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Abstract 

The goal of this study is to explore evidence for a 
Matthew effect in system embeddedness. The 
secondary objective is to understand the relationship 
between the Matthew effect and (1) a “criticality 
trap,” a situation where excess inertia leaves an 
organization trapped in a system or (2) a “redundancy 
slip,” where low embeddedness leads to system 
discontinuance. Through two case studies, we provide 
robust evidence for all three effects. In a media firm, 
we use nine years of panel data to demonstrate cubic 
growth in system embeddedness. In a manufacturing 
firm, we validate that the Matthew effect can lead to a 
criticality trap, but we also show that some systems 
experience a redundancy slip. Our practical insights 
are crucial for identifying and managing embedded 
systems in digital infrastructures. The Matthew effect 
is a powerful mechanism driving the evolution of 
systems and, consequently, digital infrastructures. 
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embeddedness, criticality trap, redundancy slip 

1. Introduction  

The received knowledge from prior literature is that 
systems more embedded in an infrastructure are more 
inert because they are deeply entrenched in routines 
and processes and have integrations with many other 
systems (Furneaux & Wade, 2011; Fürstenau et al., 
2019). Embedding (and de-embedding) a system in a 
digital infrastructure is thereby understood as a 
process (Ciborra, 2000; Hanseth & Rodon Modol, 
2021). This process is not necessarily expected to be 
one of linear growth but will show distinct patterns 
based on a system’s existing level of embeddedness 
and may turn out differently as systems age (Fürstenau 
et al., 2019; Tiwana & Safadi, 2024). 
 However, while the notion of a Matthew effect has 
been posited (Fürstenau et al., 2019), stating 
colloquially that systems that are rich get richer, while 
systems that are poor get poorer, we know little about 

its empirical manifestations. This is unfortunate 
because while we know that embeddedness influences 
governance-architecture fit which in turn influences 
longevity (Akbari et al., 2024), today we have limited 
empirical evidence on the change patterns of system 
embeddedness. Our primary objective is to explore 
whether there is evidence for a Matthew effect in 
system embeddedness.  
 Experience and anecdotal evidence show that often 
the point of no return—when system cease to provide 
meaningful value to users—will be missed. The 
resulting incapacity to abandon, replace, or 
discontinue systems in the face of logical reasons can 
lead to what we call a “criticality trap.” Conversely, 
when a system fails to be sufficiently embedded or 
loses its embeddedness, it risks being perceived as 
irrelevant, leading to a phenomenon we call 
“redundancy slip.” Thus, our secondary objective is 
to better understand how embeddedness is related to 
criticality trap and redundancy slip. 
 We conduct two in-depth case studies: one 
primarily qualitative and one primarily quantitative. 
Both cases share an interconnected network view of 
system embeddedness as a common denominator. The 
first case (MEDIA) establishes the Matthew effect using 
9 years of panel data. It models the growth in system 
embeddedness as a function of system embeddedness 
in the previous period and tests the functional form 
(linear or polynomial). Additionally, it examines the 
relationship between embeddedness, changes in 
embeddedness, and the likelihood of discontinuance. 
The second case (MANUFACTURING) explores the link 
between system embeddedness and the criticality 
trap/redundancy slip via qualitative data. 

Our quantitative study finds robust evidence for 
the Matthew effect and suggests that a polynomial 
model fits best to the data. This shows that system 
embeddedness grows superlinear, in our model with a 
cubic polynomial. Furthermore, we find evidence for 
criticality trap and redundancy slip. Our qualitative 
study finds that criticality trap is often diagnosed when 
it is too late. Too much embeddedness can lead to 
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criticality trap, where an organization can feel stuck 
with a system that is simultaneously crucial in some 
areas and useless in others, too little embeddedness 
gives way to redundancy slip, leading to a higher 
likelihood of discontinuance of these systems. 

Our contributions are twofold. First, there was 
previously only anecdotal evidence and sparse 
empirical accounts of a Matthew effect in system 
embeddedness. We advance practical knowledge that 
can support business and IT managers, system, and 
enterprise architects in firstly identifying embedded 
systems in a company’s digital infrastructure and 
secondly understanding their corresponding inertia, 
criticality, and negligence implications. 

