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ABSTRACT
Matching high ambitions with scarce resources is one of the primary challenges of aerospace and other
industries concerned with the development of unprecedented infrastructures, on par with the technical
challenges associated with developing new technology. Stakeholder objectives are often unclear due to
highly exploratory business cases. Further ambiguity emerges from disagreement between stakeholders
and decision makers called to formulate scientific, technological and policy requirements for new systems.
This paper develops a structured approach, called the Delphi-based Systems Architecting Framework (DB-SAF), which has been conceived to develop recommendations to system architects concerned
with the design of unprecedented large infrastructures for which objectives are ambiguous or unclear.
The objectives of DB-SAF are to identify sources of ambiguity in the value proposition of a
system architecture and the associated trade-space exploration, characterize and model sources
of ambiguity, and assess the impact of requirement ambiguities on the architectural trade space.
The proposed systems architecting approach is demonstrated in this paper through the assessment of a robotic Mars Sample Return Campaign, which serves as a test bed case study to
describe the proposed methodology and to discuss its extension to other fields of engineering.
The proposed framework integrates methods from systems engineering, computational systems architecting, multidisciplinary systems design and optimization, uncertainty modeling, utility theory, and social
science research. It allows decision makers to visualize an architectural synthesis of aerospace systems,
understanding adverse impacts of ambiguity, and supporting negotiations among stakeholders for efficient
compromise in systems architecting. C⃝ 2014 Wiley Periodicals, Inc. Syst Eng 00: 1–24, 2014
Key words: systems architecture; stakeholders ambiguity; requirements elicitation and management;
project formulation; modeling and simulation

1. INTRODUCTION
Matching high ambitions with scarce resources is one of
the primary challenges of the aerospace and other industries
concerned with the development of unprecedented infrastructures, on par with the technical challenges associated with
developing new technology. In this kind of developments,
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objectives are often unclear due to the ambiguity surrounding
the subject of the investigation, which is highly exploratory
in its own nature. Ambiguity further arises from disagreement that is often found between experts called to specify
science and engineering requirements for new projects. Overdesigning requirements without a well-agreed rationale, such
as setting a “too high” mass amount of samples to be returned
to Earth on a Mars Sample Return (MSR) mission, can be fatal
to mission success due to high mission costs. On the contrary,
underdesigned requirements (a “too low” mass amount of
samples in the MSR example) preclude scientific discoveries
and overall value delivery of the mission to stakeholders. In
the worst case, poorly specified requirements can lead to not
answering any scientific question at all. It is therefore crucial
to identify architectures with the highest likelihood of satisfying goals, while finding consensus among stakeholders, and
meeting engineering and programmatic constraints.
This paper presents a Delphi-based Systems Architecting
Framework (DB-SAF) aimed to define, identify, characterize,
mitigate, and analyze ambiguity in the systems architecting
process. The framework identifies areas of opportunity of
ambiguity mitigation, and supports the formulation of recommendations to support systems engineers and decision
makers in reducing ambiguity in their objectives, identifying
architectures with effective and robust programmatic tradeoffs, engineering performance, and meet desired science and
policy objectives.
The framework presented in this paper integrates methods
from systems engineering, computational systems architecting, multidisciplinary system design and optimization, uncertainty modeling, utility theory, and social science research. It
allows decision makers to visualize an architectural synthesis
of their engineering systems, understand the impact of ambiguity in the definition of requirements, and consequently
support negotiations in reaching consensus towards “globally best” system requirements and associated Pareto-efficient
system architectures.
The remainder of this paper is structured as follows. Section 2. provides context to the framework with a review of
the scientific literature. Section 3. describes the DB-SAF, with
all the steps involved in the analysis. Section 4. demonstrates
the framework on a MSR case study, with emphasis on the
description of the application of the proposed methods and
inherent limitations and trade-offs that are encountered. Section 5. draws conclusions from the research, deriving avenues
for future work and discussing the extension of DB-SAF to
other fields in engineering systems.

2. LITERATURE REVIEW
Management of ambiguities and systems architecture are
broad topics which contributions have been covered by different disciplines. This section presents a review of literature
of interest to this paper, ranging from social sciences to engineering design research. Ambiguity is a theme that has been
traditionally covered in other disciplines than engineering.
In particular, this survey covers management of ambiguities
as treated in political science (Section 2.1) and management
science (Section 2.2). Furthermore, this section surveys rele-
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vant research in systems engineering (Section 2.3) and expert
elicitation (Section 2.4), providing comprehensive context for
the framework proposed in this paper. A distinction must
be made between uncertainties and ambiguities. This paper
adopts Murray’s [1961] definition of uncertainty, as “something not definitely known or knowable”, and Camerer and
Weber’s [1992] definition of ambiguity, as “missing information that is relevant and could be known”. Browning, Fricke,
and Negele [2006] discuss how uncertainty and ambiguity
have different impact in the product development process of
a complex system.

2.1 Political Science
Academic research in political science and problems encountered in policymaking are often faced with the question of
management of risk and uncertainties. In the policy domain,
ambiguity management is seen in its downside (risk) aspect,
and discussed in the field of risk shielding [Oye, 2010]. Two
different approaches are found: a libertarian (or laissez-faire)
approach, as advocated by [Sapolsky, 1990] and [Viscusi,
2005], and a regulatory approach, based on the use of the
precautionary principle [Harremoes, 2001]. Morgan [1993]
provides an intermediate approach to ambiguity (risk) in
policymaking, advocating different management approaches
based on the nature of the risk being considered—making a
distinction between known and unknown risks—and based on
whether the exposure to risk is on a voluntary or involuntary
basis.

2.2 Management Science
Literature in management science has explored extensively,
in a qualitative way, how to manage ambiguities in projects.
The focus of this literature is in the development of business strategies under uncertainty. Courtney, Kirkland, and
Viguerie [1997] classify uncertainty in strategy planning (i.e.,
ambiguity, in this paper’s nomenclature) in four levels, according to the degree of uncertainty to be faced. From the lowest (level 1) to the highest (level 4) degree of uncertainty, they
distinguish between clear-enough futures, alternate futures,
a range of futures, and true ambiguity. They note that level
4 uncertainty (true ambiguity) is often encountered in early
stages of strategy planning, and it is often reduced to lower
levels of uncertainty. They identify three strategic postures
in management under uncertainty: shape the future, adapt to
the future, and reserve the right to play, implemented using
three different types of management actions (no-regret moves,
options, and big bets) and provide guidelines on their use
according to the level of uncertainty being faced [Courtney
et al., 1997]. Brandenburger and Nalebuff apply game theory
to strategy planning under uncertainty, discussing the options available to managers to shape strategies by “changing
the game,” identifying lose–lose situations and transforming them into win-win strategies [Nash, 1950], based on a
value-net framework [Brandenburger and Nalebuff, 1995].
McGrath and MacMillan propose the idea of discovery-driven
planning, where strategies are phased over time to allow
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uncertainty to unfold and adapt decisions accordingly [McGrath and MacMillan, 1995]—analogously of what is discussed in the engineering section of this literature review in
real option analysis and phased development strategies [de
Neufville et al., 2004; De Weck, De Neufville, and Chaize,
2004].

