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ABSTRACT: Product variety increases complexity across product, process, and organizational domains, yet
existing complexity measures offer limited guidance for design decisions. This study implements established
metrics within a framework to enable consistent assessment across domains. The results reveal substantial
redundancies among these metrics - with the notable exception of modularity, emphasizing its central role in
complexity management. The consolidated measure set provides practitioners with a systematic basis for evaluating
design strategies and managing complexity in product families.
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1. Introduction

Product variety has become a central challenge for companies seeking to satisfy diverse customer needs
and maintain competitive positions in global markets. The variety inherently generates complexity that
manifests across multiple domains of the system architecture (Mertens et al., 2023): in the product
architecture itself, where abstract functions are mapped to the physical components that realise them
(Ulrich, 1995), in the processes required to manufacture the product variants, and in the organization,
which must coordinate the necessary resources. When unmanaged, this complexity typically leads to
inefficiencies and increased costs, whereas excessive reduction may cause firms to miss market
opportunities - making the management a widely recognized and crucial challenge in engineering and
operations management (e.g., Hackl et al., 2020; Labro, 2004; Trattner et al., 2019). The principle of
‘measure it to manage it’ applies directly: valid and reliable measures are essential to assess the impact of
design decisions on operational performance. Prior research has therefore proposed a wide range of
metrics to quantify complexity. However, despite this richness, the multitude of available measures
complicates the situation, as their individual merits are unclear and generalization is often limited to case
studies (Blecker & Abdelkafi, 2006; Hennig et al., 2022; Sinha & Suh, 2018). In addition, engineering
literature focuses on capturing complexity in the physical domain, which may neglect the system-wide
perspective (Mertens et al., 2023). To address these limitations, Hennig et al. (2022) proposed a
framework to systematically validate proposed measures. While this marks progress toward establishing
valid and reliable measures, the field remains fragmented across the distinct aspects of complexity within
the system architecture.

This study addresses the fragmentation by seeking to consolidate the multitude of metrics across the
system architecture, extending the work of Hennig et al. (2022). Specifically, we identify and categorize
measures from the literature, and implement these measures within a computational framework that
generates varying system architectures, enabling a neutral evaluation (Hennig et al., 2022).

To this end, we build on the Extended Axiomatic Design (EAD) framework (Mertens, 2020;
MefBerschmidt, 2025; Suh, 1998), which allows for representing system architectures of product families
across four domains - functional, physical, process, and resource - along with their intra- and inter-
connections (i.e., within and in between domains). This framework enables the generation of synthetic
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product family designs with diverse properties reflecting different design strategies, such as emphasizing
commonality, modular kits, or platform-based approaches (Krause & Gebhardt, 2023). In doing so, it
overcomes the limitations of studies restricted to one or a few case studies, thereby enabling more
generalizable conclusions. Within this framework, we operationalize 15 widely cited complexity
measures and evaluate them through a large-scale numerical experiment, followed by a correlation
analysis to examine relationships among the metrics.

We contribute with three main results. (1) By reviewing and categorizing complexity measures
proposed in the literature, this study sheds light on the large variety of existing approaches and
provides an overview for future research. We find that most existing work focuses narrowly on
product architecture, which motivates an examination of whether these metrics capture distinct
aspects of complexity. (2) We reveal redundancies among existing measures within the EAD
framework and advocate for a consolidated set of metrics (Hennig et al., 2022). Rather than a shortage
of measures, the challenge lies in embedding this aggregated knowledge into strategies for system
architecture design. We find significant correlations, especially for intra-domain measures, indicating
that most of them act as proxies for each other; except for the modularity metric, which captures a
distinct aspect of complexity by reflecting specific coupling patterns within the physical domain.
Additionally, it shows negative correlations with most structural and count-based measures,
consistent with modular product architectures being associated with lower complexity (e.g., Hackl
et al., 2020). (3) Physical design is often used as a proxy for complexity in engineering studies (e.g.,
Hennig et al., 2022; Sinha & Suh, 2018); however, multiple domains contribute to the conceptual
layer of complexity. Building on EAD, we operationalize complexity measurement in a standardized
and replicable way across the system architecture (Mertens et al., 2023). In doing so, we contribute to
the development of a framework for evaluating complexity measures and pave the way to assess their
impact on operational performance (Hackl et al., 2020; Hennig et al., 2022). In turn, the framework
enables the generalization of previous findings on complexity effects on operational performance,
while its application and the resulting comprehensive view can directly support practitioners in design
decision-making.

