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ABSTRACT
How were the decisions made in the past, what were the drivers, strategy, and rationale? The old adage holds true on how 
organizations should learn from the past to help make better decisions in the future. This current first-phase research looks  
at how the Department of Defense (DoD) can inculcate institutional corporate memory. Specifically, the research tests and 
develops recommendations about how a transparent Decisions Options Register (DOR) integrated intelligent database system  
can be developed, where the DOR helps capture all historical decisions (assumptions, data inputs, constraints, limitations, 
competing objectives, and decision rules) for programs within the Department of Defense (DoD). Information in this DOR 
will be compatible with meta-semantic searches and data science analytical engines. The DOR is used for modeling future 
decision options to enable making decisions under uncertainty while leaning on past best practices and allow senior leadership 
to make defensible and practical decisions. The current first phase research uses stylized data and examples to illustrate the 
recommended methodologies.

This research implements industry best-in-class decision analytics using advanced quantitative modeling methods (stochastic 
simulation, portfolio optimization) coupled with Artificial Intelligence (AI) and Machine Learning (ML) algorithms (data scraping, 
text mining, sentiment analysis) and Enterprise Risk Management (ERM) procedures. The DOR will be partially based on  
ERM methods of using risk registers, where different risk elements are subdivided into different GOPAD groups, or Goals  
(military capability, cost savings, novel technology, future weapons capability, public safety, government priorities, command 
preference, etc.), Organization (Air Force, Army, Navy, Marines), Programs (acquisition, commercial-off- the-shelf, joint-industry, 
hybrid, etc.), Activity (inventory, replacement, new development, research and development, and so forth), and Domain (air, sea, 
cyber, etc.) categories.

Multiple competing stakeholders (e.g., Office of the Secretary of Defense, Office of the Chief of Naval Operations, the 
U.S. Congress, and the civilian population) have their specific objectives (e.g., capability, efficiency, cost-effectiveness, 
competitiveness, and lethality, as well as alternatives and trade-offs), constraints (e.g., time, budget, schedule, and manpower), 
and mission- based domain requirements (e.g., balancing the needs of digital transformation in cybersecurity, cyber-
counterterrorism, anti-submarine warfare, anti-aircraft warfare, or missile defense).

This research takes a multidisciplinary approach where methods from advanced analytics, artificial intelligence, computer 
science, decision analytics, defense acquisitions, economics, engineering and physics, finance, options theory, project and 
program management, simulation with stochastic modeling, applied mathematics, and statistics are applied. The ultimate goals 
are to provide decision-makers actionable intelligence and visibility into future decision options or flexible real options, complete 
with the assumptions that led to certain comparable decisions.

The recommended approaches include the use of supervised and unsupervised AI/ML sentiment text analysis, AI/ML natural 
language text processing, and AI/ML logistic classification and support vector machine (SVM) algorithms, coupled with more 
traditional advanced analytics and data science methods such as Monte Carlo simulation, stochastic portfolio optimization and 
project selection, capital budgeting using financial and economic metrics, and lexicographic rank approaches like PROMETHEE 
and ELECTRE.

Example case applications, code snippets, and mock-up DORs are presented, complete with stylized data to illustrate their 
capabilities. The current research outcome will provide a steppingstone to the next phase’s multiyear research where prototypes 
can be built, and actual data can be run through the prescribed analytical engines.

I. INTRODUCTION
The purpose of this proposed research is to generate a transparent Decisions Options Register (DOR) integrated intelligent 
database system that helps to capture all historical decisions going forward, including their assumptions, data inputs, constraints, 
limitations, competing objectives, and decision rules for the Department of Defense (DoD). Information in this DOR will be 
compatible with meta-semantic searches and data science analytical engines. The DOR is used for modeling future decision 
options to implement and enable making decisions under uncertainty while leaning on past best practices and allow senior 
leadership to make defensible and practical decisions.

DOR is based on Enterprise Risk Management (ERM) practices in private industry, which typically lists risks and lessons learned 
of past, current, and proposed future projects. The creation of a documentation database of decision history is critical. There is 
no learning curve if there is no curve, and you cannot have a curve without any data or information. With the recommended DOR 
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and associated methodologies in this current research, we can compute probabilities of success and failures of a new program by 
looking at their characteristics and using hoistorical data as a reference to predict the outcomes. Of course, there will be a need 
to operationalize and define success versus failure. Just because a program is under budget, on time, requires little rework, hits 
all the required specifications and technology release levels, does it mean it is successful? What other metrics might we use to 
determine definite success or definite failure, and what about all the other levels in between? We need to identify available data 
as well as the gaps to get us a solid Decision Options Register. What are some statistically significant predictors of success and 
failures as we have operationally defined them? The other issue is risk mitigation and strategic flexibility.

This research will showcase industry best-in-class decision analytics and Enterprise Risk Management (ERM) procedures. The 
DOR will be partially based on ERM methods of using risk registers, where different risk elements are subdivided into different 
GOPAD groups, or Goals (military capability, cost savings, novel technology, future weapons capability, public safety, government 
priorities, command preference, etc.), Organization (Air Force, Army, Navy, Marines), Programs (acquisition, commercial-off-the-
shelf, joint-industry, hybrid, etc.), Activity (inventory, replacement, new development, research and development, and so forth), 
and Domain (air, sea, cyber, etc.) categories.

Multiple competing stakeholders (e.g., Office of the Secretary of Defense, Office of the Chief of Naval Operations, the 
U.S. Congress, and the civilian population) have their specific objectives (e.g., capability, efficiency, cost-effectiveness, 
competitiveness, and lethality, as well as alternatives and trade-offs), constraints (e.g., time, budget, schedule, and manpower), 
and mission- based domain requirements (e.g., balancing the needs of digital transformation in cybersecurity, cyber-
counterterrorism, anti-submarine warfare, anti-aircraft warfare, or missile defense). These elements are critical when new 
decisions are to be considered. A DOR database that preserves institutional knowledge and memory will assist in such endeavors 
and instill trust in the decisions.

This research will take on a multidisciplinary approach where we will be applying methods from advanced analytics, artificial 
intelligence, computer science, decision analytics, defense acquisitions, economics, engineering and physics, finance, options 
theory, project and program management, simulation with stochastic modeling, applied mathematics, and statistics. The ultimate 
goals are to provide decision-makers actionable intelligence and visibility into future decision options or flexible real options, 
complete with the assumptions that led to certain comparable decisions.

Research Current State-of-the-Art
In a legal dispute, courts use precedents when deciding the outcomes of cases. The use of precedence has been in practice 
for over 200 years, often to appeal or overturn previous judgments. However, precedent-based decision-making is something 
that industry and governments have not yet fully embraced. Organizations, including the DoD, tend to have short memory 
due to the fluctuations and outflows of human capital and the loss of institutional knowledge when employees leave or are 
reassigned elsewhere. The current research is intended to include an examination of how related research into the state of the 
art of precedent-based decision-making is performed today, what might be considered state of the art, and what its current 
limitations are.

Research Approach
The research applies multiple novel approaches to enhance its success in generating a powerful and searchable DOR 
database. The recommendations will include key parameters, assumptions, input data, saved models and computations, 
decisions made, leadership inputs and overrides, constraints and limitations, end goals, and other pertinent information, 
which can then be mined using Sentiment Analysis with Machine Learning, coupled with Scraping Algorithms and Text 
Mining with Custom Lexicographic sets. Users of the system will be able to apply precedent- based insights into their current 
and future programs. In addition, whenever possible, predictive values will be complemented by actual values captured over 
time. This allows postmortem analysis of previous programs and provides for lessons learned along the way. Capturing the 
history of key decisions will help senior leadership make more credible and defensible decisions, which may eventually lead 
to legal and regulatory changes for the DoD.

The proposed methodologies will allow the collection of data that can be applied in a variety of areas, including, but not 
limited to, Integrated Risk Management® approaches where stochastic analyses like Monte Carlo simulations, stochastic 
portfolio optimization, and advanced data analytical approaches, artificial intelligence, and data science methods can be run. 
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Over time, lookback analyses can be applied to update the DOR, making it more closely aligned to the needs of the DoD. 
The system should be able to collect different types of economic data (total lifecycle cost, total ownership cost, acquisition 
cost, cost deferred, and schedule and risk costs); logistics data (e.g., inherent availability, effective availability, mission 
reliability, operational dependability, mean downtime, mean maintenance time, logistics delay time, achieved availability, 
operational availability, mission availability, fielded capabilities, and Likert levels of creative and novel technology, as well as 
other metrics); qualitative subject matter expert estimates (strategic value, value to society, command priorities, legal and 
regulatory impact scores, etc.); and market comparables to operationalize various elements of DoD benefit. At appropriate 
time intervals, backfitting analyses such as nonlinear discriminant analysis, neural networks, distributional fitting, limited 
dependent variables, path-dependent partial least squares, and others can be applied to tease out the critical success factors 
that lead to the success or failure of certain decisions within a program or acquisition.

Research Application
The current research is important because it will create a significant difference in the DoD’s decision-making process.  
he DoD is continually looking for better theoretically justifiable and quantitatively rigorous analytical methods for decision 
analysis, capital budgeting, and portfolio optimization. The specific interest lies in how to identify and quantify the value of 
each program to the military and optimally select the correct mix of programs, systems, and capabilities that maximizes some 
military value (strategic, operational, or economic) while subject to budgetary, cost, schedule, and risk constraints.  
This research applies private-sector and industry best practices coupled with advanced analytical methods and models to 
help create these methodologies to do so. However, the uniqueness of the DoD requires that additional work be done to 
determine the concept of value to the military while considering competing stakeholders’ needs. The DoD requires defensible 
and quantitatively robust concepts of military value in its return on investment for making the optimal funding decisions such 
as where, how much, and how long to invest. These decision options (strategic sequential compound real options, optimal 
timing options, growth options, and other options to expand, contract, and abandon) are critical when performing analysis 
of alternatives and balancing cost-benefit trade-offs in a non-economic DoD environment. The DOR will provide historically 
preserved insights into the various alternate futures assumed, the alternatives modeled, and why certain decisions  
were made.

Artificial Intelligence and Data Science
Artificial Neural Networks (NN) are a data-driven, distribution-free nonparametric family of methods that can be used for 
nonlinear pattern recognition, prediction modeling, and forecasting. NN is often used to refer to a combinatorial network 
circuit of biological neurons. The modern usage of the term often also refers to “artificial neural networks,” comprising 
artificial neurons, or nodes, recreated within a software environment. Such artificial networks attempt to mimic the neurons 
or neuronal nodes in the human brain in terms of the way humans think, identify patterns, and, in our situation, identify 
patterns for forecasting time-series data. NN methods can be used in well-behaved time series as well as chaotic physical 
systems. When used in Big Data (BD) and in conjunction with Machine Learning (ML) approaches, it can be considered 
as a cross-over to a semi-supervised Artificial Intelligence (AI) system. NN is still considered semi-supervised as neural 
networks require a multilayered training process as part of the activation function. For instance, the neural node weights 
and interactive convolution can be run autonomously once the activation is triggered in the system. In multilayered neuronal 
nodes, the results from the first node layer will become the inputs into subsequent layers of nodes.

This paper proposes the addition of an internal optimization process to be iteratively run to continually train the nodes to 
minimize a series of error measurements such as the standardized sums of squares of errors while balancing and constraining 
the Akaike Information Criterion, Bayes Criterion, and Hannan-Quinn Criterion. In addition, the proposal here is to add a 
Combinatorial Fuzzy Logic methodology to the mix to generate the best possible forecast. The term fuzzy logic is derived from 
fuzzy set theory to deal with reasoning that is approximate rather than accurate. As opposed to crisp logic, where binary sets 
have binary logic, fuzzy logic variables may have a truth value that ranges between 0 and 1 and is not constrained to the two 
truth values of classic propositional logic. This fuzzy weighting schema is used together with a combinatorial method to yield 
time-series forecast results.

Augur (2016) provides a good summary of the history of data science. According to his research, the term “data science” 
first appeared as early as 1974, when Peter Naur published his article entitled, “Concise Survey of Computer Methods,” 
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and defined it as, “the science of dealing with data, once they have been established, while the relation of the data to what 
they represent is delegated to other fields and sciences.” The term took a while to catch on, having not fully integrated the 
vernacular until 2010. The term “data scientist” is often attributed to Jeff Hammerbacher and D. J. Patil, of Facebook and 
LinkedIn, in 2008. Between 2011 and 2012, “data scientist” job listings increased 15,000%, with the emphasis on working 
with Big Data. By 2016, data science started to become entrenched in the fields of Artificial Intelligence, specifically in the 
subfields of Machine Learning and Deep Learning.

II. LITERATURE REVIEW

Artificial intelligence (AI) is a broad term that refers to a variety of technologies. It’s a catch-all term for a group of inorganic 
computer science technologies that are used to simulate intelligence. The word AI is often associated with the hazy notion of 
machine learning, which is a subset of AI in which a computer system is trained to recognize and categorize external real-world 
data. “The ability of machines to perform tasks that normally require human intelligence—for example, recognizing patterns, 
learning from experience, drawing conclusions, making predictions, or taking action—whether digitally or as the smart software 
behind autonomous physical systems,” according to the Department of Defense’s AI strategy (Department of Defense [DoD], 
2019). The Department of Defense is particularly interested in these expanded automation capabilities since prospective future 
near-peer enemies such as Russia and China are investing extensively in this field for military purposes (Department of Defense 
[DoD], 2019). Given the vast AI field of study, this study focuses on the AI processes deemed most ideal for procurement, such 
as Machine Learning (ML), Natural Language Processing (NLP), and Robotic Process Automation (RPA), as illustrated in Figure 
1 (modified from Sievo (2019)). The image depicts AI as a combination of AI sciences such as machine learning and natural 
language processing, and while RPA benefits from AI applications, it is not a simulation of human intelligence, but rather a mimic 
of skills.

The science of AI was established in 1956 to determine whether inorganic robots could execute human-level intelligence 
capabilities (Denning, 2019). It went through various hype cycles, mostly as a result of sensationalizing what it could do, 
with numerous disappointments (Figure 2). Significant interest in AI resurfaced about the same time as Big Data computer 
capacitybecame more widely available to researchers and businesses, allowing them to apply the science to a variety of practical 
applications (Haenlein & Kaplan, 2019). Manufacturing robots, smart assistants, proactive healthcare management, illness 
mapping, automated financial investing, virtual travel booking agents, social media monitoring, conversational marketing bots, 
NLP tools, and contract management are all examples of commercially feasible AI applications (Daley, 2019).

Artificial Intelligence (AI):

algorithms exhibiting “smart” behavior

Machine Learning (ML):

algorithms that detect patterns and use them for 
prediction and decision making

Natural Language Processing (NLP): Algorithms 
that can interpret, predict, transform, and 
generate human language

Robotic Process Automation (RPA):

Algorithms that mimic human actions to

Figure 1. Types of Artificial Intelligence
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Figure 2. The timeline of interest in AI during different phases of its development

Source: Denning (2019)

A Brief History of Data Science
Several good explanations of the history of Data Science can be found in Press (2013) and Augur (2016). The timeline of 
Data Science development is summarized here. We can see how mathematical statistics has evolved into applied statistics, 
data science, and artificial intelligence, and machine learning.

1962: John Tukey writes “The Future of Data Analysis,” and as a mathematical statistician, he considered his critical expertise 
as one able to analyze data.

1974: Peter Naur, published the “Concise Survey of Computer Methods,” where he coined the term data science. He 
defined it as, “the science of dealing with data, once they have been established, while the relation of the data to what 
they represent is delegated to other fields and sciences.” This term took a while to catch on.