2.3 Systems Engineering Theory
Management of ambiguities in systems engineering theory is
an emergent body of literature, dealing with approaches to
cope with uncertainty in engineering systems. Two main approaches have been proposed: the implementation of robustness [Taguchi, 1986; Phadke, 1995] and the implementation
of flexibility options in the system of interest [de Neufville
et al., 2004]. Changeability and adaptability have also been
discussed as a critical issue to consider to ensure that systems
deliver value to stakeholders over time [Fricke and Schulz,
2005; Engel and Browning, 2008; Ross, Rhodes, and Hastings, 2008]. De Weck et al. [2004] demonstrated the value
of implementing flexibility options in a satellite constellation
architecture using lattice analysis to describe propagation of
uncertainty over the lifecycle of the architecture and advocating for a phased development approach for large-scale systems to hedge endogenous and exogenous uncertainties and
capture upside opportunities due to uncertainty. Furthermore,
Silver and de Weck [2007] proposed a network-based approach to analyze flexibility for complex evolutionary largescale systems, the Time-Expanded Decision Networks. More
recently, screening models based on a Monte Carlo simulation
framework have been proposed for the evaluation of flexibility options in engineering systems [Lin, 2008]. Screening
models have the advantage of having less constraints on the
formulation of the problem than other methods (for example,
they do not require the system representation to be path independent), assuming the problem is formulated and decomposed properly to be resolved in reasonable computational
times, but they do not include an assessment of the impact
of ambiguity of stakeholder objectives in the evaluation of
system architectures.
Architecting methods allow the identification of Paretoefficient architectures, as described previously; they can
be complemented with quantitative tools from decisionmaking theory [Edwards, 1954; Bellman and Zadeh, 1970;
Keeney and Raiffa, 1976; Kahneman and Tversky, 1979;
Zeleny, 1982; Howard, 1988; Dyer et al., 1992; Roy and
McCord, 1996]. A tool of practical use in this context is the
development of decision trees [Howard, 1988], which require
a formal choice-decision to enumerate possible scenarios,
associated expected outcomes and subjective probabilities of
occurrence.
Recommendations based on decision-tree analysis are
based on the maximization of expected value criteria [Meyer,
1987]. Decision tree analysis, however, has several limitations. In fact, it requires a “discretization” of the range of
possible outcomes in a set of discrete occurrences. Furthermore, full enumeration of full scenarios is prohibitive if the
number of possible scenarios is too large; this issue is often
overcome with dynamic programming approaches [Bellman,
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1957], which however require the decision-tree representation
to have specified characteristics such as path independence.
Most importantly, for the purposes of modeling ambiguity in
this paper, the main limitation of traditional decision trees
is that they require a deterministic knowledge of subjective
probabilities of occurrence for each scenario.
Decision-making support often requires the synthesis of
subjective opinions, for instance, in the definition of value
metrics in systems architecting. Multi Attribute Utility Analysis (MAUA) [Keeney and Raiffa, 1976] and the Analytical
Hierarchy Process (AHP) [Forman and Gass, 2001] are tools
that have been applied for decision-making purposes in several disciplinary fields.
While MAUA has been applied to systems architecting
previously [Ross and Hastings, 2005], little research has
been done on how to define utility under ambiguous stakeholder objectives—where the definition of value-based utility
functions is unclear. Both methods have known limitations.
MAUA encounters challenges in preference elicitation when
applied to the evaluation of attributes with no monetary equivalents. AHP on the other hand is prone to rank reversal issues when new attributes are considered in the trade space
[Schenkerman, 2003]. None of these two methods can be
applied effectively when ambiguity is introduced in group
decision making.

2.4 Expert Elicitation
Expert elicitation, among other applications, is the discipline
concerned with the synthesis of expert knowledge for requirements formulation. Expert elicitation has been historically
used for the elicitation of probabilities of occurrence in safety
analysis, such as the famous Rasmussen report on nuclear reactor safety [Rasmussen, 1975]. Other historical applications
of expert elicitation include expert assessments synthesis for
complex systems analysis [NAS, 1975].
Expert elicitation techniques are of particular interest for
engineering systems, as they allow the quantification of subjective metrics that are of paramount importance to the design
process during formulation of requirements. Elicitation techniques has been used to estimate experts’ preference structures for multi attribute analysis, such as the ratio method
[Edwards, 1977], the swing method [von Winterfeldt and
Edwards, 1986] and the trade-off method [Keeney and Raiffa,
1976]. Focus group methods [Terpstra, Lindell, and Gutteling, 2009] are routinely used for elicitation of expert knowledge. While focus group and conventional group-decision
making processes are effective in improving convergence towards consensus, they suffer adverse behavioral effects originating from peer pressure and hidden agendas. Focus groups
are also ineffective in presence of the highest degree of ambiguity originated by the unknown (such as forecasting of
future events). The Delphi method is a qualitative tool that
has been originally developed to this end, to improve forecasting in expert policy-making [Adler and Ziglio, 1996; Rowe
and Wright, 1999; Rowe, Wright, and Bolger, 1991]. Delphi
synthesizes expert knowledge by anonymous elicitation of
experts, while reducing adverse peer-pressure effects through
anonymity in expert elicitation. While Delphi has been used
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Figure 1. Delphi-based Systems Architecting Framework Overview.
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Figure 2. Step 2: Problem formulation.

in the context of forecasting and decision making, the framework presented in this paper engineers the Delphi process in a
quantitative form and implements it in the context of decision
making, assessing advantages and disadvantages.

tionships between those entities” [Crawley, 2008]. The literature in systems architecture includes formal languages for
system decomposition, such as Unified Modeling Language
(UML) [Booch, Rumbaugh, and Jacobson, 1996] and Object Process Modeling (OPM) [Dori and Crawley, 2002], and
quantitative methods for tradespace exploration [Ross and
Hastings, 2005]. Koo developed a meta-language for systems
architecting based on OPM, called Object Process Networks
(OPN) [Koo, 2005]; building on his work, Simmons developed a framework for quantitative, decision-based systems
architecting, based on a method called the Architecture Decision Graph (ADG) [Simmons, 2008].
Both OPN and ADG are used to perform trade-space exploration, based on a three step approach: (1) generation of architectures using a full enumeration approach, (2) evaluation
of architectures, and (3) identification of Pareto-efficient architectures [de Weck, 2009]. Hastings and Weigel proposed a
systems architecting methodology accounting for uncertainty
using portfolio theory [Hastings, Weigel, and Walton, 2003],
looking at the impact of traditional uncertainties “in” the
problem on systems architecting, with an application to
space systems developed for commercial purposes (a satellite constellation for telecommunications). This method can
be used to determine portfolios of systems robust to uncertainty, but does not include an assessment of the impact
of ambiguity in stakeholder objectives, and does not consider the value of flexibility in engineering systems, and
it is only applied to architectures represented by purely
discrete design vectors, being formulated as a portfolio
optimization.

3. DB-SAF
2.5 Systems Architecture
Systems architecture is the discipline that provides “an abstract description of the entities of a system and the rela-
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This section develops the theory underlying the proposed
approach for systems architecting under stakeholders ambiguity: the DB-SAF, which overview is shown in Figure 1.

GOLKAR AND CRAWLEY

DB-SAF is a structured, iterative tool to inform ambiguity mitigation strategies in systems architecting under
stakeholder ambiguity. The framework is inspired by the
Delphi method in policy-making, and proposes a novel systems architecting implementation in the context of formulation of requirements for new, unprecedented systems. DBSAF consists in a structured process decomposed in ten
Steps.

3.1 Step 1: Literature Review and
Systems-Specific Expertise
The process starts from a preliminary literature review and the
system architect’s system-specific expertise (Step 1). The purpose of the literature review is to gather existing information
on the architecting problem of interest and inform problem
formulation (Step 2).

3.3 Step 2: Problem Formulation
In Problem Formulation (Figure 2) the system architect defines the problem he/she wishes to address in support of the
customer’s project. The step consists in two sequential iterative cycles. Iterations are devised to refine each individual
substeps, which definition benefits from the definition of the
other substeps in the cycle.

3.3.1 Iteration Cycle 1
In the identification of questions of interest (substep 1),
the system architect identifies the needs of the beneficiaries of the system, formulating questions of interest to
be addressed. Questions are formulated by direct interaction with the customer that is commissioning the study.
In goals identification (substep 2), system architects identify and characterize stakeholder goals to be fulfilled by
the system. Stakeholder goals derive from beneficiaries’
needs as well as additional socio-political considerations. Primary stakeholder goals can be identified with structured approaches such as quantitative stakeholder analysis [Cameron,
Catanzaro, and Crawley, 2006]. In addition to beneficiaries needs, example additional goals that are set by stakeholders are policy robustness, economic sustainability and
education and outreach. Finally, following the identification of goals, functional decomposition (substep 3) is performed in order to identify the functions that the system
needs to implement. Functions are typically decomposed in
structured hierarchies, and they are formulated as solutionneutral, as they do not depend on specific technologies or
architectures.