2. Related work

Complexity, arising from internal and external sources, requires effective complexity management for
staying competitive and for improving operational performance (Trattner et al., 2019; Vogel & Lasch,
2016). While external sources include market variety or technological change, product family complexity
is an internal source driven by the system architecture (Mertens et al., 2023). Complexity has many
definitions (see Jacobs & Swink (2011)), often tailored to the specific research discipline in which
complexity is of relevance. One of the earliest definitions originates from complex systems research,
where Simon (1962) characterizes complexity as a property of systems composed of a large number of
parts that interact in a non-simple manner. In general, the literature agrees that complexity is driven by
two fundamental dimensions (e.g., Summers & Shah, 2010): element variety (or system size) and
relational variety (coupling), reflecting interdependencies and change propagation within the system.

Modularity, by contrast, represents the structural system characteristic that counteracts complexity by
reducing element variety and confining coupling to modules while minimizing inter-module coupling
(Ulrich, 1995). Similarly, Newman (2006) conceptualizes modularity as the extent to which connections
within a subgroup exceed those expected across the overall network, representing the system as a matrix
of intra-network connections. In product family design, modular architectures enable external variety
with limited internal variety (Salvador, 2007) by decomposing systems into relatively independent,
combinable modules with standardized interfaces and clearly defined functional assignments. The degree
of modularity is determined by the characteristics of function binding, interface standardization,
decoupling, and overdesign, which jointly promote the properties of commonality and combinability
(Hackl et al., 2020). Commonality facilitates reuse and economies of scale through standardized
modules, while combinability enables the efficient generation of product variants, thereby allowing
complexity to be managed without sacrificing product variety. The literature discusses numerous effects
on firms’ economic objectives across the product lifecycle (e.g., Hackl et al., 2020; Mertens et al., 2023),
highlighting a central trade-off between higher direct costs, for example due to overdesign, and lower
indirect costs, for example resulting from reduced process variety and other complexity-related effects.
In sum, product family complexity is fundamentally well understood, prompting recent calls
for integrated frameworks that enable the evaluation of its impact under varying design scenarios
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(Hackl et al., 2020; Ngrgaard et al., 2025). For the purpose of modelling, numerous metrics have been
proposed to capture multiple aspects of complexity and modularity, as summarized in major surveys
(Hennig et al., 2022; Sinha & Suh, 2018; Summers & Shah, 2010; Trattner et al., 2019); however,
little consensus exists on what constitutes an appropriate metric. Hennig et al. (2022) review part of
the literature and conclude that measures are sensitive only to specific aspects and do not capture
complexity across all domains of the system. Mertens et al. (2023), in a systematic review of
engineering design literature, also note fragmentation, alongside growing interest from operations and
management perspectives. They call for stronger integration across disciplines to establish a more
unified research agenda. Furthermore, several studies report that the operationalization of economic
consequences of product family complexity remains underdeveloped (Hackl et al., 2020; Hennig
et al., 2022). With this work, we make a step towards the development of such an integrated model by
operationalizing complexity metrics from various studies within the EAD framework and by
providing a consolidated set of metrics to account for variety and coupling across the system
architecture.

3. Method

3.1. Extended axiomatic design

To operationalize product family complexity in a structured and reproducible way, this study builds on
the EAD framework (Mertens, 2020; MefBerschmidt et al., 2020; MeBerschmidt, 2025; Meyer et al.,
2019). EAD extends the well-established Axiomatic Design theory (Suh, 1998), originally focused on
complexity within product architecture (Ulrich, 1995), by adding the resource domain to include an
organizational perspective (Mertens et al., 2023). Dependencies within and across these domains are
modelled using Design Structure Matrices (DSMs) and Domain Mapping Matrices (DMMs). DSMs
capture intra-domain relationships, such as component interdependencies, while DMMs represent inter-
domain relationships, for example linking components to manufacturing processes and required
resources. As illustrated in Figure 1, the EAD framework models product families by representing
product variants as unique combinations of domain elements within the underlying system architecture,
spanning four interconnected domains.

This structure enables the generation of diverse product family designs and supports the consistent
application of complexity measures across the functional domain (FD), physical domain (PD), process
domain (PrD), and resource domain (RD) (Mertens et al., 2023). The functional product view Prp -
which itself is not considered a DMM - builds on the idea that products can be mapped as unique
combinations of functional requirements. The product views of the subsequent domains are then derived
by successive multiplication with the preceding DMMs, for example Ppp = Prp - DMMprppp.

p ("> DSM (intra)
}= DMM (inter)

—» Product view

\
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Functions Components  Processes Resources

Note. P represents the product family, with its variants mapped as unique combinations of domain elements.

