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Abstract Obsolescence of integrated systems which
contain hardware and software is a problem that affects
multiple industries and can occur for many reasons,
including technological, economic, organizational, and
social factors. It is especially acute in products and systems
that have long life cycles, where a high rate of
technological innovation of the subcomponents result in
a mismatch in life cycles between the components and the
systems. While several approaches for obsolescence
forecasting exist, they often require data that may not be
available. This paper describes an approach using non-
probabilistic scenarios coupled with decision analysis to
investigate how particular scenarios influence priority
setting for products and systems. Scenarios are generated
from a list of emergent and future conditions related to
obsolescence. The key result is an identification of the
most and least disruptive scenarios to the decision maker’s
priorities. An example is presented related to the selection
of technologies for energy islanding, which demonstrates
the methodology using six obsolescence scenarios. The
paper should be of broad interest to scholars and
practitioners engaged with enterprise risk management
and similar challenges of large-scale systems.

Keywords enterprise risk management, diminishing
manufacturing sources and material shortages, scenario-

based preferences, systems engineering, deep uncertainty,
product life cycle*

1 Introduction

Technology obsolescence is an important problem for
managers in the private and public sectors. The U.S.
Department of Defense (DoD) defines obsolescence as “a
lack of availability of an item or raw material resulting
from statutory and process changes, as well as new
designs. Obsolescence deals with the process or condition
by which a piece of equipment becomes no longer useful,
or a form and function no longer current or available for
production or repair” (DoD, 2015a).
Industries with high rates of innovation and where

consumer preferences rapidly shift are prone to obsoles-
cence, and events such as market entry by a competitor or
safety concerns can precipitate the obsolescence of a
product (Song and Zipkin, 1996). Obsolescence can occur
for many reasons: newer technology becomes preferred to
the current technology, the item no longer functions as
intended, regulations ban the use of the product, the
product is no longer supported or maintained, or when
there is simply no longer consumer demand for the item
(DoD, 2016).
In the literature, the most common type of obsolescence

is related to components or parts within larger systems,
especially microelectronics (Solomon et al., 2000; Singh
and Sandborn, 2006; Romero Rojo et al., 2010; Sandborn
et al., 2011; Romero Rojo et al., 2012; Sandborn, 2013). In
this context, obsolescence is characterized as the “loss or
impending loss of original manufacturers of items or
suppliers of items or raw materials” and is referred to as
diminishing manufacturing sources and material shortages
(DMSMS) (Sandborn, 2013). In this case, there is still a
demand for a part or material, but there is a lack of supply.
This differs from a different type of obsolescence where a
stock of excess inventory exists for which there is no
longer demand. DMSMS-type obsolescence is common in
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low-volume, sustainment-dominated sectors such as
defense, aviation, and infrastructure, where the costs of
sustaining the system over an extended life cycle exceed
the costs of original acquisition (Singh and Sandborn,
2006). The high rate of technological innovation in the
electronics industry, coupled with the slow and costly
process of qualification and certification for new compo-
nents within the system, creates a mismatch in life cycles
between the components and the systems (Singh and
Sandborn, 2006). Long system development times can
cause electronic components to become obsolete even
before the system is fielded (Sandborn, 2013).
Romero Rojo et al. (2012) presented a holistic view of

obsolescence, beyond the commonly discussed aspect of
microelectronic components. They described how soft-
ware, mechanical parts, materials, test equipment, pro-
cesses and procedures, and skills can become obsolete or
contribute to system obsolescence. Sandborn (2007)
described the issue of software obsolescence, noting that
software and hardware must be concurrently sustained.
Wnuk et al. (2013) explored how system requirements
themselves can become obsolete. Human capital obsoles-
cence is reviewed by de Grip (2006), characterizing how
skills can be lost or fall in demand in the job market. Reilly
(2013) described the causes and quantification of obsoles-
cence of real estate.
Management responses to obsolescence issues vary

