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Abstract: Project Managers face many difficulties when scheduling the development and
production of multiple, largely independent systems required for a new capability, espe-
cially when there are multiple stakeholders, uncertainties in the expected development
time, and developmental dependencies among the systems. The Systems Developmental
Dependency Analysis methodology provides a systemic approach to address these chal-
lenges by offering decision support for such a ‘System-of-Systems’. The method, based
on a parametric piece-wise linear model of dependencies between elements in the de-
velopmental domain, propagates the interactions between systems to estimate delays in
the development of individual systems and to evaluate the impact of such delays on the
expected schedule of completion for the establishment of the whole desired capability. The
schedule can be automatically re-generated based on new system information, changed
dependencies, and/or modified risk levels. As demonstrated in this paper using a com-
plex space mission case, the method enhances decision-support by identifying criticalities,
computing possible delay absorption strategies, and comparing different development
strategies in terms of robustness to delays.

Keywords: system of systems; project management; scheduling; delays; lunar gateway

1. Introduction
A System of Systems (SoS) is a collection of systems designed to achieve specific

capabilities, distinguished by two features: component systems can and do operate inde-
pendently of the whole SoS and are also managed, at least in part, for their own purpose [1].
Since the elements are designed and developed (mostly) independently, the overall sched-
ule of the development of an SoS emerges through the interactions of the component
systems under development. In such settings, it is useful to adopt a holistic viewpoint
of the SoS schedule, accounting for partial dependencies, meaning that only a fraction of
the development of a system is dependent on the development of other systems. Thus, a
dependent system can be developed with a lead time, that is, a period of the development
of this system occurs before the full development of a preceding system (Figure 1).

In traditional approaches, the developmental dependencies between systems are usu-
ally modeled as absolute, or “on-off ”: for example, in the Project Evaluation and Review
Technique (PERT) and Critical Path Method (CPM), a system must wait until the prede-
cessor is fully developed before its development can begin [2]. Occasionally, seasoned
managers plan the lead time according to their experience, but they rarely assess the need
for changes to account for the ongoing reliability and delays of the current development
schedule. Various authors have recognized that not many project management tools have
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satisfactory effectiveness in complex programs [3–5]. Moreover, the nature of Systems of
Systems, characterized by the presence of multiple, potentially independent stakeholders,
introduces other challenges in program management and development scheduling. For
example, participating stakeholders are likely to introduce their own biases, which impact
the decision-making process and the design of the whole system [6]. This impact is further
exacerbated if some power imbalance exists among stakeholders [7].

Figure 1. The development of System 2, depending on the development of Systems 1, can start with a
lead time, during which both systems are being developed.

To address these limitations in the development schedule when dealing with com-
plex systems, we propose Systems Developmental Dependency Analysis (SDDA). This
method is based on a predecessor approach, used by Guariniello et al. [8] and by DeLauren-
tis et al. [9] to perform studies of the development of a Naval Defense System-of-Systems,
encompassing the Littoral Combat Ship package [10], an analysis of criticalities in the
development of satellite networks, and studies of alternative development schedules for
space exploration systems.

The goal of SDDA is to model and analyze the developmental dependencies between
systems, and to assess the impact of such dependencies via the cascading propagation of
delays. SDDA computes the impact of delays and stakeholder decisions on the overall
development based on the topology of a development network. The basic formulation of
an SDDA model can be used to address various problems of interest in Project Management
and Development Scheduling, providing capabilities that extend traditional PERT/CPM
techniques. For example, by modeling and analyzing partial developmental dependencies,
and accounting for the independence of stakeholders, SDDA can better identify critical
systems and dependencies, quantify the robustness of the development network in terms of
delay absorption, quickly analyze the effect of different stakeholder decisions, and evaluate
the outcome of different developmental choices under various levels of reliability and risk
acceptance. SDDA also allows for a trade-off between competing desired features, for
example the time necessary to complete the overall development, risk, ability to absorb
delays, and time spent on each system. The development schedule provided by SDDA can
be automatically re-generated, based on new system information, modified dependencies,
and/or modified risk levels. This feature provides the proposed method with the ability to
account for the expected reliability of the participating stakeholders. SDDA also provides
estimates of the “right time” to begin the development of dependent component systems
in a System of Systems, exposing trade-offs between the exploitation of possible lead times
for the early completion of development and the potential risks (for example, a higher cost
or waste of resources) associated with an early start. This capability has a direct impact on
the acquisition of complex systems and can also shed light on the viability of a concurrent
approach [11–13] for the project under analysis and the optimization of limited budgets.
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Finally, the basic formulation of SDDA is open for expansion to include stakeholder biases
and potential demands, thus directly addressing typical System of Systems concerns.

2. Related Work and Prior Research
2.1. Dependencies, Risk Propagation, and Uncertainty in Development

Various authors proposed methods to deal with systems dependencies and the analy-
sis of risk propagation among systems. Mane and DeLaurentis [14,15] and Mane et al. [16]
analyzed the effect of dependencies in SoS development by means of a Markov network
approach, meant to evaluate delay propagation before absorption. The method ranks
systems based on the criticality of their impact on the development of the SoS; however,
it does not consider partial dependencies, and it propagates delays to only one of the
systems dependent on the delayed system. Other authors analyze risk propagation in a
network of interdependent systems with simple models of the binary propagation of risk
or delay [17], or with a qualitative description of the impact of delays [18]. Uncertainty in
delay propagation, the amount of information available in a project or the lack thereof, and
subsequent decisions in program management make the problem even harder. Yassine et al.
note the churning effect caused by potential information-hiding, which results in oscillating
delays in the development of a product [19]. It is therefore imperative to identify ways to
evaluate performance and risks associated with complex projects, as well as appropriate
responses [20]. Cheng and Ma [21] assess design dependencies in development based on
an analysis of changes. These methods constitute a valid foundation upon which to assess
the parameters of the dependencies in the SDDA model, which can then be used for a more
thorough analysis of the development schedule and associated risks. Based on the needs
highlighted in these publications, our work is meant to provide a systems perspective to
the problem of decision support, which will be used in parallel with a managerial perspec-
tive [22]. A common framework used in systems engineering to deal with dependencies is
the Design Structure Matrix (DSM). Analogous to the adjacency matrix in graph theory,
DSM are used to model and analyze system structural features and dependencies [23,24].
DSM uses both metrics from graph theory and ad hoc algorithms for clustering systems
and support organization in system development. DSM can support SDDA users in de-
ciding on the adequate set of nodes required to model the system development and in
identifying clusters in SDDA networks. SDDA can then identify criticalities inside and
among clusters and suggest ways to shape the dependencies and the development sched-
ule in order to improve developmental architectures and support policies to decrease cost
and risk.

2.2. Decision Analysis, Stakeholder Bias, and Dynamic Risk Management

The decision-making process for the development of complex projects also includes
aspects that go beyond the technical perspective. This is further exacerbated in the realm of
System of Systems, characterized by the presence of multiple independent stakeholders
that manage and operate component systems. White et al. [25] analyze dynamic prefer-
ences in Systems Engineering and highlight various difficulties: some approaches, for
example Decision-Based Design (DBD), combine stakeholder preferences into a single
static stakeholder [26,27], while other approaches delve into the social aspects of decision-
making, including stakeholder biases. These aspects are hard to model due to the high
level of uncertainty and unpredictability, yet it is important to give them appropriate
consideration [28].

Various authors propose different ways to address the uncertainty stemming from
stakeholder biases and the multiplicity of perspectives. For example, Mihret et al. suggest
the use of appropriate policies to guide collaboration between multiple stakeholders to
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facilitate the achievement of System of Systems goals [29]. Elfrey et al. reported on the
usefulness of standards for international collaboration to facilitate both communication
and fruitful cooperation among diverse groups [30].

In addition to identifying strategies to enhance collaboration, various authors highlight
the importance of modeling residual risks and identifying ways to address and manage
these risks. For example, Liu et al. [31] propose a combination of Failure Mode and Effects
Analysis (FMEA) [32,33] and dynamic interaction models to manage risks.

Specializing in the risks associated with the development of Systems of Systems, the
SDDA methodology is built in a way that makes it viable to model the risks stemming from
stakeholder preferences and from the independent development of constituent systems.
Compared to FMEA, SDDA can model multiple disruptions occurring at the same time
while retaining the ability to identify the root causes of delays and critical systems related
to their development times.

2.3. Classic Scheduling Methodology

Since 1959, industry has heavily relied on PERT/CPM for the scheduling and anal-
ysis of the time and cost of project development [34]. The concepts of expected times
and latest time are still in use, with few changes from the original formulation, which
assumes absolute dependencies for events and can treat the stochastic case only using a few
selected Probability Density Functions (PDF). In the same year, Kelley and Walker added
the coordination of activities, revision, and analysis of critical path to their CPM methodol-
ogy [35]. Many studies have been performed and modifications have been added over time
to PERT/CPM, beginning with an evaluation of the expected critical path and completion
time of projects, based on the use of a simple combination of discrete random variables to
model the completion time of individual tasks [36,37]. Cinicioglu and Shenoy proposed
a way to solve stochastic PERT networks analytically using Bayesian networks [38], and
Azaron and Tavakkoli-Moghaddam suggested a method to determine the time and cost
trade-off in dynamic PERT networks [39]. Hameri and Heikkila [40] suggest increasing the
emphasis on time usage along the critical chain of tasks, although the entire control of the
schedule and of the time spent on single tasks is still the role of the program manager. In
support of this kind of decision, a set of objective indices to monitor the performance of a
project schedule is provided by Khamooshi and Golafshani [41]. Muriana and Vizzini [42]
propose a deterministic technique for project risk assessment based on PERT.