Figure 1. Schematic representation of the EAD framework

3.2. Product family complexity measures

A large number of complexity measures have been proposed in the literature. We reviewed existing
work, including major surveys (Hennig et al., 2022; Sinha & Suh, 2018; Summers & Shah, 2010;
Trattner et al., 2019), and identified a pool of candidate measures. After screening for applicability, the
metrics reported in Table 1 were selected for implementation, covering a representative spectrum of
complexity aspects.
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Not all measures identified in the literature are listed, as we excluded those that were not suitable for
operationalisation within the EAD framework - either because they require additional information such
as expert judgment, are limited to squared matrices, or could not be reproduced. This restriction limits
direct validation against certain practice-oriented metrics; however, it enables a transparent and internally
consistent comparison of complexity measures within the modelling framework. As such, the results
provide a structured basis for future extensions of EAD-based models and support the development of
integrated approaches to assess the cost implications of design decisions.

Table 1. Complexity measures from the literature
Authors

Matrix Name Variable Low Values High Values

DSM  Modularity Blondel et al. (2008); Newman Q random clustering of
(2006) couplings couplings
Structural Hennig et al. (2022); Kim et al. SC centralized distributed
Complexity (2016); Sinha and Suh (2018) design design
Neumann Entropy Anand et al. (2011); Passerini and NE low degree of  high degree of
Severini (2009) disorder disorder
Cyclomatic McCabe (1976) MCC low number of many closed
Complexity closed loops loops
Halstead’s Halstead (1977); Prather (1984) HVM few elements many elements
Volume and couplings  and couplings
Interface Holtta-Otto (2005) HIC low number of many
Complexity interfaces interfaces
DMM Total System Size various in Trattner et al. (2019) TSS lower sum of  higher sum of
domain elem.  domain elem.
System Design Guenov and Barker (2005); Modrak SDC uncoupled more coupled
Complexity and Bednar (2015); Suh (1998) design design
Jung’s System Jung et al. (2022) JSDC uncoupled more coupled
Design design design
Complexity
P Diversification Brahm et al. (2017); Gollop and D low product high product
Index Monahan (1991) diversification  diversification
Proportion of various in Trattner et al. (2019) NPV restricted free feature
Product Variants variety combination
Option Variability MacDuffie et al. (1996) ov low variation of high variation
options of options
Commonality Martin and Ishii (2002) CI high degree of products share
Index standardization common parts
Product Line Kota et al. (2000) PCI high degree of products share
Commonality standardization common parts
Index
Density Anand et al. (2019); Balakrishnan DNS low non-zero high non-zero

et al. (2011)

fraction

fraction

3.3. Design of experiments

We adopt a Design of Experiments (DOE) approach (Lorscheid et al., 2012) to generate synthetic product
family designs within the EAD framework. The objective is to evaluate the metrics listed in Table 1
across a range of design alternatives. Linear (Pearson) and non-linear (Spearman) correlation analyses are
then conducted to identify redundant metrics and select suitable proxy measures, thereby simplifying the
model (Robinson, 2008). The resulting consolidated set of measures provides a foundation for future
assessments of product family complexity, particularly in EAD-based studies.
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We define independent parameters to control element variety, represented by the number of domain
elements, and coupling characteristics in DSMs and DMMs, allowing systematic variation of complexity
across designs. Density (DNS) is defined as the ratio of non-zero entries to the total number of entries
and provides a normalized and easily comparable measure (e.g., Anand et al., 2019). Increasing values
of DNS indicate stronger coupling, but provide no information on specific entry arrangement patterns,
a limitation addressed by metrics such as System Design Complexity (SDC) metric (e.g., Modrak &
Bednar, 2015). Based on Shannon entropy, SDC can be interpreted as an operationalisation of the
Information Axiom (Suh, 1998) and has been applied across a range of research contexts. Generally,
modular designs are expected to exhibit reduced density in the physical DSM, as they form clusters of
strongly coupled components with minimal inter-cluster coupling. To explicitly generate modular
structures within DSMs, an a priori specification of the desired pattern is required. The model enforces
this using a greedy optimization algorithm that arranges matrix entries into the targeted structure while
maintaining a given density (Clauset et al., 2004). The parameter Q controls how strictly this structure
must be achieved. Values near zero indicate no clear patterns; with high values near one the pattern
becomes more pronounced. The model generates distinct patterns, corresponding to modular strategies,
with high-density clusters along the diagonal with weak couplings between clusters (e.g., Newman,
2006). Arguably, an a priori definition is not well suited for practical application to an existing product
family. Holttd-Otto and de Weck (2007) propose a metric based on the decay of singular values, which
could, for instance, be applied in this context but is not included in the present study. Modular
architectures distribute information more broadly across the system and a larger number of eigenvectors
is required for complete representation, resulting in a slower decay of singular values.