from lifetime buy and last-time buy strategies to complete
system redesigns (Romero Rojo et al., 2012; Sandborn,
2013), costing anywhere from a few thousand dollars to
tens of millions of dollars (DoD, 2015b). Obsolescence
also opens up the possibility of inadvertently acquiring
counterfeit components through secondary markets when
trusted sources are no longer available (Romero Rojo et al.,
2012; Collier et al., 2014; DiMase et al., 2016).
There currently exists a research gap focused on the need

for methods and approaches to consider the impacts of
obsolescence under conditions without much information.
Necessitated by uncertainties in the timing and degree of
obsolescence, current methods for obsolescence forecast-
ing build upon techniques from operations research,
economics, and reliability theory (Song and Zipkin,
1996; Porter, 1998; Solomon et al., 2000; Singh and
Sandborn, 2006; Sandborn et al., 2011). These methods are
typically data-intensive, relying upon information such as
units shipped over the component’s life cycle, part life
times, and numerous costs which may be difficult to
parameterize. However, in complex systems and under
deep uncertainty, these inputs may be unknown, or costly
to research. Therefore, a tool for ranking and screening
scenarios of obsolescence can add value by focusing on a
subset of highly impactful scenarios for further detailed
analyses.
To address this gap, this paper describes a method for

assessing the impacts of obsolescence on management
priorities through the use of non-probabilistic scenarios.

We develop and demonstrate a model of how decision
maker preferences change across a number of obsoles-
cence scenarios using a scenario-based preferences model.
By assessing the degree to which decision makers
reprioritize system initiatives or product alternatives in
the face of different scenarios, we can identify the most and
least disruptive scenarios as well as the alternatives that are
robust or vulnerable to scenarios. We demonstrate this
problem formulation through an example featuring the
selection among energy technologies. The paper concludes
with a summary and recommendations for future research.

2 Methods

This section describes a model to identify which scenarios
of obsolescence are most and least disruptive to priority
setting in large-scale systems.
A scenario-based preferences model is described in

Karvetski et al. (2009; 2011a; 2011b); Karvetski and
Lambert (2012); Lambert et al. (2012; 2013); Connelly
et al. (2015); Hamilton et al. (2015; 2016); Collier et al.
(2018); and Collier and Lambert (2018; 2019). This model
builds upon multicriteria decision analysis (MCDA) by
recognizing that decision maker preferences, represented
as criteria weights, are dynamic as new information about
the world comes to light. As we learn new information, or
imagine ourselves in different futures, our preferences will
likely change relative to our preferences today. The
scenario-based preferences model allows for the explora-
tion of how various initiatives or alternatives perform
across different scenarios, and facilitates inter-scenario
comparisons to identify the most and least disruptive
scenarios.
The model is formulated as follows. Assume that the

decision maker has a set of n alternatives representing
various systems or products, {a1, a2, …, an}. The decision
maker also has a set of m criteria, representing various
system objectives, {c1, c2, ..., cm}. The level of
performance along a criterion cj for a generic alternative
a can be defined by a partial value function, vj(a), which
assigns a real number to each alternative such that the
performance of alternative a is preferred to the perfor-
mance of some other alternative b if and only if vj(a)>
vj(b), or a decision maker is indifferent between the two if
and only if vj(a)= vj(b). A linear-additive value function
assigning a real value to alternative ai, accounting for all m
criteria can be defined as follows:

V ðaiÞ ¼
Xm

j¼1
wj⋅vjðaiÞ, (1)

where wj is a scaling constant (“weight”) assigned to the jth
criterion. Weights are typically defined such that they sum
to 1. Details on the linear-additive value function and
weights can be found in Belton and Stewart (2002).
To extend the MCDA model to accommodate scenarios,
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we assume that we have a set of q scenarios, {s1, s2, …,
sq}, where each scenario consists of one or more emergent
and future conditions. These emergent and future condi-
tions represent uncertain factors that may influence future
system operations or decision maker preferences. Emer-
gent and future conditions can be individual trends or
triggering events and can be combined to create unique
scenarios (Karvetski and Lambert, 2012). They can be
generated through literature reviews or by brainstorming,
including thinking about traditional “PESTLE” factors
(political, economic, social, technological, legal, environ-
mental).
Each initiative ai has a level of performance vj(ai) on

criterion cj. Under scenario sk, there is a scenario-specific
weight wjk for criterion cj. Given these elements, a linear-
additive value function can be defined that assigns a score
to initiative ai under scenario sk:

V ðaiÞk ¼
Xm

j¼1
wjk⋅vjðaiÞ: (2)

The value function can be used to create prioritized lists
of initiatives across scenarios. Within each scenario,
initiatives can be rank ordered, resulting in a prioritization
within each scenario considered. Given any two ordinally
ranked lists, the degree of correlation between the two sets
can be measured using the Kendall’s Tau statistic, τ
(Kendall, 1938). The values of τ exist between – 1 and 1,
where 1 is a perfect positive correlation and – 1 is a perfect
negative correlation. Mathematically, Kendall’s Tau com-
pares the number of concordant and discordant pairs of
measurements within two ordered sets (Abdi, 2007). Given
two pairs of rankings (ri

0, ri
k) and (rj

0, rj
k), the rankings are

concordant if both ri
0> ri

k and rj
0> rj

k or both ri
0< ri

k and
rj
0< rj

k. The rankings are discordant if both both ri
0> ri

k

and rj
0< rj

k or both ri
0< ri

k and rj
0> rj

k (de Siqueira Santos
et al., 2014). Kendall’s Tau is calculated as

τ ¼ ncon – ndis
0:5nðn – 1Þ, (3)

where ncon is the number of concordant pairs, ndis is the
number of discordant pairs, and n is the total number of
ranked observations.

3 Example

This example builds upon an effort that is described in
Karvetski and Lambert (2012) and Hamilton et al. (2016)
related to the selection of energy islanding technologies
considering future scenarios. The example involves a
scientific research facility composed of multiple buildings
connected to the public grid which was experiencing
power outages. Due to the nature of the research conducted
at this facility, power outages resulted in the sensitive
electric equipment being damaged. Weeks of scientific
research and data collection could potentially be lost with

each outage. Consistent, quality power was a requirement
to keep humidity, temperature, and air quality of the
laboratories within strict limits. Therefore, the goal of the
facility managers was to investigate technologies for
obtaining consistent, reliable, and quality electric power
(Hamilton et al., 2016).
First, a set of seven decision criteria was developed.

Table 1 shows the criteria list and the weights assigned to
each criterion. Each criterion is briefly described below.
� C01. Reduce costs. This criterion describes the ability

of each alternative to realize cost savings. Specifically, the
lifecycle costs accrued relative to taking no action were
estimated, over a twenty-year horizon.
� C02. Quality, prime power. This was the main

consideration. It is related to the number of outages
avoided relative to the number which would have been
expected based on the past.
� C03. Energy security. Beyond uninterrupted power,

other energy security goals were of importance, including
reduced energy consumption, increased energy efficiency,
increased use of renewable and/or alternative energy
sources, and assured access to sufficient energy.
� C04. Proof of principle. This criterion describes how

the facility can serve as an example to other industry and
government entities by its demonstration as a case study
and dissemination of lessons learned.
� C05. Procure funding. The ability to procure the

necessary funding for the upgrade, as measured in years of
waiting time.
� C06. Reduce vulnerability. A secondary benefit to the

facility was that certain alternatives may function to reduce
the overall vulnerability of the system to threats.
� C07. Environmental impact. Some alternatives may

provide positive environmental benefits, measured in terms
of tons of CO2 emissions reduced per year.
Criteria weights reported in Table 1 were derived from

facilitated discussions among stakeholders with diverse
perspectives. This was conducted at a working group
meeting and included participants such as facility energy
managers, officials from utility companies and the
government, building tenants, and private sector represen-
tatives. The resultant weights were generated from a
consensus among stakeholders (Karvetski and Lambert,
2012; Hamilton et al., 2016).