2.4. Advanced Scheduling

PERT and CPM are powerful and well-established technologies. However, they still
present some limitation when addressing specific challenges associated with complex sys-
tems, and particularly Systems of Systems. A literature survey in relevant areas in project
management, decision support, intelligent and simulation-based scheduling, as well as
delay propagation, shows that authors recognize the need for lead times accounting for
possible partial dependencies [43,44] and have been advocating for intelligent scheduling
and rescheduling for a long time [45–47]. The most common approach is to use static values
for lead times [48] and reactive rescheduling, based on the current behavior of the systems
under development, in terms of delays, rather than the expected behavior. Boehm et al. [49]
surveyed various estimation methods for development schedules in software engineering.
The common approach in this case is to compress the schedule by allocating an adequate
number of workers to each activity. Some authors also underline the importance of mod-
eling entire networks of projects when known developmental dependencies exist and
when dealing with constituent systems in an SoS. The suggested approach in this case is
to use traditional PERT/CPM methodology, using expert data for estimation, augmented
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by on-demand scheduling and the improved visibility of work-in-progress and system
status [50]. Some authors propose methods for simulation-based scheduling [51,52]. These
methods have the advantage of optimizing the scheduling and can include the allocation of
resources, at the cost of not being viable for the identification of good and bad scheduling
patterns and sources of risk. When projects become too complex for simple simulations, in-
telligent scheduling methods, based on fuzzy logic, Machine Learning (ML), or other search
algorithms, can be used [53,54]. Some of these works also highlight the problems involved
with uncertainty and large systems and suggest methodologies to estimate development
times [19,20]. Krishnan, Eppinger, and Whitney propose a framework to model overlapping
in a basic scenario, although without accounting for delays [55]. The model is based on the
required exchange of information to maximize parallel development, and can be used as
one of the main sources for SDDA parameters. The impact of delays in complex projects is
often evaluated only qualitatively. Other models of delay propagation are specific to fields
of application, for example airline flight scheduling [56] and train scheduling [57], which are
characterized by clear, non-overlapping sequences of vehicles and centralized control. This
kind of approach cannot model the independence of stakeholders that characterizes SoS.
Regarding risk assessment, Willumsen et al. [58] recognize the importance of the perceived
value of risk assessment and mitigation, while Belvedere et al. [59] identify misperceptions
related to the wastefulness that occurs in projects. Wang et al. [60] suggest using system
dynamics to quantitatively evaluate the value of risk mitigation under uncertainties.

SDDA builds upon some of the ideas and methodologies in the areas of project man-
agement, systems engineering, and scheduling briefly described in this section to address
some of the needs found in the literature, especially regarding the specific challenges
presented by a System of Systems. The SDDA methodology provides a quantitative model
for delay propagation, intelligent scheduling, and decision support, which also helps to
address potential biases and includes considerations of the possible decisions taken by
independent stakeholders and the impact of such decisions on risk and performance in the
developmental domain.

3. Methodology
3.1. Overview

Systems Developmental Dependency Analysis (SDDA) is a methodology that includes
a parametric model of the interactions between interdependent systems or technologies,
where the dependencies occur in the developmental domain, meaning that the develop-
ment of a system or a technology is at least partially dependent on the development of one
or more other systems or technologies. Like in PERT/CPM, these developmental depen-
dencies imply a temporal dependency during development. However, the dependencies in
traditional models are absolute, meaning that the development of a predecessor (or execu-
tion of a task) must be fully completed before the following can begin. The development
scheduling of System of Systems cannot always be modeled to a level of granularity that
would result in this kind of absolute dependency and require a more complex model that
can account for partial and possibly varying dependencies, which also take into consid-
eration the performance and decisions associated with independent stakeholders. The
SDDA model is based on previous work by Garvey and Pinto [61,62] on Functional Depen-
dency Network Analysis (FDNA), a parametric model of the dependencies between system
capabilities, which uses two parameters called the Strength of Dependency (SOD) and
Criticality of Dependency (COD). SDDA adapts these concepts to identify two parameters
characterized by an intuitive meaning associated with developmental dependencies. The
use of such parameters facilitates the modeling process. SDDA is the counterpart—in the
developmental domain—of a methodology proposed by Guariniello and DeLaurentis for
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the analysis of dependencies in the operational domain, Systems Operational Dependency
Analysis (SODA, [63]).

The raw outcome of SDDA modeling and analysis is a quantitative assessment of
the expected beginning and completion time of activities (i.e., development of systems,
technologies, or SoS capabilities) in a project. This assessment accounts for the combined
effect of multiple developmental dependencies and for possible delays in the development
of predecessors in two different ways: in accordance with the partial independence of
stakeholders in a System of Systems, delays in the development of a predecessor are not
simply added to the beginning time of a successor, but also impact the lead time in a
way that models the reduced trust in and reliability of the stakeholder in charge of the
predecessor. Therefore, the lead time, i.e., the amount of time in which a system can
begin to be developed before a predecessor is fully developed, is calculated based both
on the properties of the dependencies and on the expected and current performance of
other stakeholders. The completion time of the development of each individual system
or technology is then calculated based on the lead time and on the expected time of
development of the individual system or technology. The SDDA methodology allows
for deterministic or stochastic analysis based on the same SDDA model. In deterministic
analysis, a certain amount of delay is assigned to each system, and SDDA evaluates the
resulting schedule. In stochastic analysis, the amount of delay in each system follows a
Probability Density Function, resulting in a stochastic beginning and completion time of
each system or technology. The most direct outcomes of this analysis identify the most
critical systems, technologies, and dependencies with respect to the overall development
time, the delay absorption, and the delay propagation. This provides an important decision
support tool for system managers and SoS architect(s). In addition, the availability of a
quantitative and objective assessment of the development schedule and the risk associated
with developmental decisions can help alleviate the challenges posed by stakeholder
independence and potential biases. The SDDA model was developed in a way that can
accommodate various types of procedures. For example, the results from the baseline
analysis can be used to compare different architectures in terms of their development time,
risk, and ability to absorb delays; different decisions by stakeholders regarding the priority
to be given to the development of specific systems or capabilities can also be included. A
few years ago, the methodology became part of a graduate-level collegiate course in System
of Systems Modeling and analysis, which contributed to the development presented in this
work. Part of the description of the formulation of the SDDA methodology is based on the
textbook associated with the course [64].

3.2. Developmental Dependencies

SDDA uses a network representation of developmental dependencies, where nodes
represent systems or technologies (or a mix of the two). The links, like in PERT networks,
represent the developmental dependencies between systems (Figure 2). System j is de-
velopmentally dependent on system i if the development of system j needs some input
(information, or other types of developmental dependencies) related to the development of
system i. As mentioned above, differently from PERT, the dependencies are not absolute and
account for the partial independence of development of each system, a feature that is espe-
cially important in the SoS context. In current practice, this partial independence is often
modeled with a fixed lead time, usually evaluated solely based on expert judgment. SDDA
instead provides a simple but more realistic model of the outcome of these partial depen-
dencies. Each system or technology i in an SDDA network is associated with three pieces of
input data.
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The first two inputs (Figure 2) are the minimum independent development time ti
min,

and the maximum independent development time ti
max. These are, similarly to PERT’s

optimistic time and pessimistic time, the minimum and the maximum expected time to
complete the development of system i, not taking the dependencies into account. The inputs
are analogous to the optimistic and pessimistic time in PERT. However, since SDDA also
accounts for dependencies, the combination of a large lead time (optimistic expectations)
and delays in the predecessors might result in an actual completion time that is longer than
the maximum independent development time, consequently potentially wasting resources.
Once again, this feature reflects the impact that the various stakeholders may have on each
other, and SDDA provides means to identify potentially critical situations and to support
decision-making that provides a trade-off between the advantages of early development
and risk of delays and resource mismanagement.

Figure 2. Example of a three-node developmental dependency network (from [64]). N: node;
SOD: Strength of Dependency; COD: Criticality of Dependency; P: punctuality; tmin: minimum
independent development time; tmax: maximum independent development time.

The third input associated with a system is the variable used to run the baseline SDDA
analysis: this variable represents the timeliness of system development, or punctuality
Pi. Punctuality, normalized between 0 and 100, is an assessment of the magnitude of
development time with respect to the minimum development time. High punctuality
corresponds to a short time (P = 100, meaning that the system is being developed in the
minimum independent time) and vice versa (P = 0, meaning that the system is being
developed in the maximum independent time). While the relation between punctuality
and the time taken to develop a system is not required to be linear, in this work we used a
simple linear correlation between punctuality and independent development time. When
performing deterministic analysis, single numbers are assigned to the punctuality of each
system, while for stochastic analysis, a Probability Density Function (PDF) is associated
with each punctuality variable. When punctuality is not known a priori; for example,
when estimating the punctuality of an independent stakeholder or the development of a
technology in the near or far future, SDDA can be used to compare the outcome of different
assumptions and different probability distributions of punctuality. Many existing studies
and methodologies provide the initial and expected values of punctuality in specific fields,
based, for example, on Technology Readiness Levels (TRL) [65,66] or Maturity Models [67].

Each developmental dependency, i.e., each link in an SDDA network, is associated
with two parameters: Strength of Dependency (SOD) and Criticality of Dependency (COD).
The small number of SDDA model parameters and their intuitive meaning, described
below, make them suitable to be assessed by knowledgeable designers and managers.
For larger problems, sets of predefined parameters can be identified that model typical
system-to-system developmental dependencies (for example, strong but unreliable depen-
dency). At the same time, these parameters overcome PERT/CPM’s inability to manage
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partial dependencies and dynamic lead time. Figure 3 shows the relation between the
completion time of a predecessor system i (function of its punctuality Pi) and beginning
time of a successor system j. In general, the parameters of a SDDA model can have three
different sources:

• Expert judgment and evaluation: A survey conducted with various Program Managers
indicated that, in most complex and large-scale projects, lead times and scheduling
with overlapping activities are established by Subject Matter Experts (SME). For the
SDDA model, a similar approach can be used. The use of SDDA, though, has the advan-
tage that the SMEs do not have to directly evaluate the amount of overlap or the lead
times based on various considerations regarding the stakeholders, but must only assess
the strength of the one-to-one developmental dependencies based on the definitions
provided below.

• Assessment based on historical data. This approach can be used to assess both the
amount of information transfer that is necessary between two activities (and therefore
the time overlap that can be assigned) and to evaluate the impact of stakeholder
behavior and preferences.

• Evaluation based on existing models. This approach makes use of studies such as the
framework used to overlap product development activities proposed by Krishnan,
Eppinger, and Whitney [55], based on the required exchange of information for parallel
development. Other methods are also available in the literature that can be used to
quantify developmental dependencies [68,69]. Virtual developmental dependencies
can also be added to model stakeholder decisions; for example, the choice to develop
a specific system or technology ahead of some other system or technology, even when
an actual developmental dependency does not exist. Other models that describe the
effect of stakeholder bias and the implementation of policies can be used to quantify
the SOD and COD.