To ensure structural realism and diversity, parameter ranges are bounded by empirical limits reported
in published DMM and DSM studies (MefBerschmidt, 2025). Within these bounds, random designs
are generated to match predefined target values for the independent parameters, using uniform
sampling. All designs are represented as binary matrices. The main parameter settings are presented in
Table 2.

Table 2. Simulation protocol

Variable Description Range

Independent variables: product family design

DNSgp Density of the functional product view U[0%:50%]
DNSpsm Density of DSMs U[0%;35%]
Qpsm Weight of modular/randomly matrix entry arrangement U[0;1]
SDC System design complexity of DMMs (normalized entropy) U[0%;8%]
Np Number of product variants U[50;100]
NEgr Number of elements in FD U[8;12]
Nep Number of elements in PD U[14;20]
Npid Number of elements PrD U[30;40]
Ngrp Number of elements in RD U[60;80]
Control variables

seed Random seed to reproduce the results 1234
RUNS Number of runs 8.000

Dependent variables: complexity measures (Table 1) across relevant domains

Note. U[X;Y] uniform distribution between X and Y.

Using the DOE, approximately 8,000 synthetic product family designs were generated. For each
instance, all 15 complexity measures were calculated across relevant domains. DSM and DMM metrics
are applied to each domain as illustrated in Figure 1. While Option Variability (OV) and the Proportion of
Product Variants on total possible Variants (NPV) are defined only for the functional product view, DNS
and the commonality and variety indices (PCI, CLD) are applied to product views of each domain
(Jacobs & Swink, 2011). This results in 43 observations per generated product family.
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4. Simulation results

4.1. Correlation analysis

The correlation analysis shows that several metrics are highly interrelated within their respective
domains, broadly confirming concerns in the literature (e.g., Trattner et al., 2019) that many metrics
proposed in isolation are not independent constructs but alternative representations of the same
underlying complexity aspects. Notably, the observed independence across domains reflects the DOE,
which defines independent parameters for Pgp, DSMs, and DMMs to account for the fact that complexity
emerges system-wide from multiple, distinct sources (Hennig et al., 2022; Mertens et al., 2023).
Table 3 reports the results for the functional (FD) and physical (PD) domains. For clarity, DMM metrics
were excluded, and the analysis focused on product architecture, since similar correlation patterns were
found in the other domains. Untabulated results indicate that the total system size TSS is largely
uncorrelated (with the notable exception of .31 with PClpp), whereas System Design Complexity
SDCgppp and the version of Jung et al. (2022) JSDCgppp show a strong correlation (.82). All three
metrics remain uncorrelated across domains. Similarly, most DSM metrics show near-identical
behaviour within their respective domains. Another reason for the focus on product architecture is the
impact of modularity, captured by the Qpp metric in the physical domain. Its correlation values remain
insignificant, indicating independence from other DSMpp, metrics. The latter are primarily structural and
count-based, yet their small negative correlations with Qpp reflect that modular product architectures can
mitigate complexity by decoupling elements within the physical domain (e.g., Hackl et al., 2020), that is,
by combining components into modules.

Table 3. Correlation table with focus on product architecture

Product view (P) DSM

NPVip OVgp Dgp Clgp DNSgp Dpp Clpp PClpp Qpp SCpp NEpp MCCpp HVMpp HICpp
var. 1 2 3 4 5 6 7 8 9 10 11 12 13 14
1 1 21 =10 =27 .20 -.07
2 .26 1 -71 -84 1 -53 —-49 57
3 -.05 —-.49 1 .50 -71 .68 .28 —41
4 -30 -83 .33 1 -.82 40 .61 —.48
5 .18 95 -54 -77 1 -.54 —-.48 .57
6 -48 74 34 -.50 1 g5 -86 .10 -54 =55 -.55 -.53 -.55
7 -10 -47 .19 .59 —.45 .67 1 -90 .13 -64 -.65 —.64 —.60 —.65
8 55 =30 -.46 .56 -81 -.88 1 —11 .68 .68 .68 .65 .69
9 1 -20 =22 -23 -.26 —-.16
10 —-47 -54 63 -21 1 99 .89 .80 99
11 —-48 -55 .64 —-20 1 1 92 .84 99
12 -53 —-60 .70 -—-.12 .84 .86 1 98 91
13 -50 -57 .66 -—.15 .75 .78 98 1 84
14 -51 =59 68 -09 .97 98 90 81 1

Note. All coefficients shown are significant at p < 0.01. The lower triangle matrix shows Pearson coefficients while the upper triangle matrix
shows Spearman coefficients. Coefficients considered eminent and discussed below are shown in bold.