Table 1 Criteria for energy technology selection

Criterion Baseline weight

C01 12%

C02 27%

C03 12%

C04 27%

C05 12%

C06 5%

C07 5%
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As with any situation involving the elicitation of
information from experts and stakeholders, care must be
taken to not introduce unintentional bias into the results.
Following established best practices in elicitation techni-
ques ensures that the collected data are of high quality
(Morgan, 2014).
Next, the energy technology alternatives were identified.

They ranged from installation of natural gas powered
microturbines for electricity, heating, and cooling (i.e.,
trigeneration), to simple alternatives such as burying the
power lines so that they are not disrupted by falling trees
and other natural and manmade hazards. The microgrid
with backup generators would provide the facility with the
ability to disconnect from the public grid in the case of an
outage, and the solar photovoltaic (PV) alternative could
allow for renewable energy generation and storage in case
of outages. A no action alternative was also included to
represent the status quo. Table 2 shows the alternatives
along the top row, with the criteria along the first column.
Within each cell, the degree to which a particular criterion
is addressed by the particular alternative was entered. To
facilitate the process, the respondent could select several
qualitative responses, including “strongly agree,” “agree,”

“somewhat agree,” and “disagree or N/A.” Each response
was then converted into a numerical value score, vj(ai)={1,
0.67, 0.33, 0} for “strongly agree,” “agree,” “somewhat
agree,” and “disagree or N/A,” respectively.
This information about criteria weights and value scores

assigned to each alternative is enough to produce a ranking
of alternatives, and represents the base (no scenario) case.
To incorporate scenarios, we searched the literature on
obsolescence to identify emergent and future conditions
which can form various obsolescence scenarios. Obsoles-
cence is a serious concern for energy technologies since the
infrastructure is designed for a long service life, yet
increasingly the technological components within them
may become obsolete early in the system life cycle. For
instance, microgrids are controlled by various hardware,
software, and application layers that provide valuable
functions like voltage and frequency regulation, generation
scheduling and dispatch, and energy trading (Hirsch et al.,
2018). A number of general emergent and future condi-
tions, related to technological, economic, and other factors,
were identified from the literature and are displayed in
Table 3.
From this general list, scenarios were generated by

Table 2 Responses to whether each of 7 criteria is addressed by 6 alternatives. Qualitative responses were converted into numerical value scores

Criterion A01 A02 A03 A04 A05 A06

C01 Somewhat agree Disagree or N/A Agree Strongly agree Disagree or N/A Disagree or N/A

C02 Disagree or N/A Somewhat agree Agree Strongly agree Agree Disagree or N/A

C03 Disagree or N/A Somewhat agree Strongly agree Strongly agree Somewhat agree Somewhat agree

C04 Disagree or N/A Disagree or N/A Agree Strongly agree Strongly agree Somewhat agree

C05 Disagree or N/A Agree Agree Somewhat agree Strongly agree Somewhat agree

C06 Disagree or N/A Somewhat agree Agree Agree Strongly agree Disagree or N/A

C07 Disagree or N/A Somewhat agree Agree Strongly agree Disagree or N/A Somewhat agree

Note: A01: no action; A02: bury power line; A03: microturbine with trigeneration for critical load; A04: microturbine with trigeneration for base load; A05: microgrid
of backup; A06: solar PV generators

Table 3 The emergent and future conditions that are related to obsolescence

Emergent and future conditions Source

EC01. Drop in customer demand Song and Zipkin, 1996

EC02. Industries with high rates of tech innovation Song and Zipkin, 1996

EC03. Industries with frequent shifts in consumer taste Song and Zipkin, 1996

EC04. Import competition Song and Zipkin, 1996

EC05. Safety hazards Song and Zipkin, 1996

EC06. Current level of technology Song and Zipkin, 1996

EC07. Strength of competing products Song and Zipkin, 1996

EC08. Relatively sudden shift in competitor’s market penetration Song and Zipkin, 1996

