinary host-language function, but its result is still a declarative DSL fragment. Its benefit is not
only shorter syntax: each invocation creates a uniform rule group with the constraint, source metadata,
and diagnostic text; related helpers can generate matching regression-test fragments. Similar templates
can capture package or campaign rules and make repeated configuration knowledge more consistent
and easier to audit.

Listing 4: Reusable rule templates with generated metadata.
func marketRequires(_ market: String, _ feature: String,

source: String) -> RuleGroup {
RuleGroup("regulation-\(source)") {

Requires(.market(market), .feature(feature))
.source(source)
.diagnostic("\(feature) is mandatory in \(market)")

}
}

let regulatoryRules = RuleGroup("regulatory") {
marketRequires("EU", "eCall", source: "EU-2018-858")
marketRequires("US", "TirePressureMonitoring",

source: "FMVSS-138")
}

let temporalRules = RuleGroup("model-year-rules") {
Available(.option("LongRange"))

.valid(from: .modelYear(2027),
through: .modelYear(2029))

}

Temporal validity is evaluated against an explicit model year or production date, never the host
computer’s current time.

Concrete vehicle orders can use the same DSL surface, but they represent configuration instances
rather than model knowledge. Listing 5 sketches one such order, which can be validated against the
generated IR and diagnosed using the reusable rules from Listing 4.

The expressive power of host-language DSLs requires discipline. Programming constructs should
build declarative model fragments, not hide semantic decisions in arbitrary computations. A useful



discipline is separating model generation time from model meaning. At generation time, loops, helper
functions, and imports may assemble the model. Once assembled, the IR should contain an explicit set
of declarations, constraints, attributes, and provenance links. Reasoning tools should not depend on
re-executing arbitrary code in order to understand the model.

Listing 5: Concrete configuration instance.
let order4711 = Configuration("order-4711", model: evSUV) {

Select.market("EU")
Select.option("LongRange")
Select.option("AWD")
Select.option("WinterPackage")

}

Listing 3 already illustrates this generation-time discipline and the explicit IR that closes the semantic
boundary.

Beyond validation, such an IR can support further configuration tasks: repair and explanation,
preference-based optimization, model diffing, semantic equivalence checking, migration of existing
configurations, impact analysis, test generation, and documentation generation. It can also act as a
bridge to industrial applications such as bill-of-materials generation, manufacturing process planning,
production scheduling, simulation setup, certification analysis, quote generation, and service manual
generation.

6. Research Challenges

Turning this layered architecture into a dependable modeling practice requires answers to several
research questions:
Semantic restriction. The central question is how expressive the authoring DSL can be while pre-

serving analyzability. A useful DSL should allow abstraction, reuse, and generation, but it should
also make clear which host-language constructs affect only generation and which constructs
have semantic meaning in the model. Static analyses or linting rules may be needed to reject
patterns that make the resulting IR non-reproducible or opaque.

IR design. A configuration IR for automotive use must be more than a Boolean feature model, but
it must remain simple enough for translation to solvers and interchange formats. Open design
questions include how to represent typed attributes, temporal validity, provenance, market scopes,
optional software activation, and manufacturing constraints without producing a language that
is too broad to reason about.

Scalability. Scalability has at least three dimensions. Model size concerns the number of features,
options, attributes, and rules. Lifecycle scale concerns the number of versions, markets, product
years, and dependent artifacts. Organizational scale concerns ownership, reviews, approvals, and
division of responsibility across departments. An internal DSL may help with the second and
third dimensions; solver scalability is often manageable with current reasoning technology, but
the generated IR still must preserve the structure needed for efficient translation and incremental
analysis. Team-owned, versioned packages can hold battery, market, manufacturing, and soft-
ware fragments; integration builds compose their IR and check identifiers, dependencies, and
constraints.

IR tooling. Host-language IDE and build support does not replace versioned IR schemas, validators,
solver backends, semantic comparison, source navigation, and explanation.

Explanation and traceability. Solver-level explanations often refer to low-level constraints, whereas
engineers and domain experts need explanations in terms of source-level rules, regulations, pack-
ages, and product concepts. The translation from DSL to IR to solver must preserve traceability
in both directions.



Testing and regression. If configuration knowledge is software, then it needs tests. Regression suites
should check that known valid configurations remain valid, known invalid configurations remain
invalid, and intended model changes have the expected impact. Semantic diffing and equivalence
checking are especially important when a small source change generates many IR-level changes.

Human authoring. A host-language DSL may be comfortable for software engineers but less com-
fortable for domain experts. Research is needed on hybrid workflows in which domain experts
edit structured data, forms, or controlled tables, while the DSL provides the typed integration
layer and the IR provides common semantics.

7. Discussion

The proposal bridges two established ways of modeling configuration knowledge. One approach is
to model automotive configuration purely in general-purpose program code. This would provide
maximum expressiveness but weak guarantees about semantics, portability, and solver translation. The
other approach is to insist that all configuration knowledge must be written directly in a standalone
declarative language. This protects analyzability, but it can make abstraction, generation, software
workflow integration, and domain-specific extension harder than necessary.

The layered approach combines the useful parts of both positions. The internal DSL is a productive
authoring interface. The IR is the formal artifact. Solvers, exporters, documentation tools, and industrial
backends operate on the IR. This division also makes it possible to support multiple authoring surfaces
over time: Swift or Kotlin libraries for engineering teams, generated fragments from product data, and
perhaps graphical or tabular editors for domain experts.

Against the requirements stated in the introduction, the sketch addresses R1 through automotive
entities, attributes, units, and scoped rules, although a complete metamodel remains open. It addresses
R2 by reusing host-language modules, tests, generation, and integration. R3 is the central qualification:
analyzability and portability depend on compiling every declaration into an explicit IR with preserved
provenance; formal IR semantics and verified solver translations remain future work.

8. Conclusion

Automotive configuration spaces are increasingly maintained as software artifacts. They require more
than a generic variability core: attributes, units, market scopes, regulatory constraints, manufacturing
feasibility, software activation, traceability, and lifecycle information all matter. Modern host-language
DSLs offer a promising way to author such models because they bring types, modularity, reuse, IDE
support, and testing infrastructure to configuration engineering.

The main design requirement is that DSL declarations must be compiled into a declarative intermediate
representation rather than making the host-language program itself the semantic artifact. This IR should
preserve the logical meaning needed for reasoning and the provenance needed for explanation and
maintenance. The resulting research agenda includes IR design, semantic restrictions on DSLs, traceable
solver translation, regression testing, model evolution, and hybrid authoring workflows for engineers
and domain experts.

The position advanced here is modest but consequential: host-language DSLs should be explored as
executable specification front ends for configuration spaces, provided that their expressive power is
channeled into explicit, analyzable, and portable configuration models.

Declaration on Generative AI

During the preparation of this work, the author used ChatGPT and OpenAI Codex to support drafting,
editing, and Swift code generation. After using these tools, the author reviewed and edited the content
as needed and takes full responsibility for the content of this publication.
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