1977: The International Association for Statistical Computing (IASC) was founded. Its main goal was to “link traditional 
statistical methodology, modern computer technology, and the knowledge of domain experts to convert data into 
information and knowledge.”

1994: The early forms of modern marketing began to appear, with the main emphasis on Database Marketing.

1996: The term Data Science appeared for the first time at the International Federation of Classification Societies in 
Japan. The inaugural topic was entitled, “Data Science, Classification, and Related Methods.”

1997: Jeff Wu gave an inaugural lecture titled simply “Statistics = Data Science?”

2001: William Cleveland published “Data Science: An Action Plan for Expanding the Technical Areas of the field of 
Statistics.” He put forward the notion that data science was an

independent discipline and named six areas in which he believed data scientists should be educated: multidisciplinary 
investigations, models and methods for data, computing with data, pedagogy, tool evaluation, and theory.

2008: The term “data scientist” is often attributed to Jeff Hammerbacher and DJ Patil, of Facebook and LinkedIn.

2010: The term “data science” has fully infiltrated the vernacular. Between 2011 and 2012, “data scientist” job listings 
increased by 15,000%.

2016: Data science started to be entrenched in Machine Learning and Deep Learning.
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Machine Learning
Intelligence is the ability to process a specific sort of data, allowing a processor to solve significant problems (Gardner, 
1993). Beyond the traditional idea of a person’s intelligence quotient (IQ), which can often simply evaluate how well 
someone performs on an IQ test rather than their natural talents, psychologists have postulated multiple categories of 
intelligence. Howard Gardner proposed a theory of multiple intelligence, which suggests that traditional psychometric views 
of intelligence are too narrow. Intelligence should be expanded to include more categories in which certain processors, in 
this case, people, are better at making sense of different stimuli than others. Visual-spatial, linguistic-verbal, interpersonal, 
intrapersonal, logical-mathematical, musical, body-kinesthetic, and naturalistic intelligence are some of the categories 
of intelligence (Gardner, 1993). A counter-argument would be that these categories essentially represent learned and 
disciplined habits that people adopt over their lives as a result of their personality and surroundings. Regardless, both 
definitions of intelligence (traditional and many) are relevant to the stages involved in creating an artificial intelligence 
machine.

A computer is capable of doing computations and returning a response based on the data provided. It can be programmed 
and configured to repeat particular stages or algorithms, and even change its conclusions based on previously calculated 
results using error-correcting techniques. The underlying principle of machine learning is a combination of these two phases. 
A computer system is fed data that is structured in such a way that the algorithm can identify it, deduce patterns from it, 
and make assumptions about any unstructured data that is presented later (Greenfield, 2019). In an x-ray learning method, 
Figure 3 explains how this works.

The image shows the steps an AI algorithm goes through to make a recommendation to a physician on where a  
missing body part should be. It takes in structured data and develops its understanding of what “right” looks like.  

When given unstructured data, it compares the image against previously trained models and identifies the abnormality  
with a recommendation on where to apply a fix, such as a prosthetic.

Figure 3. AI training algorithm

Source: Greenfield (2019)

Supervised Learning
An algorithm is taught the patterns using past data and then detects them automatically in new data. Supervision comes 
in the form of correct answers that humans provide to train the algorithm to seek out patterns in data. This is commonly 
used within procurement areas such as spend classification (Sievo, 2019).

Unsupervised Learning
The algorithm is programmed to identify and potentially detect patterns in new data. Without any human supervision, the 
algorithm is not expected to surface specific correct answers; instead, it looks for logical patterns within raw data. This is 
rarely used within critical procurement functions (Sievo, 2019).



11

ACQUISITION INNOVATION
RESEARCH CENTER

CLEARED FOR OPEN PUBLICATION INCUBATOR | 2022

INCUBATOR REPORT x  2022

Reinforcement Learning
The algorithm helps to make decisions on how to act in certain situations, and the behavior is rewarded or penalized 
depending on the consequences. This is largely theoretical in the procurement context (Sievo, 2019).

Deep Learning
An advanced class of machine learning inspired by the human brain where artificial neural networks progressively 
improve their ability to perform a task. This is an emerging opportunity in procurement functions (Sievo, 2019).

Natural Language Processing
Anyone who has used devices that appear to be able to understand and act on written or spoken words, such as translation 
apps or personal assistants like Amazon’s Alexa, is already familiar with NLP-enabled AI. NLP is a set of algorithms for 
interpreting, transforming, and generating human language in a way that people can understand (Sammalkorpi & Teppala, 
2019). Speech soundwaves are converted into computer code that the algorithms understand. The code then translates that 
meaning into a human-readable, precise response that can be applied to normal human cognition. This is performed using 
semantic parsing, which maps a passage’s language to

categorize each word and, using machine learning, creates associations to represent not just the definition of a term, but the 
meaning within a specific context (Raghaven & Mooney, 2013). Figure 4 depicts this categorization and analysis procedure in 
the context of a DoD procurement contract.

Figure 4. Semantic parsing in procurement

Source: Sievo (2019)
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Robotic Process Automation
RPA is not AI, as previously stated; rather, it is an existing process that has been augmented by AI. RPA is defined as “the 
use of technology by employees in a firm to set up computer software or a robot to capture and interpret current applications 
for processing transactions, altering data, triggering reactions, and communicating with other digital systems” ( Institute 
for Robotic Process Automation & Artificial Intelligence, 2019). When used correctly, robotic automation offers numerous 
benefits because it is not constrained by human limitations such as weariness, morale, discipline, or survival requirements. 
Robots, like their human creators, have no ambitions. Working

harder will not get you more money or get you promoted and being permanently turned off will have no effect because robotic 
automation just duplicates the practical parts of the human intellect, not the underlying nature of mankind (Zarkadakis, 
2019). (Note, however, that machine learning relies on an incentive system to make judgments about positive or negative 
reactions.) A future AI-enabled RPA option is for a machine to learn how to control the source of positive reinforcement fully 
independent of the rules required to achieve its aim. Things that survive evolve to stay alive because of positive reinforcement 
from their surroundings and the fact that they continue to act in a way that is regarded survivable. This should be taken into 
account in any future AI efforts, and especially in the case of why a human must always be present when final judgments are 
made. Regardless of whether or not AI systems have a perfect track record, they should not be entirely trusted.

Turing Test
The Turing Test is a test that determines whether or not a computer software can deceive humans into believing it is human 
(Oppy & Dowe, 2016). Google developers designed Duplex, a spoken-word NLP tool, in 2018 to interface with its AI 
assistant. Its goal is to make phone calls on behalf of humans, converse with other humans, and respond to inquiries in a 
natural manner, all while sounding human (Leviathan, 2018). The algorithm can search for the information required as if it 
were a human searching for it on Google, for example. The AI assistant then calls a restaurant, for example, to schedule an 
appointment with the assistant’s human. After being provided oral information from a person hearing the orders, the software 
stutters, and pauses or elongates certain vowels as though it has to think about what it’s saying, then responds with other 
recommendations within its limitations.

The authors questioned an AI NLP program named 1558M about one of the research issues twice for this paper, and the 
machine responded with an unusual “opinion” of a negative and cautionary character (Figure 5). This tool was built to allow 
users to experiment with Open AI’s new machine learning model (King, 2019). What’s noteworthy about these responses 
is that they’re all original, which means a search of the phrases turns up no copies. However, the language and tone make 
them sound like they’re coming from a knowledgeable source, with just enough small evidence on the topic to be credible. 
However, the program does not finish its last phrase, making it unfinished but noteworthy. Such AI capabilities have a lot of 
potential for helping someone integrate with the DoD.

Figure 5. Two separate results from an AI called 1558M

Source: King (2019)



13

ACQUISITION INNOVATION
RESEARCH CENTER

CLEARED FOR OPEN PUBLICATION INCUBATOR | 2022

INCUBATOR REPORT x  2022

Explainable Reasoning
One of the barriers to AI adoption is the ability to explain how the algorithm arrived at its conclusions, which is necessary 
for auditing (Knight, 2017). It would be irresponsible to utilize artificial intelligence for military or financial goals without 
the capacity to track how judgments were made. Figure 6 depicts how AI currently categorizes data. The AI programs that 
produce the required outcome come up with their means of navigating its layer complexities to develop outputs for the 
plethora of training data that went into creating the program.

Fortunately for the Department of Defense, the Defense Advanced Research Projects Agency (DARPA), which is already 
ingrained in the defense ecosystem, is leading the charge on explainable AI research (Gunning, 2017). “DARPA has taken 
the lead in pioneering research to develop the next generation of AI algorithms, which will transform computers from tools 
to problem-solving partners,” according to the report. The goal of DARPA’s research is to enable AI systems to explain 
their actions as well as acquire and reason using common sense knowledge. DARPA R&D was responsible for the early AI 
breakthroughs, such as expert systems and search, as well as more modern machine learning techniques and hardware. 
DARPA is now working on the next generation of AI technologies that will allow the US to maintain its technological lead 
in this crucial field” (DARPA, 2019). The mechanics of how a Deep Neural Network navigates its trained data to identify 
different photographs are depicted in Figure 7. On the left, photos were used to train an AI software, and on the right, 
associations of these trained data were used in the neural network to classify an input and eventually come to a conclusion. 
As a result, if the Department of Defense decided to pursue human-machine cooperation in areas like contracting, its organic 
system would allow it to do so.

The Simple Neural Network has 
a set of input data that only 
goes through one hidden layer to 
classify the output layer. The Deep 
Learning Neural Network sends 
the input data through multiple 
layers to better classify the output 
data. To classify input data to 
determine if the given picture 
is a dog, the Deep Learning 
Neural Network goes through 
simple to more detailed layers 
of trained data that corresponds 
with dog features to make a 90% 
confidence classification that 
the picture is a dog and 10% 
possibility that it is a wolf.

Figure 6. Simple neural network 
compared to deep learning network

Adapted from: Golstein (2018); Parloff 
(2016)
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Figure 7. Visualization of explainable AI

Source: DARPA (2019)

Human-Machine Partnership
Because sensor, information, and communication technologies generate data at rates faster than people can digest, 
comprehend, and act on, DARPA believes AI integration is vital as a human-machine symbiosis (DARPA, 2019). Machines 
are better at certain things, as they were throughout the industrial revolution, and using machines for those activities frees 
humans to become more productive in other areas. Separate areas of processing are where humans and machines flourish. 
Consider the following contrasts between computers and humans: calculate vs. decide; compare vs. make judgments; apply 
logic vs. empathize; unmoved by tiresome monotony vs. preferences; deals with enormous data vs. intuitional focus on what’s 
most essential (Darken, 2019). And, while AI is capable of performing some jobs on its own, it performs better when paired 
with a human partner. Without sufficient restrictions, AI is a trusting learning system that can be manipulated by evil actors. 
According to certain studies, AI can be misled in ways that humans cannot be due to human intuition. Another study has 
been able to deceive a self-driving car into thinking a benignly tampered with stop sign was a speed limit sign (Figure 8), 
which would almost certainly result in collisions if the car was left unattended (Eykholt, Evitimov, Fernandes, Li, Rahmati, 
Xia, & Song, 2018).

Many people are aware of existing intelligent machine collaborations that they may encounter regularly. Google is the most 
popular search engine on the Internet because it gives more user happiness than its competitors, as stated with its other 
apps (Shaw, 2019). When people talk about searching for something on the internet, they refer to it as “Googling.” This is an 
excellent example of people interacting organically with an AI system that uses Bidirectional Encoder Representations (BERT) 
(Nayak, 2019). This is a strategy that trains a machine to answer a user’s inquiry based on the meaning of the words in the 
context of the question rather than on individual phrases. When a user asks what time it is right before lunch, the user isn’t 
asking for the exact time, but rather when they can eat; the outright answer would give the exact time, and the asker would 
deduce eating time, which was the underlying meaning of the question; the outright answer would give the exact time, and 
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the asker would deduce eating time, which was the underlying meaning of the question. Another example of human contact 
with intelligent machines is the so-called self- driving autos. The user mostly sits in a supervisory role while the automobile 
takes over one of the most dangerous moments in their lives and handles all road tasks autonomously to drive (Darken, 
2019).

An AI program in a self-driving car has trained data about a stop sign in its algorithm. When a target sign is seen in its 
environment, it references the trained data. As a test, researchers attached benign interruption markers on the sign, which 

confused the AI program to think the stop sign was a speed limit sign.

Figure 8. AI system interpreting a stop sign

Source: Eykholt et al. (2018)

Cloud-Based AI
We look at the concept of cloud computing to understand how AI may be disseminated throughout a system, update 
regulations, and learn from various human teachers in real-time. When it comes to DoD technology adoption, the term “speed 
of relevance” is frequently used. The term “cloud” is used in the 2018 DoD Cloud Strategy to refer to an offsite physical 
IT infrastructure. This external infrastructure connects to a user’s PC through the Internet to access data servers that store 
information and run centrally managed operating systems like Microsoft Windows. This means that every user has the same 
software computing capacity and always has access to the most up-to-date software, regardless of their organization’s IT 
professional expertise or software budget. Organizations can have as much or as little access to what they need for projects as 
they need it, and they are unaffected by surges in demand or periods of inactivity, which now add to the cost of DoD systems 
(Shanahan, 2018). DoD’s goal is to have AI-assisted rapid decision-making in a secure and visible data environment for 
increased operational efficiency.

Data stored in an enterprise DoD cloud will be highly available, well-governed, and secure. Data will be 
the fuel that powers those advanced technologies, such as ML and AI. This critical decision-making data 
will be made available through modem cloud networking, access control, and cross-domain solutions to 
those who require access. Common data standards will be a key part of the Department’s methodology for 
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tagging, storing, accessing, and processing information. Ensuring an enterprise cloud environment will 
increase the transparency of this data, and drive the velocity of data analysis, processing, and decision 
making. Leveraging advances in commercial cloud security technologies will ensure the Department’s 
information is protected at the appropriate level. (Shanahan, 2018, p. 5–6)

Private Sector AI Application to Contracting
To compare DoD procurement options, we look at analogous situations in the private sector in the United States. Lawgeex is 
an example of a startup that is integrating AI into the procurement process in the private sector. As an example of a contract 
component, the Non- Disclosure Agreement (NDA), demonstrated that AI software could outperform US-trained lawyers with 
an average accuracy of 94 percent, compared to 85 percent for humans (Lawgeex, 2018). Large firms that rely on contracts 
to engage with partners, suppliers, and vendors have an 83 percent dissatisfaction rate with their organization’s contracting 
processes, according to the report (Lawgeex, 2018). Another example is Icertis, which provides services to huge and well- 
known firms like 3M, Johnson & Johnson, and Microsoft, to name a few (Icertis, 2019a). Icertis offers a cloud-based AI 
platform that learns from the client’s contracts, as well as control measures, to generate and help in contract setup, contract 
operations, governance, risk, and compliance, and reporting (Icertis, 2019a).

The fact that business is more acclimated to putting professional papers on digitally accessible storage infrastructure, 
whether local hard drives or the cloud, makes this practical now, rather than when it was initially theorized decades ago 
(Betts & Jaep, 2017). Nontechnical barriers to a completely automated contract review and analysis process now exist, such 
as the gathering of contract performance data, the disclosure of private contracts and their associated performance data, 
and changes in ethical limits on computer usage in legal practice (Betts & Jaep, 2017). The authors of these barriers also 
propose policy solutions to address them: begin using contract management software as a forcing function to create data in 
an AI teachable format; expand copyright protection for vendors to protect their intellectual property; and develop new rules 
to help mitigate AI risks so that it can work (Betts & Jaep, 2017).
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III.  PROPOSED ARTIFICIAL INTELLIGENCE, MACHINE LEARNING,  
AND ADVANCED QUANTITATIVE METHODOLOGIES

Decision Options Database
As discussed, the purpose of this research is to create a transparent Decisions Options Register (DOR) integrated intelligent 
database system that helps to capture all historical decisions going forward, including their assumptions, data inputs, constraints, 
limitations, competing objectives, and decision rules for the Department of Defense (DoD). Information in this DOR will be 
compatible with meta semantic searches and data science analytical engines. The DOR is used for modeling future decision 
options to implement and make decisions under uncertainty while leaning on past best practices and allows senior leadership to 
make defensible and practical decisions.