EC09. Competitor is trying to develop a better product Song and Zipkin, 1996

EC10. Competitor announces positive research results Song and Zipkin, 1996

EC11. Competitor distributes test samples Song and Zipkin, 1996

EC12. Introduction of several competing products at once Song and Zipkin, 1996

EC13. Demand has dropped to low levels Solomon et al., 2000

EC14. Production materials and technology no longer available Solomon et al., 2000
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(Continued)

Emergent and future conditions Source

EC15. Longer life span of systems Solomon et al., 2000

EC16. Public’s demand for longer warranties Solomon et al., 2000

EC17. Long periods of manufacturing Solomon et al., 2000

EC18. High cost system qualification and certification Solomon et al., 2000

EC19. Introduction of a superior competing part Solomon et al., 2000

EC20. Improvement of a competing part Solomon et al., 2000

EC21. Identification of a problem associated with the part Solomon et al., 2000

EC22. Failure to reach the critical mass that allows economies of scale Solomon et al., 2000

EC23. Lack of a unique and compelling application for the part Solomon et al., 2000

EC24. High cost/lead times for technology insertion and design refresh Singh and Sandborn, 2006

EC25. Low or no control over the part supply chain Singh and Sandborn, 2006

EC26. The system the software executes changes Singh and Sandborn, 2006

EC27. The vendor terminates support Singh and Sandborn, 2006

EC28. System hardware changes make software obsolete Sandborn, 2007

EC29. System requirements changes make software obsolete Sandborn, 2007

EC30. System software changes make software obsolete Sandborn, 2007

EC31. Original supplier no longer sells the software as new (end-of-sale) Sandborn, 2007

EC32. Inability to expand or renew licensing agreements (legally unprocurable) Sandborn, 2007

EC33. Original supplier and/or third parties no longer support the software (end-of-support) Sandborn, 2007

EC34. Digital media obsolescence, formatting, or degradation Sandborn, 2007

EC35. Software upgrades that will not execute correctly on the hardware Sandborn, 2007

EC36. More technologically advanced hardware is available Sandborn, 2007

EC37. Owner/operators can no longer procure a part Sandborn, 2007

EC38. Security patches for software terminate Sandborn, 2007

EC39. Inability to obtain the necessary software licenses Sandborn, 2007

EC40. New environmental regulations render materials obsolete Romero Rojo et al., 2010

EC41. Cannot obtain small quantities due to high minimum order quantities (MOQ) Romero Rojo et al., 2010

EC42. Obsolescence of a manufacturing process prevents manufacture of a material Romero Rojo et al., 2010

EC43. Incompatibility between new and old systems Romero Rojo et al., 2010

EC44. Losing skilled and knowledgeable workers Romero Rojo et al., 2010

EC45. Obsolescence of tooling and testing equipment Romero Rojo et al., 2010

EC46. Physical deterioration based on age and/or wear and tear Reilly, 2013

EC47. No longer performs the function as well as it did when new Reilly, 2013

EC48. Intended function has become obsolete over time Reilly, 2013

EC49. Locational obsolescence—changes in neighborhood conditions near the property Reilly, 2013

EC50. Operations no longer earn a profitable rate of return Reilly, 2013

EC51. High volatility and quick evolution of requirements Wnuk et al., 2013

EC52. Scope creep, requirements creep and requirements leakage Wnuk et al., 2013
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selecting one or more emergent and future conditions.
Table 4 describes six scenarios, consisting of the emergent
and future conditions identified above. The scenarios
represent a combination of hardware, software, and
operational factors which could contribute to the obsoles-
cence of advanced energy technology systems as identified
in the literature as important obsolescence and supply
chain considerations. For example, Davis and Sullivan
(2017) describe drivers of supply chain risk, with the top
three being product quality issues, supplier viability, and
demand volatility. These considerations are seen in the
developed scenarios. For example, S1 (parts unavailable)
and S4 (support terminated) relate to supplier viability,
while S2 (software incompatible) and S5 (flaw in key part)
are related to quality issues. The scenario S3 (difficult to
upgrade) is related to the high costs of system qualification
and certification, and high costs and times for technology
insertion and refresh, as described as key issues by
Solomon et al. (2000) and Singh and Sandborn (2006).
Scenario S6 (workforce leaving) is based on the idea that
beyond hardware and software, employee skills and
knowledge are important factors contributing to obsoles-
cence (Romero Rojo et al., 2010), and industry and
government supply chains face an aging workforce and
pressures from outsourcing (Davis and Sullivan, 2017).