3.3.2 Iteration Cycle 2
In requirements enumeration, the system architect enumerates all the possible sets of system requirements that the system could be designed for. Consideration of multiple set of
requirements is desired for successive evaluation of the over-
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all architecture and its value in terms of science performed,
overall engineering complexity and cost (Steps 5–9). System
requirement sets are enumerated also according to feasibility
constraints, which are used to prune unfeasible requirement
combinations out of the trade space and leave only feasible
options for study. In cases where exhaustive combination is
not feasible, due to curse of dimensionality issues, heuristic
enumeration or algorithmic search approaches can be used to
conduct a partial enumeration. Functions are then mapped to
elements of form in function-form mapping, in order to move
from the solution-neutral domain to the selection of specific
technologies that compose the architectures. Architectures are
then evaluated through the development of evaluation metrics,
which are required to assess the overall value of enumeratedarchitectures.
Metrics can be classified as objective metrics and subjective metrics. Objective metrics are quantities that can be
measured or estimated either by direct measurement, firstprinciple modeling, parametric modeling or analog estimates.
Examples of objectives metrics are dry mass, design velocity,
time and lifecycle cost. Subjective metrics are quantitative
measures of subjective judgments. Examples of subjective
metrics are perceived technical risk, perceived engineering
complexity and perceived delivered value to scientists. Subjective metrics are estimated either by heuristic rules defined
by experts, or by structured methods. An example of heuristic
rule is to associate a higher perceived technical risk to architectures that feature a higher number of development projects
and/or a higher number of operations perceived as potentially “risky” by the system architect. In addition to heuristic
rules, several structured methods exist to measure subjective
metrics. This paper considers two alternative approaches for
subjective metrics evaluation: score cards and multi-attribute
utility theory. Method selection depends on the characteristics of the problem at hand and types of property values to
be assessed. Strengths and limitations of these methods as
identified by this paper are discussed. It is useful to make
in this context the distinction between ordinal and cardinal
metrics that can be developed for systems architecting. Ordinal metrics are used to provide a ranking between competing
architectures. They are therefore metrics for relative ranking. Cardinal metrics, in turn, are absolute metrics for relative ranking. Cardinal metrics are possible when incremental
units are constant and objective. As this is seldom the case
in subjective value metrics, subjective metrics as defined in
this paper must be intended in an ordinal sense. Indifference
analysis for the identification of Pareto-efficient architecture
is still possible, in fact, with ordinal metrics. Score cards is
the first method here employed for the development of subjective value metrics. Score cards consist in eliciting knowledge by asking experts to rate property variables of interest
on a pre-defined ordinal Likert scale [Likert, 1932]. Experts
can also be asked to provide motivations to motivate elicited
scores, which forms valuable documentation for traceability
and credibility of the subjective value metric being developed.
Score card results can then be integrated in a joint value
metric as a weighted linear combination or other representative functions of interest. Weights can be either elicited by
experts or assumed a priori by the systems architect. Utility
theory [Fishburn, 1970] is a second approach to subjective
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Figure 3. Design Space Example, Identification of Set of Pareto-efficient architectures.
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Figure 4. Science utility associated with different sample depths as seen by different views.

evaluation. Utility theory comprises several approaches used
in finance and econometrics to estimate perceived value—for
instance of value that an investor associates to some capital
investment. In recent years, utility theory has been applied
to estimate value in engineering systems analysis problems
[Ross and Hastings, 2005].

3.4 Step 3: Expert Panel Formation
Step 3 is concerned with the formation of the panel of experts
to be involved in the study. In this paper, the word “panel”
refers to the aggregate of experts being involved in the study.
However, it must be noted that experts do not meet during
the decision-making process, as they interact by means of a
moderator. Selecting experts is a critical step in the framework
as the quality of the results is strongly dependent on the
quality of the answers given by the expert panel as a whole.
The system architect in charge of the study identifies a first set
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of individuals to be involved. The sampling method used in
DB-SAF is judgment sampling [Marshall, 1996]. As all nonprobabilistic sampling methods, judgment sampling is only a
partial sampling of the population of experts, which then does
not allow to make generalizations on the aggregate opinion of
the expert community from a strictly scientific perspective.
Nevertheless, polling the entire population on experts would
be impractical or most likely impossible. The experience of
the systems architect plays a key role in determining a “good”
set of experts of the study. A method to mitigate bias in
expert selection is the use of snowballing sampling methods
in DB-SAF [Mason, 1996], asking participating experts to
identify additional participants among their acquaintances,
using their judgment. The process can be repeated until the
system architect is satisfied with the number of experts available for the study. The panel should be a good representative
of the community of stakeholders interested in the mission,
in order to represent all views and biases in an equal and fair
manner.

GOLKAR AND CRAWLEY
Table I. Example Stakeholder Goals for the Mars Sample
Return Campaign
Stakeholder Goals
To collect samples of the martian surface
To conduct in situ science on Mars
To return collected samples to Earth
To ensure collected samples comply with planetary protection
requirements

Table II. Functional Decomposition for the Mars Sample
Return Campaign
Functions
1
2
3
4
5
6
7

To reach low Earth orbit
To transit between low Earth orbit and low Mars orbit
To entry Martian atmosphere
To descend and land on Martian surface
To drill Martian surface and prepare sample caches for Fetching
To fetch sample caches
To bring sample caches to Earth surface

[Rowe et al., 1991] identifies four key characteristics that
define a “good” expert:
1. Knowledge and experience with the issues under investigation
2. Capacity and willingness to participate
3. Sufficient time to participate in the study
4. Effective communication skills
Once a panel of experts is formed, the architecting team
will start the first round of interviews by reviewing the initial
problem formulation, as outlined in Step 4.

3.5 Step 4: Problem Formulation Review with
Expert Panel
This step ensures the validity of the problem formulation
developed in Step 2, improving the alignment of the study to
the issues that are felt relevant by the expert panel and the
stakeholders. Iterations are required to review the problem
formulation until the architecting team reaches a satisfying
conceptualization of the problem. A typical review list consists of the following items:
• Ensure the validity of modeling assumptions adopted in
the framework;
• Ensure the validity and completeness of the list of questions to be addressed by the study;
• Ensure the completeness of the needs perceived by the
beneficiaries;
• Ensure the completeness of the list of stakeholder goals
and their biunivocal mapping to beneficiaries’ needs;
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• Validate the minimum and maximum boundaries of interest for each requirement option that involves a quantitative assessment;
• Ensure the completeness of the list of system functions
and their biunivocal mapping to stakeholder goals;
• Ensure the completeness of the list of requirements and
their biunivocal mapping to system functions;
• Ensure the completeness of the list of options of form
and their biunivocal mapping to the list of system functions;
• Ensure the validity of the evaluation metrics as developed.
Once the architecting team is satisfied with the revised
problem formulation, it proceeds performing the elicitation
of knowledge from the experts by designing a survey or interview (Step 5) and synthesizing their value judgment (Step
6).

3.6 Step 5: Design of Interview
The design of the interview is a crucial step of the framework, as it involves careful consideration of the questions
to be answered by the study as defined in problem formulation (Step 2), as well as considering behavioral aspects
on choosing the best method to elicit knowledge from experts. The interview makes use of different analytic tools
for expert elicitation, depending on the nature of the design
variables and requirements being assessed, such as whether
they vary on continuous or discrete domains, and whether
they exhibit mutually excluding attributes or complementary
attributes.