2. Theoretical Background 

It is established that important dimensions of system 
embeddedness that undermine the formation of 
information systems (IS) replacement intentions are 
technical integration and social factors (Furneaux & 
Wade, 2011; Fürstenau et al., 2019; Rinta-Kahila et 
al., 2023). Consistent with prior authors, we refer to 
system embeddedness as the degree to which a system 
depends on linkages among component elements or 
other systems to deliver its intended functionalities 
within an organizational context. 
 Furneaux & Wade’s (2011) empirical study found 
a negative relationship between system embeddedness 
and replacement intentions. While their study 
systematically explores this relationship, it presents a 
limited, aggregated view (Williams & Pollock, 2012) 
by relying on a survey design that allowed respondents 
to choose only a single system, thus overlooking the 
complexities and differential evolution of various 
components in a digital infrastructure. 
 Consequently, we adopt an interconnection view 
on digital infrastructures when evaluating system 
embeddedness. This perspective has a long tradition in 
digital infrastructure literature (Henfridsson & 
Bygstad, 2013; Pipek & Wulf, 2009; Star & Ruhleder, 
1996; Vaast & Walsham, 2009) and in broader works 
on technical, social, and economic networks. 
According to Granovetter's (1985) seminal work on 
social structures, an actor’s embeddedness depends on 
the amount and intensity of linkages with others. 
Network analysis thus plays a central role in 
understanding embeddedness and its manifestation in 
social and economic structures (Wasserman & Faust, 
1994). An interconnection view also aligns with 
technical studies on the properties of engineering 
systems (Baldwin et al., 2014), which have led to 
research on system-level dependencies (Dreyfus & 

Iyer, 2008; Lagerström et al., 2014; MacCormack et 
al., 2016). 
 Drawing on the notion of self-reinforcing 
processes, we suggest that preferential growth results 
in some systems experiencing strong growth while 
others shrink drastically. Since the existing embedding 
plays a role, heavily embedded systems become even 
more embedded, while less embedded systems 
become lighter. This growth pattern resembles the 
Matthew effect discussed in other disciplines, where it 
has been used to demonstrate the concept of a valuable 
resource continuing to increase in value, while a less 
valuable resource conversely diminishes in value 
(Merton, 1968; Yegorov et al., 2022).  
 Corresponding to the notion of valuable and less 
valuable resources, this study distinguishes between 
heavy and light systems qualitatively and 
quantitatively. The qualitative distinction emphasizes 
the relative importance of systems, and the value 
placed on them within the infrastructure by the 
organization. In contrast, the quantitative distinction 
relates to the number of connections attached to the 
system. From an organizational perspective within a 
specific digital infrastructure, a heavy system is one of 
high or growing importance or has a relatively high 
number of connected systems. Conversely, a light 
system is one of low or waning importance or has a 
relatively low number of connected systems 
(Fürstenau et al., 2019). 
 In the light of these considerations, we aim to 
observe the Matthew effect and ask: 
RQ 1: What is the functional form of the Matthew 
effect (linear or polynomial)?  
 
Observing the Matthew Effect provides valuable 
insights into the dynamics of system embeddedness, 
but it is not without consequences. The reinforcing 
effect for heavy systems and the subtracting effect for 
lighter systems both have implications for system 
persistence or discontinuation within the organization. 
We focus on two key factors: the criticality trap, which 
plays a pivotal role in the embeddedness of heavy 
systems, and the redundancy slip, which becomes 
particularly relevant for lighter systems. 

The notion of criticality trap reflects the 
discrepancy between an organization’s need to 
discontinue and its actual impetus to discontinue 
systems in a digital infrastructure due to their accrued 
importance and inertia. Criticality trap provides a 
theoretical explanation for how system embeddedness 
can impede the discontinuance of a system. This 
situation becomes salient when an embedded system’s 
criticality—typically in the form of its position of 
importance and perceived value—becomes reinforced 
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over time due to its increased embeddedness (Für-
stenau et al., 2019). Another implication and concern 
with criticality trap are that the very systems that have 
proven valuable and perhaps key to an organization’s 
success may become detrimental to their progress if 
not carefully managed. This is a situation where a 
capability becomes a disability. Herein lies the “trap”. 
Such situations where capabilities become disabilities 
have been characterized in prior literature as difficult 
and challenging dilemmas for organizations to 
navigate (Baiyere & Hukal, 2020; Christensen & 
Overdorf, 2000). Criticality traps thus introduce 
uncertainty to a rather stable setup (Wimelius et al., 
2021) and calls for attention from future scholars and 
practitioners of digital infrastructures. 
 Conversely, when a system’s embeddedness 
remains low or wanes, we propose a risk for a 
redundancy slip which can be defined as the 
discrepancy between the need to retain a system and 
the impetus to discontinue it, driven by the system’s 
small or diminished role and embeddedness, resulting 
in the loss of investments in innovations that never 
gained sufficient traction within the organization. As 
the system loses embeddedness, it naturally becomes 
an easy candidate for replacement whenever the need 
to make such a change arises (Fürstenau et al., 2019; 
Rinta-Kahila et al., 2023). One implication of the 
redundancy slip is its potential to result in situations 
where more beneficial systems are sacrificed and 
given up in preference for more embedded systems, 
even though they may have capability shortcomings. 
For example, during the covid pandemic, many 
organizations adopted a flurry of virtual collaboration 
tools such as Microsoft Teams, Zoom, Slack, and 
Adobe Connect, among others. The emerging reality 
in some organizations is that less embedded systems 
were easy candidates to be dropped quickly even 
though the alternative solutions may serve their 
purpose better (Matyszczyk, 2021). This is a pertinent 
consideration, particularly in cases where 
organizations invest heavily in some systems but such 
systems flounder because they never get fully 
embedded in the digital infrastructure. In other words, 
the propensity for a system to get embedded in a digital 
infrastructure could be a useful determinant of the 
potential success and utility of the system. 
RQ 2: How is system embeddedness related to the 
criticality trap and the redundancy slip? 