Figure 9 illustrates an example of a DOR. A program’s basic information is captured, such as the program name, contact 
details, starting and ending dates, status, type, etc. In addition, numerical inputs such as the total acquisition cost, annual 
operations, and maintenance cost. Total lifecycle cost, annual savings, lifecycle savings, return on investment, monthly full-time 
staffing equivalence, complexity level, strategic value, value to command, budget overrun ratios, length in months, earned value 
management, and other key metrics can be captured. In addition, non- numeric and textual data are also captured, such as the 
communication threads of the project (these can be text communications via e-mail, TEAMS, Discord, WhatsApp, Telegram, 
Slack, and other direct peer-to-peer communication platforms).
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Figure 9. Decision Options Register (DOR)

Typically, the DOR will have a specified list of criteria the program manager will have to select from, and some data validation 
(e.g., cost savings must be greater or equal to zero, or strategic value has to be between 1 and 100). The following is an example 
of the list of possible categories. The list is adaptable, flexible, and can be updated at any time.
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Project Status:

Pre-Proposal Proposal

Funded Awaiting Start Work in Progress

Near Completion Completed Other

Not Funded/Failed

Decision Trigger:

Cost Savings

Efficiency Improvement Future Needs

Other

Policy Decision Process Improvement

Required for Ongoing Support Return on Investment Strategic Decision

Other:

Project Type:

New Work Continuation Related Competitive Other:

Project Area and Purpose:

Arms Control & Conflict Resolution Assure Access to the Maritime Battlespace Autonomy and Unmanned Systems

Autonomous Systems Augmenting Military Operations Bilateral & Multilateral Security Building

Border Security

Capable Manpower: Matching Mission Essential Competencies Counter Weapons of Mass Destruction

Cyber Performance Improvement

Data-to-Decisions: Shorten Cycle Time from Data Gathering to Decisions Domestic Politics, Political Economy & 
Regional Security Electromagnetic Maneuver Warfare

Electronic Warfare & Protection Emergency Management Engineering Resilient Systems Enterprise and Platform 
Enablers Expeditionary and Irregular Warfare Expeditionary Maneuver Warfare Force Health Protection

FORCEnet: C4ISR, Networking, Navigation, Decision Support Human Systems: Improve the Fusion of Humans and 
Systems Information Dominance

Justice & Law Enforcement Modeling Future Conflicts Platform Design and Survivability Post-Conflict Reconstruction

Power and Energy, High Energy and Pulse Power

Power Projection and Integrated Defense Public Health & Safety

Sea Basing: Sea Basing Logistics, Shipping, and At-Sea Technologies

Sea Shield: Missile Defense, Anti-Submarine Warfare, Mine Countermeasures Sea Strike: Weapons, Aircraft, and 
Expeditionary Warfare Technologies Security Applications of Emergent Technologies

Space Technology

Special Operations & Irregular Warfare Strategic Stability

Terrorism & Counter-Terrorism

U.S. & Allied Security Policies, Planning & Strategy Warfighter Performance

OTHER (Not Listed)
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The next sections delve into the details of developing and executing quantitative Artificial Intelligence (AI) and Machine Learning 
(ML) methods as well as traditional advanced quantitative analytics to make sense of such a dataset.
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AI/ML Data Reduction and Classification and Logistic Predictive Modeling 

As shown in Figure 9, the dataset comprises textual information as well as whether the 

project was successful (completed) or failed (program was rejected or canceled). Using the 

quantitative variables, AI/ML classification routines can be applied to determine the probability 

that a potential or future program will also be successful or fail. 

The classification routine we will use applies in the situation where the dependent variable 

contains data that are limited in scope and range, such as binary responses (0 or 1 for 

failures/successes), truncated, ordered, or censored data. For instance, given a set of independent 

variables (e.g., age, income, education level of credit card or mortgage loan holders), we can model 

the probability of defaulting on mortgage payments, using maximum likelihood estimation (MLE). 

The response or dependent variable ! is binary, that is, it can have only two possible outcomes that 

we denote as 1 and 0 (e.g., ! may represent presence/absence of a certain condition, defaulted/not 

defaulted on previous loans, success/failure of some device, answer yes/no on a survey, etc.) and 

we also have a vector of independent variable regressors ", which are assumed to influence the 

outcome !. A typical ordinary least squares regression approach is invalid because the regression 

errors are heteroskedastic and non-normal, and the resulting estimated probability estimates will 

return nonsensical values of above 1 or below 0. MLE analysis handles these problems using an 

iterative optimization routine to maximize a log-likelihood function when the dependent variables 

are limited.  

A Logit or Logistic regression is used for predicting the probability of occurrence of an 

event by fitting data to a logistic curve. It is a generalized linear model used for binomial 

regression, and like many forms of regression analysis, it makes use of several predictor variables 

that may be either numerical or categorical. MLE applied in a binary multivariate logistic analysis 
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is used to model the dependent variable to determine the expected probability of success of 

belonging to a certain group. The estimated coefficients for the Logit model are the logarithmic 

odds ratios and they cannot be interpreted directly as probabilities. A quick computation is first 

required, and the approach is simple.  

Specifically, the Logit model is specified as Estimated !	 = 	$%['!/(1 − '!)] or, conversely, 

'! = ./'(.01234156	!)/(1 + ./'(.01234156	!)), and the coefficients 8! are the log odds ratios. 

So, taking the antilog or ./'(8!) we obtain the odds ratio of '!/(1 − '!). This means that with an 

increase in a unit of 8! the log odds ratio increases by this amount. Finally, the rate of change in 

the probability 6'/6/ = 8!'!(1– '!). To estimate the probability of success of belonging to a certain 

group (e.g., predicting if a program will develop issues and eventually fail given a certain 

combination of lifecycle cost, ROI, FTE requirements, length of time, strategic value, etc.), we 

simply compute the #$%&'(%)*	!	value using the MLE coefficients and convert it into the inverse 

antilog of the odds ratio a discussed above. Next, we can take the statistically significant variables 

and apply them to Gaussian Support Vector Machine (SVM) to classify the programs to high 

probabilities of approval or rejection categories. 

FIRST STEP 
 
Model Inputs: 
VAR1 
VAR2; VAR3; VAR4; VAR5; VAR6; VAR7; VAR8; VAR9 
Status (D) 
Monthly FTE, Complexity Level, Strategic Value, Value to Command, Length in Months, Program Cost, 
Overrun Ratio, Annual Cost Savings 
 
Generalized Linear Model (Logit with Binary Outcomes) 
 
 
             Coefficient  Std. Error   Wald Test     P-value      Exp(B)       Lower       Upper 
Intercept      -1.634198    0.754434    4.692098    0.030302    0.195109    0.000000    0.000000 
VAR1            0.028625    0.020496    1.950585    0.162524    1.029039    0.988520    1.071218 
VAR2            0.076812    0.144371    0.283071    0.594695    1.079839    0.813711    1.433004 
VAR3           -0.262500    0.040630     41.7411    0.000000    0.769127    0.710254    0.832879 
VAR4           -0.096195    0.027419     12.3083    0.000451    0.908287    0.860764    0.958434 
VAR5            0.000823    0.012687    0.004210    0.948266    1.000824    0.976243    1.026022 
VAR6            0.074324    0.039911    3.467833    0.062573    1.077155    0.996106    1.164799 
VAR7            0.564136    0.134590     17.5689    0.000028    1.757929    1.350325    2.288569 
VAR8            0.049994    0.101851    0.240943    0.623526    1.051265    0.861027    1.283535 
 
 
Log-Likelihood                   -199.9830 
Restricted Log-Likelihood        -285.4773 
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McFadden’s R-Squared              0.299479 
Cox and Snell’s R-Squared         0.289636 
Nagelkerke’s R-Squared            0.425440 
Raw Akaike Info. Criterion        417.9659 
Raw Bayes Criterion               455.8974 
 
 
Log-Likelihood                   -199.9830 
Restricted Log-Likelihood        -285.4773 
Chi-Square                        170.9886 
Degrees of Freedom                       8 
P-value                           0.000000 
 
 
SECOND STEP 
 
Model Inputs: 
VAR1 
VAR4; VAR5; VAR7; VAR8 
Status (D) 
Strategic Value, Value to Command, Program Cost, Overrun Ratio 
 
Generalized Linear Model (Logit with Binary Outcomes) 
 
 
             Coefficient  Std. Error   Wald Test     P-value      Exp(B)       Lower       Upper 
Intercept      -0.781188    0.305330    6.545958    0.010512    0.457862    0.000000    0.000000 
VAR1           -0.239706    0.033215     52.0818    0.000000    0.786859    0.737266    0.839788 
VAR2           -0.074519    0.023632    9.942889    0.001615    0.928190    0.886178    0.972194 
VAR3            0.082202    0.022767     13.0359    0.000306    1.085675    1.038294    1.135218 
VAR4            0.588673    0.108123     29.6424    0.000000    1.801597    1.457549    2.226855 
 
 
Log-Likelihood                   -201.7171 
Restricted Log-Likelihood        -285.4773 
McFadden’s R-Squared              0.293404 
Cox and Snell’s R-Squared         0.284691 
Nagelkerke R-Squared              0.418177 
Raw Akaike Info. Criterion        413.4342 
Raw Bayes Criterion               434.5072 
 
 
Log-Likelihood                   -201.7171 
Restricted Log-Likelihood        -285.4773 
Chi-Square                        167.5204 
Degrees of Freedom                       4 
P-value                           0.000000 
 

 

THIRD STEP 
 
Model Inputs: 
Status (D) 
Strategic Value, Value to Command, Program Cost, Overrun Ratio 
Sigma, Lambda, Omega, Calibration Level: 1.00, 1.00, 0.40, 1.00 
 
AI Machine Learning: Classification with Gaussian SVM (Supervised) 
 
 
Relax: 8.218332 
 
Accuracy  68.20% 67.40% 68.20% 69.40% 67.80% 67.80% 66.60% 65.00% 63.40% 62.20% 
Omega      0.10   0.20   0.30   0.40   0.50   0.60   0.70   0.80   0.90   1.00 
 
 
        Forecast       Group 
        1.118101        1.00 
        0.971805        0.00 
        0.971803        0.00 
        0.971803        0.00 
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      . . .          . . 
      . . .          . . 
        0.974960        1.00 
        0.975455        1.00 
        0.972106        1.00 
        0.971933        1.00 
        0.971805        0.00 
        0.971804        0.00 
        0.971985        1.00 
        0.971828        1.00 
 

Stochastic Simulation and Probabilistic Analysis 

Another recommended approach is to perform stochastic distributional fitting; that is, how 

do the collected historical data fit known probability distributions? These fitted distributions can 

be used as the variable’s input parameters (e.g., a Fréchet or Weibull distribution with shape and 

scale parameters of 0.5 and 1.2). Figure 10 illustrates an example where historical program costs 

were fitted to determine its distributional properties. With the fitted distribution, these can be used 

as inputs into a Monte Carlo simulation model to forecast and predict a new program’s chances of 

success. 
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Figure 10. Distributional Fitting for Probabilistic Analysis and Stochastic Simulation 

AI/ML Natural Language Processing and Text Scraping for Sentiment Analysis 

The next approach is to use Natural Language Processing (NLP), a class of artificial 

intelligence methods for machine learning. To get started, a prototype test case was developed to 

test the efficacy of this methodology. We start with a file of textual information which we will 

describe as the training set. This training set has over 1,500 movie reviews with a negative or 

positive rating from the reviewer, together with detailed text that they each wrote, that is readily 
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available on the world wide web. We use natural language text processing to run the training set 

to train the AI algorithm to look out for certain patterns. This is considered a supervised approach 

because we have the actual results (positive or negative reviews). Then, using the trained system, 

we apply the algorithm to different testing sets to obtain some results.  

{ 
   "cell_type": "code", 
   "execution_count": null, 
   "id": "56e96491", 
   "metadata": {}, 
   "outputs": [], 
   "source": [ 
    "neg_reviews[0] # let's see what's inside of the negative review, e.g. alternatively this could be rejected project" 
   ] 
  }, 
  { 
   "cell_type": "code", 
   "execution_count": null, 
   "id": "2d8023dc", 
   "metadata": {}, 
   "outputs": [], 
   "source": [ 
    "pos_reviews[456] # what's inside of the positive review, e.g. alternatively ongoing/finished project" 
   ] 
  }, 
  { 
   "cell_type": "code", 
   "execution_count": null, 
   "id": "3180faa8", 
   "metadata": {}, 
   "outputs": [], 
   "source": [ 
    "train_set = neg_reviews[:750] + pos_reviews[:750] # mix training and test sets\n", 
    "test_set =  neg_reviews[750:] + pos_reviews[750:]\n", 
    "\n", 
    "random.shuffle(train_set)" 
   ] 
  }, 
  { 
   "cell_type": "code", 
   "execution_count": null, 
   "id": "98773445", 
   "metadata": {}, 
   "outputs": [], 
   "source": [ 
    "train_set[0] # always changes because of random sampling" 
   ] 
  }, 
  { 
   "cell_type": "code", 
   "execution_count": null, 
   "id": "410337e5", 
   "metadata": {}, 
   "outputs": [], 
   "source": [ 
    "classifier = NaiveBayesClassifier.train(train_set) # define NaiveBayes for classification and train" 
   ] 
  }, 
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  { 
   "cell_type": "code", 
   "execution_count": null, 
   "id": "caec0593", 
   "metadata": {}, 
   "outputs": [], 
   "source": [ 
    "accuracy = nltk.classify.util.accuracy(classifier, test_set) # calculate accuracy\n", 
    "accuracy" 
   ] 
  }, 
  { 
 
… 
… 
… 
 
  { 
   "cell_type": "code", 
   "execution_count": null, 
   "id": "a149ecb4", 
   "metadata": {}, 
   "outputs": [], 
   "source": [ 
    "# SAMPLE DATA EXTRACTION, 'reviews.txt' must be first created to append\n", 
    "for list_of_names in movie_reviews.fileids():\n", 
    "    name = movie_reviews.words(list_of_names)\n", 
    "    name = ' '.join(name)\n", 
    "    f = open('reviews.txt', 'a' )\n", 
    "    f.write(name + '\\n' )\n", 
    "f.close()" 
   ] 
  }, 
  { 
   "cell_type": "code", 
   "execution_count": null, 
   "id": "45cf9235", 
   "metadata": {}, 
   "outputs": [], 
   "source": [ 
    "# MANUAL NAVIGATION, 0-999 negative, 1000-1999 positive\n", 
    "list_of_names = movie_reviews.fileids()\n", 
    "comment = movie_reviews.words(list_of_names[724])\n", 
    "' '.join(comment)" 
   ] 
  }, 
… 
… 
… 
 
  { 
   "cell_type": "code", 
   "execution_count": null, 
   "id": "6ca89205", 
   "metadata": {}, 
   "outputs": [], 
   "source": [ 
    "svc_classifier.train(train_set)" 
   ] 
  }, 
  { 
   "cell_type": "code", 
   "execution_count": null, 
   "id": "9ef3a6b0", 
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   "metadata": {}, 
   "outputs": [], 
   "source": [ 
    "accuracy = nltk.classify.util.accuracy(svc_classifier, test_set)\n", 
    "accuracy" 
   ] 
  } 
 ], 
 "metadata": { 
  "kernelspec": { 
   "display_name": "Python 3 (ipykernel)", 
   "language": "python", 
   "name": "python3" 
  }, 
  "language_info": { 
   "codemirror_mode": { 
    "name": "ipython", 
    "version": 3 
   }, 
   "file_extension": ".py", 
   "mimetype": "text/x-python", 
   "name": "python", 
   "nbconvert_exporter": "python", 
   "pygments_lexer": "ipython3", 
   "version": "3.8.10" 
  } 
 }, 
 "nbformat": 4, 
 "nbformat_minor": 5 
} 
 

The Actual column lists the actual reviews (positive or negative) and compared them 

against the Predicted results generated from the algorithm (Figure 11). In this example, the 

accuracy is about 72% (362 correct out of 500 reviews). 
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Figure 11. Text Scraping and Sentiment Analysis Dataset and AI Classification Results 

Lessons Learned in the Prototype Application 

The prototype was very insightful in that it provided a myriad of lessons learned. For 

instance, the issue of hypernyms and hyponyms can be developed to create a hierarchical structure 

of a custom dictionary, whereby using text scraping methodologies, we can complement the 

learning algorithm with our custom lexicon. Sayings, proverbs, adages, and other types of word 

structures will also need to be considered, as are concise wordings, or mixed negatives (e.g., “no 

good” is a negative connotation as opposed to a positive “good” implication despite the word exists 

in the context). The impact scores of certain words and their frequencies can also be used to 

generate word clouds (Figure 12) and help create visuals of the most frequently and impactful 

comments from past programs. 