3.6.1 Estimation of Utility Functions for Attributes Varying
on Continuous Domains
Classical utility functions from utility theory are effective
tools to represent value judgment for attributes varying on
a continuous domain. Utility theory assumes that value can
be represented by a normalized function of some attribute of
interest. However, it is often the case that value is function
of multiple attributes of interest, for which more articulated
theories must be employed for value elicitation. MAUA is
a decision analysis tool to represent an expert’s value assessment as a function of multiple attributes. MAUA has
been extensively surveyed in the literature (see [Abbas, 2010;
Wallenius et al., 2008] for an extensive review). Methods
used for estimation of single-attribute utility functions and
weights depend on the type of attribute being assessed and
on their mathematical expression—whether they are discrete
values or span a continuous range of possible values. Utility function estimation methods are reviewed in Keeney and
Raiffa [1976]. Two popular methods for utility elicitation
are the Certainty Equivalent Probability (CEP) [Keeney and
Raiffa, 1976] method and the Lottery Equivalent Probability
(LEP) [McCord and de Neufville, 1986] method. CEP and/or
LEP are used to estimate utility values at selected requirement points. The utility curve is then obtained through leastsquare fitting of known utility models (such as the negative
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Table III. Structural Morphological Matrix of Possible Requirement Sets for the Mars Sample Return Campaign
Options
Requirements
Drilling system maximum reachable depth
Total number of samples collected
Sample size

1

2

3

Surface (∼2.5
cm)
10
Small (0.5cm D
× 1.0 cm H)

1-m

10-m

Horizontal diversity (characteristic radius)
Collect sedimentary material samples
Collect hydrothermally and low temp. altered samples
Collect igneous rock samples
Collect regolith, dust & atm. gas samples
Total No# of Possible Requirement Sets

5 km
Yes
Yes
Yes
Yes

4

Number of Options
3

20
30
40
Medium (1.0 cm Large (5.0 cm D
D × 5.0 cm
× 15 cm H)
H)
10 km
25 km
50 km
No
No
No
No

4
3

4
2
2
2
2
2304

Table IV. Structural Morphological Matrix of Alternative Forms for the Mars Sample Return Campaign
Options
Forms
Number of Elements

Mars ascent vehicle (MAV) number of stages
Earth return vehicle (ERV) number of stages
Mars ascent vehicle (MAV) propulsion type
Earth return vehicle (ERV) platform type
Earth return vehicle (ERV) propulsion type

1

2

3

4

No# of Options

1 (Drill + Fetch
+ Return)

2 (Drill + (Fetch
and Return))

3 ((Drill) +
(Fetch) +
(Return))

4

1
1
Solid

2
2
Storable
NTO/N2H4
MAV + Orbiter

2 ((Drill and
Fetch) +
Return)
3

MAV only
Storable
NTO/N2H4

2
1
Total No# of
Architectures

exponential utility function formulation [Keeney and Raiffa,
1976]) or through piece-wise interpolation. The latter method
is found to be more useful in engineering analysis, as standard
formulations were developed with specific purposes for different types of applications—such representing risk aversion
in investment selection in finance and econometrics [Meyer,
1987]—and do not account for typical situations encountered
in the real world of engineering design practice. CEP and
LEP methods can be used concurrently to obtain redundant
measurements and therefore estimate the uncertainty within
the answers provided by the interviewee. The literature provides methods with which calibrate answers depending on
the degree of consistency of experts and evaluate the quality
of the overall assessment [Morgan and Henrion, 1990]. In
both the additive and multiplicative formulations of multiattribute utility, weights play the role of representing priorities
across attributes as specified by experts. There are several
weight elicitation procedures that have been proposed in the
literature. Three weight elicitation procedures that have been
commonly used in engineering literature, and that can be
adopted in the context of the present framework are the ratio
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3
2
2

96

method [Edwards, 1977], the swing method [von Winterfeldt
and Edwards, 1986], and the trade-off method [Keeney and
Raiffa, 1976].

3.6.2 Estimation of Utility Functions for Attributes Varying
on Discrete Domains
The CEP and LEP methods discussed previously are not suitable methods for utility estimation if attributes vary on discrete domains. Discrete attributes can be classified between
mutually excluding attributes and complementary attributes.
Mutually excluding attributes are defined as attributes that
can take only one value among a range of possibilities. Complementary attributes are defined as attributes that can take
more values among a range of possible options. By necessity,
utility in this case is defined by the interviewee relatively to
a reference choice (which utility is normalized to one). A
modified version of the ratio procedure discussed for weight
elicitation can be employed for utility estimation of mutually
excluding discrete attributes. In the proposed procedure, the
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Table V. Evaluation Metrics for the Mars Sample Return
Campaign Case Study
Objective
Metrics
Total dry Mass
Total wet Mass
Total lifecycle cost

Subjective
Metrics

Units

Utility to Scientists
Utility to Engineers

–
–

Units
kg
kg
FY15 M$

Table VI. Expert Panel Composition
Experts
Affiliation
“Test pilot” interviews
Scientists
Engineers

JPL

ESA

6
6
3

2
0
1

Academia
(EU)

TOTAL

–
2
0
Grand Total

8
8
4
20

experts are asked to rank alternative values of the attribute of
interest. The first-ranking (best) attribute is given 100 points.
The interviewee is then asked to assign decreasing points—
multiple of 10—to the other alternatives. As a consistency
check, a second round of interview can be conducted where
now the last-ranking (worst) attribute is given 10 points. This
time, the expert is asked to assign increasing points to the
remaining alternatives. Successive normalization to the bestranking alternative will yield utility values for the attribute
of interest. This proposed procedure features high ease of
implementation and rapid understanding from interviewed
experts; however, it is not as rigorous as what it could be
achieved using a tradeoff procedure such as the one discussed
in weight elicitation. Selection of a method over another will
result from a balance of available time and complexity in the
interview, and is left to the judgment of the architecting team
implementing the proposed framework.

3.6.3 Estimation of Utility for Complementary Discrete
Attributes
Portfolio compositions are typical applications that can be
described using complementary discrete attributes. A combined implementation of an additive utility formulation and
CEP/LEP interviews for weight elicitation can be used to
estimate utility associated with a complementary discrete attribute set. Associated utility equals:
( ) ∑
U X⃗ =
ki u i (xi ),
(1)
i

where u i (xi ) are binary single-attribute utility functions that
assume value 0 if attribute option i is selected, if selection is
deemed beneficial by the expert and value 1 if attribute option
i is not selected, if selection is deemed non beneficial. Utility
values are reversed if selection is deemed as non-beneficial
and non-selection as beneficial.

9

Normalized weights ki represent the relative importance of
each attribute value selected in the attribute and are estimated
through CEP/LEP interviews.

3.7 Step 6: Elicitation of Expert Value Judgment
Elicitation of expert value judgment consists in the administration of the interview designed in Step 5 with each expert
via individual face-to-face meetings, phone meetings or using
a custom designed web tool. The interview is required to
comply the requirements of a Delphi study that is, ensuring
anonymity of participants of the study and verifying the expert
complies with requirements discussed in Step 3 (Expert Panel
Formation).
Several factors need to be accounted when eliciting knowledge from experts, as in the case in DB-SAF. Issues to be
considered in expert elicitation include the sampling methodology, as well as the formulation of interviews and their administration.
The issue of sampling refers to decisions to be taken in
selecting experts and expert groups for the interview, as well
as how to analyze and interpret data collected during interviews, so that the results can be generalized to the originating
population as a whole [Marshall, 1996]. It is in fact practically impossible to gather the entirety of experts for a study:
selection choices have to be made. Flick [Flick, 2009] defines
four occurrences in which sampling plays a role in expert
elicitation. First, sampling plays a role at the beginning of the
elicitation process, where experts to be interviewed have to
be selected (“case sampling”). Second, sampling decisions
occur when defining stakeholder groups from which select
experts are selected (“group sampling”). In the case study
illustrated in this paper, for instance, an implicit decision has
been made in choosing the science and engineering communities as representative stakeholder groups for the problem
at hand, excluding for instance other societal groups that
were deemed less relevant—for instance the general public,
or other professional communities. Third, sampling occurs
when making decisions on which interviews to consider as
relevant to the study at hand (“material sampling”). Fourth
and last, sampling occurs when specific parts of interviews
are selected for more detailed analysis (“sampling within the
material”). Different sampling techniques can be employed
in expert elicitation, hence in DB-SAF. Marshall [Marshall,
1996] defines convenience sampling, judgment sampling, and
theoretical sampling strategies. Convenience sampling is the
least rigorous technique available, where experts are chosen
purely on the subjectivity of the researcher and on the availability of experts he or she is acquainted to. As consequence of
the nature of this sampling technique, convenience sampling
typically results in poor quality data and in a lack of credibility
of the results [Marshall, 1996]. Judgment sampling on the
other hand consists in an active selection of experts by the
researcher based on predefined selection criteria. Flick makes
a further distinction in judgment sampling, distinguishing
between statistical sampling [Flick, 2009], when selection
criteria are formulated independently of the data collected
and analyzed during the expert interview process, and theoretical sampling (as also defined in Marshall [1996] and
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Figure 5. MSR case study results analysis example.