3. Methods 

3.1. Data Collection & Analysis Strategy 

To assess the Matthew effect as well as the criticality 
trap and redundancy slip, we performed a stepwise 

data analysis process. This was repeated at every 
timepoint. 

List Information Systems. The first step was to 
collect the specific information system unit to be 
assessed, which involves defining the system clearly 
and breaking it down into subunits for analysis 
(Hanseth & Rodon Modol, 2021). This study focuses 
on applications. Applications are software-based 
collections of IT functionalities supporting user work 
practices (Hanseth & Lyytinen, 2010).  

Identify Linkages and Create Network. The next 
step is to identify the relationships between individual 
applications, with a focus on the interfaces connecting 
them. The study considers direct “depends on” or 
“uses” relationships as the most important form of 
interface (Pipek & Wulf, 2009; Vaast & Walsham, 
2009). Next, we created a network of the systems. The 
structure represents the systems as nodes and the links 
as information flows, revealing underlying 
dependencies among systems and providing a clearer 
picture of the connections within an organization 
(Dreyfus & Iyer, 2008; Lagerström et al., 2014). 

Assess System Embeddedness via Network 
Analysis. This step focuses on analyzing the degree of 
embeddedness of each system in the infrastructure (see 
Figure 1 for an example). The study uses degree 
centrality to assess a node's influence, measuring the 
number of direct neighbors (Dreyfus & Iyer, 2008; 
Wasserman & Faust, 1994).  

The study classifies systems as heavy (high degree 
centrality) or light (low degree centrality), laying the 
ground for analyzing change patterns as explained 
next. 

Analyze Change Patterns. By looking at changes 
of system embeddedness over time, we observe which 
change patterns occur and how previous system 
embeddedness influences future embeddedness, and 
whether we observe a Matthew effect. We seek to 
assess the shape of the growth patterns to determine 
whether the growth is linear or follows a nonlinear 
pattern. Specifically, we will examine quadratic and 
cubic effects to better understand how the Matthew 
effect manifests in the data. If there is a positive linear 
effect of embeddedness on the growth of 
embeddedness, it suggests that higher embeddedness 
leads to stronger growth, indicating that rich systems 
get richer. This effect would accumulate over time 
given our temporal data. A quadratic effect would 
indicate an accelerated growth, meaning that rich 
systems become richer at an even faster rate, pointing 
towards an accelerated Matthew effect. Finally, if we 
observe a cubic term, it will imply a more complex 
pattern: poor systems get poorer, intermediate systems 
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grow at a constant rate, and very heavy systems grow 
disproportionately strong (Ostertagová, 2012). 

Perform (Dis-)Continuance Analysis. Criticality 
trap and redundancy slip are analyzed. For this 
analysis we further consider how embeddedness 
manifests for highly and lightly embedded systems 
and their consequence for the digital infrastructure. In 
Study 1, we observe how embeddedness and growth 
of embeddedness influence discontinuance decisions. 
In Study 2, we also seek to comprehend the reasons 
behind the persistence of heavy systems and transience 
of light systems and identify catalysts for change. 

3.2. Empirical Cases 

We conducted two in-depth case studies to attend 
to our research objectives (Yin, 2017). 

The first case company—MEDIA—is a European 
television broadcaster which has around 4,500 
employees and was established in the 1960s. We 
started our observation in 2015 and observed the 
company’s application architecture at five timepoints 
(2015, 2016, 2018, 2020, 2024). 