The product-view metric Product Line Commonality Index PClpp, applied in the physical domain, shows
significant correlations with all DSMpp measures except for modularity Qpp - despite not being a DSM
measure itself. On the one hand this again highlights component commonality as a central aspect to
assess complexity (e.g., Labro, 2004). On the other hand, it emphasizes that modular architectures exhibit
distinct coupling patterns in DSMpp whose structural characteristics go beyond what measures for
commonality can capture. The ability of EAD to explicitly represent modular structures is essential for
distinguishing between different modular design strategies based on their coupling patterns. In future
studies, this can support the assessment of their economic impact within an integrated framework (Hackl
et al., 2020; Hennig et al., 2022; Ngrgaard et al., 2025).

Moreover, prior literature has particularly proposed a wide range of product-view metrics for the
functional domain (see Table 1), most of which exhibit high correlations. Specifically, the density
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DNSgp shows strong correlations with Option Variability OVgp and the commonality index Clgp, while
its relationship with the Diversification Index D is somewhat weaker. In our DOE, we used DNSgp as an
independent parameter to generate different functional product views, whereas values for subsequent
product views depend on the respective DMMs. Consequently, the correlations with DNS decrease along
the domains (.56, .27, .06), while, interestingly, D corrects for this trend (.74, .61, .65). This suggests
overlapping product family complexity aspects across domains, which, arguably, implies practical
flexibility, as the measure can be consistently applied in whichever domain offers reliable data.

4.2. Reduction of variables

We aim to consolidate the multitude of complexity measures to generate collective knowledge on how to
address the multiple aspects of complexity across the system architecture, covering the functional,
physical, process, and resource domains. By identifying highly correlated variables and selecting suitable
proxies, we provide a comprehensive yet manageable set of metrics to support the evaluation of product
family design strategies. Table 4 presents this consolidated measure set. The set includes (1) count-based
indicators for system size (TSS), product variants (NPV), and density (DNS); (2) topological metrics
based on specific coupling patterns in DSMs (Q) and DMMs (SDC); and (3) indices to measure
commonality (PCI) and variety (D) across product variants. The PCI was chosen as a proxy for DSMpp
measures (except Qpp) due to its wide acceptance in the literature and its robust Pearson and Spearman
correlation results.

It is important to note that the identified redundancies are specific to the EAD framework and do not
imply that the excluded measures lack value outside its scope. On the contrary, these measures may be
well suited to other applications where contextual knowledge, simplicity, or data availability play a
greater role.

Table 4. Consolidated measure set

Matrix Name Variable Where to apply
DSM  Density DNSpsm  All domains, each covers distinct complexity aspects
Modularity Qrp Physical domain covers distinct complexity aspects
DMM Total system size TSS All domains, each covers distinct complexity aspects
System Design SDC
Complexity
P Proportion of Product NPVgp Functional domain covers distinct complexity aspects
Variants
Diversification Index D Domains cover similar complexity aspects
Density DNSgp Functional domain covers distinct complexity aspects;
correlation is decreasing along the domains
Product Line PClpp Physical domain covers similar complexity aspects as most
Commonality Index DSMpp metrics

5. Conclusion

This study set out to develop a joint understanding on how to address product family complexity by
reviewing, operationalizing, and analysing a broad set of established metrics. Building on the EAD
framework, we implemented 15 measures and applied them across a range of synthetic product family
designs, thereby enabling a neutral and reproducible comparison beyond single case studies (Hennig
et al., 2022). The results reveal substantial correlations among many of the proposed metrics, supporting
earlier concerns that the field’s diversity of metrics often reflects overlapping constructs rather than
distinct complexity aspects (Hennig et al., 2022; Trattner et al., 2019). In response, we propose a
consolidated and parsimonious set of metrics that captures multiple aspects across the system
architecture. The degree of modularity within the physical domain emerges as an independent aspect,
underscoring its unique role in decoupling system elements and mitigating complexity. Moreover, we
emphasize the integration of modular structure modelling into frameworks to assess the cost implications
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of distinct design strategies (Hackl et al., 2020; Ngrgaard et al., 2025) - such as modular kits or platform-
based approaches (Krause & Gebhardt, 2023).