Figure 6. Engineering panel: Round 1.

Glaser and Strauss [1967]), where criteria are formulated and
refined throughout the interview process. Snowball sampling
can also be employed to enlarge sample size, where referrals
are elicited from experts that are initially invited to the study.
Biernacki and Waldorf analyze the advantages and limitations of snowball sampling [Biernacki and Waldorf, 1981],
including biases that could be introduced in the composition
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of the sample due to the nature of this sampling technique.
No sampling technique is right per se [Flick, 2009]; tradeoffs
have to be conducted when choosing sampling methods to
achieve an optimal balance between width and depth of the
study [Flick, 2009]. As discussed in Steps 1 and 3 of the
methodology, the proposed formulation of DB-SAF employs
judgment sampling to choose experts, based on literature
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Figure 7. Engineering panel : Round 2.

Figure 8. Engineering panel: Round 3.

review and interviewer’s experience. Snowball sampling has
been then employed to crosscheck expert choices made by the
interviewer and to enlarge sample size based on experts’ inputs. Nevertheless, the system architect has a choice on which
sampling techniques to employ based on his experimental
design.
The formulation of interview questionnaires is a critical
step in the definition of a DB-SAF study. The goal of in-

terview formulation is to design research questions in a way
that the researcher is able to collect sufficient data effectively,
while meeting schedule and budgetary constraints imposed
on the study. Flick recommends questions to be centered in
sensitizing concepts [Flick, 2009], that is, key concepts that
provide the researcher a wide access to relevant information
to the study. In the DB-SAF case study presented in this
paper, sensitizing concepts that have been chosen are science
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Figure 9. Science panel: Round 1.

value and engineering complexity, around which the interview design is made. In DB-SAF, questions are formulated in
a clear way so that to maximize information retrieval from the
expert in the most unbiased and unambiguous way possible.
Questions are structured in an interview questionnaire, using
a combination of quantitative and qualitative techniques as
illustrated in Step 2 of this paper. Test interview with pilot
experts are employed in DB-SAF to refine questionnaire before their use on the field. A typical DB-SAF questionnaire
is a combination of open-ended and narrow-scope questions,
where open-ended questions are asked at the beginning of
the interview to facilitate communication with the expert,
followed by more precise, narrow questions as the interview
progresses. In DB-SAF test interviews, open-ended questions
are also used as a test to refine the scoping of questions, and
support revisions in successive iterations of questionnaires.
Ulrich defines guidelines to check interview formulations,
looking at formulation criteria, as well as easiness of comprehension, absence of ambiguity, and structure of the interview
questionnaire [Ulrich, 1999].
When applying the DB-SAF methodology, researchers are
advised to be open to reformulate questions are required, as
additional information on the study at hand emerges during
interviews. Furthermore, a potential bias in interview formulation is introduced by the origin of questions being posed
[Flick, 2009]; the researcher, whom is biased by his or her
social and historical context, as well as his professional background and experience, formulates questions. These biases
are mitigated in DB-SAF in Step 4—Problem Formulation
Review with Expert Panel, as previously discussed, where
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peer review ensures minimization of biases to the best extent
possible.
Interview administration in DB-SAF expert elicitation is as
much as important to control as the preceding sampling and
formulation steps. Flick argues that mediation and steering
are two common issues to be considered while administering
interviews [Flick, 2009]. In mediation, the issue is to balance
the input of the interview guide and the aims of research
questions with personal style of presentation. Furthermore,
the interviewer faces steering choices in whether to follow the
questionnaire strictly, or to rather let experts elicit their judgment according to their train of thoughts. Hopf warns against
strict interpretation of interview questionnaires [Hopf, 1978],
which may hinder the benefits of openness and contextual
information of each expert. In DB-SAF, expert questionnaire
have been followed as guidelines, however, giving leeway to
experts to provide additional information as deemed appropriate, recognizing individual preferences of each interviewee.
Guidelines for interviewers on how to prepare and conduct
interviews are discussed in Hermanns [2004].

3.8 Step 7: Results Analysis
After collecting data from experts, results are processed and
incorporated into a systems architecting analysis model. The
objectives of the results analysis are:
1. To identify a set of optimal requirements and architectures of interest for further consideration by decision makers by identifying the set of Pareto-efficient
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Figure 10. Science panel: Round 2.

architectures among the feasible architectures within
the design space and providing a first-order scenario
analysis;
2. To understand the impact of requirement options in the
overall performance of feasible architectures by performing a multiperformance architectural analysis of
the design space;
3. To understand the impact of architectural options in
the implementation of all possible sets of requirements
for a mission or campaign by performing a trade-off
architectural analysis in the design space.
Figure 3 provides an example of identification of Pareto
efficient architectures in design space analysis. The figure
shows a sample bi-dimensional trade space where each blue
dot represents a feasible architecture as evaluated by two
objective metrics defined by system architects. Assuming that
maximization of both metrics is desired, it is possible to
identify the utopia point, which is the ideal point where both
objectives are at their maximum. The set of Pareto-efficient
architectures (dots joint by the dashed line in the figure) are
the ones that tend towards the utopia point and exhibit efficient trade-offs between objectives. In the notional example in
the figure, Pareto-efficient architectures are options of interest
to decision makers, featuring optimal solutions at different
levels of metrics satisfaction.
Design space exploration allows further elicitation of insights beyond simple Pareto analysis. It can be used to:
• Analyze the variation in performance/utility on system
architectures due to change in requirements (multiperformance architectural analysis).

• Analyze the variation in performance/utility due to the
implementation of different options to implement an architectural function of interest (trade-off analysis).
Design space exploration assumes consensus between homogeneous groups of stakeholders. This condition is rarely
verified in initial phases of a complex engineering project.
In reality, ambiguity in the definition of objective implies
that utility functions are surrounded by uncertainty, and that
the actual value judgments cannot be represented by univocal functions. Results analysis provides the means to reach
optimal compromises between heterogeneous stakeholder
groups—for instance, between the engineering and scientific
communities. However, preliminary reaching of consensus is
required within homogeneous groups of stakeholders. This
is achieved through negotiation; the following step provides
structured tools to guide those negotiations and progressively
guide experts to agree towards an optimal definition of objectives.

3.9 Step 8: Aggregate Results Discussion with
Individual Experts
The Delphi method requires iterations to discuss results with
individual experts. The goal is to guide experts in revising their answers towards reaching consensus in the group.
Rowe et al. describe the advantages of considering the aggregate response of a panel of experts towards reading the
true answer being sought by the study [Rowe et al., 1991]:
“the so called ‘theory of errors’ assumes that the aggregate
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Figure 11. Science panel: Round 3.