 
Figure 1: MEDIA’s network structure in 2024. Nodes 
represent applications, with their size proportional 
to their embeddedness, edges represent interfaces 
between the applications 

 
Data for this study were collected from the 

enterprise architecture repository of the organization, 
focusing on the business applications to observe 
changes over time. We retained applications that were 
present in at least two distinct periods to analyze 
growth patterns. Embeddedness, as previously 
described, was evaluated for each application, and the 
change in embeddedness was calculated as the 
difference between the embeddedness at time t and the 
embeddedness at time t-1. (Dis-)continuance was 
measured by whether the application was retained 
between observational periods. Additionally, we 
controlled for the age of the application. 

The second case company—MANUFACTURING—is 
a Finnish company operating in the manufacturing 
industry, which belongs to a larger conglomerate of 
companies. We focus on this specific subsidiary 
company, which has about 500 employees and 
specializes in hi-tech manufacturing machines and 
robotics. The company has existed in different forms 
for about 120 years. We entered the field in 
MANUFACTURING in 2015, and the study continued 
until 2019. Given that the company has been able to 
transform its identity over several decades, it is 
indicative of a potential for the company to be a useful 
case context characterized by legacy systems as well 
as the impetus to adopt innovative systems for the 
rapidly evolving robotics industry. 

  
Figure 2: MANUFACTURING’s network structure in 
2019. Nodes represent applications, with their size 
proportional to their embeddedness, edges 
represent interfaces between the applications 

 
For this case, we obtained data from the enterprise 

architecture repository of MANUFACTURING (cf. 
Figure 2). As the observation period was too short, it 
was not possible to run a quantitative study focused on 
change patterns as in the case of MEDIA. Therefore, we 
adopted a qualitative approach to answer RQ2. After 
identifying heavy and light applications, we conducted 
semi-structured interviews to get a qualitative 
assessment not only of whether or not these 
applications’ size is a result of a Matthew effect but 
also to assess the consequences of such an effect, i.e., 
the source of inertia within the infrastructure and to 
help us uncover the underlying rationale and 
mechanisms for such inertia tendencies. We conducted 
19 interviews in total from 2016 to 2017. The 
participants of the interviews were a combination of 
IT managers, team members, and business managers 
in charge of different non-IT processes within the 
company. The business managers are typically those 
who use and are familiar with the key systems 
identified as critical in the study. The interviews lasted 
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60-90 minutes and were recorded and transcribed for 
thematic analysis (Mayring, 2019). 

We observed participants’ daily routines and 
engaged in discussions to understand their system 
choices and usage. This data, along with insights from 
two IT management meetings and a workshop on 
digital platform development, supported our 
qualitative triangulation of system embeddedness and 
its impact on digital infrastructure. 

4. Results 

4.1. MEDIA Case (Study 1) 

A one-way (individual) fixed effects model was 
used to analyze the impact of initial degree and the 
difference in days as a control variable on 
embeddedness growth, i.e., the change in the number 
of connections for each app compared to the last 
observation (Wooldridge, 2010). The panel data 
comprised an unbalanced panel with 217 applications 
observed over 1 to 4 time periods, yielding a total of 
724 observations. The mean degree was 2.8, the 
median degree was 2 (for an evolution of the network 
cf. Figure A1 in the Appendix).  

To determine the most appropriate model for our 
data, we tested three polynomial models (linear, 
quadratic, and cubic) to assess growth and to examine 
whether a Matthew effect is present and, if so, to 
identify its shape. A Likelihood Ratio Test (LRT) is 
performed to assess the goodness of fit of a statistical 
model by comparing the likelihoods of nested models, 
specifically in this context, to determine whether the 
inclusion of additional parameters in polynomial 
regression models (linear, quadratic, and cubic) 
significantly improves the model’s fit to the data 
(Wilks, 1938). The LRT indicated that the cubic model 
provided a significantly better fit compared to the 
linear and quadratic models (Table 1).  

 
Table 1: Likelihood ratio tests for model 

comparison 
Comparison LogLik 

(1) 
LogLik 
(2) 

df Chi-
square 

Linear (1) vs Quadratic (2)  −1,085 −1,079 1 10.82 *** 

Linear (1) vs Cubic (2) −1,085 −1,042 2 84.85 *** 

Quadratic (1) vs Cubic (2) −1,079 −1,042 1 74.03 *** 

*p < 0.05, **p < 0.01, ***p < 0.001 
 

Additional metrics such as the AIC and BIC values 
and the highest R-squared, support the finding that the 
cubic model has the best fit among the tested models 

(see Appendix, Table A1). This supports the inclusion 
of higher-order terms to capture the complexity of the 
relationship between degree and growth.  