First, we provide a structured overview of the fragmented literature by reviewing and categorizing
existing complexity measures. We extend the work of Hennig et al. (2022) by incorporating additional
metrics that go beyond the physical domain, enabling a more system-wide perspective (Mertens et al.,
2023). Second, by implementing the measures within the EAD framework, we operationalize complexity
measurement in a standardized and replicable manner across the functional, physical, process, and
resource domains. In doing so, we directly respond to recent calls for integrated frameworks capable of
evaluating product family design strategies in terms of cost effects and operational performance (Hackl
et al., 2020; Nogrgaard et al., 2025). Third, we provide a comprehensive measure set to capture product
family complexity, offering researchers and practitioners a consistent foundation for systematically
deriving implications for product family design and complexity management (Hennig et al., 2022; Sinha
& Suh, 2018; Summers & Shah, 2010; Trattner et al., 2019).

Like other studies, this work has limitations. The evaluation was conducted on synthetic product family
designs rather than empirical data, which may limit direct applicability. However, the large number of
published case studies reporting DMMs and DSMs provides additional empirical data that could be
systematically processed to extend model calibration and validation. Moreover, while the selection of
measures was broad, it was limited to those applicable within the EAD framework, potentially excluding
relevant aspects of product family complexity. Additional statistical analyses could be conducted to
evaluate how much variance the consolidated set of measures explains, thereby strengthening their
validity. Future work should build on this consolidated measure set to establish links between complexity
and operational performance metrics, paving the way toward a more integrated framework for assessing
cost effects of product family design strategies (Hackl et al., 2020; Hennig et al., 2022; Ngrgaard et al.,
2025). In practice, this would enable decision-makers to directly evaluate the impact of design strategies
and derive common guidelines for concrete use cases.

References

Anand, K., Bianconi, G., & Severini, S. (2011). Shannon and von neumann entropy of random networks with
heterogeneous expected degree. Physical Review E, 83(3), https://doi.org/10.1103/PhysRevE.83.036109
Anand, V., Balakrishnan, R., & Labro, E. (2019). A framework for conducting numerical experiments on cost
system design. Journal of Management Accounting Research, 31(1), 41-61. https://doi.org/10.2308/jmar-
52057

Balakrishnan, R., Hansen, S., & Labro, E. (2011). Evaluating heuristics used when designing product costing
systems. Management Science, 57(3), 520-541. https://doi.org/10.1287/mnsc.1100.1293

Blecker, T., & Abdelkafi, N. (2006). Complexity and variety in mass customization systems: Analysis and
recommendations. Management Decision, 44(7), 908-929. https://doi.org/10.1108/00251740610680596

Blondel, V. D., Guillaume, J.-L., Lambiotte, R., & Lefebvre, E. (2008). Fast unfolding of communities in large
networks. Journal of Statistical Mechanics: Theory and Experiment, 2008(10), https://doi.org/10.1088/1742-
5468/2008/10/P10008

Brahm, F., Tarzijan, J., & Singer, M. (2017). The impact of frictions in routine execution on economies of scope.
Strategic Management Journal, 38(10), 2121-2142. https://doi.org/10.1002/smj.2643

Clauset, A., Newman, M. E. J., & Moore, C. (2004). Finding community structure in very large networks. Physical
Review E, 70(6), https://doi.org/10.1103/PhysRevE.70.066111

Gollop, F. M., & Monahan, J. L. (1991). A generalized index of diversification: Trends in u.S. Manufacturing. The
Review of Economics and Statistics, 73(2), 318-330. https://doi.org/10.2307/2109523

Guenov, M. D., & Barker, S. G. (2005). Application of axiomatic design and design structure matrix to the
decomposition of engineering systems. Systems Engineering, 8(1), 29-40. https://doi.org/10.1002/sys.20015

Hackl, J., Krause, D., Otto, K., Windheim, M., Moon, S. K., Bursac, N., & Lachmayer, R. (2020). Impact of
modularity decisions on a firm’s economic objectives. Journal of Mechanical Design, 142(4), 1-41. https://
doi.org/10.1115/1.4044914

Halstead, M. H. (1977). Elements of software science (operating and programming systems series). Elsevier
Science Inc.

Hennig, A., Topcu, T. G., & Szajnfarber, Z. (2022). So you think your system is complex?: Why and how existing
complexity measures rarely agree. Journal of Mechanical Design, 144(4). https://doi.org/10.1115/1.4052701

Holttd-Otto, K. (2005). Modular product platform design. Helsinki University of Technology.