of a group will provide a judgment/forecast that is generally superior to that of most of the individuals within the
group: when the range of individual estimates excludes the
true answer (T), then the median (M) should be at least as
close to the true answer as one half of the group, but when
the range of estimates includes T, then M should be more
accurate than more than half of the group. This indicates
the advantage of taking a statistical aggregate of individual
estimates.”
The Delphi method, out of all surveyed expert elicitation
methodologies, is the most appropriate tool to implement
for a systems architecture study. The reasons for this assessment are several: first, the Delphi allows the execution
of studies in a distributed setting, with experts residing in
different parts of the world. The method does not require
experts to attend design sessions all at the same time, which
also proves useful when probed experts are senior managers
with limited time to devote to this kind of studies. Second, Delphi allows having an aggregate picture of collective
evaluation of metrics, with complete documentation of process and rationale that led to the final recommendations. Finally, Delphi allows the implementation of anonymous studies, enabling all experts to express judgment with no peer
pressure.
Round iterations as prescribed by the Delphi have been implemented by showing stakeholders aggregate boxplot charts.
In descriptive statistics, boxplots describe groups of data
through their five-number summary: the lowest observation
(sample minimum), lower quartile (Q1), median (Q2), upper quartile (Q3), and largest observation (sample maximum)
[Moore, McCabe, and Craig, 2007].
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After each round, experts are asked to review their answer
in light of the aggregate answer of the group.
Overall, DB-SAF iterations reduce ambiguity that surrounds the definition of objectives for a system’s architecture.
This confirms previous empirical observations by researchers
in social science [Rowe and Wright, 1999]. Furthermore,
the application of DB-SAF to engineering case studies has
found that there exists an irreducible amount of ambiguity
that cannot be resolved. This irreducible ambiguity can only
be resolved after the engineering system being studied has
actually been developed and operated.
An additional result of interest is to assess the impact of
identified ambiguities on the trade space of feasible system
architectures. Ambiguity Impact Analysis can be done with
several analytic and numeric methods, including:
• Design of Experiments (DoE) and Sensitivity Analysis:
performing a full or factorial experiment, with ambiguous variables as factors (i.e., the property variables of
the MAUA functions), and a number of percentile values
as levels (such as the 0 [min]/25/50 [median]/75/100
[max] percentiles). Main effects and main interactions
can be measured on a set of variables of interest, such as
architectural utility values, mass, cost, and so forth. By
this analysis, one can rank ambiguities by their overall
impact on selected variables. This approach can be applied to compare individual system architectures, or to
measure overall effect of ambiguities on the trade space.
• Correlation Analysis: In correlation analysis the goal is
to identify correlations of the trade space with ambiguous variables of interest. This is done by the examination

Avg. Main Effect on Campaign Cost (prop. to total mass)

Avg. Main Effect on Campaign Cost (prop. to total mass)

Avg. Main Effect on Campaign Cost (prop. to total mass
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of ambiguities. In this setting, a Monte Carlo analysis
implies the definition of stochastic value metrics, defined
by assuming distribution shapes to fit ambiguous data
of interest (such as normal or triangular distributions).
Stochastic value metrics are used to evaluate the trade
space a large number of times, therefore deriving statistics of interest to assess variability induced by ambiguity
on output metrics of interest. The assumption of a distribution is arbitrary in this context, as there is no firm
rationale on how to choose a distribution over another.
Monte Carlo is a valid choice for comparison of selected
architectures. However, if the trade space is of large size
(>106 architectures), Monte Carlo may not be a suitable
approach due to large computational times.

3.10 Step 9: Convergence Criteria

0.35

DB-SAF is terminated when a criterion for convergence is
met. Typical convergence criteria are the achievement of a
pre-defined number of iterations, the achievement of consensus and the stability of results when variations in answers
between two rounds are less than a pre-specified tolerance
criterion. The median or mean results are used at the end of the
DB-SAF process. The standard deviation at the final iteration
represents the variability induced by the estimated irreducible
ambiguity.
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3.11 Step 10: Documentation and Development
of Recommendations
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Once convergence has been met, the results of the resulting
design space exploration are documented and used for the
development of recommendations to systems engineers and
decision makers.
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4. MSR CASE STUDY
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Figure 12. Mars sample return ambiguity impact analysis—Main
effects.

of the trade space with proxy metrics for variability induced by ambiguity. For instance, one could choose the
standard deviation of subjective utility metrics associated with each architecture (where the spread is given
by differences in opinions of individual experts in their
respective panels). This approach is suitable for assessment of ambiguity impact on the trade space as it does
not require the definition of arbitrary weights, while allowing the analysis of a large data set.
• Monte Carlo Analysis: Monte Carlo is a popular approach for quantification of effects of multidomain uncertainties, which can also be applied to the analysis

The previous section has presented the methodological approach that has been developed for architecting complex engineering systems under ambiguity. This section demonstrates
the application of the framework to a MSR campaign case
study. While the discussion of specific case study results are
outside of the scope of this paper, the discussion will focus on
methodological aspects of general interest for the application
of the framework to different complex engineering system
projects.

4.1 Case Study Description
The goal of MSR missions is to retrieve samples of the
Martian surface and bring them back to Earth. For decades,
MSR has been the holy grail of planetary science; scientists
have been advocating a sample return mission to Mars for
the past 30 years [NRC, 2011]. Nevertheless, MSR is still
being studied in its formulation phase, trying to match the
ambitious goal of returning samples from the Martian surface
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Figure 13. Mars sample return ambiguity impact analysis—Main interactions.

with the more terrestrial requirement of meeting available financial budgets. Ambiguity in the definition of objectives for
MSR is related with the difficulty of finding a suitable compromise with stakeholders between science and engineering
requirements of the mission. Scientists involved in planning
have different views on how a particular objective should be
defined, such as how many samples collect from Mars to
achieve a set of scientific goals. A clear example that has been
identified in this study is the difference in value judgment
between astrobiologists and geologists in the evaluation of
alternative sets of requirements for the campaign. Figure 4
shows an example of science utility associated with different
sample depths, as seen by two different stakeholders.
In this example, experts were asked for their value judgment as a function of different attributes of interest. Value
judgments were successively codified in utility functions.
Sample depth could vary between surface drilling (2.5-cm
depth), 1-m drilling, 10-m drilling and deep drill (100 m).
Results were normalized to the maximum utility value for
each set. The results showed that geologists were mostly
interested in surface samples: 2.5 cm in depth allows the
collection of samples that have not been altered significantly
by atmospheric processes (unweathered samples [Gooding,
Arvidson, and Zolotov, 1992]) while providing relevant information on the geologic processes that shaped the Martian
surface. Deeper sample collections are deemed less valuable
as their vertical distribution history is harder to keep during
coring operations, rendering science hypothesis formulation
and testing harder and less reliable. On the other side of
the spectrum, astrobiologists indicated 10 m as their most
interesting sample depth, having higher likelihood of finding
signs of life at those depths.
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This case study was formulated by the first author between June 2011 and September 2011 at Caltech/NASA’s
Jet Propulsion Laboratory (JPL), and proceeded through December 2011 at MIT. The study involved expert panels with
a total of 12 experts (senior engineers and scientists) from
JPL, the European Space Agency, and international academic
institutions.

4.2 DB-SAF Application to MSR Architecture
The application of DB-SAF is here demonstrated on the MSR
architecture case study. The remainder of this section is structured using the 10-step approach that has been described
previously.

4.2.1 Step 1: Literature Review and Systems-Specific
Expertise
Point designs and architecting studies that have been considered in this case study are the Mission Concept Studies
developed in support of the 2010 Planetary Science Decadal
Survey, such as the Mars 2018 MAX-C Caching Rover Assessment Study [NASA, 2010], the MSR Lander Mission Study
[NASA, 2010], and the MSR Orbiter Mission Study [NASA,
2010]. Program-level documents such as the Planetary Science Decadal Survey [NRC, 2011] were also considered, in
addition to the science-prioritization documents formulated
by the Mars Exploration Program Analysis Group (MEPAG)
[NASA, 2010].
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Figure 14. Correlation analysis results.

4.2.2 Problem Formulation

4.2.2.1. Iteration Cycle 1.
MSR beneficiaries are astrobiologists and geologists that
are wishing to further their science by retrieving data from
Martian samples. Questions of interest as elicited from iterations with expert are:
• What kind of sample types should MSR bring back to
Earth to maximize scientific value while being implementable from an engineering and programmatic standpoint?
• What is the impact of the maximum drilling depth on the
overall performance/cost/engineering complexity of the
MSR campaign architecture?
Stakeholders goals for MSR as elicited from experts are
presented in Table I.
Following goals elicitation, a one-level functional decomposition exercise was performed. The one-level functional decomposition for the MSR campaign is shown in
Table II.

4.2.2.2. Iteration Cycle 2.
Table III summarizes requirements and requirements options that have been identified in the MSR case study.
This type of tabular representation is usually defined as
structural morphological matrix [Crawley, 2008]. A requirement set is defined by selecting one option per requirement. A full enumeration leads to 2304 possible requirement
sets.