 
Table 2: Regression results for MEDIA 

 B (Std. Error) 
Constant -2.355 (0.374) *** 
Degree 1.002 (0.082) *** 
Degree^2 -0.036(0.005) *** 
Degree^3 0.0004(0.0001) *** 
Age (Days) -0.0001(0.0001) ** 
Panel fixed effects YES 
R-Squared 0.297 
F-statistic 53.208 (p< 0.001) 
n 217 
T 1-4 
N 724 

*p < 0.05, **p < 0.01, ***p < 0.001 
 
To conserve space, we focus on interpreting the 

cubic model. Estimates for linear and quadratic 
models are in the Appendix. For the cubic model (cf. 
Table 2), the F-statistic was significant (𝐹(4,  503) =
 53.208,  𝑝  <  0.001), indicating that the overall 
model was a good fit with an R-squared of 0.297. The 
analysis revealed significant effects of degree 
(positive), degree squared (negative), degree cubed 
(positive) on the change in degree. Overall, this 
indicates that the higher the degree, the stronger the 
growth. Furthermore, the growth is s-shaped: For low 
degree systems the growth is lowest and even 
negative, for high degree systems, the growth is 
particularly strong. Figure 3 displays this relationship. 

 
Figure 3: Relationship between system degree and 
growth over time, shown with panel data (2016, 
2018, 2020, 2024, with 2015 as a baseline). Selected 
systems’ growth trends are highlighted with green 
(increase) and red (decrease) arrows. The black 
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dashed line represents the polynomial regression 
trend. 

The scatterplot presents observations from 
different years in different colors, to clarify this, we 
added the growth pattern of selected applications with 
arrows. The control variable was significant, 
indicating that older systems become less connected 
over time. The findings are consistent with the 
Matthew effect, as higher-degree nodes exhibit more 
substantial growth, emphasizing the importance of 
initial advantages in network dynamics.  

Furthermore, the negative values of the curve for 
low degree values indicates that low degree 
applications more often shrink. 

(Dis-)Continuance Analysis. Figure 4 shows that 
light applications (1-10 interfaces) have a higher 
likelihood of being decommissioned compared to 
heavy applications. Furthermore, embeddedness 
growth plays an important role. As applications lose 
embeddedness, the proportion of decommissioning 
increases, which aligns with the redundancy slip. Yet, 
even light systems that were growing have been 
decommissioned. For heavy applications (10+ 
interfaces), while there was some decommissioning 
among those that lost embeddedness, heavy 
applications that grew or maintained stable 
embeddedness were not decommissioned at all during 
our observational period—a finding consistent with 
the criticality trap.  

 
Figure 4: Proportion of Decommissioning by 
Embeddedness Group and Growth Category 
 
To test the significance of the relationships 

observed in the descriptive statistics, a logistic 
regression analysis was conducted with 
decommissioning as the dependent variable, 
controlling for the year (cf. Appendix Table A2 for full 
results). The results indicated that heavy systems 
(compared to light systems) were significantly less 
likely to be decommissioned (𝛽 = −2.39, 𝑆𝐸 =

1.04, 𝑝 = .022). Additionally, systems with stable or 
positive growth (relative to those with negative 
growth) were also less likely to be decommissioned, 
(𝛽 = −0.95	, 𝑆𝐸 = 0.39, 𝑝 = .016) and (𝛽 =
	−1.15, 𝑆𝐸 = 0.55, 𝑝 = .037), respectively. These 
findings are consistent with theoretical expectations of 
redundancy slip and criticality trap in system 
decommissioning. 

 
4.2 MANUFACTURING Case (Study 2) 

While we were unable to reproduce the full 
analysis of the change patterns from the MEDIA case 
in MANUFACTURING due to data constraints, we were 
able to assess the system embeddedness and perform a 
(dis-)continuance analysis.  

Figure 2 presents an overview of the applications 
and their integration within the digital infrastructure of 
MANUFACTURING (for a comparison over time please 
see Figure A2 in the Appendix). Until 2013, 
MANUFACTURING operated with IT as primarily a 
support unit. The IT unit traditionally consisted of an 
IT manager who led a group of IT professionals. The 
IT team has been keen on taking on new innovations 
such as cloud applications while also grappling with 
an installed base laden with legacy applications. With 
the growing demands on the company and the 
potential for digital disruption in the manufacturing 
business, IT became an increasingly important 
component of the organizational strategy. This led to 
an assessment of the status of the digital infrastructure.  

The average degree of the 40 applications of 
MANUFACTURING is 2.25. The median of the degree is 
1, indicating a skewed distribution in which some 
applications accumulate a high number of links while 
most applications are less connected.  

To investigate the criticality trap and redundancy 
slip, we focus our qualitative analysis on two heavy 
applications, LIN, and ANT, and two light 
applications, TIME, and SHOPFLOOR IT. We 
selected two heavy applications that consistently 
added connections in and before our observational 
period, showing a clear trend of growth with no 
indication of stopping up to the point of our 
observations. 