Figure 3. Completion time of system i and beginning time of system j as a function of the parameters
of the developmental dependency between the two systems (αij = 0.25, βij = 30). The red line
shows how, due to the partial dependency modeled in SDDA, the successor system j can start its
development before the predecessor system i is complete. The vertical gap between the red line
(beginning time of system j) and the blue line (completion time of system i) is the lead time. This
decreases with the decreasing punctuality of i until the critical threshold is reached, and the lead time
decreases to zero.
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It must be noted that, for projects with a high number of tasks, the upfront modeling
effort can become considerable, regardless of the option chosen to assess the modeling
parameters. While this shapes some of the future research directions, it is fundamental that
an appropriate amount of care is exercised when balancing and trading off the amount of
modeling effort and the amount of information and decision support that the model can
provide. In particular, we suggest the following potential strategies (which are beyond the
scope of this publication) to overcome the curse of dimensionality in the setup phase of the
SDDA methodology:

1. Establish and utilize databases of typical one-to-one development dependencies,
especially when modeling multiple projects in the same field. This approach is also
naturally suitable for use with Machine Learning techniques to extract information
about developmental dependencies in past projects.

2. Use methodologies to cluster the tasks and organize them hierarchically, adding
complexity only where more detail is necessary, as suggested by Simon [70] in the
analysis of Nearly Decomposable Systems (NDS).

3. When data are non-existent, begin by using standard forms of low, medium, and high
levels of interdependency parameters, and perform a sensitivity analysis to identify
first-order criticalities in the development network.

3.2.1. Strength of Dependency

The Strength of Dependency (SOD), indicated as αij, ranges between 0 and 1 and
evaluates the fraction of development time of system j that is dependent on inputs by a
predecessor system i. As indicated in Figure 3, partial dependencies allow for a system
to begin its development before the development of its predecessor is complete. If the
input system i has punctuality Pi equal to 100, it is completed in its shortest development
time. In this case, the amount of lead time of the successor j is calculated as the product
of its own minimum development time and a factor equal to 1 minus the Strength of
Dependency between i and j. This represents the assumption that, as the predecessor i
progresses through its development, system j can simultaneously complete the portion
of its development that does not rely on input from the predecessor. The value of the
SOD parameter balances the risk of initiating development early against the advantage
of mitigating delays through this lead time. If the predecessor experiences delays in
development, this will impact the beginning time of the successor system in two ways.
Firstly, the delay is directly added to the beginning time of the successor. Secondly, the lead
time determined by SDDA will decrease in proportion to the reduction in the punctuality
of the predecessor, reflecting its reduced reliability, or that of the associated stakeholder.
Once the punctuality drops below a critical threshold, the lead time is reduced to zero
and the dependency becomes absolute, analogous to a PERT dependency. SOD is used
not only to model the actual amount of information that a following activity needs from
preceding activities, but also to model dynamics between the stakeholder, stakeholder
biases, and preferences.

3.2.2. Criticality of Dependency

The Criticality of Dependency (COD), indicated as βij, ranges between 0 and 100
and indicates the normalized level of punctuality Pi of the predecessor i, below which the
successor j is not allowed any lead time. As mentioned before, the choice of appropriate
modeling parameters of the partial dependencies is very important: in the SDDA model (as
well as in projects where equivalent decisions are taken by experts), the decision to have a
lead time must be taken while the predecessor is still under development and thus entails
uncertainty and risk. From this point of view, the choice of Criticality of Dependency
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models the amount of risk that a manager is willing to take on each dependency, and
therefore directly addresses the trust that stakeholders put into one another. Independently
of the Strength of Dependency, a high value of Criticality means that even a small delay in
the development of the predecessor will highly decrease the amount of lead time or wipe
it out completely. When the COD βij is 100, all dependencies are absolute and the model
becomes equivalent to PERT.

3.3. Formulation of the SDDA Model

Based on the parameters described in the previous section and associated with each
developmental dependency, on the minimum and maximum independent development
time associated with each system, and on the punctuality variables, as well as being
associated with each system, the raw output of the model contains two sets of information.
These are the beginning time of the development of each system i, ti

B, and the completion
time of the development of each system i, ti

C.
For a root node (that is, a node without any predecessor, which can therefore be

developed without delays) i, the beginning time is defined as 0:

ti
B = 0 for root nodes. (1)

The completion time of a root node depends only (and linearly) on its punctuality, and
is calculated as follows:

ti
C = ti

min +

(
1 − Pi

100

)(
ti
max − ti

min

)
for root nodes. (2)

If a system j has at least one predecessor, SDDA first computes the time required for its
development tj

D, based only on its punctuality, without accounting for the dependencies:

tj
D = tj

min +

(
1 −

Pj

100

)(
tj
max − tj

min

)
. (3)

SDDA then calculates the beginning time of the development of j based on each of
its dependencies from an input systems i. We indicate these values to be itj

B. If j depends
only on one system i, this is the actual beginning time of the development of the successor
system j.

If Pi < βij, system i has accumulated, or is expected to accumulate, a critical amount
of delay (threshold shown in Figure 3). In this case, the beginning time of system j, solely
based on its dependency on one system i, becomes equal to the time of completion of the
predecessor system i:

itj
B = ti

C for Pi < βij. (4)

Otherwise, the beginning of the development time of system j solely based on its
dependency on one system i is computed as a function of the SOD and COD, and of the
punctuality of system i:

itj
B = ti

C − tj
min

(
1 − αij

) Pi − βij

100 − βij
for Pi ≥ βij. (5)

In Equation (5), the term on the right, which is subtracted from the completion time of
system i, is the lead time of system j.

In this formulation of SDDA, which is the baseline SDDA, the actual beginning time
tj
B of a system j that is subject to more than one dependency on predecessor systems

is calculated as the average of the beginning development times due to each depen-
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dency. This formulation prevents a single input system from critically impacting the
beginning time.

tj
B =

1
n

n

∑
k=1

ktj
B, (6)

where n is the number of systems on which j is developmentally dependent.
At this point, analogous to the calculation of the beginning times of the development

based on each of the multiple dependencies, SDDA calculates the completion times of the
development of j based on each dependency from a system i. We denote these values as itj

C
and they are calculated as follows:

itj
C = max

(
tj
B + tj

D, ti
C + αijt

j
min

)
, (7)

where tj
B + tj

D is the sum of the beginning time and development time, which is the
completion time that system j would have without accounting for the presence of multiple
dependencies. However, using only this term to calculate the completion time might result
in cases where a system or capability j has an earlier completion time than some system
or capability i on which j is dependent. To avoid this violation, we introduce the second
term in Equation (7). This term uses the SOD parameter to ensure that the completion time
of each system reflects the presence of developmental dependencies: the term ti

C + αijt
j
min

accounts for this dependency by ensuring that the completion of the development of system
j cannot occur before the completion of system i in addition to an amount proportional to
the amount of required input from i.

The actual completion time of system j is calculated as the maximum of the completion
times given by each dependency (to avoid any violation of the constraints imposed by
developmental dependencies):

tj
C = max

n
ntj

C, (8)

where n is the number of systems on which j is developmentally dependent.
Baseline SDDA analysis calculates the beginning and completion times for each system,

thus producing a comprehensive schedule for the development of the SoS. This illustrates
how partial development dependencies impact the overall development.

3.4. Conservative Formulation of SDDA

In the initial formulation of SDDA, Equation (6) shows that the beginning time of
the development of a successor system j is the average of the times resulting from each
dependency of this system on input systems. With this formulation, if there is a large
spread among the completion times of the predecessors of j, this choice could cause too
large a lead time, with a potential consequent waste of resources and/or increase in cost.
To avoid this effect, a more conservative model can be used. In this formulation, called
SDDAmax, the beginning time is the maximum (instead than the average) of the beginning
times due to each dependency. In general, this results in less ability to absorb delay, in
return for a reduced risk of “wrong” decisions being made in terms of too large lead times.
In the conservative model, Equation (9) is used instead of Equation (6):

tj
B = max

n
ntj

B. (9)

3.5. Deterministic Analysis

To execute this type of analysis, SDDA evaluates a single instance of the developmental
dependencies. Given a single value for the punctuality of each system and based on
SOD, COD, and on the minimum and maximum independent development times, the
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SDDA model computes the resulting deterministic beginning and completion times for the
development of each system.

This kind of analysis is useful to quantify the impact of delays in a specific system
on the overall development of the complex system or SoS. By varying the value of the
punctuality of a system, the user can use SDDA to perform an analysis of the whole
developmental network’s sensitivity to delays in the chosen system. This is executed
by assigning appropriate values to the punctuality of the system under consideration
and assessing their effect on the development schedule by analyzing the corresponding
beginning and completion times, which are listed in tables or shown in graphic format.
Other deterministic studies can be run by adding delays in multiple systems in order to
evaluate the effect of several combined delays. Using deterministic analysis, SDDA can
identify which systems and technologies are the most critical under specified conditions,
i.e. which nodes most strongly impact the schedule with their delays. The user can
compare different architectures and different choices for the prioritization of systems and
technologies (including decisions imposed by stakeholders) based on their performance in
terms of development schedule and response to delays. It is important to note that, when
running this kind of analysis, the results also depend on the specific output of interest: for
example, a project manager might be interested in intermediate deadlines (for example, the
completion time of the development of specific systems or technologies), or in assessing
the minimum time required to begin the development of certain systems, or in measuring
delay absorption in the case of the low reliability of one or more systems.

Figure 4 shows a Gantt chart [71] for the simple network from Figure 2, comparing
results from SDDA, the conservative formulation SDDAmax, and traditional PERT when
all nodes have a punctuality Pi equal to 100.

Figure 4. Gantt chart showing the schedule of the development of the simple three-node network
shown in Figure 2 according to the basic SDDA, conservative SDDAmax, and PERT models.

The matrices A (whose element (i, j) corresponds to the strength of dependency αij)
and B (whose element (i, j) corresponds to the criticality of dependency βij) are as follows:

A =

 0 0 0.5
0 0 0.7
0 0 0

 B =

 0 0 25
0 0 40
0 0 0

.

The arrays of minimum and maximum independent development times (whose
element i corresponds, respectively, to ti

min and ti
max) are, in weeks:
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tmin =

 12
14
12

 tmax =

 19
18
17

.