Next, the influence of scenarios on preferences was
explored by reweighting the criteria across scenarios. This
can be done through a qualitative elicitation procedure.
The relative change in importance of each criterion under
each scenario is answered by the question, “under scenario

sk, is criterion cj more or less important in comparison to
the other criteria than in the baseline scenario, and if so,
what is the extent of the change?”. The respondent can
reply “increases,” “increases somewhat,” “no change,”
“decreases somewhat,” or “decreases.” As an example,
consider scenario S1 (parts unavailable). In this scenario,
important components of the energy system can no longer
be procured. In this obsolescence scenario, it might
become necessary to obtain the part from a secondary
market, which may include untrusted sources of supply.
This will increase the importance of ensuring that
vulnerabilities are not introduced into the system. How-
ever, without the necessary stock of parts, the system may
not operate with the intended functionality, so the
importance of energy security increases as well. Facing a
shortage of supply, it may be necessary to spend more
money to design and test a solution for the system,
resulting in a decrease in the importance of reducing costs.
A scaling constant, α, was defined that adjusts the

baseline criterion weight up or down corresponding to the
qualitative reply. A new scenario-specific weight, wjk, is
defined as wjk= α$wj, and here we let values of α equal {8,
6, 1, 1/6, 1/8} for “increases,” “increases somewhat,” “no
change,” “decreases somewhat,” and “decreases,” respec-
tively. The adjusted weights were then normalized to sum
to 1, and this procedure was repeated for each scenario to
produce a unique set of criteria weights across each
scenario. The scaling constant α is intended to be
consistent with the process of swing weighting, as
described by Karvetski et al. (2009). The value α is
meant to represent a “worth multiplier,” which represents
the ratio of worst-to-best value comparisons within each
criterion. The interpretation of the value alpha is that under
a particular scenario, exchanging a high level of perfor-
mance to a low performance on criterion i for a low level of
performance to a high level of performance on criterion j is
worth alpha times the value of making the exchange under
the baseline scenario. Table 5 reports the qualitative
assessments regarding the effects of scenarios on decision
maker preferences, and Table 6 shows the resultant criteria
weights across scenarios.
Following an MCDA approach (Belton and Stewart,

2002), the values from Table 2 representing the

Table 4 Obsolescence scenarios consisting of emergent and future

conditions

Scenario Emergent and future conditions

S1. Parts unavailable EC37

S2. Software incompatible EC35

S3. Difficult to upgrade EC18, EC24

S4. Support terminated EC27

S5. Flaw in key part EC21

S6. Workforce leaving EC44

Table 5 Assessment of the effects of scenarios on preferences

Criterion S1 S2 S3 S4 S5 S6

C01 Decreases somewhat ‒ Increases ‒ Decreases Decreases somewhat

C02 ‒ Increases somewhat ‒ ‒ Increases somewhat ‒

C03 Increases somewhat Increases ‒ Increases somewhat Increases ‒

C04 ‒ ‒ Increases somewhat Increases somewhat Increases somewhat Increases somewhat