LIN and ANT as Examples for a Criticality Trap. 
LIN and ANT are the most embedded applications in 
MANUFACTURING, which is evidenced by their high 
centrality measures. Regarding LIN, according to one 
of the IT managers “Of course the most integrated 
systems that we have are probably LIN … the older 
systems like LIN are hard and stiff and the integrations 
are always [such that] you have to build one 
[separately] for the system that you want to integrate. 
And those are costly.”  
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The data highlights the critical embeddedness of 
LIN in the infrastructure and how heavily dependent 
the company is on it, while also highlighting the 
difficulty of attempting to change the system. The CIO 
exclaimed “There is no way in hell we can change LIN 
anytime soon! …Everything is technically connected 
to LIN.” 

Regarding ANT, it is interesting to note that people 
stated that it should not grow, but it was still growing. 
One interviewee explained “[ANT] was the old ERP 
system and is still used [in] the accounting financial 
department side”. Interviewees noted that ANT was 
operating past its peak lifetime. Essentially, it was a 
system that should have been replaced for some time, 
but its importance and integration were hindering it. 
As noted by one interviewee: “ANT is basically the 
side server ... [LIN is] a separate server but they´re 
using things that talk to each other. So, they are getting 
to be a bit more integrated [into LIN]”. This was also 
indicated by our system embeddedness data which 
showed that it had gained in embeddedness despite 
these intentions to replace it. 

TIME and SHOPFLOOR as Examples of a 
Redundancy Slip. These two applications are among 
many lightly embedded applications in 
MANUFACTURING’s infrastructure. TIME was used for 
a specific organizational function—timekeeping. 
SHOPFLOOR was an industrial internet of things 
application used in the production department. 

SHOPFLOOR exemplifies software used in the 
production process to facilitate the flow of information 
between different machines, people, and processes. 
Currently, we learnt, different ideas were tested such 
as using sensor chips but so far, they have not really 
been adopted and made it beyond pilot use cases.  

TIME had a specific use as a complement of LIN. 
It was kept in place in LIN’s ecosystem as long as LIN 
was important to the organization. Yet, we did not see 
strong reasons why the system could not have been 
replaced by another system. 

With knowledge of the level of embeddedness of 
the heavy applications within the infrastructure, the 
assessment revealed that embeddedness manifests in a 
duality of criticality and inertial propensities.  

(Dis-)Continuance Analysis. Starting from 
system embeddedness, we realized from our 
investigation, that people talked about the inertia and 
criticality of highly embedded applications in the same 
breath. The striking finding is made salient by LIN that 
exemplifies the idea that inertia and criticality 
manifest simultaneously.  

Our data suggest that both ANT and LIN exceeded 
their intended lifespan by several years. The 
MANUFACTURING firm was facing a legacy dilemma in 
which the applications stayed operational despite 

capability shortcomings and lack of flexibility, 
indicating the inertia manifestations.  

Interestingly, the primary attribution for this was 
mainly since they had become critical for many of the 
company’s operations. While the applications were 
still maintained and used in many subsidiaries as a 
critical component, interviewees simultaneously 
reported on lacking capabilities, high internal 
complexity, technical legacy issues, a stagnating user 
base, and the stepwise crowding out of innovation 
from the system.  

Our analysis led us to two conclusions. First, we 
observed that a system’s criticality and inertia increase 
with increasing system embeddedness. This increase 
continues until a point is reached when the impetus to 
discontinue the system becomes stalled by the weight 
of the inertia and criticality amassed over time, i.e., the 
system falls in a criticality trap. From a related but 
different viewpoint, we also observe a converse effect. 
With decreasing system embeddedness, a system's 
criticality and inertia decrease. Over time, such 
manifestation leads to a situation in which the system 
loses its importance and relevance within the digital 
infrastructure and becomes a candidate for 
discontinuance, i.e., the redundancy slip. 

Table 3 shows evidence for the criticality trap. It 
illustrates that LIN and ANT were perceived as 
inappropriate for today’s demands and stretched 
beyond their capacities, yet they are still in use (and 
growing); furthermore, the highlighted points reflect 
the underlying inertia and criticality manifestations of 
system embeddedness at work, plus how they lead 
toward a criticality trap. 

 
Table 3: Evidence for a Criticality Trap 

Criticality Trap in LIN 
Core Criticality 

“When I was talking to [the] CIO about LIN, he was 
like, he cannot understand how changing LIN is 
going to be...It’s next to impossible. …according to 
him, … it’s very central.” 