Figure 4 shows that, in PERT analysis, the third system (Node3), which is dependent on
the first two (Node1 and Node2), must wait until its two predecessors are fully developed.
SDDA and SDDAmax exhibit a lead time for the development of Node3. Due to the high
strength and criticality of the dependency of node3 on Node2, this lead time is small. We
can also notice how SDDAmax is more conservative than the basic SDDA model; therefore,
the lead time is even smaller. SDDA and SDDAmax models result in the same completion
time for the whole network (which is shorter than that of PERT, thanks to the partial
dependencies). However, the earlier beginning time for the development of Node3 allows
for better delay absorption if Node1 and Node2 exhibit delays.

3.6. Stochastic Analysis

Differently from CPM, SDDA models the partial developmental dependencies be-
tween systems, which allows for the partial absorption of delays even on the critical path.
A more accurate, holistic understanding of the impact of dependencies on the development
of a whole project in the presence of uncertainty, can be achieved by running a stochastic
SDDA analysis. In this kind of analysis, a PDF, rather than a single value, is assigned to the
punctuality of each system, and the corresponding output is a PDF for the beginning and
completion times of each system, which accounts for the dependencies and the network
topology. The expected value of the beginning and completion times can be used as an
initial guideline for decisions, while the variance in these distributions provides insight into
the reliability of the expected development times, which is tied to the risks associated with
the schedule. The outputs of stochastic analysis can also be used to identify architectural
patterns and features related to the whole architecture. For example, the user can utilize
the expected distribution of punctuality to calculate the probability that deadlines will be
met and then compare alternative architectures and their critical systems, and identify the
dependencies and decisions that cause the observed criticality. Due to the low computa-
tional cost of SDDA (Table 1), Monte Carlo simulation is the best choice for performing this
type of analysis, rather than calculating analytical expressions for the mixture of proba-
bility distributions. To evaluate these distributions, we generate instances of punctuality
based on the given input distributions and compute the beginning and completion times
with SDDA.

Table 1. Computational cost of SDDA analysis (time per single instance of developmental net-
work, random developmental dependencies, with a total of 1000 runs. Processor Apple M1 Pro,
16 GB RAM).

Number of Nodes Average Number
of Edges Average Time Maximum Time

100 2474 2.248 × 10−4 s 5.408 × 10−4 s
500 62,373 0.0053 s 0.0112 s

1000 249,744 0.0210 s 0.0252 s
2000 999,492 0.0838 s 0.0877 s

To simplify the implementation of a case study, in this paper, we use the following
model of uncertainty:

• Similarly to SDDA deterministic analysis, the user is required to input the expected
punctuality of each system.
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• The input level of punctuality will be the mode of a symmetric Beta PDF. The initial
input level is chosen as the mode of the PDF, rather than the mean or median, because
the algorithm might need to cut off the tails of the distribution to respect the range of
feasible punctuality.

• There are three available levels of uncertainty (low, medium, or high), and the user
must select one level for each system in the SoS. The Beta PDF is multiplied by a
spreading factor, which models different levels of uncertainty. High uncertainty
means that the assumption made on the expected punctuality is less reliable. This
lower reliability results in a higher variance in the PDF in the model.

• SDDA analysis can also be run while the SoS is already being developed. The user can
input the time (on the development schedule) at which to run the SDDA model and
compute the expected developmental performance. As this time becomes closer to the
completion time of a system, the uncertainty regarding the punctuality of this systems
will decrease (that is, the variance in the punctuality PDF will be lower). When the
selected time of the SDDA analysis is equal to or greater than the completion time of a
system, the uncertainty regarding the punctuality of this system becomes zero.

• If the PDF that results from the user’s choice of punctuality, the reliability factor, and
the modified variance due to the chosen time of analysis falls partially outside the
allowed range of punctuality, the function is cut to fit within the range (punctuality
ranging between 0 and 100) and normalized to an area of 1.

Figure 5 shows some simple results of a stochastic SDDA analysis of the development
schedule, executed on 10,000 samples. The Beta PDF of the punctuality of each system was
chosen based on the model described above and used to generate the stochastic samples
of punctuality. Then, these samples were used to calculate the beginning and completion
times of each system according to the SDDA model. The same stochastic approach was also
applied to the conservative SDDAmax and to the PERT analysis. The model parameters
used for this sample problem are the same that were used in the deterministic problem of
Figure 4. Regarding the variables, the punctuality of systems 1 and 3 is 100; the punctuality
of system 2 is 60. System 1 has a medium level of uncertainty, system 2 has high level of
uncertainty, and system 3 has low level of uncertainty.

Some of the results provide a simple validation of the method: for example, the
uncertainty at the beginning and completion times is the largest at time 0, decreases at
8 weeks, and disappears at 20 weeks on the two systems that are already fully developed.
Furthermore, according to the user inputs, system 2 exhibits higher uncertainty (larger
spread of completion time) than system 1. The results from the original SDDA model show
that early completion of development is allowed, but the Gantt chart also shows that at
time 8 there is some residual risk due to uncertainty. This type of SDDA methodology
results can be used to support informed decisions on the most appropriate beginning time
for the development of each system based on the observed results and on the amount of
accepted risk. For example, the expected value of the PDF of the beginning time can be
used as the initially scheduled value. The resulting probability density functions can also
be used to compute the probability that systems of interest will be fully developed by the
given deadlines. The plot also shows how the more conservative SDDAmax results in a
longer development time, due its lower capability of absorbing delays.

In the sample problem shown in Figure 5, the expected punctuality does not change
over time. Of course, both these values and the levels of uncertainty can vary over time.
The SDDA stochastic analysis can be repeated multiple times during the development of
the SoS when further decisions are required. In this case, the initial results can be used to
identify possible times at which it would be valuable to perform the analysis again, using
updated information on the variables.
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Figure 5. Gantt chart showing the schedule of development of the simple three-node network shown
in Figure 2, according to the SDDA, SDDAmax, and PERT stochastic models. The resulting PDF of
the beginning and completion times is shown above the corresponding bar of the Gantt chart. The
darker shadows on the bars indicate zones of higher probability. (Top) analysis of expected schedule
at time 0. (Center) analysis at 8 weeks. (Bottom) analysis at time 20 weeks.

3.7. Further Considerations for the SDDA Methodology
3.7.1. Uncertainty Models and Sensitivity Analysis

The SDDA methodology was developed with the threefold objective of directly ad-
dressing SoS characteristics, providing a simple and intuitive model of developmental
interdependencies and their impact on risk and delay propagation, and having enough
flexibility to be able to model stakeholder preferences, risk acceptance, and a stochastic
analysis of delays. There are many sources of uncertainty in System of Systems modeling,
including both stochastic uncertainty and epistemic uncertainty. Since, even when data on
the past behavior of the stakeholders are known, a large amount of uncertainty can still be
present, we preferred to provide a simple model of uncertainty, but one which has enough
properties to be able to model different conditions. This uncertainty model can provide an
adequate first-order analysis of the largest sources of risk and delay propagation and the
probability of meeting the desired deadlines. The methodology was built in such a way
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that more complex uncertainty models than the symmetric Beta distributions demonstrated
in this work can be used. However, it is up to the user to determine the trade-off between
the effort necessary to implement a more complex uncertainty method and the increased
value of more detailed results. In general, we suggest performing a sensitivity analysis
to identify the parameters and variables that most impact the results, and to increase
the modeling efforts and evaluations of the sources of uncertainty for these parameters
and variables.

3.7.2. Use of SDDA in Combination with Other Methodologies and the Scalability of SDDA

Another characteristic of the baseline SDDA model is that it can be used in combination
with other methodologies. The most important caveat in this respect concerns the scalability
of the model. While the computational cost of SDDA is extremely low (Table 1), the upfront
modeling effort can be quite heavy. One of the best strategies in this case is to use libraries
of simple and standard one-to-one developmental dependencies based on how tight the
interconnection (SOD) is and the reliability of the development of the feeder, as well as
the acceptability of its delays (COD). An alternative strategy is to use Machine Learning
methodologies to extract information from existing data concerning the development of
large-scale complex systems.

Section 4 presents the basic SDDA analyses, both deterministic and stochastic, as well
as the use of SDDA for decision-making with various preferences regarding risk acceptance
and preferred lead time. However, the SDDA methodology could be expanded to further
types of analysis and use with other existing methodologies (as mentioned in Section 2).
In particular, the analysis of resource allocation and the optimization of a schedule under
budget constrains could be easily added to the initial SDDA analysis. Furthermore, SDDA
can be used for analyses of the flexibility of different development schedules when facing
program changes and the potential insertion of new technologies. These studies are within
the scope of further publications.

4. Case Study: Lunar Gateway, a Lunar-Exploration System of Systems
4.1. Overview

This SoS case study is based on NASA’s Lunar Gateway concept [72] and its related
missions, as re-defined in 2022 [73] and updated in 2024 [74]. Figure 6 shows the modules
that are currently planned for NASA’s Lunar Gateway, as well as the contractors for some
of the modules and missions. In the current plan, the initial modules of the Gateway will
be the Power and Propulsion Element (PPE) and the Habitation and Logistics Outpost
(HALO), which will be launched in a co-manifested launch on a SpaceX’s Falcon Heavy
rocket (a Commercial Heavy Lift) and placed in the Gateway Near-Rectilinear Halo Orbit
(NRHO) with a robotic mission. The remaining modules will be carried on NASA’s Space
Launch System (SLS, a Government Super Heavy Lift), together with an Orion spacecraft.
In these crewed missions, named Artemis IV–VII, astronauts will install the modules and
perform lunar landings with the Starship Human Landing System (HLS) and the Blue
Moon lander [75,76]. In this study, an alternative architecture is also assessed, which
utilizes a larger number of commercial vehicles to assemble the Gateway before crewed
missions begin.

In order to present a full SDDA study, the problem includes tasks that have already
been performed or that are currently under development. The resulting nodes in the SDDA
development network include Research and Development (R&D) of new technologies, the
design and production of systems, crew training for specific missions, and the logistics of
various planned missions. Development dependencies are evaluated based on considera-
tions from the literature: R&D and system design must occur prior to the correspondent
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system production; the production of systems, training of crews, and definition of missions
follow the sequence established for the development of the Gateway.

Figure 6. Infographic for the currently planned version of NASA’s Lunar Gateway (credit: NASA,
November 2022).