C05 ‒ ‒ Increases ‒ Increases Increases

C06 Increases somewhat Increases ‒ Increases somewhat Increases Increases

C07 ‒ Increases somewhat ‒ ‒ ‒ ‒

Zachary A. COLLIER et al. Obsolescence scenarios disruptive to management priorities 177



performance of each alternative and the weights from
Table 6 were integrated using the linear-additive value
function Eq. (2) to produce value scores. The higher scores
represent better performing alternatives. These scores are
reported in Table 7. Using these scores, a unique ranking of
energy alternatives can be produced within each scenario.
A graph depicting these rankings is shown in Fig. 1. The
triangle represents the rank in the baseline scenario, and the
bars extending in each direction indicate the highest and
lowest ranking achieved for that alternative across all of
the scenarios. For instance, A05 (microgrid of backup)
generators was ranked second in the baseline scenario, and
across the other six scenarios, was ranked between first and
third.
Finally, the disruptiveness of each scenario relative to

the baseline was determined by calculating Kendall’s Tau
Eq. (3). As described earlier, τ can take values from – 1 to
1. A value of 1 would indicate that there is perfect
correlation between the prioritization of initiatives under
the baseline scenario and under the scenario being
considered. In other words, each ordinally ranked list of
initiatives would be identical. Similarly, a value of – 1
would indicate that the prioritization under a scenario was
perfectly reversed relative to the baseline, which is
theoretically the largest possible disruption in priorities.
Therefore, lower values of τ within the range [ – 1, 1]
indicate a larger disruption relative to the baseline, and
higher values represent smaller disruptions. These values
are reported in Table 8.

4 Discussion

From the preceding case study, we can identify several
important results (Table 9). First, it appears that the
alternatives can be placed into two groups, with the
microgrid and both microturbine alternatives ranking
highly across scenarios, and with the other alternatives

Table 6 Criteria weights updated across all scenarios

Criterion S0 S1 S2 S3 S4 S5 S6

C01 12.00% 1.14% 3.17% 23.82% 3.75% 0.27% 0.58%

C02 27.00% 15.43% 42.74% 6.70% 8.44% 28.80% 7.85%

C03 12.00% 41.14% 25.33% 2.98% 22.50% 17.07% 3.49%

C04 27.00% 15.43% 7.12% 40.20% 50.63% 28.80% 47.09%

C05 12.00% 6.86% 3.17% 23.82% 3.75% 17.07% 27.91%

C06 5.00% 17.14% 10.55% 1.24% 9.38% 7.11% 11.63%

C07 5.00% 2.86% 7.92% 1.24% 1.56% 0.89% 1.45%

Fig. 1 Ranking of energy alternatives, where the triangles
represent the rank in the baseline scenario, and the bars represent
the highest and lowest rank across scenarios. A01: no action; A02:
bury power line; A03: microturbine with trigeneration for critical
load; A04: microturbine with trigeneration for base load; A05:
microgrid of backup; A06: solar PV generators.

Table 7 Value scores of each energy alternative across obsolescence scenarios

Scores S0 S1 S2 S3 S4 S5 S6

A01 0.0396 0.2409 0.7008 0.9026 0.6578 0.1848 0.0396

A02 0.0038 0.2979 0.7999 0.8958 0.6319 0.2187 0.0038

A03 0.0104 0.3065 0.7461 0.9429 0.5741 0.1437 0.0104

A04 0.0786 0.1973 0.6701 0.8362 0.7067 0.2252 0.0786

A05 0.0124 0.1629 0.7365 0.9430 0.7674 0.2588 0.0124

A06 0.0009 0.2904 0.7180 0.8615 0.7762 0.2106 0.0009

Note: A01: no action; A02: bury power line; A03: microturbine with trigeneration for critical load; A04: microturbine with trigeneration for base load; A05: microgrid
of backup; A06: solar PV generators
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performing poorly. This could help decision makers screen
out lower-ranked alternatives from consideration, and
focus more detailed analyses on the remaining alternatives.
We also see that the alternative A01 (no action) is always
ranked the lowest, indicating that this is an alternative that
doesn’t meet the objectives of decision makers, and can be
disregarded from further analysis.