““…. We cannot change our LIN [system] for 
example, fast and agile. It would not happen. It 
would take two to three years and an [expletive] 
amount of money, so it’s not going to be agile.” 

“The data structure is complicated that we end up 
doing double work in the planning of the team 
resourcing. That means once the resources are 
scheduled roughly in LIN, we still end up 
scheduling in Excel or MS-Project again.” 
Importance 

“The mechanical department uses a 3D modeling 
software which is connected to LIN. So, if LIN is 
not working then they can go home.” 
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“But LIN is in my opinion very limited [in resourcing 
and team planning] because it´s not easy to find out 
which of the team members are available. It cannot 
be used with several people at the same time 
because the last guy who saves, overwrites all 
others. And you know we are living in 2017 and not 
1990s. So that´s a little bit disappointing.” 
Reluctance reasons 

“Replacing LIN with something that's more kind of 
modern and easier to maintain and more effective 
means that we should change our ways of work 
accordingly. And that's the biggest thing actually.” 

“LIN is not that crappy, but it’s pretty crappy. And the 
difficulty of that is that it’s so integrated to our ways 
of working and the processes …” 

“So, LIN is not that nice to use. It is what it is, but you 
know that’s [laughs] just life in a sense.” 

“Does it count if you always have like 50 things on 
your task list that doesn’t get any shorter? … sorry, 
my head is so full that I can’t get more information 
in because it’s so occupied all the time... So, now I 
have to start thinking, oh yeah, by the way, next 
month we should start learning SharePoint… 
because we are experimenting and searching for 
[new] things. I am like working 150% already.” 
Criticality Trap in ANT 

“ANT is basically the side server ... [LIN is] a separate 
server but they´re using things that talk to each 
other. So, they are getting to be a bit more 
integrated [into LIN]” 

“[ANT] was the old ERP system and is still used [in] 
the accounting financial department side.” 

 
Table 4 shows evidence for the redundancy slip. 

Redundancy slip can occur when the need for change 
results in a corresponding impetus to change with 
relatively little inertia against such change. It should 
be noted, however, that the notion of criticality and 
redundancy results from the relative importance 
(heaviness/lightness) of the system to be changed. A 
less important system is likely to become redundant 
over time. 

 
Table 4: Evidence for Redundancy Slip 

Redundancy Slip in Shopfloor IT 
“Interviewer: Shopfloor IT. How well are they 

integrated. Interviewee: “not as well ... should be 
much better” 

“ICT [should be] more involved in the 
manufacturing.” 

“Communication between the individual systems [in 
production] still needs to be facilitated or improved 
somewhere” 

 
In summary, the qualitative analysis reveals both the 
criticality trap and redundancy slip as consequences of 
patterns of application growth or decline. 

5. Discussion 

Principal Results: Using case study data from two 
firms, we, firstly, find evidence supporting a Matthew 
effect in system embeddedness. Our analysis of a 
primary case (MEDIA) indicates that a polynomial 
model of growth in system embeddedness explained 
by system embeddedness in prior periods fits the data 
best. This suggests that the slogan “For to everyone 
who has will more be given, and he will have 
abundance; but from him who has not, even what he 
has will be taken away” (Matthew 25:29, RSV) plays 
an important role in the growth of system 
embeddedness. Our model outlines both the increasing 
embeddedness of heavily integrated systems and the 
stagnating or decreasing embeddedness of lightly 
embedded systems. We replicate this result 
qualitatively in our second case (MANUFACTURING).  

Secondly, our paper further makes the connection 
between systems “that have and will more be given” 
to the criticality trap. With knowledge of the level of 
embeddedness of the systems, the analysis revealed 
that embeddedness manifests in a duality of criticality 
and inertial propensities. This increase continues until 
a point is reached when the impetus to discontinue the 
system becomes stalled by the weight of the inertia and 
criticality amassed over time. This point might be 
perceived too late because of the accumulated and 
self-reinforcing growth is underestimated. 
Consequently, even if a system’s integrations are 
known and fully understood, the level of technical and 
semantic interlock and functional integration among 
systems is often so high that replacement costs appear 
to exceed the potential benefits.  

Thirdly, our paper connects the systems “that have 
not and even what they have will be taken away” to 
the redundancy slip. With the knowledge that systems 
stagnate or lose connections, we observed increased 
discontinuance of these systems, despite their potential 
continued value to the business. Additionally, we 
observed that even growing light systems, those 
temporarily intensifying in connections, may also be 
decommissioned, possibly due to the “intensifying to 
cease” effect where systems experience a final burst of 
activity before discontinuance (Rezazade Mehrizi et 
al., 2019). 