Table 2 lists the systems included in the primary architecture of the Lunar Gateway
SoS case study, and Figure 7 shows the complexity of their developmental dependencies.

Figure 7. Developmental dependencies (SDDA network) between the systems and technologies in
the primary architecture for the Lunar Gateway System of Systems.
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Table 2. Systems and technologies in the Lunar Gateway System of Systems. The nodes of the
development network represent research and development, system design, system production, crew
training, and mission logistics.

Node
No. System/Technology Category Node

No. System/Technology Category

1 PPE R&D R&D 23 4-Person Crew 1 Training
2 HALO R&D R&D 24 Artemis IV Logistics
3 ESPRIT R&D R&D 25 Govt Super Heavy Lift 2 Production
4 Dev Crew and Science Airlock Sys design 26 Orion 2 Production
5 Dev PPE Sys design 27 Blue Moon 1 Production
6 Dev Logistic Module Sys design 28 GERS Production
7 Dev Govt Super Heavy Lift Sys design 29 ESPRIT Production
8 Dev Commercial Heavy Lift Sys design 30 4-Person Crew 2 Training
9 Dev Orion Sys design 31 Artemis V Logistics

10 Dev HALO Sys design 32 Govt Super Heavy Lift 3 Production
11 Dev I-HAB Sys design 33 Orion 3 Production
12 Dev ESPRIT Sys design 34 Blue Moon 2 Production
13 Dev GERS (Canadarm 3) Sys design 35 Crew and Science Airlock Production
14 Dev HLS and Blue Moon Sys design 36 4-Person Crew 3 Training
15 Commercial Heavy Lift 1 Production 37 Artemis VI Logistics
16 PPE Production 38 Govt Super Heavy Lift 4 Production
17 HALO Production 39 Orion 4 Production
18 HLS Production 40 Blue Moon 3 Production
19 Robotic NRHO mission Logistics 41 Logistic Module Production
20 Govt Super Heavy Lift 1 Production 42 4-Person Crew 4 Training
21 Orion 1 Production 43 Artemis VII Logistics
22 I-HAB Production

The objective of this case study is to illustrate both deterministic and stochastic SDDA
analyses. The case study provides examples of how to interpret the SDDA results to obtain
insight into the impact of delays and the key elements that impact the propagation of
schedule risks from the perspective of both technical system developers and SoS architects.
Uncertainty is assigned to the various systems considering the Technology Readiness Level
(TRL) and the amount of control over the stakeholder (for example, commercial partners
are generally assigned more uncertainty in R&D).

4.2. Deterministic Analysis

We first performed a deterministic analysis to compute the shortest time necessary to
develop the overall SoS architecture and to identify the most critical systems and depen-
dencies in the development network when certain delays occur.

4.2.1. Nominal Scenario

Figure 8a shows a comparison of the schedule of the development of the Lunar
Gateway exploration SoS, computed with the SDDA model with PERT-based dependencies.
This is the nominal case, i.e., all the systems and tasks have the highest punctuality, which
means that their development takes the shortest time. As expected, the SDDA model,
exploiting partial dependencies, results in a schedule that allows for the early completion of
the development of the SoS. However, due to the lead times, the SDDA model also shows a
longer individual development time for many of the component systems. This approach
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can result in an increased use of resources and can cause more risk (for example, early
development reduces the flexibility of the SoS architecture should changes occur later);
however, it also increases the partial recovery ability when delays occur. The nominal
schedule also provides information related to the constraints of the problem: for example,
in this case study, the user can determine when each of the robotic and crewed missions
will be available, assuming the nominal scenario, and when each technological capability
will be available. These considerations are weighed together with the criticalities and
delay absorption to provide support to the project managers. The model can also be used
in combination with the methods for resource allocation, which are not considered in
this paper.

(a) (b)

Figure 8. (a) Gantt chart of the development schedule of the Lunar Gateway primary architecture,
in the nominal case (no delays). (Top) SDDA model, with partial overlap. (Bottom) PERT-based
schedule. (b) Gantt chart of the development schedule of the Lunar Gateway primary architecture,
when each system has Punctuality Pi equal to 80. (Top) SDDA model. (Bottom) Cautious SDDA,
with higher COD (less trust when there are delays).

4.2.2. Cautious Approach

As described in Section 3.2, the COD parameter in the SDDA model is related to the
amount of risk that a project manager is willing to take. If a dependency has a high criticality,
a later start, with less overlap with preceding tasks, might be preferred. This conservative
approach reduces the possible waste of resources, but also removes some of the advantages
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of the partial parallel development of systems. Project managers can evaluate various
levels of risk acceptance by varying the value of COD, and the corresponding outcome.
Figure 8b presents a comparison of the schedule of the Lunar Gateway primary architecture
modeled with the same parameters shown in Figure 8a (COD values between 20 and 65)
and the schedule of the same architecture modeled with a more cautious approach (COD
values between 40 and 90), assuming that all the systems have punctuality Pi = 85 (a
small amount of delay). The delay is added to show the effect of the different levels of risk
acceptance, which would not have any impact in the nominal case. The results show that
the completion time when using the cautious model is expected to be slightly longer than
the baseline case: the logistics of the Artemis VII mission are complete after 12 years and
7 months in the baseline case, and in 12 years and 10 months in the cautious approach.
However, the total time allocated to the development of all the systems is 128.7 years of
activity (that is, sum of the duration of each task) in the baseline case, and 127.5 years of
activity in the cautious case, which resulted in less waste of resources. In general, a cautious
approach will result in longer completion times and a reduced delay absorption ability, but
will also reduce total activity time. This effect is even larger when there are longer delays
and a large number of systems with multiple developmental dependencies.

Due to the complexity of the problem, stochastic analysis can provide more information
in support of the project manager’s decision to use a more or less risk-prone approach.

4.2.3. Delays and Criticalities

In the last example of deterministic analysis described in this paper, we simulate
instances of decreased punctuality in selected systems to evaluate the delay recovery
ability through an exploitation of partial overlap and lead times. In this way, we can also
identify the most critical nodes in terms of their impact on development delays. In this
type of analysis, we add a deterministic delay to one node at a time, with a punctuality
equal to 50. We then compute the final delay in the development of the whole SoS and
compare it to the initial delay in the affected system to obtain a measurement of the
delay recovery.

Figure 9 show the amount of initial and final delay due to reduced punctuality in
individual systems for both architectures using a schedule based on SDDA, conservative
SDDA, and PERT. The rectangular frames indicate the initial delay accumulated in the
affected system. The colored rectangles indicate the final delay in the whole schedule: an
empty frame means that the delay has been fully absorbed thanks to partial development
overlap and lead times; otherwise, a delay can be partially absorbed, not absorbed, or even
propagate through the SDDA network to produce an even larger delay in the overall devel-
opment of the SoS. Since the minimum and maximum independent development times for
each system are the same in the three models, the initial delay in the affected system is also
the same. However, the final delay in the whole schedule is different. SDDA and cautious
SDDA approaches can absorb delays in more systems than PERT, due to the partial parallel
development of interdependent systems. These models, however, reduce the lead time, and
therefore the partial overlap of the development of systems when delays occur. If the delays
affect systems that have critical developmental dependencies, the entire schedule can be
heavily affected (even more so in the cautious SDDA approach, due to the lower initial
lead times). However, the development time of the whole architecture according to SDDA
models is still shorter than the PERT-based schedule. In the primary architecture, the most
critical systems are the HALO R&D and system design (due to its centrality in the Gateway
design and its relative novelty), the development of the Commercial Heavy Lift, which
is the first launcher to be used in this Lunar Gateway architecture, and the R&D of the
innovative European System Providing Refueling, Infrastructure, and Telecommunications
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(ESPRIT) module. The delay on the HALO R&D fully impacts the development of the
whole architecture; the remaining three of these four initial delays are partially absorbed.
Delays in every other system can be fully absorbed. The cautious SDDA model shows
a lower partial delay absorption ability, and cannot fully absorb an initial delay in the
design of the Government Super Heavy Lift. In the PERT-based schedule, the ESPRIT R&D
results are not critical, but 10 systems and technologies out of the 43 are on the critical path,
meaning that initial delays in any of these systems fully impact the final development time.
Tasks that were not critical in the SDDA model but are critical in PERT are the production of
the PPE, Gateway External Robotic System (GERS, Canadarm3), ESPRIT, Crew and Science
Airlock, and Logistic Module and the Artemis VII mission logistics.

Figure 9. Impact of developmental delay in a single system on the whole schedule of the primary
Lunar Gateway architecture. System numbering from Table 2. Empty bars represent the initial delay
in the development of the affected system. Colored bars represent the final delay in the entire schedule
with respect to the nominal case. If the frame is empty, the initial delay is completely absorbed. SDDA
and conservative SDDA approaches exhibit a higher amount of partial and total delay recovery with
respect to PERT, due to the partial parallel development of interdependent systems. However, for the
same reason, delays in critical systems have a large impact on the whole schedule. In PERT model,
more systems show unabsorbed delays.

Besides comparing more and less cautious approaches, we also show how to eval-
uate different architectures. In this study, we assess an alternative architecture, which is
characterized by the increased use of commercial launchers. In particular, three robotic
assembly missions with commercial vehicles are planned in order to assemble the Lunar
Gateway modules before three crewed Artemis missions with lunar landings. SDDA and
cautious SDDA models for the alternative architecture (Figure 10) show partial delays in
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more systems than the primary architecture, with the Government Super Heavy Lift also
causing partial delays in the SDDA model and the systems design of Orion having a small
impact on the alternative architecture. However, this architecture is expected to be less
expensive due to the use of more commercial heavy lift launchers. These SDDA analysis
results provide insight into the schedule and delays in support of the trade-off between
competing variables in program manager decisions; for example, when SDDA is used in
combination with methodologies to evaluate cost and performance.

Figure 10. Impact of a developmental delay in a single system on the whole schedule of the alternative
Lunar Gateway architecture. System numbering from Table A1. Empty bars represent the initial
delay in the development of the affected system. Colored bars represent the final delay in the entire
schedule with respect to the nominal case. If the frame is empty, the initial delay is completely
absorbed. This architecture shows a reduced delay absorption ability compared to that of the primary
architecture when the punctuality Pi of individual systems is equal to 50.