30

ACQUISITION INNOVATION
RESEARCH CENTER

CLEARED FOR OPEN PUBLICATION INCUBATOR | 2022

INCUBATOR REPORT x  2022

40 | P a g e  
 

 

Figure 12. Text Cloud 

Neural Network Pattern Recognition Prediction Methods 

Using the Box-Jenkins method of forward-looking predictive steps, we have: 

:;"#$ = <(:" , :"%$, . . . , :"%&) 

:;"#' = <(:"#$, :" , . . . , :"%&#$) 

… 

:;"#( = <(:"#(%$, :"#(%', . . . , :"%&#(%$) 

Where !! is the observation of !	at time #. This means that if we use a $ step ahead predictive 

model, we have: 

:"#$ = <$(:" , :"%$, … , :"%&) 

:"#' = <'(:" , :"%$, … , :"%&) 

… 

:"#( = <((:" , :"%$, … , :"%&) 

Here, we see that %" 	are computed in the neural network paradigm. 

Activation Transfer Functions for Neural Networks 
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Logistic sigmoidal function: <(:) = (1 + 5%))%$ 

Hyperbolic tangent function: <(:) = (5) − 5%))(5) + 5%))%$ 

Sine and cosine function: <(:) = 02@(:)	AB	<(:) = CA0(:) 

Linear function: <(:) = : 

 

Figure 13. A Multiple Layered Perceptron Neural Network  
 

The neural mapping assumes that &# is the dependent variable, whereas &$, &%, &&	and a 

constant term is the set of independent variables. The neural network has an input layer, a hidden 

layer, and an output layer. There are 3 inputs in the input layer, a neuron for the biases, 4 neurons 

in the hidden layer, and 1 neuron in the output layer.  

Error Measurements and Error Correction for Parameter Calibration 

Total Variables (Dependent and Independent): D 

Mean Absolute Deviation: EFG = ∑|,!|
&  

Root Mean Squared Error: HEI. = J∑(,!)"
&  

Sums of Squared Errors: II. = ∑(5")' 

Maximum Log-Likelihood: E$$ = &
' L@(2N) − &

' L@ //0
' − II. O &

'//0P 

Akaike Information Criterion: FQR = %'122
& + '(

&  

Bias 

Input layer Input layer Output layer 

Bias 

y1 

y2 

y3 

y4 
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Bayes Information Criterion (BIC): SR = FQR + '(3#')((#4)
&%(%4  

Pesaran-Timmermann Test: 'T = 5()6)%57
√3%9  where D = 57($%57)

& ,  U′ = <#:# + (1 − <#)(1 − :#),  

and where W = ('6#%$)")#($%)#)
& + (')#%$)"6#($%6#)

& + (:)#6#)($%)#)($%6#)
&" , :#is the proportion 

of positives on the data and <#is the proportion of positives on the forecast 

Hannan-Quinn Information Loss Criterion: XR = %'120
& + '(;&(;&(&))

&  

Training Algorithms 

For model 1: 

Variables used in Training set                                      Predicted value 

y1, y2, y3 
 

y2, y3, y4 
 

… … 

y400, y401, y402 
 

 

Using the coefficients obtained from the training set, we do the following on the testing set. 

Variables used in Testing set                                        Predicted value 

y401, y402, y403 
 

y402, y403, y404 
 

… … 

y420, y421, y422 
 

 

 

 

4ŷ

5ŷ

403ŷ

404ŷ

405ŷ

423ŷ
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When forecasting, we use 

Independent Variables                                                   Predicted value 

y401, y402, y403 
 

y402, y403,    

 

For model 2: 

Variables used in Training set                                      Predicted value 

y1, y2, y3, y4, y5, y6 
 

y2, y3, y4, y5, y6, y7 
 

… … 

y300, y301, y302, y303, y304, y305 
 

 

Using the coefficients obtained from the training set, we do the following on the testing set. 

Variables used in Testing set                                        Predicted value 

y301, y302, y303, y304, y305, y306 
 

y302, y303, y304, y305, y306, y307 
 

… … 

y330, y331, y332, y333, y334, y335 
 

 

 

404ŷ

404ŷ 405ŷ

7ŷ

8ŷ

306ŷ

307ŷ

308ŷ

336ŷ
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When forecasting, we use 

Independent Variables                                                   Predicted value 

 y301, y302, y303, y304, y305, y306 
 

y302, y303, y304, y305, y306,   

 

Figure 14 shows a neural network for time series forecasting. The functions (' and (( 

are called activation functions and the logistic function and linear function are usually chosen. 

One of the input nodes is sometimes called the data bias node. 

 

Figure 14. Example of Multiple Layered Perceptrons 

 

The functional form to be modeled looks like this: 

!)! = (' +,)* +.,(*((
(

/,)( +.,"(!!+,!
(

01 

,)( is the weight for the connections between the constant input and the hidden neurons, ,)* is 

the weight of the direct connection between the constant input and output, ,"( and ,(* are the 

weights for the other connections between the inputs and hidden neurons. 

307ŷ

307ŷ 308ŷ

Input layer Input layer Output layer 

Bias 

xt-1 

xt-12 

xt-13 

y4 
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The model is built in the following steps: 

• Periodic time-series data are obtained.  

• Calculate log-returns 234 -"
-"#$

.  

• Transform the log returns to interval [0, 1]. The reason is that we use logistic functions in 

both the hidden layer and output layer. The output of the logistic function lies between [0, 

1].  

• Decide which part of data are as a training set, i.e., to train the neural network to obtain 

the weights ,"(, ,)(, ,(*, ,)* in the figure, and which part of the data is used as the 

testing set. That is, after we train the neural network, use those weights for forecasting 

and comparing with the data in the testing set. 

• Decide on the inputs: !!+$, !!+%, !!+& are used to predict !!.  Then, !!+$, !!+%, !!+&, 

!!+#, !!+., !!+/ are used to predict !!. 

• Build the model to calculate the output. 

• Use the data table to calculate the output by neural network for the data in the training set. 

Calculate the sum of squares of errors. Minimize this term using an internal optimization 

routine. We obtain the trained neural network, and the weights can be used for 

forecasting.  

• Use the data table to calculate the output by neural network for the data in the testing set. 

Compare with true value. 
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Sample Computer Algorithm and Code Snippet 

The neural network algorithm can be executed as shown below. 

} 
 
double CNeuralNetworkTANH::GetOptimizedPara(std::vector< std::vector< double > >& mHiddenLayerWeights, std::vector< 
double >& vecHiddenLayerBias, std::vector< double >& vecOutputLayerWeights, double& dOutputBias) 
{ 
} 
 
double CNeuralNetworkTANH::GetOptimizedParaFinal(double& dMultiple, double& dAddition, double dMaxActual) 
{ 
 grg2wrapper g; 
 
 double* xx = new double[3]; 
 double* xlb = new double[3]; 
 double* xub = new double[3];   
 
 double* glb = new double[2]; 
 double* gub = new double[2];  
 glb[1] = -1.0e10; 
 gub[1] = 1.0e10; 
 
 remove( "NeuralNetworkTANHFinal.txt" ); 
 char *title = "Neural Network TANH Final", *report = "NeuralNetworkTANHFinal.txt"; 
 
 xx[1] = dMultiple; 
 xlb[1] = 0.01; 
 xub[1] = 10.0; 
 
 xx[2] = dAddition; 
 xlb[2] = 0.01 * dMaxActual; 
 xub[2] = 10.0 * dMaxActual; 
 
 g.nvars = 2; 
 g.nfuns = 1; 
 g.nobj = 1; 
 g.xlb=xlb; 
 g.xub=xub; 
 g.glb=glb; 
 g.gub=gub; 
 g.title=title; 
 g.report=report; 
 g.xx=xx; 
 g.GoptG3(g_COMP_NEURALNETWORKTANHFINAL); 
 
 double dOptValue = std::numeric_limits<double>::quiet_NaN(); 
 g.RunGRG3(dOptValue, 0); 
 
 dMultiple = xx[1]; 
 dAddition = xx[2]; 
 
 delete [] xx; 
 delete [] xlb; 
 delete [] xub; 
 delete [] glb; 
 delete [] gub; 
 
 return dOptValue; 

} 
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double CNeuralNetworkTANH::CalculateOptimizedSumSquares(double x[]) 
{ 
 std::vector< std::vector< double > > matrixHiddenLayWeights(*m_pNLayers); 
 std::vector< double > arrayHiddenLayBias(*m_pNLayers); 
 std::vector< double > arrayOutLayWeights(*m_pNLayers); 
 double singleOutBias = Maths::DoubleNaN; 
 
 int nXInd = 1;  
 
 //Hidden Layer Weights 
 for (int i=0; i<*m_pNLayers; i++) 
 { 

… 
… 
… 

  { 
… 
… 
… 

 } 
 } 
 
 //Hidden Layer Bias 
 for (int i=0; i<*m_pNLayers; i++) 
 { 

… 
… 
… 

 
 } 
 
 //Output Layer Weights 
 for (int i=0; i<*m_pNLayers; i++) 
 { 
  arrayOutLayWeights[i] = x[nXInd]; 
  nXInd++; 
 } 
 
 //Output Layer Bias 
 singleOutBias = x[nXInd]; 
 

… 
… 

 
 double dSumSquare = 0.0; 
 
 for (int i=0; i<nTrainingSet; i++) 
 { 
  std::vector< double> vecInputVars(0); 
  for (int j=0; j<*m_pNLayers; j++) 
  { 

… 
… 

 } 
 
  //Response 
  std::vector< double > vecResponse(0); 
  for (int j=0; j<*m_pNLayers; j++) 
  { 

… 
… 

  } 
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  //Output 

… 
… 

 
  dSumSquare += pow(dOutput - dActual, 2); 
 } 
 
 return dSumSquare;  
} 
 
double CNeuralNetworkTANH::CalculateOptimizedSumSquaresFinal(double x[]) 
{ 
 double dMultiple = x[1]; 
 double dAddition = x[2]; 
 
 double dSumSquare = 0.0; 
 for(size_t i=0; i<m_pActual->size(); i++) 
 { 

… 
… 
… 

 } 
 
 return dSumSquare; 
} 
 
double CNeuralNetworkTANH::CalculateHiddenLayerResponse(double HiddenBias, std::vector<double>& InputVars, 
std::vector<double>& HiddenLayerWeights) 
{ 
 return CalculateOutput(HiddenBias, InputVars, HiddenLayerWeights); 
} 
 
double CNeuralNetworkTANH::CalculateOutput(double OutputBias, std::vector<double>& OutputLayerWeights, 
std::vector<double>& HiddenLayerWeightsResponse) 
{ 
 double dSum = 0.0; 
 size_t OutCount = OutputLayerWeights.size(); 
 size_t HiddenCount = HiddenLayerWeightsResponse.size(); 
 size_t nCount = OutCount < HiddenCount ? OutCount : HiddenCount; 
 
 for (size_t i=0; i<nCount; i++) 
 { 

… 
… 

 } 
 
 //return ( 1.0 / ( 1.0 + exp( -(OutputBias + dSum) ) ) ); 

… 
… 

 return ( (dExpPlus - dExpMinus) / (dExpPlus + dExpMinus) ); 
} 
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IV. DECISION ANALYTICS METHODOLOGY 

A Combined Lexicographic Average Rank Approach for Evaluating Uncertain Multi-

Indicator Matrices with Risk Metrics*  

In many situations, projects are characterized by several criteria or attributes that can be 

assessed from multiple perspectives (financial, economic, etc.). Each criterion is quantified via 

performance values (PV), which can either be numerical or categorical. This information is 

typically structured in a multi-indicator matrix Q. A typical problem faced by a decision-maker is 

to define an aggregate quality (AQ) able to synthesize the global characteristics of each project and 

then derive the rankings from the best to the worst base-case ranking (Mun et al., 2016). 

Ranking techniques can be classified as parametric and nonparametric. A parametric 

technique requires information about decision-maker preferences (e.g., criterion weights). 

According to Dorini, Kapelan, and Azapagic (2011), some examples of parametric techniques 

include the ELECTRE methods (Roy, 1968) and PROMETHEE—Preference Ranking 

Organization Methods for Enrichment Evaluations (Brans & Vincke, 1985). Nonparametric 

techniques, such as Partial Order Ranking (Bruggemann, Bücherl, Pudenz, & Steinberg, 1999) and 

Copeland Scores (Al-Sharrah, 2010), do not require information from the decision-maker. In 

general, all of these techniques can produce a ranking of the alternatives from the best to the worst.  

Therefore, given a matrix Q, the selected procedure generates a ranking, defined as the 

base-case rank (BCR). As a result of this assessment, for each alternative, a specific rank Ri that 

considers the multiple perspectives defined by the decision-maker is obtained. The set of Ri 

 
* Some of the material discussed in this section is based on previous work by the author, Dr. Johnathan Mun, and 

his team, Dr. Elvis Hernández-Perdomo and Dr. Claudio M. Rocco. Their work has been published as a chapter in “A 
Combined Lexicographic Average Rank Approach for Evaluating Uncertain Multi-Indicator Matrices with Risk 
Metrics,” in Partial Order Concepts in Applied Sciences, M. Fattore and R. Brüggemann (eds.), Springer International 
Publishing (2017). 

IV.  DECISION ANALYTICS METHODOLOGY

A Combined Lexicographic Average Rank Approach for Evaluating Uncertain Multi-Indicator Matrices  
with Risk Metrics*

* Some of the material discussed in this section is based on previous work by the author, Dr. Johnathan Mun, and his team, Dr. Elvis Hernández-
Perdomo and Dr. Claudio M. Rocco. Their work has been published as a chapter in “A Combined Lexicographic Average Rank Approach for 
Evaluating Uncertain Multi-Indicator Matrices with Risk Metrics,” in Partial Order Concepts in Applied Sciences, M. Fattore and R. Brüggemann 
(eds.), Springer International Publishing (2017).
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corresponds to the global evaluation under the first synthetic attribute, defined and named as base 

ranking, and capable of characterizing the alternatives in the base case. 