Comparison with Prior Work: This new 
evidence confirms suspicions of a Matthew effect 
(Fürstenau et al., 2019) using time-series panel data 
from a longitudinal case. This study presents an 
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advancement of the original survey data by Furneaux 
& Wade (2011, p. 586) by adopting an alternative 
approach grounded in real-world company data. 
Furthermore, the findings are in line with recent 
research that finds that large, embedded, and old 
systems are difficult to replace, while light, young 
systems may be ceased (Rezazade Mehrizi et al., 2019; 
Rinta-Kahila et al., 2023; Soliman & Rinta-Kahila, 
2020). Following the logic of self-reinforcing growth 
(Henfridsson & Bygstad, 2013), when a system gains 
importance and critical traction, there are usually good 
and noble reasons to continue down this path (Sydow 
et al., 2009). However, the responsibility would lie in 
the hands of the digital infrastructure decision makers 
to consider the future implications of yielding to the 
eventuality of a criticality trap. It is thus necessary for 
researchers and practitioners to further understand the 
relationship between avoiding inertia and leveraging 
criticality. In this regard, we elaborate on the “dual, 
paradoxical nature” of system embeddedness in a 
digital infrastructure as something that promotes 
change and rigidity (Ciborra, 2000; Hanseth & Rodon 
Modol, 2021; Star & Ruhleder, 1996; Wimelius et al., 
2021). This is akin to understanding the balance 
between taking advantage of innovations in IT and 
having a “good enough” system (Soliman & 
Tuunainen, 2022).  

Methodologically, we offer an alternative way of 
assessing the Matthew effect, thus responding to prior 
methodological works on the subject (Perc, 2014). 
While the Matthew effect has often been analyzed by 
fitting an exponential function, this approach is limited 
when the empirical data spans multiple decades. 
Additionally, the exponential function allows for 
limited observations of redundancy slips, whereas our 
analysis provides a more in-depth examination of 
these phenomena. 
Limitations: Being limited to the media and 
manufacturing sectors, this study lacks full 
generalizability across all industries and 
organizational contexts, partly due to the 
methodological constraints, such as the shorter 
observation period and qualitative data sampling in the 
MANUFACTURING case. While we have concentrated 
on the Matthew effect, it is important to acknowledge 
other factors, such as technological advancements and 
organizational responses to security issues, that also 
contribute to changes in system embeddedness. 
Conclusions: We believe managers can benefit from 
this framework that allows for assessing system 
embeddedness in a meaningful and practically 
applicable format. In light of increasing cases of 
disruptive innovations that require significant changes 
or overhauling of an organizational setup, the burden 
of a hard-to-replace system could have significant 

consequences. This happens because companies often 
lack transparency about the hidden structure (Baldwin 
et al., 2014) of their digital infrastructure slowing 
down replacement decisions as risks remain poorly 
understood or causing intensified efforts to cease 
(Rezazade Mehrizi et al., 2019).  

By using network analysis as we do in our paper, 
complex, hidden structures can be uncovered. Based 
on this, managers may focus on heavy systems in their 
transformation and replacement planning, because 
information systems that have reached a critical size 
and risk status are more critical and harder to replace. 
The assessment framework should be useful both 
practically and theoretically, enhancing understanding 
of system migrations, carve-outs, restructurings, and 
system consolidations in IT cost-cutting contexts, and 
in mergers and acquisitions and other enterprise 
transformation projects. 

An area of research opened by this paper is a 
prescriptive study that presents managers with 
possible solution paths on what to do after identifying 
the level of system embeddedness in the infrastructure 
setup of their organizations. The initial step, assessing 
and identifying the areas where an organization’s 
infrastructure might be plagued by inertia, is highly 
relevant. However, notably for practitioners, it is of 
vital importance to understand how to overcome the 
challenges of system embeddedness and the associated 
consequence of criticality trap and redundancy slip. 
Applying the analysis presented in this paper is 
expected to provide scholars and managers with a 
vivid assessment of system embeddedness and the 
pertinent considerations to avoid falling into the 
criticality trap or redundancy slip. Future research 
could also explore the boundaries and exceptions to 
the Matthew effect to better equip organizers in 
navigating and avoiding the associated risks and 
challenges. 

In conclusion, system embeddedness can be seen 
as a double-edged sword. Too much embeddedness 
can lead to criticality trap, where an organization can 
feel stuck with a system that is simultaneously crucial 
in some areas and useless in others. Yet, too little 
embeddedness can lead to a redundancy slip, where 
investments in new innovations are lost because they 
did not get sufficiently embedded to gain traction in 
the organization. This makes the Matthew effect a 
powerful mechanism driving the evolution of systems 
and entire digital infrastructures. 
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