4.3. Stochastic Analysis

In this section, we show two examples of the use of a stochastic SDDA model for
analysis and for decision support. The uncertainty levels, according to the model described
in Section 3.6, are based on the reliability of the stakeholders and on existing previous work
in the development of specific systems and technologies.

4.3.1. Development Schedule in Presence of Uncertainty

Figure 11 shows the GANTT charts resulting from a stochastic analysis of the primary
architecture when all the systems have a baseline punctuality Pi equal to 80. The probability
distributions on top of each bar show the PDF of the beginning and completion time of
each task. This type of analysis provides a complete overview of the cascading impact
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of delays under uncertainty and can be used in different ways. For example, in the
case of space systems, the distribution of all the tasks necessary to launch a mission can
be used to quantify the probability that the deadlines for launch windows will be met.
The stochastic SDDA model can be used to evaluate uncertainty in the development
schedule based on the information provided at different time steps. As expected, running
a stochastic SDDA analysis based on information acquired later reduces the amount of
uncertainty in the schedule. Figure 11a shows the uncertainty in the development of the
primary architecture according to the baseline SDDA model at time t = 0. Besides the
different levels of uncertainty in the development time of individual systems and tasks,
there is also a cascading effect due to the dependencies. Later systems and systems with
multiple dependencies exhibit even more uncertainty. This kind of assessment is usually
left to individual expertise, rather than being treated quantitatively. Figure 11b illustrates
the importance of regularly re-running the stochastic analysis. In this case, although
the expected (and actual, for systems that had already completed their development)
punctuality did not change, the reduced amount of uncertainty due to some systems
having already been partially or fully developed is clearly visible in the much narrower
PDF for the beginning and completion times of future systems. This constituted the basis for
the broader decision support, which includes considerations of the initial decisions made
by project managers in terms of whether there was more or less risk acceptance, and the
possibility of revising the initial decisions during the development of the whole architecture.

(a) (b)

Figure 11. Stochastic GANTT chart representing the development schedule of the primary Lunar
Gateway SoS architecture when each system has punctuality Pi equal to 80. (a) uncertainty based on
values at time t = 0. (b) uncertainty based on values at time t = 3 years. While decisions have already
been taken during the first three years, the uncertainty during some of the start time means that the
decision is still affected by future events (interdependent tasks not yet completed). Dash line areas
represent the areas of uncertainty, with the corresponding PDF shown above each area.

4.3.2. Decision Support

Table 3 demonstrates a possible use of SDDA stochastic analysis to support project man-
agement decisions. Using the primary architecture, we make the following assumptions:
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Table 3. Outcome of scheduling decisions by program managers on the primary architecture with
an SDDA model. The first three columns define 18 different cases, based on the initial schedule
decision, punctuality of the systems, and whether it was decided to review the schedule after 3 years
or not. The fourth column shows the expected completion time of the whole architecture. The fifth
column shows the actual average completion time in each case, accounting for program manager
decisions and punctuality. Columns six to nine list the percentage of instances which have a longer
completion time and instances which have a shorter completion time with respect to a model with
exact knowledge, as well as the average delay or gain with respect to the model with exact knowledge.
The tenth column shows the minimum activity time required to complete all the tasks with the actual
punctuality (sum of the minimum development time of each system). The eleventh column shows
the actual cumulative time required to complete all the tasks.
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value

80
No 12.99 13.03 48.3 0.227 51.7 0.277 90.28 131.86
Yes 12.99 13.03 46.9 0.236 53.1 0.287 90.28 131.42

70
No 12.99 13.87 2.1 0.104 97.9 0.71 95.72 139.73
Yes 12.99 13.87 2.2 0.11 97.8 0.734 95.72 132.4

90
No 12.99 12.49 91.4 0.406 8.6 0.147 84.84 125.56
Yes 12.99 12.49 90.9 0.398 9.1 0.144 84.84 130.78

10th
percentile
(late start)

80
No 13.92 13.03 97.7 0.77 2.3 0.124 90.28 129.98
Yes 13.92 13.02 95.4 0.593 4.6 0.139 90.28 134.03

70
No 13.92 13.88 60.7 0.373 39.3 0.286 95.72 136.86
Yes 13.92 13.87 59.6 0.301 40.5 0.254 95.72 137.08

90
No 13.92 12.49 100 1.116 0 - 84.84 124.17
Yes 13.92 12.49 100 0.951 0 - 84.84 132.39

90th
percentile
(early
start)

80
No 12.25 13.03 0.9 0.06 95.5 0.544 90.28 141.06
Yes 12.25 13.03 1 0.051 94.9 0.551 90.28 131.13

70
No 12.25 13.86 0 - 100 1.15 95.72 150.86
Yes 12.25 13.87 0 - 99.9 1.166 95.72 133.39

90
No 12.25 12.49 17.8 0.086 63.8 0.264 84.84 132.92
Yes 12.25 12.49 17.0 0.087 65.1 0.273 84.84 129.96

• The initial estimate of punctuality was 80 for each system. With this estimate and the
systems uncertainty, the user can generate probability distributions of the beginning
and completion times of each system.

• We tested three different initial stakeholder decisions for the beginning time of each
dependent system: the expected value of the beginning time, resulting from the initial
estimate (meaning that the project manager trusts the estimate), the 10th percentile
(meaning that the project manager prefers a less risky choice; that is, a late start), or
the 90th percentile (meaning that the project manager prefers a riskier choice; that is,
an early start).

• The manager can also decide if the programming policies will keep the beginning
times defined initially, even when more information about the actual punctuality of
the systems becomes available, or if the schedule will be reviewed after 3 years and
the beginning times will follow the new estimate.

• The actual punctuality of the system can be 80 (as estimated), 70, or 90. If the schedule
is reviewed, information about the actual punctuality will be available at the time of
the review.
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• The minimum sum of the development time of each system is what would result from
a PERT model without overlaps. The SDDA model accounts for partial dependencies,
using a lead time that might cause some tasks to take a longer time due to delays in
other tasks. The actual sum of the development time of each system is used as an
indicator of the use of resources, which, in turn, will impact cost.

Based on each combination of scheduling policies and the actual punctuality of the
systems, we compute the expected completion time resulting from the initial estimate and
the actual average completion time resulting from the different choices made in terms
of scheduling policies, simulating ten thousand instances of each combination. We then
compare the actual completion time in each case to the completion time that would result if
the full information were obtained in order to determine the percentage of cases in which a
policy results in a longer completion time or a shorter completion time. We also compute
the average delay in the cases where the actual completion time is higher and the average
gain in the cases where the actual completion time is shorter. Finally, we compute the
minimum and actual sum of the development times (activity time), which suggests whether
a policy is consuming too many resources in terms of time. While, in general, it is known a
priori that risk-averse policies will likely accumulate more delay but result in less waste of
resources, and that riskier policies will better absorb delays at the cost of a longer activity
time, this sensitivity analysis of the specific problem is useful to identify potentially bad
decisions, especially in cases where the initial estimate is incorrect.

The results yield many interesting points to support management decision-making.
Some of them include the following:

• The decision to use the expected value for the beginning times results in a completion
time close to that resulting from the model with exact information.

• The decision to use a late start causes delays with respect to the model with exact
information. However, a late start without review also has the shortest sum total in
terms of development time. This choice could be appropriate when a review of the
schedule is not possible and the most important objective is to reduce the use of time
resources.

• The decision to make an early start yields the shortest completion time and the shortest
delays. However, this comes at cost of longer waits during task execution. An early
start with a schedule review offers a good trade-off between the completion time and
use of resources.

• Reviewing the schedule when the actual punctuality is higher than the initial estimate
reduces the final average delay, but at cost of a much longer total development time.
This policy is suggested if the completion time is more important than the use of
resources.

• Reviewing the schedule when the actual punctuality is lower than the initial estimate
reduces the final gain or the percentage of early finishes, but also reduces the total
development time. This policy is suggested if the use of resources is more important
than the completion time.

• Reviewing the schedule when the actual punctuality follows the initial estimate
produces varied results, depending on the initial policy. The revision reduces the total
development time (but increases the percentage of late instances) if the initial decision
was an early start. It increases the total development time (but also decreases the
percentage of late instances) if the initial decision was a late start.

Table 4 lists the results of the same analysis for the alternative architecture. This
architecture shows trends similar to those observed for the primary architecture. However,
the decisions have a larger impact in the alternative architecture: a late start can cause delays
of almost two years compared to the case with exact knowledge, as well as a 10% decrease
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in the use of time resources. A policy of early start can be very effective to counteract
unexpected reductions in the punctuality of the tasks; however, even if the schedule is
reviewed, this policy can cause a large increase in the use of resources. This example of the
use of the SDDA for the analysis of project management decisions provides insight into
the ability of the tool to provide quantitative information about the expected outcome of
different policies regarding the execution of tasks in the developmental domain. It also
suggests its potential use in combination with other methodologies; for example, resource
allocation tools, analyses of TRL and associated risks, and the probability of delays.

Table 4. Outcome of scheduling decisions by program managers on the secondary architecture with
the SDDA model. Columns defined as in Table 2.