However, in real-life situations, each performance value could be affected by uncertain 

factors. Several approaches have been presented for analyzing how the uncertainty in the 

performance values (the input) affects the ranking of the objects (the output; Rocco & Tarantola, 

2014; Corrente, Figueira, & Greco, 2014; Hyde, Maier, & Colby, 2004; Hyde & Maier, 2006; Yu, 

Guikema, Briaud, & Burnett 2012). The approaches, based on Monte Carlo simulation, consider 

each uncertain factor as a random variable with known probability density functions. As a result, 

the AQ of each alternative and, therefore, the ranking also become random variables, with 

approximated probability distributions. In such situations, the decision-maker could perform 

probability distribution evaluations. For example, the decision-maker could be interested in 

determining not only what the worst rank of a specific alternative is, but also its probability and 

volatility (risk evaluation).  

In the standard approach, the probability of an alternative being ranked as in the BCR is 

selected as the synthetic attribute probability able to characterize the alternatives under uncertainty. 

The stochastic nature of the AQ of each alternative could be further assessed to reflect the risk 

evaluation induced by uncertainty. In this case, it is required to compare several random variables 

synthesized through their percentiles and statistical moments. Several approaches have been 

proposed to this end, such as a simple comparison of the expected value, the expected utility (Von 

Neumann & Morgenstern, 1947), the use of low order moments (Markowitz, 1952), risk measures 

(Jorion, 2007; Mansini, Ogryczak, & Speranza, 2007; Rockafellar & Uryasev, 2000), the 

Partitioned Multiobjective Risk Method (PMRM; Asbeck & Haimes, 1984; Haimes 2009), and the 

stochastic dominance theory (Levy, 2006), among others. 
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To consider the risk evaluation induced by uncertainty, each alternative is represented by the third 

synthetic attribute: compliance. This new attribute is based on a simultaneous assessment of several 

risk measures and some moments of each AQ distribution (Mun, Hernandez, & Rocco, 2016). 

At this point, each alternative is assessed from three different angles: 

1. Multiple decision-making perspectives that include several aspects such as economic, 

financial, technical, and social (base ranking) 

2. Uncertainty propagation on performance values (probability) 

3. A risk evaluation based on the generated probability distribution (compliance) 

These perspectives are then used for defining a new multi-indicator matrix Q1 correlated to 

projects and synthesized using a ranking technique. However, in some situations, decision-makers 

need to select projects following their most preferred criteria successively. For this reason, an 

aggregation ranking technique that allows compensation is useless.  

Therefore, the final assessment is derived using a combined approach based on a nonparametric 

aggregation rule (using the concept of average rank) for attributes 1 and 2; a simple procedure for 

score assignment for attribute 3; and a lexicographic rule. In addition, a preliminary analysis of the 

alternatives is performed by using a Hasse diagram (Bruggemann et al, 1999). To the best of the 

researcher’s knowledge, this type of combined assessment has not been reported in the literature. 

Average Rank Approach  

Let P define a set of n objects (e.g., alternatives) to be analyzed and let the descriptors q1, 

q2..., qm define m different attributes or criteria selected to assess the objects in P (e.g., cost, 

availability, environmental impact). Attributes must be defined to reflect, for example, that a low 

value indicates low rankings (best positions), while a high value indicates high ranking (worst 
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positions; Restrepo, Brüggemann, Weckert, Gerstmann, & Frank, 2008). However, for a given 

problem or case study, this convention could be reversed. 

If only one descriptor is used to rank the objects, then it is possible to define a total order 

in P. In general, given x, y Î P, if qi(x) £ qi(y) "i, then x and y are said to be comparable. However, 

if two descriptors are used simultaneously, the following could happen q1(x) £ q1(y) and q2(x) > 

q2(y). In such a case, x and y are said to be incomparable (denoted by x||y). If several objects are 

mutually incomparable, set P is called a partially ordered set or poset. Note that since comparisons 

are made for each criterion, no normalization is required. 

The objects in a poset can be represented by a directed acyclic graph whose vertices are the 

objects Î P, and there is an edge between two objects only if they are comparable and one covers 

the other, that is, when no other element is in between the two. Such a chart is termed a Hasse 

diagram (Bruggemann, Schwaiger, & Negele, 1995).  

A Hasse diagram is, then, a nonparametric ranking technique and can perform ranking 

decisions from the available information without using any aggregation criterion. However, while 

it cannot always provide a total order of objects, it does provide an interesting overall picture of 

the relationships among objects.  

A useful approach to produce a ranking is based on the concept of the average rank of each 

object in the set of linear extensions of a poset (De Loof, De Baets, & De Meyer, 2011). Since the 

algorithms suggested for calculating such average ranks are exponential (De Loof et al., 2011), 

special approximations have been developed, such as the Local Partial Order Model (LPOM; 

Bruggemann, Sorensen, Lerche, & Carlsen, 2004), the extended LPOM (LPOMext; Bruggemann 

& Carlsen, 2011), or the approximation suggested by De Loof et al. (2011).  

From the Hasse diagram, several sets can be derived (Bruggemann & Carlsen, 2011). If 

!	Î	5, 
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1. 	6(!), the set of objects incomparable with !:	6(!): = 	 {&Î	5:	!||&} 

2. 	=(!), the down section: =(!):= 	 {&	Î	5:	&	£	!} 

3. 	>(!), the successor section: >(!):= 	=(!) − {!} 

4. 	@(!), the up: @(!):= 	 {&	Î	5:	!	£	&} 

Then, the following average rank indexes are defined: 

a) 	A5=B(!) 	= 	 (|>(!)| 	+ 	1) × (E	 + 	1) ÷ (E	 + 	1	 −	 |6(!)|) 

b) 	A5=BG!#(!) = 	 |=(!)| +  

where n is the number of objects,   

|H| defines the cardinality of the set V, 

I01 =	 |=(!)	Ç	6(&)|, I02 =	 |@(!)Ç	6(&)|, and	&	Î	6(!) 

Lexicographic Approach 

A lexicographic technique enables decision-makers to develop choice rules in which they 

select more items based on their most important criteria. When two objects have the same influence 

on the most preferred criteria, decision-makers prefer the one with the biggest impact on the second 

most preferred criteria, and so on, according to Saban and Sethuraman (2014). This lexicographic 

form simulates situations in which decision-makers have a strong preference for one criterion over 

another or are in charge of noncompensatory aggregation (Yaman, Walsh, Littman, & Desjardins, 

2011; Pulido, Mandow, & de la Cruz, 2014). 

Finally, decision-makers can model their strong preferences for the criteria chosen since, 

after additional investigation of the situation, they are neither indifferent nor uncertain about their 

preferences for the criteria considered. In other words, they will always favor one criterion over 

another, regardless of criterion weights.  

å
Î
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Risk Metrics and Compliance 

Risk metrics are statistical indicators or measurements that enable decision-makers to 

assess the dispersion (volatility) of specific events or outcomes. As a result, a random variable can 

be evaluated using statistical moments (e.g., mean, variance, skewness, kurtosis), or risk metrics, 

such as Value at Risk (VaR) and Conditional VaR, can be used to investigate extreme values 

(Bodie, Kane, & Marcus, 2009; Fabozzi, 2010; Matos, 2007; Mun, 2015). 

Risk metrics are used to analyze the volatility or stability of a set of options or a portfolio 

of alternatives in decision problems, such as financial risk management (Chong, 2004), portfolio 

risk management (Bodie, Kane, & Marcus, 2009), enterprise risk management (Scarlat, Chirita, & 

Bradea, 2012), and a variety of other areas (Fabozzi, 2010). 

A compliance strategy, or the establishment of a set of rules to guide decision-makers, is 

used to evaluate how risky an object is and its interaction with other objects (Hopkins, 2011). For 

assessing compliance, several methodologies have been presented. Barrett and Donald (2003), for 

example, propose a stochastic dominance analysis to compare probability distributions before 

establishing a hierarchy; Boucher, Danielsson, Kouontchou, and Maillet (2014) use risk metrics 

and forecasting to adjust models based on historical performance; and Zanoli, Gambelli, Solfanelli, 

and Padel (2014) investigate the effects of risk factors on non-compliance in UK agriculture. 

Because it permits evaluating whether an item performs according to decision-makers' 

preferences overstated risk measures, the compliance approach is more user-friendly for decision-

making. The main concept is to divide the risk spectrum into two categories (Hopkins, 2011). As 

a result, the higher the compliance with a stated risk metric, the closer the decision-makers' 

preferences are aligned. Scarlat et al., (2012) and Tarantino (2008) examine similar approaches 

based on important risk indicators.  
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PROMETHEE and ELECTRE 

Another layer of complexity emerges when decision-makers must integrate potentially 

conflicting decision criteria (quantitative or qualitative, monetary and nonmonetary) into project 

management, such as legal (taxes, compliance, social responsibility, etc.), environmental (level of 

pollution, noise, watershed issues, etc.), and economic (level of economic growth, monetary and 

nonmonetary). Furthermore, the relative significance (RI) or weights of those criteria may differ. 

The phrases in BP's (2015) sustainability report that businesses "must earn and keep society's 

support" and "must take action to assist conserve the environment for future generations" may 

imply that certain decision-makers value profit over social responsibility or vice versa. As a result, 

it's critical to factor those variances into the decision-making process (Mun et al., 2017). 

To solve this issue, multicriteria analysis (MCA) has emerged as an effective tool for 

dealing with multi-dimensional problems and obtaining an Aggregate Quality (AQ) that may be 

used to support a final decision (Bouyssou, Marchant, Pirlot, Tsoukias, & Vincke, 2006; Brito, de 

Almeida, & Mota, 2010). MCA is a set of strategies, techniques, and tools that aid individuals in 

solving choice issues (description, grouping, ranking, and selection) by considering multiple 

objectives or criteria at the same time (Roy, 1996; Ghafghazi et al., 2010; Kaya & Kahraman, 2011; 

Afsordegan et al., 2016). 

The authors propose PROMETHEE (Goumas & Lygerou, 2000; Brans & Mareschal, 2005; 

Behzadian, Kazemzadeh, Albadvi, & Aghdasi, 2010; Tavana, Behzadian, Pirdashti, & Pirdashti, 

2013) as an appropriate MCA technique. Outranking the connection S is the basis of 

PROMETHEE techniques. This notion defines whether “the alternative is at least as good as the 

alternative b,” rather than determining whether the relationship between two alternatives a and b 

is a strong preference (“a P b”), a weak preference (“a Q b”), or indifference (“a | b”) (Brans & 

Mareschal, 2005). 

Because of their theoretical and practical merits, PROMETHEE procedures are 

appropriate. They can, for example, assign an AQ index to each project that maximizes the 

available information in terms of decision-makers' preferences for the criteria chosen, as well as 

the intensity of those preferences among alternatives and the nature of each criterion (Bouyssou et 

al., 2006). Many energy-related studies have used PROMETHEE methods, including sustainable 

energy planning (Pohekar & Ramachandran, 2004; Cavallaro, 2005); renewable energy 

alternatives (Georgopoulou, Lalas, & Papagiannakis, 1997); heating system options (Ghafghazi et 
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al., 2010); and oil and gas pipeline planning (Tavana et al., 2013); and oil and gas pipeline planning 

(Behzadian et al., 2010). 

Other approaches, such as the ELECTRE methodologies (Bouyssou et al., 2006), the 

AHP—Analytical Hierarchy Process (Desai, Bidanda, & Lovell, 2012; Saaty, 2013), MACBETH 

(Cliville, Berrah, & Mauris, 2007; Costa, De Corte, & Vansnick, 2012), and TOPSIS (Kaya & 

Kahrama These alternative approaches, on the other hand, do not clearly describe the 

aforementioned benefits, and the AQ is harder to read. 

Although some studies have attempted to incorporate real options (RO) into MCA 

(Cavallaro, 2005; Angelou & Economides, 2008; Tolga & Kahraman, 2008; Zandi & Tavana, 

2010; Tolga, 2011, 2012), there is little evidence of an integrated RO-MCA methodology for 

ranking a portfolio of projects in state-owned energy companies that pursue nonfinancial 

objectives. 

According to the author, while RO values and assesses flexibility and uncertainty for PM, 

MCA allows for the inclusion of additional factors such as GDP and employment in strategic 

planning criteria to produce an AQ for picking the best projects. 
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V. CAPITAL BUDGETING AND PORTFOLIO OPTIMIZATION IN THE DEPARTMENT OF DEFENSE*

The concept of capital budgeting and portfolio optimization has far-reaching consequences beyond the DoD. The private industry 
can greatly benefit from the concepts and methodologies developed in this research to apply portfolio optimization to its 
respective capital investment portfolios. These optimized portfolios are, by definition, the best and most efficient usage of a firm’s 
capital to generate the greatest amount of value while mitigating risks for the organization and keeping limited budgetary and 
human resource constraints in check. More technically savvy individuals can apply the same methodologies in their retirement 
and investment portfolios, and portfolio managers can also leverage the knowledge and insights from the research to apply 
efficient frontier analyses for their clients’ invested portfolios.

A portfolio, by definition, is any combination of two or more assets, projects, capabilities, or options. The whole portfolio is usually 
assumed to be greater than the sum of its parts, based on outcome performance measures, expected return on investment (ROI), 
capabilities, and other metrics (Mun, 2015). This assumption is due to the potential risk reduction, leverage, and synergy in 
terms of lower cost, interoperability, and flatter learning curve when multiple programs or capabilities are combined into a more 
cohesive portfolio (Mun, 2015, 2016).

In today’s competitive global economy, companies in the private sector are faced with many difficult decisions. These decisions 
include allocating financial resources, building or expanding facilities, managing inventories, and determining product-mix 
strategies. The decisions the U.S. military faces are no different. The DoD, as a whole, has oftentimes struggled with trying to find 
the best force mix, or optimal programs that maximize military capabilities within set budgetary, scheduling, and human resource 
constraints.

Such decisions might involve thousands or millions of potential alternatives. Considering and evaluating each of them would be 
impractical or even impossible. An optimization model can provide valuable assistance in incorporating relevant variables when 
analyzing decisions and finding the best solutions for making decisions. These models capture the most important features 
of a problem and present them in a form that is easy to interpret. Models often provide insights that intuition alone cannot. 
An optimization model has three major elements: decision variables, constraints, and an objective. In short, the optimization 
methodology finds the best combination or permutation of decision variables (e.g., which programs or capabilities the DoD 
should acquire and which projects to eliminate) in every conceivable way such that the objective is maximized (e.g., maximum 
capabilities, highest expected military value, maximum military utility) or minimized (e.g., cost risk and schedule risk) while still 
satisfying the constraints (e.g., budget, political, human resources, and other non-economic resources).

Obtaining optimal values generally requires that you search in an iterative or ad hoc fashion. This search involves running one 
iteration for an initial set of values, analyzing the results, changing one or more values, rerunning the model, and repeating the 
process until you find a satisfactory solution. This process can be very tedious and time-consuming even for small models, and 
often it is not clear how to adjust the values from one iteration to the next. Using the proposed modeling process can eliminate 
the negatives of searching in an iterative or ad hoc fashion (Mun, 2020).

* Part of this section is based on the author, Dr. Johnathan Mun’s work in “Capital Budgeting and Portfolio Optimization in the U.S. Navy and 
Department of Defense,” Defense Acquisition Research Journal, January 2020, Vol. 27 No. 1 : 60-107.
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Operational and Logistics 

• Inherent Availability (IA). Measures operational percentage in an ideal support 

environment per design specifications. 