Holttd-Otto, K., & de Weck, O. (2007). Degree of modularity in engineering systems and products with technical and
business constraints. Concurrent Engineering, 15(2), 113—126. https://doi.org/10.1177/1063293x07078931

50 DESIGN THEORY AND RESEARCH METHODS


https://doi.org/10.1103/PhysRevE.83.036109
https://doi.org/10.2308/jmar-52057
https://doi.org/10.2308/jmar-52057
https://doi.org/10.1287/mnsc.1100.1293
https://doi.org/10.1108/00251740610680596
https://doi.org/10.1088/1742-5468/2008/10/P10008
https://doi.org/10.1088/1742-5468/2008/10/P10008
https://doi.org/10.1002/smj.2643
https://doi.org/10.1103/PhysRevE.70.066111
https://doi.org/10.2307/2109523
https://doi.org/10.1002/sys.20015
https://doi.org/10.1115/1.4044914
https://doi.org/10.1115/1.4044914
https://doi.org/10.1115/1.4052701
https://doi.org/10.1177/1063293x07078931

Jacobs, M. A., & Swink, M. (2011). Product portfolio architectural complexity and operational performance:
Incorporating the roles of learning and fixed assets. Journal of Operations Management, 29(7-8), 677-691.
https://doi.org/10.1016/j.jom.2011.03.002

Jung, S., Sinha, K., & Suh, E. S. (2022). Domain mapping matrix-based metric for measuring system design
complexity. IEEE Transactions on Engineering Management, 69(5), 2187-2195. https://doi.org/10.1109/
TEM.2020.3004561

Kim, G., Kwon, Y., Suh, E. S., & Ahn, J. (2016). Analysis of architectural complexity for product family and
platform. Journal of Mechanical Design, 138(7). https://doi.org/10.1115/1.4033504

Kota, S., Sethuraman, K., & Miller, R. (2000, 12/01). A metric for evaluating design commonality in product
families. Journal of Mechanical Design, 122. https://doi.org/10.1115/1.1320820

Krause, D., & Gebhardt, N. (2023). Methodical development of modular product families: Developing high product
diversity in a manageable way. Springer.

Labro, E. (2004). The cost effects of component commonality: A literature review through a management-
accounting lens. Manufacturing & Service Operations Management, 6(4), 358-367. https://doi.org/10.1287/
msom.1040.0047

Lorscheid, 1., Heine, B.-O., & Meyer, M. (2012, 2012/03/01). Opening the ‘black box’ of simulations: Increased
transparency and effective communication through the systematic design of experiments. Computational and
Mathematical Organization Theory, 18(1), 22-62. https://doi.org/10.1007/s10588-011-9097-3

MacDulffie, J. P., Sethuraman, K., & Fisher, M. L. (1996). Product variety and manufacturing performance:
Evidence from the international automotive assembly plant study. Management Science, 42(3), 350-369.
https://doi.org/10.1287/mnsc.42.3.350

Martin, M. V., & Ishii, K. (2002). Design for variety: Developing standardized and modularized product platform
architectures. Research in Engineering Design, 13(4), 213-235. https://doi.org/10.1007/s00163-002-0020-2

McCabe, T. J. (1976). A complexity measure. [EEE Transactions on Software Engineering, SE-2(4), 308-320.
https://doi.org/10.1109/TSE.1976.233837

Mertens, K., Rennpferdt, C., Greve, E., Krause, D., & Meyer, M. (2023). Reviewing the intellectual structure of
product modularization: Toward a common view and future research agenda. Journal of Product Innovation
Management, 40(1), 86—119. https://doi.org/10.1111/jpim.12642

Mertens, K. G. (2020). Measure and manage your product costs right — development and use of an extended
axiomatic design for cost modeling. Technische Universitit Hamburg. https://doi.org/10.15480/882.2888

MeBerschmidt, O., Gumpinger, T., Meyer, M., & Mertens, K. G. (2020). Reviewing complexity costs—what
practice needs and what research contributes. Proceedings of the Design Society: DESIGN Conference.

MeBerschmidt, O. J. (2025). Variety and costs: The effects of product variety on costs and costing system accuracy.
Hamburg University of Technology. https://doi.org/10.15480/882.15153

Meyer, M., MeBlerschmidt, O., & Mertens, K. G. (2019). How much does variety-induced complexity actually cost?
Linking axiomatic design with cost modelling. (pp. 813—-827). Springer Fachmedien Wiesbaden. https://doi.
org/10.1007/978-3-658-25412-4_39

Modrak, V., & Bednar, S. (2015). Using axiomatic design and entropy to measure complexity in mass
customization. Procedia CIRP, 34, 87-92. https://doi.org/10.1016/j.procir.2015.07.013

Newman, M. E. J. (2006). Modularity and community structure in networks. Proceedings of the National Academy
of Sciences, 103(23), 8577-8582. https://doi.org/10.1073/pnas.0601602103

Ngrgaard, M., Grgnvald, J. M., Christensen, C. K., & Mortensen, N. H. (2025). How traditional costing methods
hinder the development of modular product architectures. Applied Sciences, 15(11).