Functions elicited in iteration cycle 1 are then associated to
corresponding elements of form (Table IV). An architecture
is defined by selecting one option per element of form. A full
enumeration in the MSR case renders 96 possible architectures.
Insofar evaluation metrics, Table V summarizes the evaluation metrics that have been developed for the MSR Campaign
case study. Total technical risk is defined heuristically as the
total number of development projects within architecture definitions.
4.2.3 Step 3: Expert Panel Formation
The expert elicitation questionnaire has been tested and calibrated with eight test pilot interviews conducted with engineers and scientists at the NASA JPL and at the European
Space Agency. These interviews were not included in the
assessment as they were used to refine the expert elicitation
procedures. Two experts panels were composed for this study,
representing science and engineering respectively. Interviews
were monitored asking control questions to experts, such
as posing the same question using two different formulations, in order to ensure consistency of the answers provided.
Experts were selected using judgment sampling, based on
the decision-making roles held in their organizations, followed by snowballing sampling. Experts were recruited on
a volunteer basis. The goal was to obtain a balanced US–
EU panel. However, as the study employed senior experts
and decision makers and relied on voluntary contributions,
a perfect 50/50 distribution could not be achieved. More
than 30 experts were contacted worldwide to obtain a total
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Figure 15. Impact of drilling depth ambiguity on engineering complexity value assessment.

of 12 participating representatives. However, low participation was offset by proven experience and role of individual
experts in their respective organizations. Furthermore, the
study has been cross-validated a posteriori by comparison
with current or previous Mars exploration architectures, and
by presenting final results to larger poll of scientists and
engineers. Lack of availability of ESA experts from the science side has been offset by recruitment of two scientists
with Principal Investigator roles in European missions, affiliated to European universities. The number of scientists
has been doubled with respect to the number of engineers
as the observed variability on science measures was considerably higher than that observed for engineering assessments. An overview of expert panels composition is shown in
Table VI.
4.2.4 Step 4: Problem Formulation Review with Expert
Panel
An initial problem formulation has been outlined using information obtained by surveying the public literature on the
MSR campaign and on expertise of the first author in space
systems modeling. Successively, the formulation of the interview has been refined and extended through a “Round 0” interaction with “test pilots” from NASA JPL Mission Concepts
Section and the JPL Mars Office.

4.2.5 Step 5: Design of Interview
The interview has been designed using a multi-attribute utility
formulation. Two types of interview questionnaires have been
elicited:
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• An interview of Scientists, to estimate the scientific value
of a given set of requirements for a MSR architecture.
• An interview of Engineers, to estimate the engineering
difficulty perceived for the implementation of a given set
of requirements (as a proxy of complexity and technical
risk).
The interviews have been designed with the assumption
that all interviewees are rational utility-maximizing individuals. That is, a utility value of 1 in the scientific interview
translates to 100% satisfaction of the given science with a
particular set of requirements. A utility value of 1 in the
engineering interview means 100% satisfaction from an engineering perspective (100% ease in implementing the prescribed set of requirements). A utility value of 0 corresponds
to no scientific value and very high-perceived difficulty in
engineering implementation, respectively.
Both the Scientific and Engineering interviews were based
on MAUA formulations developed on the following attributes:
•
•
•
•
•

Sample types
Total number of samples
Sample depth
Sample size
Horizontal traverse distance.

Sample types have been modeled using a complementary
discrete utility model. Total number of samples and horizontal
traverse distance have been modeled as continuous utility
functions using a combination of CEP/LEP interviews. Sample depth and sample size have been modeled using mutually
excluding discrete utility models.

GOLKAR AND CRAWLEY

19

1
Surface
1m drill
10m drill

0.9
0.8

Utility to Scientists

0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

0

0.05

0.1

0.15
0.2
0.25
Utility to Scientists (Standard Deviation)

0.3

0.35

Figure 16. Impact of drilling depth ambiguity on science value assessment.

4.2.6 Step 6: Elicitation of Expert Value Judgment
Expert elicitation has been done through interviews conducted by the first author at NASA JPL, and by phone with
experts in other institutions.

4.2.7 Step 7: Results Analysis
Design space exploration results are analyzed at each step
of the study to prepare the discussion in successive rounds
with experts. If convergence is met (as discussed in Step
9), results analysis provides the data for documentation and
development of recommendations (Step 10).
Figure 5 shows an example of results analysis of the
MSR case study, which generates a trade space composed
of 442,368 feasible architectures. Architectures are represented by dots that are color-coded based on their estimated
total campaign lifyecycle cost. The x-axis represents utility
provided to scientists (i.e., science value), the y-axis represents utility provided to engineers (i.e., engineering complexity). The larger red dot on the upper-right corner of the
plot shows the current MSR baseline architecture as evaluated by the model. The MSR baseline lies on the Pareto
frontier as defined by utility functions elicited by experts.
This provides confidence on the coherence of results of the
design space exploration with existing value judgments. As
some of the experts were directly involved in the definition
of the baseline, they would be expected them to provide a
positive evaluation of their own architecture. Once validated,
the same value judgment criteria can be applied with increased confidence to the other options available in the trade
space.

4.2.8 Step 8: Aggregate Results Discussion with Individual
Experts
Boxplot charts have been used to aggregate results and facilitate negotiations with individual experts during DB-SAF
elicitation. Experts have been asked to revise their answers in
light of the aggregate of the answers provided by other experts in the group. In addition to boxplot charts, experts have
been presented rationale from the peer group in anonymous
form, in order to inform the discussion. Figure 6 (Round 1),
Figure 7 (Round 2), and Figure 8 (Round 3) show the evolution of answers in the three Rounds for the engineering panel,
whereas science panel evolution is shown in Figure 9 (Round
1), Figure 10 (Round 2), and Figure 11 (Round 3).
The first empirical observation to make is the significant difference in convergence between engineering and science panels. Engineers were able to achieve agreement more
rapidly and in more areas between Round 1 and Round 2. A
significantly larger relative divergence was observed in the
test pilot phase of the science panel. As an initial mitigation
to this phenomenon, the science panel was doubled in size,
by interviewing additional experts with respect to the engineering panel. These experts were given Round 1 interviews,
and their answers were included in Round 2 computations.
This addition of experts did not increase or decrease observed variability significantly, therefore confirming preliminary findings. It must be highlighted that both panels were
composed by senior experts and high-level decision makers,
with multiple years of experience in contributing to the systems architecting process of exploration missions to Mars.
This is, however, a double-edged sword: while the expert
sample is representative of the MSR decision-making community from American and European perspectives, a potential
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Figure 17. Engineering panel: Round progress overview.

bias is introduced in having the majority of panelists being
senior experts in their respective fields. Biases are introduced
by their professional experience in the field, having analyzed
systems trade-offs for MSR in multiple occasions. This aspect has been partially mitigated by having an international
composition of the panel with both American and European
perspectives—as US and EU space agencies are the historical
major developers of robotic exploration missions. Nevertheless, this is an aspect to account for as an inherent feature of
the proposed framework. Results of the model are no better
than the inputs that were provided. Nevertheless, the model
that has been developed is able to evaluate quickly a very
large amount of system architectures, by using the same logic
employed by the panel of experts. This feature allows decision makers to screen a much higher number of requirement
sets and architectures that could be done by conventional
prephase A study. This represents one of the main valueenhancing contributions of the application of the comprehensive systems architecting approach to Mars Sample Return
design.
Following iterations, the reducible part of ambiguity is
minimized; it is therefore possible to assess the impact of
irreducible ambiguities that have been identified within the
architectural trade space using Ambiguity Impact Analysis as
discussed in Section 3..
Figure 12 shows the results of a main effects analysis on
ambiguity impact. The goal of the analysis is to identify
driving design parameters that determine the shape of the
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trade space, hence its tradeoffs. The x-axes on the plots show
requirement variables and partition the trade space in subsets using possible values such variables can assume. The
y-axis on the plots is the average effect of requirement variables on campaign cost normalized to the maximum and minimum cost values observed in the architectural trade space—
absolute cost numbers are not relevant in this context as we
are interested in relative rather than absolute effects. Campaign cost is a proxy variable for architecture performance,
as the model employs mass-based cost models. The analysis
shows that requirement variables have varying impact on the
architectural trade space. From highest to lowest impact, their
rank is the following:
1.
2.
3.
4.
5.
6.