Manager
Decision
for ti

B

Actual
Pi

Schedule
Review
at t = 3
Years

E(T43
C )

with
Pi = 80

Actual
avg(t43

C )

%
Instances

Later Than
E(t43

C ) with
Actual Pi

Avg.
Delay

%
Instances

Earlier
Than

E(t43
C ) with

Actual Pi

Avg.
Gain

Min
∑43

i=1 ti
D

Actual
∑43

i=1 ti
D

Expected
value

80
No 13.15 13.34 39.6 0.262 60.4 0.358 89.80 130.73
Yes 13.15 13.34 40.5 0.275 59.5 0.375 89.80 130.41

70
No 13.15 14.52 0.8 0.139 99.2 1.104 95.05 138.31
Yes 13.15 14.52 1.6 0.1590 98.4 1.096 95.05 131.09

90
No 13.15 12.59 93.1 0.511 6.9 0.150 84.55 124.77
Yes 13.15 12.59 92.7 0.514 7.3 0.158 84.55 130.09

10th
percentile
(late start)

80
No 14.73 13.34 99.7 1.222 0.3 0.089 89.80 129.87
Yes 14.73 13.35 96.7 0.668 3.3 0.139 89.80 133.89

70
No 14.73 14.53 67.0 0.516 33.0 0.350 95.05 136.50
Yes 14.73 14.52 66.6 0.379 33.4 0.257 95.05 136.85

90
No 14.73 12.59 100 1.779 0 - 84.55 124.29
Yes 14.73 12.58 100 1.088 0 - 84.55 132.92

90th
percentile
(early
start)

80
No 12.25 13.34 0.4 0.06 99.2 0.787 89.80 139.86
Yes 12.25 13.35 0.4 0.710 99.3 0.806 89.80 130.45

70
No 12.25 14.52 0 - 100 1.771 95.05 149.29
Yes 12.25 14.52 0 - 100 1.741 95.05 132.63

90
No 12.25 12.59 21.5 0.110 71.1 0.307 84.55 132.27
Yes 12.25 12.59 19.3 0.102 73.2 0.317 84.55 129.58

4.4. Sensitivity Analysis

Given the high level of uncertainty embedded in the System of Systems due to the com-
plexity of the interdependencies, the presence of multiple stakeholders, and the difficulty
of modeling future trends, and in the absence of established libraries of developmental
dependency models, it is appropriate to perform a sensitivity analysis. This will provide
information on the variability of the models in response to uncertainty in their parameters
and variables. This is particularly important when approaches are taken to deal with the
complexity in large models (as indicated at the end of Section 3.2), which might reduce the
accuracy of the model in favor of a reduced setup effort. A sensitivity analysis could drive
the decision to improve the level of detail and the accuracy of parts of the model.

4.4.1. Setup

The case study of the Lunar Gateway primary architecture has 43 systems and tech-
nologies and 115 developmental dependencies, as shown in Figure 7. This results in
230 model parameters (115 values of SOD and 115 values of COD), and 43 variables (the
Punctuality Pi of each system). Due to the large number of parameters and variables, we
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implemented a Monte Carlo analysis of correlation with a sample size of 100,000. Although
a single SDDA dependency is a piecewise linear model, the combination of many depen-
dencies can be far from linear. Therefore, we calculated both Pearson’s linear correlation
coefficients and Kendall’s τ. Since Pearson’s coefficients are more sensitive to outliers, we
present the results of rgw sensitivity analysis with Pearson’s coefficient. We implemented
various types of sensitivity analysis, one for each combination illustrated in Table 5.

Table 5. Combinations of uncertain model parameters/variables and outputs tested in the sensitivity
analysis.

Test No. Uncertain Parameters/Variables Model Outputs

1 SOD (±20%) and COD (±20%) max completion time maxi(ti
C)

2 SOD (±20%), COD (±20%), and Pi (±30%) max completion time maxi(ti
C)

3 SOD (±20%) and COD (±20%) total development time ∑n
i=1(t

i
C − ti

B)
4 SOD (±20%), COD (±20%), and Pi (±30%) total development time ∑n

i=1(t
i
C − ti

B)

4.4.2. Sensitivity of Maximum Completion Time

We ran two scenarios to evaluate the sensitivity of the maximum completion time
maxiti

C. The longest time to run the sensitivity analysis (second scenario) was 2.11 s. In
the first scenario, the 100,000 samples for Monte Carlo simulation used a fixed punctuality
Pi = 70 for all systems and technologies, while the 115 SOD parameters and 115 COD
parameters of the Lunar Gateway primary architecture had a 20% uncertainty around the
baseline value.

Figure 12 shows the results of the Monte Carlo simulation and study of Pearson’s
correlation coefficients for the first scenario. The histogram in Figure 12 shows the dis-
tribution of the resulting maximum completion time maxiti

C due to the uncertainty in
all 230 SDDA model parameters. The model appears robust to uncertainty, with one
standard deviation around the expected value (which is maxiti

C = 13.987 years) equal to
0.466 years. Figure 12b shows a tornado diagram of the Pearson’s correlation coefficients
for the 20 most impactful parameters. From this diagram, we can draw the following con-
clusions regarding the sensitivity of the maximum completion time to the uncertainty of the
model parameters:

• As expected, all correlation coefficients were positive: in general, larger values of SOD
and COD (stronger developmental dependencies, more similar to PERT/CPM) will
result in a longer completion time.

• The results show a relatively low correlation with individual parameters, with the
largest correlation coefficient being 0.51 and the second largest being 0.326. This is
due to both the large number of parameters and the same topological properties that
provide this developmental network with the ability to absorb delay. In this case, the
effect of potential mistakes on the evaluation of model parameters is attenuated by
the topology. Nonetheless, it is important to gather as much information as possible
to guarantee that the most impactful parameters are assessed correctly.

• Most of the sensitivity concerns parameters related to the interdependent R&D and
development of systems. An advantage of this feature is that these activities are
completed early in the development of the whole architecture, so the schedule can be
reassessed and updated as necessary, without having a large impact on the comple-
tion time.

In the second scenario, the 100,000 samples used for Monte Carlo simulation are gener-
ated using a 20% uncertainty around the baseline values of the 115 SOD parameters and the
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115 COD parameters, and a 30% uncertainty around the baseline value of punctuality, for
all systems and technologies.

Figure 13 shows the results of the Monte Carlo simulation and the study of Pearson’s
correlation coefficients for the second scenario. As expected, the histogram of the resulting
maximum completion time maxiti

C shown in Figure 13a shows larger uncertainty, with
one standard deviation of 0.858 years. The tornado diagram of the Pearson’s correlation
coefficients for the 20 most impactful parameters and variables, shown in Figure 13b
provides some similar conclusions to scenario 1 and a few differences regarding the sensi-
tivity of the maximum completion time on the uncertainty of the model parameters and
punctuality variables.

• This time, the correlation coefficients relative to uncertainty in the punctuality variables
are negative. This is compatible with the intuitive statement that a higher punctuality
will result in a shorter completion time.

• The absolute value of the correlation coefficients is even lower than in scenario 1. In
general, the sensitivity to variations in punctuality is stronger than the sensitivity to
model parameters. This is due to the fact that punctuality has a direct effect on the
delays in systems development, while the model parameters have only an indirect
effect, due to the propagation of delay along the developmental network.

• Even in this case, most of the sensitivity concerns parameters and levels of punctuality
related to interdependent R&D and the early development of systems, resulting in the
same considerations described for scenario 1.

(a) (b)
Figure 12. Sensitivity of maximum completion time to the model parameters. (a) Histogram of
the resulting maximum completion time from Monte Carlo simulation. The shaded area is the 1σ

standard deviation from the expected value. (b) Tornado diagram of Pearson’s correlation coefficients
for the 20 parameters with which the maximum completion time exhibited the highest correlation.
System numbers from Table 2.
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(a) (b)
Figure 13. Sensitivity of maximum completion time to the model parameters and the punctuality
variables. (a) Histogram of the resulting maximum completion time from Monte Carlo simulation.
The shaded area is the 1σ standard deviation from the expected value. (b) Tornado diagram of
Pearson’s correlation coefficients for the 20 variables and parameters with which the maximum
completion time exhibit the highest correlation. System numbers from Table 2.

4.4.3. Sensitivity of Total Development Time

We subsequently ran two more scenarios to evaluate the sensitivity of the total de-
velopment time; that is, the sum of the time between beginning and completion for each
activity, ∑i(ti

C − ti
B). The longest time needed to run the sensitivity analysis (second sce-

nario) was 1.85 s. In the third scenario, similarly to the analysis run in the first scenario
for the sensitivity of maximum completion time, we used a fixed punctuality Pi = 70 for
all systems and technologies, while the SOD and COD parameters had a 20% uncertainty
around the baseline value. The results of this analysis are shown in Figure 14.

(a) (b)
Figure 14. Sensitivity of total development time to the model parameters. (a) Histogram of the
resulting total development time from Monte Carlo simulation. The shaded area is the 1σ standard
deviation from the expected value. (b) Tornado diagram of Pearson’s correlation coefficients for
the 20 parameters with which the total development time exhibits the highest correlation. System
numbers from Table 2.
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The fourth scenario evaluates the sensitivity of the total development time to uncer-
tainty in both the model parameters and the punctuality variables, similarly to the analysis
run in the second scenario for the sensitivity of maximum completion time. The results of
the analysis of the fourth scenario are shown in Figure 15.

The histograms of the resulting total development time ∑i(ti
C − ti

B) under uncertainty
in the model parameters and punctuality variables shows that even this output is quite
robust to uncertainty. Figure 14a shows that the value of one standard deviation in the
third scenario is 3.6 years, with an expected value of around 137.64 years for the sum of all
development times. When the uncertainty in the punctuality is also added, the value of
one standard deviation grows to 6.44 years, as shown in Figure 15a.

(a) (b)
Figure 15. Sensitivity of the total development time to the model parameters and the punctuality
variables. (a) Histogram of the total development time resulting from the Monte Carlo simulation. The
shaded area is the 1σ standard deviation from the expected value. (b) Tornado diagram of Pearson’s
correlation coefficients for the 20 variables and parameters with which the total development time
exhibits the highest correlation. System numbers from Table 2.

The tornado diagrams of the Pearson’s correlation coefficients for the parameters
and variables that have the highest impact on the total development time are shown in
Figure 14b for scenario 3 and in Figure 15b for scenario 4. While the conclusions drawn
from this kind of analysis are similar to what was stated for scenarios 1 and 2; these
diagrams show two important differences:

• The parameter SOD5→13, showing the Strength of Dependency between the develop-
ment of the PPE and the development of Canadarm 3, has a small negative correlation
with the total development time. This means that a stronger dependency, i.e., a
smaller overlap between these two activities, results in a shorter total development
time (thus avoiding some wasteful overlap, without a strong impact on the final
completion time).

• The punctuality variables with the most impact on the total time of developmental
activities pertain to the HALO, the first commercial heavy lift rocket and the second
government superheavy lift rocket.

Finally, Figure 16 highlights the systems whose punctuality has the highest correlation
with the outputs of the sensitivity analysis and the developmental dependencies whose
parameters have the highest correlation with the outputs of the sensitivity analysis. The
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light orange represents a high correlation with the maximum completion time, purple
represents a high correlation with the total development time, and red represents a high
correlation with both outputs. This graphical representation shows some “paths” of model
parameters that result in the relatively high sensitivity of the results.

Figure 16. Graphic representation of the parameters and variables with a high correlation with
the maximum completion time and total development time in the primary architecture for the
Lunar Gateway System of Systems. Light orange represents a high correlation with the maximum
completion time, purple represents a high correlation with the total development time, and red
represents a high correlation with both outputs.