Passerini, F., & Severini, S. (2009). Quantifying complexity in networks: The von neumann entropy. International
Journal of Agent Technologies and Systems (IJATS), 1(4), 58—67. https://doi.org/10.4018/jats.2009071005

Prather, R. E. (1984). An axiomatic theory of software complexity measure. The Computer Journal, 27(4), 340—
347. https://doi.org/10.1093/comjnl/27.4.340

Robinson, S. (2008). Conceptual modelling for simulation part i: Definition and requirements. Journal of the
Operational Research Society, 59(3), 278-290. https://doi.org/10.1057/palgrave.jors.2602368

Salvador, F. (2007). Toward a product system modularity construct: Literature review and reconceptualization.
IEEE Transactions on Engineering Management, 54(2), 219-240. https://doi.org/10.1109/tem.2007.
893996

Simon, Herbert A. (1962). The Architecture of Complexity. Proceedings of the American Philosophical Society
106 (6):467-482.

Sinha, K., & Suh, E. S. (2018). Pareto-optimization of complex system architecture for structural complexity
and modularity. Research in Engineering Design, 29(1), 123—141. https://doi.org/10.1007/s00163-017-0260-9

Suh, N. P. (1998). Axiomatic design theory for systems. Research in Engineering Design, 10(4), 189-209.

Summers, J. D., & Shah, J. J. (2010). Mechanical engineering design complexity metrics: Size, coupling, and
solvability. Journal of Mechanical Design, 132(2). https://doi.org/10.1115/1.4000759

DESIGN THEORY AND RESEARCH METHODS 51


https://doi.org/10.1016/j.jom.2011.03.002
https://doi.org/10.1109/TEM.2020.3004561
https://doi.org/10.1109/TEM.2020.3004561
https://doi.org/10.1115/1.4033504
https://doi.org/10.1115/1.1320820
https://doi.org/10.1287/msom.1040.0047
https://doi.org/10.1287/msom.1040.0047
https://doi.org/10.1007/s10588-011-9097-3
https://doi.org/10.1287/mnsc.42.3.350
https://doi.org/10.1007/s00163-002-0020-2
https://doi.org/10.1109/TSE.1976.233837
https://doi.org/10.1111/jpim.12642
https://doi.org/10.15480/882.2888
https://doi.org/10.15480/882.15153
https://doi.org/10.1007/978-3-658-25412-4_39
https://doi.org/10.1007/978-3-658-25412-4_39
https://doi.org/10.1016/j.procir.2015.07.013
https://doi.org/10.1073/pnas.0601602103
https://doi.org/10.4018/jats.2009071005
https://doi.org/10.1093/comjnl/27.4.340
https://doi.org/10.1057/palgrave.jors.2602368
https://doi.org/10.1109/tem.2007.893996
https://doi.org/10.1109/tem.2007.893996
https://doi.org/10.1007/s00163-017-0260-9
https://doi.org/10.1115/1.4000759

Trattner, A., Hvam, L., Forza, C., & Herbert-Hansen, Z. N. L. (2019). Product complexity and operational
performance: A systematic literature review. CIRP Journal of Manufacturing Science and Technology, 25,
69-83. https://doi.org/10.1016/j.cirpj.2019.02.001

Ulrich, K. (1995). The role of product architecture in the manufacturing firm. Research Policy, 24(3), 419-440.
https://doi.org/10.1016/0048-7333(94)00775-3

Vogel, W., & Lasch, R. (2016, 2016/11/24). Complexity drivers in manufacturing companies: A literature review.
Logistics Research, 9(1), 25. https://doi.org/10.1007/s12159-016-0152-9

52 DESIGN THEORY AND RESEARCH METHODS


https://doi.org/10.1016/j.cirpj.2019.02.001
https://doi.org/10.1016/0048-7333(94)00775-3
https://doi.org/10.1007/s12159-016-0152-9

	Measure it to manage it - quantitative review of product family complexity metrics
	1.. Introduction
	2.. Related work
	3.. Method
	3.1.. Extended axiomatic design
	3.2.. Product family complexity measures
	3.3.. Design of experiments

	4.. Simulation results
	4.1.. Correlation analysis
	4.2.. Reduction of variables

	5.. Conclusion



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.3
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Preserve
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages true
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth 4
  /MonoImageDownsampleThreshold 1.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
  /PDFXOutputConditionIdentifier (CGATS TR 001)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /ENU ()
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (U.S. Web Coated \(SWOP\) v2)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /UseName
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