Sample size
Drilling depth
Total number of samples
Total number of missions
Sample types
Horizontal mobility

The result from this analysis shows that main impacts are
largely related to requirements driving the sizing of payload
masses on the Martian surface. By comparing impact analysis
results with the DB-SAF results shown in Figures 8 and 11,
drilling depth emerges as the area in requirements analysis
where system architects will need to concentrate on.
Following main effects analysis, it is then of interest to investigate the occurrence of interactions between requirement
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Figure 18. Science panel: Round progress overview.

variables and their impact in the architectural trade space.
The goal of this interaction analysis is to identify pairs of
design parameters that need to be considered concurrently (as
opposed to individually), as their effect on the trade space is
highly coupled. Interactions occur because of nonlinearities
in the systems architecture, which are typical of complex
systems engineering problems. Figures 13 and 14 show examples of results of this analysis. The matrix plot in Figure 13 shows interactions between variable pairs. Features of
interest include crossings—indicating inversions in the effect
structure—and magnitude of effects. Such magnitude is comparable to what has been found in the main effects analysis,
and no major interactions are highlighted. This analysis therefore confirms results found with the main effects analysis of
ambiguity impact on the trade space. Results of interest for the
analysis of ambiguities can be found on the 4th and 5th rows
and columns, associated to standard deviations in engineering
and science panels, respectively. Were crossings to be found
in the trade space, system architects would then be urged to
run their analyses multiple times, considering all the possible combinations of the interacting requirement parameters.
Crossings are in fact of particular relevance, as they indicate
how the effect of a given input design parameter on the metric
of interest depends on the value of some other parameters,
with which the input parameter of interest interacts.
Figure 14 shows the application of correlation analysis, which exemplifies the interaction among metrics, show-

ing whether metrics are mutually supporting each other, or
whether they are in tension, and therefore exhibit Paretooptima subset. Mutual support is represented by metrics
showing a direct correlation, whereas tensions are found by
identifying inverse correlations. No correlation corresponds
to independence, that is, for a specific set of interest, metrics are not affected by each other and thus their effect can
be considered in a separate way. The diagonal on the Figure 14 shows the density of architectures in the x-axis of
the trade space, providing a sense to the designer of their
distribution. A distribution of the y-axis is easily obtained
by performing the same analysis on the transposed data set.
Knowledge on the distribution of architectures provides system architects potential insights on architectural decisions
driving such density. Conclusions can be derived by assessing the impact of the variable of interest on the trade space.
Consider for instance the assessment of ambiguity associated
with maximum drilling depth in engineering (Figure 15) and
scientific value (Figure 16) assessments. By comparing these
charts, it is clear that such ambiguity has a significant effect in engineering complexity with increasing drilling depth.
This is confirmed by conversations with engineers involved
in the design of drilling payloads in exploration missions, as
discussed previously in this chapter. Associated benefits of
deep drills, as shown in Figure 16, are modest if compared to
associated complexities. Decision makers can use correlation
analysis, for instance, to defer the implementation of new
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drilling systems, waiting for ambiguity to unfold. Similar
analysis can be conducted for other architectural variables of
interest.

4.2.9 Step 9: Convergence Criteria
A set number of three iteration rounds was chosen as convergence criteria for the case study. This criteria was selected to
adapt to the time available for the study, the availability of
the panel of experts, and verified by final round interviews.
At its third iteration, experts felt no more need to change
their assessments as they believed to have reached a valid
representation of their opinions.
Figures 17 and 18 show two matrices of bar plots with
the convergence history for the engineering and science panels, respectively. Rows in each matrix represent the different
property variables that have been probed. The vertical axis
on each graph plots the coefficient of variation 𝛽, defined as
the ratio of observed standard deviation 𝜎 normalized by the
mean value 𝜇 of the sample:
𝛽=

𝜎
.
𝜇

(2)

Round number is shown on the x-axis of each graph. Areas of reducible ambiguity are represented by plots where
the coefficient of variation is reduced significantly between
rounds. For instance, the variability on science value associated with the maximum horizontal characteristic radius (traverse distance—HorizRad Max in Figure 18) shows a decrease in ambiguity of ∼90% in approximately three rounds.
Other measures, such as sample depth on the sample plot,
reveal areas of irreducible ambiguity that could not be reduced
by framework iterations.
Convergence information as shown by the plots is valuable
information for decision makers, regardless of whether they
identify areas of reducible or irreducible ambiguity. By providing knowledge on reducible ambiguities, system architects
improve their confidence on their models, and substantiate
the rationale for their conclusions. In cases where areas of
open debates are identified, the framework allowed system
architects to be aware of areas of uncertain value, where
further discussion or analysis is required. As discussed in
the Descriptive Systems Architecting Management Framework Approach, these are areas where decision makers could
consider delaying investments or developments, waiting for
ambiguities to reveal in the future.

4.2.10 Step 10: Documentation and Development of
Recommendations
Once iterations are brought to a close, sufficient information
is generated for a comprehensive documentation of results
and development of recommendations to decision makers.
Specific recommendations to the MSR case study are not
reported here, as their analysis is outside the scope of this
paper.
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5. CONCLUSIONS AND FUTURE WORK
Ambiguity is a threat to successful systems architecting. System architects need to identify, classify, reduce, and mitigate
ambiguity in early phases of the design process. Sources
of ambiguity include the identification and management of
stakeholders, the elicitation of stakeholder needs and needs
mapping to system functions (the functional intent of the architecture). Ambiguities are important to consider early in the
design process, since this is the phase when future lifecycle
costs and potential for value generation are decided, and the
phase of maximum leverage on system outcomes by the architect. A DB-SAF has been proposed in this paper to inform
decision makers in situations of deep ambiguity. DB-SAF is a
structured, iterative anonymous tool for informing ambiguity
mitigation strategies inspired by the Delphi method in policymaking. This paper presented the approach, and demonstrated
its application to a MSR case study. Major challenges encountered in the application of DB-SAF have been (1) ensuring
consistency and objectivity in expert panel sampling and (2)
the amount of time and resources required to conduct a study.
Objectivity and consistency in selecting expert panels is
key to DB-SAF. As the outputs of the method heavily rely
on the inputs provided by experts, it is thus critical to ensure rigor and to understand the limitations associated with
nonprobability sampling methods adopted. Control strategies
need to be implemented during interviews, in order to ensure
consistency and assess reliability of interviewed experts. A
protocol for the interview needs to be formulated and followed during each interview, in order to ensure consistency
across different sessions. As DB-SAF always implies a partial
sampling of the expert population, it must be recognized that
no generalizations, in a scientific sense, can be made from
the interviews. Nevertheless, as the ambiguity issue at hand
is highly qualitative and implies consideration of several intangible factors, such rigor (typical of the social sciences) is
the best guarantee one can provide on the validity of a study.
The amount of effort depends on the number of study
participants, number of Delphi rounds, and the tightness of
the convergence criteria being chosen. The case study exemplified how between 1 and 3 rounds are sufficient to conduct
an early-stage study; the discussion of convergence analysis
presented in this paper shows how the setup of the study is a
tradeoff made by the system architect, based upon resources
and time available to conduct the study. It is worthwhile to
notice, however, that most ambiguity is reduced in the first
round of iterations, making the proposed method suitable for
early-stage studies on a short schedule.
Several avenues of future work are opened by this research.
For instance, it would be interesting to assess the effects of
cultural differences in leadership, gender and age differences,
and other behavioral aspects in systems architecture studies
under ambiguity. As DB-SAF heavily relies on expert elicitation, further investigation in its social science aspects would
guide the development of future case studies involving large
design teams distributed over multiple countries. Finally, it
would also be interesting to consider the development of an
online version of the DB-SAF framework suited for realtime design studies involving stakeholders. In this context,
it would be interesting to apply online software and active
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learning approaches to systems architecting under ambiguous
objectives.
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