5. Conclusions, Contributions, and Future Work
Building upon the concepts of a parametric model of dependencies proposed by

Garvey and Pinto [61,62] and by Guariniello and DeLaurentis [63] in the operational
domain, the authors developed a method for analysis of the impact of the developmental
dependencies between systems in an SoS. The SDDA methodology allows users to model
the developmental interactions between systems, accounting for partial dependencies.
This results in a simple model of complex and large systems at a relatively high level of
abstraction based on a small number of input parameters. SDDA can thus be used to
quickly analyze the impact of delays along a development network, identify criticalities,
compare different development architectures, support decisions, and suggest policies to
allow for a trade-off between delay absorption, time of completion, and use of resources.

Compared to traditional approaches to development and scheduling, the SDDA
representation provides multiple advantages and improvements:

• SDDA has a very low computational cost; therefore, it can be useful in quickly analyz-
ing many instances of an architecture and generating policy guidelines for a complex
system with multiple dependencies.

• SDDA parameters have an intuitive meaning and may be easily related to the causes
of observed results when analyzing the impact of delays. Therefore, with the SDDA
model, the user may not only identify the criticalities of the system, but also possible
ways to improve the development strategy.
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• SDDA parameters may come from a variety of sources, including expert evaluation
and historical data. One possible model used to identify the parameters is based on the
information that the development of a system needs to receive from another system.

• A deterministic analysis with SDDA expands the PERT model to include partial
dependencies and dynamic scheduling, accounting for the current punctuality with
which the systems are being developed. The lead time and partial overlap of systems
development are based on the model of dependencies and on punctuality.

• Stochastic analysis supports decision-making in the developmental domain. Based
on some initial estimates, including the expected values and levels of uncertainty
on the punctuality of each system, the user can analyze the effect of various policies
and whether they are more or less risky. Multiple cases can be analyzed, including
scenarios where the actual punctuality differs from the initial estimate to assess the
expected outcome of each policy in terms of times of completion, delay absorption,
and use of resources.

• The SDDA model is built in a way that can immediately accommodate extensions to
include considerations of cost, the allocation of resources, technology prioritization,
and development flexibility.

The advantages of the proposed methodology are compared against some of its
limitations, which include the following:

• There is a risk of oversimplifying the uncertainty associated with SoS when modeling
the developmental dependencies (a sensitivity analysis and accurate modeling of the
most impactful parameters and variables are strongly suggested). At the current stage
of the research, SDDA already provides better and more informed decision support
than traditional methodologies. However, with potential advancements that could
simplify the setup of the model and establish a database of standard developmental
dependencies, more effort can be directed to the extraction of more accurate stochastic
models from existing scenarios.

• A high upfront workload is necessary to identify the parameters of the model. This
can be simplified by the implementation of standard libraries of developmental de-
pendencies or by the use of information extraction methods for the existing data.

• There is a fast-growing search space, especially when additional studies are performed
on top of the fast baseline analysis. Future work will include the use of other method-
ologies in combination with SDDA and will identify ways to appropriately address
the scalability of SDDA beyond the baseline model.

This work presents a case study of a primary and alternative architecture for NASA’s
Lunar Gateway exploration SoS to demonstrate the application of SDDA, both the de-
terministic and in the stochastic version. The results show how SDDA can be used to
support project management decisions by providing a quantitative analysis of the expected
completion time of tasks, as well as the outcomes of different policies in the execution of
tasks. SDDA can therefore provide improvements over existing scheduling methodologies,
directly addressing the characteristics of Systems of Systems, including uncertainty in
development delays, stakeholder preferences regarding acceptance and development prior-
ities, and managerial independence. Because of the domain-agnostic nature of SDDA, the
method can be applied in many different fields with applications in the System of Systems
domain; for example, smart grids, quantum communication technologies, air transporta-
tion, multi-domain defense scenarios, multi-stakeholder satellite constellations, and Urban
Air Mobility.
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Appendix A
Table A1 lists the systems in the alternative architecture of the Lunar Gateway SoS.

Table A1. Systems and technologies in the alternative architecture for the Lunar Gateway System of
Systems. The nodes of the development network represent research and development, system design,
system production, crew training, and mission logistics.

Node No. System/Technology Category Node No. System/Technology Category
1 PPE R&D R&D 23 Robotic NRHO mission 2 Logistics
2 HALO R&D R&D 24 Commercial Heavy Lift 3 Production
3 ESPRIT R&D R&D 25 ESPRIT Production

4 Dev Crew and Science
Airlock Sys design 26 Crew and Science Airlock Production

5 Dev PPE Sys design 27 Robotic NRHO mission 3 Logistics
6 Dev Logistic Module Sys design 28 Govt Super Heavy Lift 1 Production
7 Dev Govt Super Heavy Lift Sys design 29 Orion 1 Production

8 Dev Commercial Heavy
Lift Sys design 30 Blue Moon 1 Production

9 Dev Orion Sys design 31 4-Person Crew 1 Training
10 Dev HALO Sys design 32 Artemis IV Logistics
11 Dev I-HAB Sys design 33 Govt Super Heavy Lift 2 Production
12 Dev ESPRIT Sys design 34 Orion 2 Production
13 Dev GERS (Canadarm 3) Sys design 35 Blue Moon 2 Production
14 Dev HLS and Blue Moon Sys design 36 4-Person Crew 2 Training
15 Commercial Heavy Lift 1 Production 37 Artemis V Logistics
16 PPE Production 38 Govt Super Heavy Lift 3 Production
17 HALO Production 39 Orion 3 Production
18 HLS Production 40 Blue Moon 3 Production
19 Robotic NRHO mission 1 Logistics 41 Logistic Module Production
20 Commercial Heavy Lift 2 Production 42 4-Person Crew 3 Training
21 I-HAB Production 43 Artemis VI Logistics
22 GERS Production

Tables A2 and A3 list the MINIT, MAXIT, and level of uncertainty for the systems
respectively in the primary and alternative Lunar Gateway architecture.

Table A2. Minimum and Maximum Independent development Time, and level of uncertainty for the
systems in the primary Lunar Gateway architecture.

System MINIT MAXIT Unc. System MINIT MAXIT Unc.
PPE R&D 2 2.4 2 4-Person Crew 1 0.5 1.5 2

HALO R&D 2 4 2 Artemis IV 0.4 0.8 1
ESPRIT R&D 1.6 4 3 Govt Super Heavy Lift 2 1 2 1

Dev Crew and Science Airlock 2 3 2 Orion 2 1.4 2.1 1
Dev PPE 3.6 4.5 3 Blue Moon 1 3 4.8 2

Dev Logistic Module 2.2 3 1 GERS 1.4 2.3 1
Dev Govt Super Heavy Lift 2.1 6 3 ESPRIT 2.8 3.5 3
Dev Commercial Heavy Lift 2 5 3 4-Person Crew 2 0.5 1.5 2

Dev Orion 2.3 4 2 Artemis V 0.4 0.8 1
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Table A2. Cont.

System MINIT MAXIT Unc. System MINIT MAXIT Unc.
Dev HALO 4 6 3 Govt Super Heavy Lift 3 1 2 1
Dev iHAB 4 6 2 Orion 3 1.4 2.1 1

Dev ESPRIT 4.8 5.5 2 Blue Moon 2 1.5 2.8 1
Dev GERS (Canadarm 3) 1 2 1 Crew and Science Airlock 2.5 3 2
Dev HLS and Blue Moon 3 6 3 4-Person Crew 3 0.5 1.5 2
Commercial Heavy Lift 1 1 1.4 3 Artemis VI 0.4 0.8 1

PPE 2.5 3.1 3 Govt Super Heavy Lift 4 1 2 1
HALO 3 3.8 2 Orion 4 1.4 2.1 1

HLS 2 3.4 1 Blue Moon 3 1.5 2.8 1
Robotic NRHO mission 1 4 3 Logistic Module 2 5 3
Govt Super Heavy Lift 1 2 3 2 4-Person Crew 4 0.5 1.5 2

Orion 1 1.8 2.5 2 Artemis VII 0.4 0.8 1
iHAB 4 5.5 2

Table A3. Minimum and Maximum Independent development Time, and level of uncertainty for the
systems in the alternative Lunar Gateway architecture.

System MINIT MAXIT Unc. System MINIT MAXIT Unc.
PPE R&D 2 2.4 2 Robotic NRHO mission 2 0.8 1.2 2

HALO R&D 2 4 2 Commercial Heavy Lift 3 0.8 1 1
ESPRIT R&D 1.6 4 3 ESPRIT 2.8 3.5 3

Dev Crew and Science Airlock 2 3 2 Crew and Science Airlock 2.5 3 2
Dev PPE 3.6 4.5 3 Robotic NRHO mission 3 0.8 1.2 1

Dev Logistic Module 2.2 3 1 Govt Super Heavy Lift 1 2 3 2
Dev Govt Super Heavy Lift 2.1 6 3 Orion 1 1.8 2.5 2
Dev Commercial Heavy Lift 2 5 3 Blue Moon 1 3 4.8 2

Dev Orion 2.3 4 2 4-Person Crew 1 0.5 1.5 2
Dev HALO 4 6 3 Artemis IV 0.4 0.8 1
Dev iHAB 4 6 2 Govt Super Heavy Lift 2 1 2 1

Dev ESPRIT 4.8 5.5 2 Orion 2 1.4 2.1 1
Dev GERS (Canadarm 3) 1 2 1 Blue Moon 2 1.5 2.8 1
Dev HLS and Blue Moon 3 6 3 4-Person Crew 2 0.5 1.5 2
Commercial Heavy Lift 1 1 1.4 3 Artemis V 0.4 0.8 1

PPE 2.5 3.1 3 Govt Super Heavy Lift 3 1 2 1
HALO 3 3.8 2 Orion 3 1.4 2.1 1

HLS 2 3.4 1 Blue Moon 3 1.5 2.8 1
Robotic NRHO mission 1 1 4 3 Logistic Module 2 5 3
Commercial Heavy Lift 2 0.8 1 2 4-Person Crew 3 0.5 1.5 2

iHAB 4 5.5 2 Artemis VI 0.4 0.8 1
GERS 1.4 2.3 1
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