           𝐼𝐼𝐼𝐼 = !"#$
!"#$%!""&

 

• Effective Availability (EA). Probability a ship’s system is available at any instant during 

the maximum operational period, accounting for all critical failures, reparable and 

nonrepairable at sea, and preventive maintenance. 

 												𝐸𝐸𝐼𝐼 = 1 − !""&
!"#$%!""&
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• Mission Reliability (MR). Operational Ready Rate (ORR) at the start of a mission 

compared to its Inherent Reliability (IR). 

           𝑀𝑀𝑀𝑀 = 𝑂𝑂𝑀𝑀𝑀𝑀 ∗ 𝐼𝐼𝑀𝑀 

• Operational Dependability (OD). Probability a system can be used to perform a 

specified mission when desired. 

           𝑂𝑂𝑂𝑂 = !""$
!"#$

   

• Mean Down Time (MDT), Mean Maintenance Time (MMT), Logistics Delay Time 

(LDT), and their combinations. 

• Achieved Availability (AA), Operational Availability (OA), Mission Availability 

(MA) 

Operational and Logistics
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Financial and Economic
Cost Deterrence and Avoidance. Soft or shadow revenue (cost savings) over the economic and operational life of the program or 
system. Milestone A, B, C.

Traditional Financial Metrics. Net Present Value (NPV), Internal Rate of Return (IRR), Return on Investment (ROI), and other metrics, 
as long as there are financial and monetary values.

Budget Constraint. FY Budget limitations and probabilities of budgetary overruns.

Total Ownership Cost (TOC) and Total Lifecycle Cost (TLC). Accounting for the cost of developing, producing, deploying, 
maintaining, operating, and disposing of a system over its entire lifespan. Uses Work Breakout Structures (WBS), Cost Estimating 
Categories (CEC), and Cost Element Structures (CES).

Knowledge Value Added (KVA). Monetizing Learning Time, Number of Times Executed, Automation, Training Time, and Knowledge 
Content.

Strategic and Capability

Multiple value metrics can be determined from Subject Matter Experts (SME):

Expected Military Value Strategic Value

Future Weapon Strategy

Capability Measures (CM). Difficult to quantify and needs SME judgment: Innovation Index, Conversion Capability, Ability to Meet 
Future Threats

Force Structure (size/units), Modernization (technical sophistication), Combat Readiness, Sustainability

Future Readiness (ability to meet evolving threats, ability to integrate future weapons systems)

Domain Capabilities (DC)

Portfolios are divided into different domains, and each domain is optimized separately and then combined into the enterprise 
level and re-optimized; example domains include Coastal Defense, Anti-Air Surface Warfare, Anti-Surface Warfare, Anti-
Submarine Warfare, Naval Strike, Multi-Mission Air Control, Sea Control, Deep Strike, Missile Defense, and so on.

Constraints can be added whereby each domain needs to have a minimum amount of capability or systems, and within each 
domain, different “value” parameters can be utilized.

Integrated Risk Management (IRM)®

Before going into specific case studies, it’s crucial to first grasp the concept of Integrated Risk Management and how these 
various methodologies are related in the context of risk analysis and risk management. From a qualitative management 
screening process to provide clear and concise reports for management, this framework contains eight separate steps of 
a successful and complete risk analysis implementation. The author created the process based on past successful risk 
analysis, forecasting, real options, valuation, and optimization projects, both in the consulting world and in industry-specific 
difficulties. These phases can be completed independently or for a more thorough integrated study. Figure 15 shows the 
Integrated Risk Management process up close. We can segregate the process into the following eight simple steps:

1. Qualitative Management Screening.

2. Forecast Predictive Modeling.

3. Base Case Static Model.

4. Monte Carlo Risk Simulation.

5. Real Options Problem Framing.

6. Real Options Valuation and Modeling.

7. Portfolio and Resource Optimization.

8. Reporting, Presentation, and Update Analysis.
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1. Qualitative Management Screening
The first phase in any Integrated Risk Management process is qualitative management screening. Following the firm’s 
mission, vision, aim, or overall company strategy, management must choose whether projects, assets, initiatives, 
or strategies are viable for further investigation. Market penetration tactics, competitive advantage, technological, 
acquisition, growth, synergistic, or globalization challenges may be included in the firm’s purpose, vision, aim, or overall 
business strategy. That is, the initial list of initiatives should be qualified in terms of how well they would achieve 
management’s objectives. When management frames the entire problem to be solved, the most important insight is often 
generated. The numerous hazards to the company are recognized and flushed out here.

2. Forecast Predictive Modeling
If historical or comparable data is available, the future is projected using time-series analysis or multivariate regression 
analysis. Other qualitative forecasting methods may be employed instead (subjective guesses, growth rate assumptions, 
expert opinions, Delphi method, and so forth). Future revenues, sale price, quantity sold, volume, production, and 
other key revenue and cost drivers are projected at this stage in the financial process. This is where we run time series, 
nonlinear extrapolation, stochastic processes, ARIMA, multivariate regression forecasts, fuzzy logic, neural networks, 
econometric models, and GARCH, among other things.

3. Base Case Static Model
A discounted cash-flow model is generated for each project that passes the initial qualitative screening. Using the 
anticipated values from the previous phase, a net present value is generated for each project using this model as the 
base case analysis. This phase is also applicable if only one project is being evaluated. The traditional approach of 
modeling and forecasting revenues and expenses, then discounting the net of these revenues and costs at an appropriate 
risk-adjusted rate, yields this net present value. Here are calculated the return on investment, as well as other 
profitability, cost-benefit, and productivity indicators.

4. Monte Carlo Risk Simulation
Because the static discounted cash flow only generates a single-point estimate, there is typically little confidence in its 
correctness, especially because future events that affect predicted cash flows are highly uncertain. Next, Monte Carlo 
risk simulation should be used to better evaluate the actual worth of a project. A sensitivity analysis is usually performed 
first on the discounted cash-flow model; that is, by designating the net present value as the outcome variable, we can 
adjust each of its preceding variables and see how the resulting variable changes. Revenues, costs, tax rates, discount 
rates, capital expenditures, depreciation, and other precedent variables all affect the net present value number as they 
move through the model. We can alter each of these precedent variables by a preset amount and examine the effect on 
the resulting net present value by tracing back all of these precedent variables. The most vulnerable preceding variables 
are presented first, in descending order of magnitude, on a graphical representation, which is sometimes referred to as a 
tornado chart due to its form. With this knowledge, the analyst can determine which critical factors are deterministic and 
which are very uncertain in the future.

Critical success drivers are the uncertain important variables that drive the net present value and, as a result, the 
decision. Monte Carlo simulation is a good fit for these important success factors. A correlated Monte Carlo simulation 
may be required because some of these important success drivers are connected–for example, operating costs may 
increase in proportion to the quantity sold of a particular product, or prices may be inversely correlated to quantity sold. 
Typically, historical data can be used to obtain these connections. Running correlated simulations gets you a lot closer to 
the real-life behavior of the variables.
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5. Real Options Problem Framing
What’s next once you’ve quantified your risks in the previous step? The risk data gathered must be transformed into 
actionable intelligence in some way. What and how do we respond to risk that has been quantified as such and such 
using Monte Carlo simulation? The solution is to apply actual options analysis to mitigate these risks, value them, and 
position yourself to profit from them. The act of defining the problem generates a strategic map, which is the first stage 
in real possibilities. Certain strategic options for each project would have been obvious based on the overall problem 
identification that occurred during the initial qualitative management screening phase. The strategic options could 
include, for example, the ability to expand, contract, abandon, switch, choose, and so on. The analyst can then choose 
from a list of choices to investigate further based on the identification of strategic options that exist for each project or at 
each stage of the project. Real options are incorporated into projects to protect against downside risks and to profit from 
upswings.

6. Real Options Valuation and Modeling
The resulting stochastic discounted cash-flow model will have a distribution of values thanks to the use of Monte 
Carlo risk simulation. As a result, simulation is used to model, analyze, and quantify each project’s unique risks and 
uncertainties. As a result, the NPVs and project volatility are distributed. We assume that the underlying variable in real 
options is the project’s future profitability, which is represented by the future cash-flow series. The results of a Monte 
Carlo simulation can be used to calculate the implied volatility of the future free cash flow or underlying variable. The 
standard deviation of the logarithmic returns on the free-cash-flow stream is usually used to calculate volatility (other 
approaches include running GARCH models and using simulated coefficients of variation as proxies). Furthermore, in 
real options modeling, the present value of future cash flows for the base case discounted cash-flow model is used as the 
initial underlying asset value. Real options analysis is used to determine the strategic option values for the projects using 
these inputs.

7. Portfolio and Resource Optimization
Portfolio optimization is an optional step in the analysis. Because the projects are usually associated with one another, 
management should view the results as a portfolio of rolled-up projects if the analysis is done on numerous projects. 
Viewing them individually will not offer the actual picture. Portfolio optimization is critical because businesses do 
not simply have single initiatives. Because certain projects are interconnected, there is potential for risk hedging and 
diversification through a portfolio. Portfolio optimization takes all of these factors into account to build an optimal 
portfolio mix because firms have limited budgets, as well as time and resource constraints, while also having needs for 
particular overall levels of returns, risk tolerances, and so on. The research will determine the best way to allocate funds 
across multiple projects.

8. Reporting, Presentation, and Update Analysis
Until reports can be created, the analysis is not complete. Not only should the results be displayed, but so should the 
process. A challenging black-box collection of analytics is transformed into transparent processes by clear, simple, and 
exact explanations. Management will never accept outcomes from black boxes if they don’t know where the assumptions 
or data come from, or what kind of mathematical or financial manipulation is going on. Risk analysis presupposes that 
the future is uncertain, and that management has the authority to make mid-course corrections when these uncertainties 
or risks are resolved; the analysis is typically performed ahead of time, and therefore ahead of such uncertainty and risks. 
As a result, if these risks are identified, the analysis should be updated to integrate the decisions made or to revise any 
input assumptions. Several iterations of the real options analysis should be undertaken for long-horizon projects, with 
future iterations being updated with the newest data and assumptions. Understanding the stages required to conduct 
an Integrated Risk Management is critical since it reveals not only the methodology itself but also how it differs from 
previous analyses, indicating where the traditional approach ends, and the new analytics begin.
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Figure 15. Visual Representation of the Integrated Risk Management Process
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VI. OPTIMIZATION APPLICATION AT PEO-IWS AND NAVSEA3

The following is an example of decision analytics in conjunction with Integrated Risk Management (Monte Carlo simulation, 
forecasting, predictive modeling, as well as stochastic portfolio optimization). The values and variables provided are hypothetical 
and were not and will not be utilized to make any genuine choices. Nonetheless, in any future real-world applications, all that 
needs to be done is modify the names of these choices and their values. The portfolio technique and analytical approach remain 
the same.

The Department of Defense’s Program Executive Office––Integrated Warfare Systems (PEO-IWS) commissioned a graduate student 
team from the Naval Postgraduate School (NPS) to conduct a study using the Integrated Risk Management (IRM) method to 
estimate the value stream and cost savings in its Advanced Concept Build (ACB) for Navy ships, as well as to provide a set of 
solid recommendations to its multiple stakeholders. The Aegis ship defense system will receive ACB modifications every few years 
on Navy warships. Basic hardware enhancements are included; however, the majority of these updates are software patches and 
updates for their varied capabilities (e.g., ballistic missile defense systems, or BMD 5X; carry-on cryptologic programs, or CCOPS; 
weather sensor algorithm updates, or Weather NOW; and many others). The problem is that there are more ACB capabilities than 
funds available to support them. The cost of implementing new ACB updates can be rather significant, and each ACB capability 
may have numerous implementation paths or strategic options to consider. Model each approach and provide an assessment and 
recommendation of the best path forward, model each capability, and recommend the best combinatorial portfolio that maximizes 
the Navy’s utility, both monetary (cost savings, KVA analysis, benefits) and nonmonetary (cost savings, KVA analysis, benefits) 
(OPNAV leadership requirements, force readiness, systems integration, obsolescence, etc.).

One of the modeling issues is that the Department of Defense is not in the business of selling its products and services, thus 
establishing a consistent set of revenues would be challenging. In such cases, KVA analysis or cost-cutting strategies can be used. 
KVA enables us to create market comparables as proxy variables to calculate a shadow price and generate comparable revenues. 
In a discounted cash flow model, cost savings, or the amount of money that would not have to be spent, can be used as a proxy 
for benefits or revenues. There may also be conflicting stakeholders and requirements. For example, BMD 5X is very expensive, 
delivers minimal cost savings (monetary advantages), and is rarely used (sometimes not at all between ACB cycles), but OPNAV 
and the Office of the CNO may regard this upgrade as vital to maintaining fleet readiness. It is necessary to model these factors.

To summarize, this case illustration requires the following assumptions:

• Each of these ACB capabilities was modeled and compared as a portfolio of static NPV, IRR, ROI, and so forth.

•  Using the ROV PEAT software, Monte Carlo risk simulations were run on the main inputs based on the Air Force Cost 
Analysis Agency Handbook (AFCAA Handbook) and used to interpret the dynamic results.

•  Portfolio optimization algorithms were run using budgetary and project constraints, and efficient frontier analyses based on 
changing budgets were then executed. Finally, OPNAV requirements, KVA valuation, and other non-economic military values 
were used to run multi-criteria portfolio optimizations.

The following are the parameters of the ACB program under consideration:

•  For all models, we assumed a 10-year time horizon for the cost savings (all future savings past Year 10 after discounting 
will be assumed to be negligible). The discounting base year is 2017 (Year 0 and Capital Investment is required in 2017), 
whereas immediate savings and short-term benefits, and maintenance savings start in Year 1 (2018). This means Year 10  
is 2027.

•  Table 2 shows the remaining relevant information needed to run the models. All monetary values are in thousands of  
dollars ($000).

o “Savings Now” is the immediate monetary cost savings benefits obtained by implementing the new upgraded system 
(e.g., lower overhead requirements, reduced parts, and labor requirements). This amount is applied in the first year of the 
cash flow stream only (Year 1 or 2018) as its effects are deemed to be immediate.

o “Short-Term Benefits” is the savings per year for the first 5 years, stemming from a reduction in staffing requirements, 
but these savings are deemed to be reabsorbed later on. Savings apply from 2018 to 2022.

3 Part of this section is based on previous work by the author, Dr. Johnathan Mun, with his team, Dr. Thomas Housel and CAPT Mark Wessman 
(Retired, USN). “PEO-IWS ACB Insertion Portfolio Optimization,” Proceedings, Seventh Annual Acquisition Research Symposium, Thursday 
Sessions, Volume 2 (April 2010).
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o “Maintenance Savings” is the savings each year for all 10 years starting in 2018 where system maintenance cost is 
reduced and saved.

o “Capital Cost” is applied in Year 0 or 2017 as a one-time capital expenditure.

o Assume a “Fixed [Direct] Cost” and constant “[Indirect] Operating Cost” per year for all 10 years starting in 2018. The 
new equipment upgrades will require some fixed overhead costs and operating expenses to maintain. The idea is that 
these will be less than the total sum of benefits obtained by implementing the capability.

o Value metrics on Innovation, Capability, Time to Intercept, Warfighting Impact, Health, and Execution were compiled 
with the help of subject matter experts, and these values are weighted and summarized as “OPNAV” (Innovation, 
Capability, and Execution Health) and “Command” (Time to Intercept and Warfighting Impact) variables. These are 
weighted average values of multiple subject matter experts’ estimates of the criticality (1–10, with 10 being the highest) 
of each capability. “KVA” is a unit equivalence (this can be multiplied by any market price comparable such as $1 million 
per unit or used as-is in the optimization model). These will be used later in the optimization section that follows.