Inspecting Table 8, it can be seen that three scenarios are
tied for most disruptive. These scenarios are S3 (difficult to
upgrade), S4 (support terminated), and S6 (workforce
leaving), all scoring a τ value of 0.733. This indicates that
each of these scenarios caused the same number of changes
in priorities relative to the baseline. Scenario S5 (flaw in
key part) was ranked next-most disruptive, with a score of
0.867, and finally S1 (parts unavailable) and S2 (software
incompatible) had τ values of 1, indicating that they did not
change the priorities relative to the baseline, and are
therefore low-disruption scenarios. The number of scenar-
ios with tied τ values is likely due to the low resolution of
the case study. With only six alternatives, it is less likely
that pairs of ranked alternatives will change relative to the
baseline prioritization, limiting the utility of the Kendall’s
Tau statistic. However, given a larger set of ranked
alternatives, more granularity in the results would become
apparent, and it would become clearer which scenarios
were the most and least disruptive. For example, Collier
et al. (2018) used the τ statistic on six project management
scenarios affecting 16 activities and found good granular-
ity (no ties) in the results.
The goal of this analysis is not necessarily to identify a

single best alternative, but rather to guide subsequent
modeling and data collection activities. This might include
application of more detailed technical and business case
analysis on a promising subset of alternatives, and the

modeling of particular scenarios of interest (Karvetski and
Lambert, 2012).
Scenarios, as they have been described and utilized here,

are distinct from the concept of risk. Risk is a measure of
expected loss or harm associated with the answers to the
questions “what can go wrong?”, “how likely is it?”, and
“what are the consequences?” (Kaplan and Garrick, 1981).
The scenarios used in this paper represent situations in
which stakeholders do not possess enough fundamental
knowledge about the future environment to assign
probabilities to various events. Thus, scenarios do not
represent events in a probability space and cannot be
assigned a likelihood, and so should not be confused with
risks (Karvetski and Lambert, 2012).
Nevertheless, scenarios can be used to facilitate risk

management decision making. For instance, Collier and
Lambert (2019) used a similar scenario framework to
identify the most and least disruptive scenarios to an
e-commerce system integration project, and then compared
the risk-reduction benefits to the costs of implementing
various mitigation plans. Understanding the potential
negative impacts of scenarios to a system or product can
strategically guide management’s allocation of resources
and selection of risk responses.

5 Conclusions

Obsolescence can be caused by many technological,
economic, organizational, and social factors over the life
cycle of products and systems. As the service lives of
certain systems extend into several decades, and the rapid
pace of technological change shortens the life cycles of the
components within them, obsolescence will continue to be
a problem. While novel technologies such as 3D printing
can provide a means for mitigation of obsolescence and
result in less dependence on suppliers of parts, challenges
still remain in adoption and implementation (Bromberger
and Kelly, 2017). In addition, there is still the need to be
able to proactively anticipate when parts might fail and to
optimize levels of spare component inventory.
In this paper, we demonstrated a scenario-based

approach related to obsolescence management. The
approach provides a platform for identifying the most
and least disruptive scenarios to a baseline ranking of
alternatives, as well as provides insights into the
performance of alternatives across scenarios. It can be
used as a screening-level tool to eliminate poorly
performing alternatives from consideration, and focus
more detailed analyses on a subset of promising alter-
natives.
While this example focused on the selection of particular

energy systems subject to obsolescence scenarios, the
analysis could easily be modified to investigate the impacts
of scenarios on particular components or subsystems
within a larger system. For instance, a microgrid consists

Table 8 Scenario disruptiveness

Scenario Kendall’s Tau Disruptiveness rank

S1 1.000000 5

S2 1.000000 5

S3 0.733333 1

S4 0.733333 1

S5 0.866667 4

S6 0.733333 1

Table 9 Summary insights

Category Result

Most disruptive scenarios S3, S4, S6

Least disruptive scenarios S1, S2

Best performing alternatives A03, A04, A05

Worst performing alternatives A01, A02, A06
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of various subsystems, including energy generation,
storage, distribution, and control systems which may be
impacted by various obsolescence scenarios differently. By
decomposing a product or system into its subsystems,
insights can be gained which could inform operations,
inventory management, and risk management decisions.
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