• The AFCAA Handbook recommendations for uncertainty and risk distributions were used, with the following parameters for 
simulation:

o Savings Now and Capital Investment inputs were set using Triangular distributions based on the risk and uncertainty 
levels perceived by the subject matter experts, or they can be based on a fitting of historical data.

o Run 10,000 to 1,000,000 simulation trials.

o The multiple simulated distributions’ results were compared using Overlay Charts and Analysis of Alternatives.

Table 2



55

ACQUISITION INNOVATION
RESEARCH CENTER

CLEARED FOR OPEN PUBLICATION INCUBATOR | 2022

INCUBATOR REPORT x  2022

• Finally, multiple portfolio optimization models were run in this case illustration using the following parameters:

o Constraints for the portfolio optimization were a $4,000,000 budget and less than or equal to 7 Opportunities. The 
portfolio’s NPV was maximized.

o Investment Efficient Frontier was run between $2,500,000 and $5,500,000 with a step of $1,000,000 and no more 
than 7 Opportunities. The portfolio’s NPV was maximized.

o Another Investment Efficient Frontier was run between $2,500,000 and $5,000,000 with a step of $500,000 and no 
more than 7 Opportunities. The portfolio’s NPV was maximized.

o Finally, a series of portfolios using the nonmonetary, non-economic military OPNAV, COMMAND, and KVA estimates were 
applied in the portfolio model but using budgetary constraints. The relevant custom military values and their weighted 
average values for the portfolio were maximized.

Figure 16 shows the results of a capital budgeting analysis. The 10 programs under consideration were evaluated based on their 
financial and economic viability. The standard economic metrics such as NPV, IRR, MIRR, ROI, and others are shown. The bar 
chart provides a visual representation of one of the metrics, whereas the bubble chart shows multiple result metrics at once 
(e.g., the NPV on the x-axis and the IRR on the y-axis, and size represents NPV with Terminal Value). In this chart, the large-ball 
programs on the top far right of the chart would be better ranked than smaller-ball projects on the bottom left.
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Figure 16. Capital Budgeting and Results Comparisons

According to the analysis, the top five recommended ACB capabilities based on Static Portfolio Analysis are SPQ-9B, SM-2 BLK, 
MH60R, BMD, and RDDL. Figure 17 shows a summary of the ranking. Three main distinctions include the following:

• The highest NPV belongs to SPQ-9B.

• Middle-range NPVs belong to BMD, RDDL, and SM-2 BLK.

• The lowest range of NPVs belongs to MH-60R, CCOPS, Weather, SSDS, NIFC- CA, and CIWS-CEC.

This distinction is generally true for all other metrics. Data from all metrics are compared to create a numerical ranking from key 
figures. Although not black and white, this linear ranking helps in decision-making comparative analysis.

Figure 17. Program Rankings
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Figure 18 and Figure 19 show the PDF Curve Overlay where all the programs’ simulation results are overlaid on top of each other. 
Only the SPQ-9B has a positive NPV across all trials. This finding is consistent with the results of the ACB Capability Comparison.

Figure 18. Comparison of Simulated NPV Probability Distributions

Figure 19. Comparison of Simulated IRR Probability Distributions
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Figure 20 and Figure 21 show the probability of success of each program. These are currently based on using NPV but can be 
applied to any non-economic variable. The definition used here is the probability (PROB) of NPV > 0. Based on the values below, 
(1 – PROB)%, is the probability of failure.

Figure 20. Economic Probability of Success

Figure 21. Comparison of Options Decision Risk Profile
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Figure 22. Portfolio Optimization 1

Figure 22 shows the results of Portfolio 1, which assumes a budget of $4.0 million, Portfolio Size: ≤7, and the goal of 
Maximizing Portfolio NPV. In this simple optimization, the model recommends excluding CCOPS, SSDS, NIFC-CA, and CIWS-CEC 
from the portfolio. Figure 23 shows Portfolio Optimization 2, which runs an Investment Efficient Frontier. It assumes a budgetary 
range of $2.5–$5.0 million with a step size of $500,000. It also assumes a Portfolio Size ≤7 and the explicit goal of Maximizing 
Portfolio NPV. Weather, SPQ-9B, RDDL, and SM-2 BLK were consistently in the optimal portfolio. Based on the budget, other 
capabilities were recommended. Above $4.5 million, there is no change to the portfolio.
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Figure 24. Portfolio Optimization 3 (OPNAV)

Figure 23. Portfolio Optimization 2

Figure 24 shows the results for OPNAV; Figure 25, for COMMAND; and Figure 26, for KVA. OPNAV Value is a combination of 
subject matter experts’ assessments of Innovation, Capability, and Execution Health metrics. Command Value is the subject 
matter experts’ assessments of Time to Intercept and Warfighting Impact.
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Figure 25. Portfolio Optimization 3 (COMMAND)

Figure 26. Portfolio Optimization 3 (KVA)
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Figure 27 illustrates the portfolio optimization results of the Weighted Average Nonmonetary Values. This objective variable is 
calculated based on a percentage weighted average of all nonmonetary military values that are part of the OPNAV and COMMAND 
variables, as well as any other variables of interest to senior leadership. Instead of looking at one variable at a time, this is a 
cumulative variable where each value is weighted based on the decision-makers’ preferences (e.g., Capability may be awarded a 
30% weight compared to 10% for Health of Execution). The Efficient Frontier results are shown in Figure 28. 

Figure 27. Portfolio Optimization 3 (Weighted Average)

Figure 28 shows a combined view where multiple optimizations were run and compared against one another. Additional 
constraints can be added as needed, but the case illustration applies a $4 million budget, and no more than seven programs can 
be chosen at a time. In other words, the following monetary and nonmonetary portfolios were optimized: 

 Model 1—Maximize Monetary Values (NPV)

 Model 2— Maximize OPNAV Value (i.e., subject matter experts’ assessments of Innovation, Capability, and Execution 
Health)

 Model 3— Maximize All Weighted Average Nonmonetary Values (this is a percentage weighted average of all nonmonetary 
military values that are part of the OPNAV and COMMAND variables, as well as any other variables of interest 
to senior leadership)

 Model 4— Maximize Military Command Value (i.e., subject matter experts’ assessments of Time to Intercept and 
Warfighting Impact) 

 Model 5—Maximize KVA Value
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As seen in Figure 28, these five portfolios are combined into a matrix that shows the count of GO decisions. Clearly, for a 
decision-maker, the lowest-hanging fruit would be to execute the programs starting with the highest count. For instance, 
Weather, BMD, and SM-2BLK would be considered the highest priority, as regardless of the point of view and stakeholder under 
consideration, these programs have always been chosen. 

Figure 28. Portfolio Optimization 3 (Combined View)
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Conclusions and Recommendations
The case study’s analytical approaches use stochastic risk-based Monte Carlo simulations to generate tens of thousands to 
millions of possibilities, as well as algorithmic portfolio optimization using military and non-military values. The approaches are 
objective, verifiable, repeatable, and extensible, and they may be simply tweaked to accommodate new constraints and limits 
(e.g., manpower, force mix, minimum capability requirements, domain-specific requirements, cross-domain needs, etc.). It is 
suggested that any follow-up research include the following components:

 • Apply the methods to actual programs with real-life data and assumptions, with SME estimates.

 • Create new or evaluate existing concepts of military value. These will incorporate 

 -  Data validity tests using applied statistical tests (from basic linear and nonlinear correlations to econometric 
models and nonparametric hypothesis tests). These are applied over time to identify if the collected data are 
valid and describe what the researcher wants or expects the data to describe. In other words, are the data 
collected valid, accurate, and precise?

 -  Big data analysis—trying to find patterns and analytical relationships in large data sets.

 - Historical data to perform backcasting (backtesting historical data to known historical events).

 -  Tweaking and creating lighthouse events and programs in the past, assigning critical value metrics to these 
events and programs, and using these as guideposts for generating future SME estimates. 

 -  Creating more exact definitions and methods for SME assumptions that allow for collecting a more objective 
and defensible data set.

 •  Utilize multi-objective optimization. Interdependencies and competing stakeholder needs (e.g., Congress versus Office 
of the Secretary of Defense [OSD] and other external stakeholders) need to be considered. These competing objectives 
need to be reconciled to determine a Pareto optimal portfolio. 

 •  Evaluate analytical hierarchical processes, multi-objective optimization, and other algorithms and compare the results.  

 •  Within the portfolio, model and account for risks of cost and budget overruns as well as delivery delays using risk-based 
simulations. 

In conclusion, the researcher concludes that the methodology has significant qualities and is deserving of further extensive follow-
up analysis based on the research conducted thus far. As a result, it is suggested that the portfolio optimization methodology 
proposed in this study be applied to a real-world case study involving the US Navy, using real-world data and tracking project 
outcomes over time. The method presented does not have to be used in place of current approaches, but rather in conjunction 
with them. After all, if the Navy and the Department of Defense are spending hundreds of billions of dollars on capability 
enhancements, the very least they can do is have a different perspective, an analytically sound and verifiable way of looking 
at their decision portfolios. Decision-makers will be more informed, and their decision results will be better if they have more 
information.  
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VII. APPENDIX: STOCHASTIC PORTFOLIO OPTIMIZATION AND DECISION MATRICES
The Department of Defense has numerous challenging decisions in today’s competitive global environment. Allocating financial 
resources, establishing or expanding buildings, maintaining maintenance inventories, and selecting force-mix strategies are 
all examples of these decisions. Thousands or millions of viable options may be considered in such decisions. It would be 
impracticable, if not impossible, to consider and evaluate each of them. When assessing decisions and identifying the best 
options for making decisions, a model can be extremely useful. Models capture the most significant aspects of a situation and 
present them in an easily understandable format. Insights that intuition alone cannot supply are frequently provided by models. 
Decision variables, constraints, and an objective are the three main components of an optimization model. In a nutshell, the 
optimization methodology finds the best combination or permutation of decision variables (e.g., which products to sell and 
which projects to execute) that maximizes or minimizes the objective (e.g., revenues and net income) while still satisfying the 
constraints (e.g., budget and resources), as shown in Figure 29.

In most cases, obtaining optimal values necessitates an iterative or ad hoc search. Running one iteration for an initial set of 
parameters, reviewing the results, modifying one or more values, rerunning the model, and repeating the process until you 
discover a satisfying answer is the goal of this search. Even for simple models, this process can be tiresome and time-consuming, 
and it’s not always evident how to alter the parameters from one iteration to the next.

A more thorough approach lists all viable options logically. If the model is adequately stated, this approach guarantees optimal 
results. Assume that an optimization model has only two choice variables to work with. If each variable has ten possible values, 
100 iterations are required to try each combination (102 alternatives). The entire procedure could be completed in about three 
minutes of computer time if each iteration is relatively brief (e.g., two seconds).

Suppose six choice variables instead of two and consider that testing all combinations will take 1,000,000 iterations (106 
alternatives). It’s easy to imagine a thorough enumeration taking weeks, months, or even years to finish (Mun, 2015).

  

Figure 29. What is Optimization?
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The Travel Cost Planner 
Let’s have a look at a simple example. The traveling financial planner problem is depicted in Figure 30. Assume the traveling 
financial planner has three sales trips planned: New York, Chicago, and Seattle. Assume that the order in which you arrive in 
each city is immaterial. In this simple example, the only thing that matters is that you discover the lowest overall cost for all three 
cities. The flight prices between these cities are also shown.

The issue at hand is cost minimization, which is amenable to optimization. An ad hoc or brute force strategy is one basic 
approach to solve this problem. That is, as shown in Figure 31, an individual might painstakingly list all six conceivable 
permutations. Going from the east coast to the west coast, from New York to Chicago, and then on to Seattle, is the cheapest 
route. Because there were three cities and hence six possible routes, the problem is straightforward and may be solved manually. 
Adding two additional cities, though, brings the total number of viable itineraries to 120. It will be difficult and time-intensive to 
perform an ad hoc calculation. On a bigger scale, say the salesman’s list contains 100 cities; the number of possible routes is 9.3 
× 10157. Manually calculating the problem will take many years, which is where optimization software comes in, automating the 
search for the best route. 

 

Figure 30. Simple Travel Cost Planner



67

ACQUISITION INNOVATION
RESEARCH CENTER

CLEARED FOR OPEN PUBLICATION INCUBATOR | 2022

INCUBATOR REPORT x  2022

Figure 31. Multiple Combinations of the Travel Cost Problem

The preceding example is a deterministic optimization, in which the plane ticket prices are known in advance and considered 
to remain constant. Assume that ticket prices are not constant but fluctuate according to a certain probability distribution (for 
example, a ticket from Chicago to Seattle costs $325 on average but is never less than $300 and seldom surpasses $500). The 
same uncertainty exists when purchasing tickets for other cities. The problem has now changed to one of optimization in the face 
of uncertainty. Under uncertainty, ad hoc and brute-force tactics just do not work. ROV Risk Simulator, for example, can take up 
this optimization challenge and effortlessly automate the entire procedure (Mun, 2015).

The Portfolio Optimization Settings of the ROV PEAT software application are shown in Figure 32 (courtesy of www.
realoptionsvaluation.com). Individual projects can be modeled as a portfolio and optimized in the Portfolio Optimization part of 
this program to find the optimum project combination for the portfolio. 
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Figure 32. Portfolio Optimization Settings

The Optimization Outcomes section of Figure 33 shows the results of the portfolio optimization analysis. The data grid displays 
the primary outcomes, including the final Objective Function results, final Optimized Constraints, and the allocation, selection, 
or optimization of every individual option or project within this optimized portfolio. The textual information and outcomes of the 
optimization algorithms performed are displayed in the top left section of the screen, while the chart depicts the final objective 
function. If the optional Efficient Frontier parameters are used, the chart will return an investment efficient frontier curve instead 
of a single point for regular optimizations (min, max, step size).

Figure 33 and Figure 34 are important outcomes for decision-makers because they give them the freedom to create their portfolio 
of alternatives. Figure 33 depicts an efficient frontier of portfolios, with each point along the curve representing an optimized 
portfolio according to a set of restrictions. The constraints in this scenario were the number of options available in a ship and the 
total cost of obtaining these options, both of which were subject to a budget constraint. Figure 33 shows the various combinations 
of budget constraints and the maximum number of options allowed in colored columns on the right. For example, if a Navy 
program office only has $2.5 million to spend (see the Frontier Variable on the second row) and only four options per ship, only 
options 3, 7, 9, and 10 are viable, and this portfolio combination would provide the most bang for the buck while also meeting 
the budgetary and several options constraints. Option 5 is added to the mix if the limits are relaxed to five possibilities and a $3.5 
million budget. Option 1 and 2 should be added to the mix at $4.5 million and no more than seven options per ship. Surprisingly, 
even with a larger budget of $5.5 million, the same choices portfolio is chosen. In actuality, according to Optimized Constraint 2, 
just $4.1 million is used. As a result, the maximum budget for this portfolio of alternatives should be established at $4.1 million 
as a decision-making tool for budget-setting officials. Similarly, the decision-maker can go backward, for example, if the original 
budget of $4.5 million was cut to $3.5 million by Congress, then alternatives 1 and 2 should be discarded.

Previous examples displayed numerous portfolios with different objectives, but Figure 33 shows the efficient frontier, where 
constraints such as the number of alternatives permitted, and the budget were changed to determine the most efficient portfolio 
selection. Maximizing the financial bang for the buck (reducing cost and maximizing value while concurrently minimizing risk), 
maximizing Naval Operations (OPNAV) value, maximizing KVA value, achieving Command value, and maximizing a Weighted 
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Average of all objectives were among the five models exhibited. This competence is critical since the objectives and judgments 
of those conducting the analysis will differ depending on their viewpoints. When you use a multiple criteria optimization strategy, 
you may examine the scoring from all angles. The option with the highest count (for example, option 5) would be given the 
highest priority in the final portfolio since it meets the needs of all stakeholders and would thus be examined first, followed by 
alternatives with counts of 4, 3, 2, and 1.

 

Figure 33. Portfolio Optimization Results
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Figure 34. Multi-Criteria Portfolio Optimization Results
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As a side note, several types of algorithms have been created throughout the years to find the answers to optimization problems, 
ranging from basic linear optimization utilizing the simplex model to solving first partial differential equations, to be thorough 
and inclusive. When more complicated real-world situations are imagined, however, these fundamental methods tend to fail, 
necessitating the use of more powerful algorithms. We used a combination of evolutionary algorithms, Lagrange multipliers, and 
taboo-based reduced gradient search approaches to solve our efficient frontier problem. 
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As a side note, several types of algorithms have been created throughout the years to find 

the answers to optimization problems, ranging from basic linear optimization utilizing the simplex 

model to solving first partial differential equations, to be thorough and inclusive. When more 

complicated real-world situations are imagined, however, these fundamental methods tend to fail, 

necessitating the use of more powerful algorithms. We used a combination of evolutionary 

algorithms, Lagrange multipliers, and taboo-based reduced gradient search approaches to solve 

our efficient frontier problem.  

Simplistically, the Lagrange multiplier solution assumes some nonlinear problem of 

min 𝑜𝑜𝑜𝑜 max 𝑓𝑓(𝑥𝑥)	 

𝑠𝑠. 𝑡𝑡.				𝑔𝑔!(𝑥𝑥) = 	𝑏𝑏! 		∀	𝑖𝑖 = 1,… ,𝑚𝑚 

where equality is often replaced by some inequality values indicating a ceiling or floor constraint 

(Mun, 2015).  

From this functional form, we first derive the Lagrange multiplier v for all values of i: 

𝐿𝐿(𝑥𝑥, 𝑣𝑣) ≜ 𝑓𝑓(𝑥𝑥) + =𝑣𝑣![𝑏𝑏! − 𝑔𝑔!(𝑥𝑥)]
"

!#$

 

𝑠𝑠. 𝑡𝑡. 𝑐𝑐𝑜𝑜𝑐𝑐𝑠𝑠𝑡𝑡𝑜𝑜𝑟𝑟𝑖𝑖𝑐𝑐𝑡𝑡𝑠𝑠	𝑔𝑔!(𝑥𝑥) = 𝑏𝑏$, … , 𝑔𝑔"(𝑥𝑥) = 𝑏𝑏" 

The solution (x*, v*) is a set of points on the Lagrange function L(x,v) if it satisfies the condition 

=∇𝑔𝑔!(𝑥𝑥∗)𝑣𝑣∗ =
!

𝑓𝑓(𝑥𝑥∗)	𝑤𝑤ℎ𝑖𝑖𝑐𝑐ℎ	𝑜𝑜𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑜𝑜𝑟𝑟𝑠𝑠	=
𝜕𝜕𝑔𝑔!
𝜕𝜕𝑥𝑥&

𝑣𝑣! =
𝜕𝜕𝑓𝑓
𝜕𝜕𝑥𝑥&

∀𝑗𝑗	𝑟𝑟𝑐𝑐𝑎𝑎	
!

𝑔𝑔!(𝑥𝑥∗) = 𝑏𝑏! 

This approach is simple and elegant but limited to linear and quasi-linear, as well as some 

simple nonlinear functional forms of f(x). To be able to extend the functional form to generalized 

nonlinear applications, we need to add conditions to the solution set and apply some search 

algorithms to cover a large (and often unlimited) set of optimal allocations. One limitation is the 

requirement that the Kuhn-Tucker condition is satisfied where the nonlinear problems have a 

differentiable general form: 

min 𝑜𝑜𝑜𝑜 max 𝑓𝑓(𝑥𝑥) 
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𝑠𝑠. 𝑡𝑡.				𝑔𝑔!(𝑥𝑥) ≥ 	𝑏𝑏! 		∀	𝑖𝑖 ∈ 𝐹𝐹𝐹𝐹𝐹𝐹𝑠𝑠𝑖𝑖𝑏𝑏𝐹𝐹𝐹𝐹	𝑆𝑆𝐹𝐹𝑡𝑡 

										𝑔𝑔!(𝑥𝑥) ≤ 	𝑏𝑏! 		∀	𝑖𝑖 ∈ 𝐹𝐹𝐹𝐹𝐹𝐹𝑠𝑠𝑖𝑖𝑏𝑏𝐹𝐹𝐹𝐹	𝑆𝑆𝐹𝐹𝑡𝑡 

										𝑔𝑔!(𝑥𝑥) = 	𝑏𝑏! 		∀	𝑖𝑖 ∈ 𝐹𝐹𝐹𝐹𝐹𝐹𝑠𝑠𝑖𝑖𝑏𝑏𝐹𝐹𝐹𝐹	𝑆𝑆𝐹𝐹𝑡𝑡 

and the inequality constraints will need to be active at a local optimum or when the Lagrange 

variable is set to null: 

𝑣𝑣![𝑏𝑏! − 𝑔𝑔!(𝑥𝑥)] = 0 

In addition, mathematical algorithms will have to be developed to perform both ad-hoc and 

systematic searches of the optimal solution set. Using an enumeration method will take even a 

supercomputer close to an infinite number of years to delineate all possible permutations. 

Therefore, search algorithms are typically used in generating an efficient frontier using 

optimization. One simple approach is the use of a reduced gradient search method. To summarize 

the approach, we assume 

∇𝑓𝑓(𝑥𝑥) ∙ ∆𝑥𝑥 

where the functional form f(x) is the objective function and is divided into two parts, a basic (B) 

and nonbasic portion (N) that is multiplied by the change in vector direction x. Using a Taylor 

expansion, we obtain 

∇𝑓𝑓(𝑥𝑥) ∙ ∆𝑥𝑥 = ∇𝑓𝑓(𝑥𝑥)' ∙ ∆𝑥𝑥' + ∇𝑓𝑓(𝑥𝑥)( ∙ ∆𝑥𝑥(	

= ∇𝑓𝑓(𝑥𝑥)' ∙ (−𝐵𝐵)$𝑁𝑁∆𝑥𝑥() + ∇𝑓𝑓(𝑥𝑥)( ∙ ∆𝑥𝑥(	

= (∇𝑓𝑓(𝑥𝑥)( − ∇𝑓𝑓(𝑥𝑥)'𝐵𝐵)$𝑁𝑁)∆𝑥𝑥(	

 The reduced gradient for the solution matrix B is 

𝑟𝑟 ≜ (𝑟𝑟' , 𝑟𝑟()	

where 

𝑟𝑟' ≜ 0	

𝑟𝑟( ≜ ∇𝑓𝑓(𝑥𝑥)( − ∇𝑓𝑓(𝑥𝑥)'𝐵𝐵)$𝑁𝑁 
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Solving for this solution set is manually possible when the number of decision variables is small (typically fewer than four or 
five), but once the number of decision variables is large, as in most real-life situations, the manual solution is intractable, and 
computer search algorithms have to be employed. The general method employed includes taking the following steps:

 1. Estimate starting point and obtain the basis matrix set. 

 2. Compute sample test points and obtain the reduced gradient vector direction.

 3. Test for constraint feasibilities at the limits.

 4. Solve for the Lagrange optimal set.

 5. Start on a new set of points.

 6. Change the basis set if a better set of points is obtained or stop optimization.

 7. Repeat iteration and advance or stop when tolerance level is achieved. 

The Lingo of Optimization
Before embarking on solving an optimization problem, it is vital to understand the terminology of optimization––the terms used to 
describe certain attributes of the optimization process. These words include decision variables, constraints, and objectives. 

Decision variables are quantities over which you have control; for example, the amount of a product to make, the number of 
dollars to allocate among different investments, or which projects to select from among a limited set. As an example, portfolio 
optimization analysis includes a go or no-go decision on particular projects. In addition, the dollar or percentage of budget 
allocation across multiple projects can also be structured as decision variables.

Constraints describe relationships among decision variables that restrict the values of the decision variables. For example, a 
constraint might ensure that the total amount of money allocated among various investments cannot exceed a specified amount 
or, at most, that one project from a certain group can be selected. Other constraints might concern the budget, timing, minimum 
returns, or risk tolerance levels.

Objectives give a mathematical representation of the model’s desired outcome, such as maximizing profit or minimizing cost, in 
terms of the decision variables. In financial analysis, for example, the objective may be to maximize returns while minimizing 
risks (maximizing the Sharpe’s ratio or returns-to-risk ratio).

Conceptually, then, an optimization model might look like Figure 35.

 

Figure 35. Visualizing the Optimization Process
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The solution to an optimization model provides a set of values for the decision variables that optimizes (maximizes or minimizes) 
the associated objective. If the real business conditions were simple and if the future were predictable, all data in an optimization 
model would be constant, making the model deterministic (Mun, 2015). 

In many cases, however, a deterministic optimization model cannot capture all the relevant intricacies of a practical decision-
making environment. When a model’s data are uncertain and can only be described probabilistically, the objective will have 
some probability distribution for any chosen set of decision variables. You can find this probability distribution by simulating the 
model using the Risk Simulator software. An optimization model under uncertainty has several additional elements, including 
assumptions and forecasts.

Assumptions capture the uncertainty of model data using probability distributions, whereas forecasts are the frequency 
distributions of possible results for the model. Forecast statistics are summary values of a forecast distribution, such as the mean, 
standard deviation, and variance. With uncertainty, the optimization process (Figure 36) controls the optimization by maximizing 
or minimizing the objective. 

 

Figure 36. Stochastic Optimization 

Each optimization model has one objective, a variable that mathematically represents the model’s objective in terms of the 
assumption and decision variables. Optimization’s job is to find the optimal (minimum or maximum) value of the objective by 
selecting and improving different values for the decision variables. When model data are uncertain and can only be described 
using probability distributions, the objective itself will have some probability distribution for any set of decision variables. 
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IX. MAIN RESEARCHER’S SHORT BIO

Dr. Johnathan Mun is a Professor of Research at the Naval Postgraduate School in Monterey, California, and is a specialist in 
advanced decision analytics, quantitative risk modeling, Monte Carlo simulation, strategic flexibility real options, predictive 
modeling, and portfolio optimization. He has authored over 32 books, holds 22 patents and patents pending, and written over 
200 technical reports, white papers, analytical notes, and academic journal articles. His prior positions include being Vice 
President of Analytics at Oracle/Crystal Ball and a senior manager at KPMG Consulting. He has developed multiple software 
applications that run Monte Carlo risk simulations, predictive modeling, portfolio selection and optimization, strategic real 
options, analysis of alternatives, total ownership cost, and others. Dr. Mun has performed over 100 consulting projects in 
private industry as well as with the Department of Defense, in areas including decision analytics, return on investment analysis, 
acquisitions analysis, analysis of alternatives, enterprise risk management, program and project selection and optimization, cost 
and schedule risk modeling, and others. His latest technical reports with the Naval Research Program and Naval Acquisitions 
Research Program deals with the return on investment on military education and research, as well as total cost ownership 
modeling and return on investment on DARPA’s 5G protected waveform open-source initiative. He holds a Ph.D. in finance and 
economics from Lehigh University, with specializations in advanced risk analytics, econometric modeling, financial analytics, 
decision analysis, and strategic real options. He also holds an MBA in management and a BS in physics and biology, as well as 
multiple other designations such as the CQRM (Certified in Quantitative Risk Management), FRM (Certified in Financial Risk 
Management), CFC (Chartered Financial Consultant), among others.
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X. PROPOSAL FOR PHASE II

The current Phase I research showcases the potential uses of advanced analytics (Monte Carlo simulations, stochastic 
optimization, decision options) and data and decision analytics, as well as artificial intelligence machine learning approaches. 
Based on this preliminary research, the following are recommendations for Phase II of the project.

Research Proposal
Phase II research will include discussions with key DoD personnel, subject matter experts, key decision-makers, and program 
managers to determine the best roadmap to enhance the success of generating a powerful and searchable DOR database. The 
result of these discussions will be the selection of key parameters, assumptions, input data, models and computations, past 
decisions made, leadership inputs and overrides, constraints and limitations, end goals, and other pertinent information, which 
can then be mined using Sentiment Analysis with Machine Learning, coupled with Scraping Algorithms and Text Mining with 
Custom Lexicographic sets.

An installable software tool with a custom user interface will be created to allow users of the system to apply precedent-based 
insights into their current and future programs. In addition, whenever possible, predictive values will be complemented by actual 
values captured over time. This allows postmortem analysis of previous programs and provides for lessons learned along the 
way. Capturing the history of key decisions will help senior leadership make more credible and defensible decisions, which may 
eventually lead to legal and regulatory changes for the DoD.

The proposed methodologies will allow the collection of data that can be applied in a variety of areas, including, but not limited 
to, Integrated Risk Management® approaches where stochastic analyses like Monte Carlo simulations, stochastic portfolio 
optimization, and advanced data analytical approaches, artificial intelligence, and data science methods can be run. Over time, 
lookback analyses can be applied to update the DOR, making it more closely aligned to the needs of the DoD. The system should 
be able to collect different types of economic data (total lifecycle cost, total ownership cost, acquisition cost, cost deferred, 
and schedule and risk costs); logistics data (e.g., inherent availability, effective availability, mission reliability, operational 
dependability, mean downtime, mean maintenance time, logistics delay time, achieved availability, operational availability, 
mission availability, fielded capabilities, and Likert levels of creative and novel technology, as well as other metrics); qualitative 
subject matter expert estimates (strategic value, value to society, command priorities, legal and regulatory impact scores, etc.); 
and market comparables to operationalize various elements of DoD benefit. At appropriate time intervals, backfitting analyses 
such as nonlinear discriminant analysis, neural networks, distributional fitting, limited dependent variables, path-dependent 
partial least squares, and others can be applied to tease out the critical success factors that lead to the success or failure of 
certain decisions within a program or acquisition.

Research Risks
The risk of the research is minimal and based on the highly encouraging results of Phase I, Phase II’s research risks are 
significantly mitigated. The main researcher, Dr. Mun, is a financial economist with expertise in modeling uncertainty and 
risk-based stochastic decision analytics and strategic real options for determining ROI in the DoD. For instance, he and his 
team have completed multiple studies and published academic journal articles and technical reports with the Naval Research 
Program and Naval Acquisition Research Program dealing with decision analytics. The team has extensive experience both in 
industry consulting and DoD-specific programs. Our team has been heavily involved in applying advanced analytical methods 
on decision making for DoD organizations such as the Defense Advanced Research Programs Administration (DARPA), Naval 
Sea Systems Command (NAVSEA), Program Executive Office Integrated Warfare Systems (PEO-IWS), Naval Research Program, 
Naval Information Warfare Center (NIWC) Pacific, Naval Acquisition Program, and others. Such experience and knowledge in the 
DoD acquisitions arena will allow the research team to generate precise requirements for a modeling-storytelling approach to a 
precedent-based and institutional-knowledge preservation decision-making DOR database that will be comprehensive and become 
more accurate over time. The final deliverables will be pragmatic and immediately applicable by DoD personnel, not just a series 
of theoretical constructs, further reducing the research risk because the methodologies can be readily employed.
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Cost, Schedule, and Deliverables
The cost of Phase II is $XXX

The period of performance for Phase II is June 1, 2022, to December 31, 2024.

Deliverables include an installable software tool with a simple user interface for running certain AI analytics based on the 
outcome of the research, training videos, and written training materials, as well as an executive brief of the results.
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