
 

 

 

 

ABSTRACT 

Linear Complexity Yields Compounding Exponential Contingencies: Analysis Using the 

Design Performance Matrix 

 

Sam M. Haug 

Director: Robert Marks II, Ph.D. 

 

In the pursuit of an optimum design, prototypes fail and must be redesigned in 

order to progress. In complex projects an uninformed designer must expend countless 

resources to improve upon the design. We organize information pertinent to a complex 

design project into a matrix and examine its applications both in the design process and 

describing how domain expertise can help to navigate this ever-increasing complexity of 

design. Some scenarios require only moderate tweaking to solve an issue, but some 

require a complete reworking of the designer's mindset concerning the project. Ever 

increasing complexity of the project at hand makes progression difficult, and potentially 

impossible without a creative designer with considerable domain expertise. 
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CHAPTER ONE 

Introduction 

 

From a bike to artificial intelligence, designs are created to make life easier. No 

matter their complexity, each of these designs is meant to take advantage of the laws of 

the universe in a certain way to produce a favorable result. Even the simplest of designs 

can be extremely successful and useful. The wheel, for example, is a very simple 

mechanical design, but it has helped make the modern world possible. There are many 

possible ways to define complexity as enumerated by Lloyd  [2], but for our purposes we 

will define a complex design as one which responds to many possible input variables. 

This concept is further explained in Section 3.2b. 

Designs are successful when they function as intended. If you are designing a 

washing machine, it wouldn't be a very useful design if the clothes came out dirty. Only 

when the washer cleans the clothes do we call it successful. This is when it becomes 

useful. There are countless designs that fail at washing clothes, but only a few that 

succeed. The design process is how we arrive at these useful contraptions. This process is 

described by Marks et al. [5] to effectively be a search for the optimum design. As 

described also by Takeda et al. [3], the design process is an iterative one. An initial 

prototype is first created, it is tested, and it is then adapted to increase its effectiveness. A 

new prototype is then either adapted from the previous attempt or constructed anew. This 

represents one iteration of the design process. Making an unsuccessful design for a 

complex problem is very simple, but designing a success takes a lot of effort and domain 

expertise. Complex computer designs take countless hours of programming and testing 
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by highly skilled professionals. These designers working on the project must sift through 

a near endless number of sub-optimal designs until they reach a design with successful 

performance. In more complicated projects, exponentially more sub-optimal designs must 

be filtered. This process is very near impossible without substantial resources and 

considerable domain expertise. An uneducated child can attempt to program a self-

driving car, but this car wouldn't be able to shift out of park.  

Why is he unable to succeed? This child lacks both the domain expertise and 

resources to complete this project. Not only does he not know the first thing about 

computer programming, but he has no idea how to drive a car. He knows nothing about 

physics or traffic laws. Because of this, his chances of finding the optimal design are 

determined solely by empirical probability. There are a near infinite number of possible 

programs he could write, so the odds of randomly arriving at a successful design on his 

first try are so low that we don't lose any sleep calling them zero. This principle is 

demonstrated in the Design Matrix. Because of his lack of resources, he would also not 

be able to carry out very many iterations of the design process. This gives him little hope 

of improving his initial try. 

 Even with vast resources and considerable domain expertise, complicated designs 

may still encounter unexpected contingencies and malfunction. 

 These unexpected contingencies are the result of a lack of foresight by the 

designer. Many of them are unlikely or obscure scenarios, but nonetheless can prove 

disastrous for a design when it encounters them. IBM Watson, for example, famously 

malfunctioned in the presence of such a contingency. IBM Watson bested several human 

contestants on Jeopardy, but during encountered something it had not previously 
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encountered. One of the other contestants answered a question incorrectly, the host 

identified the response as incorrect, and IBM Watson answered with the same response 

[6]. Any person with any common sense would know not to answer with a response that 

is known to be incorrect, but IBM Watson was not programmed with this common sense. 

Its programmers failed to account for this scenario in the design process. 

 Another example of an unexpected contingency occurred in experiments 

attempting to teach AI to detect wolves and camouflaged tanks. The AI in these cases 

began to identify the wolves or tanks by extraneous information in the images, such as 

the presence or absence of snow or sun [8]. Rather than detecting the wolves or tanks 

themselves, the AI simply learned the difference between irrelevant variables. Further 

discussion on unexpected contingencies and how they relate to the Design Matrix occurs 

in Section 4.3. 
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CHAPTER TWO 

Background 

 

Much work has been accomplished in the areas of design and complexity, and 

many other authors have inspired and aided the writing of this work. Complexity itself is 

a topic worth much study, as increasingly complex systems manage more and more 

valuable aspects of our lives over time. Studying trends in how these systems react and 

adjust to both external and internal perturbations may be vital to maintaining the modern 

world. One possible solution to a problem like this was sought for a long time, seeking to 

find an algorithm that is the best at fixing other algorithms, essentially employing a 

complex system to oversee and manage other complex systems. This hunt presented itself 

as a quest to discover the best search algorithm. Eventually, from a work authored by 

Wolpert and Macready called the No Free Lunch Theorems for Optimization [7], it was 

discovered that no such optimal algorithm existed, and that complex systems would have 

to be maintained individually with domain expertise.  

Following this work, more analysis was conducted by Ho et al. on the 

implications of these No Free Lunch Theorems with application in complexity and 

security [1]. Ho et al. organized possible contingencies to a complex situation in matrix 

form, and discovering that unplanned contingencies in a complex system didn't just have 

a small chance at producing a negative outcome, they would likely produce unfavorable 

outcomes. The organization of information on complex designs into matrices is a key 

factor in the production of this paper, inspired by Ho et al. While Ho et al. primarily 

focus their attention on applications of the No Free Lunch Theorems, this work explores 
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a  different use of the organizational framework, examining its applications both in the 

design process and describing how domain expertise can help to navigate the ever-

increasingly complexity of design. 

In a work authored by Carlson and Doyle, the concept of Highly Optimized 

Tolerance (HOT) is introduced [11]. This concept illustrates the tendency of highly 

optimized complex systems to perform their tasks well, but to be hypersensitive to 

perturbations in the form of design flaws and unexpected contingencies.  

The topic of design closely related to that of complexity and is also quite relevant 

to the modern world. The work of Takeda et al. recognizes design as an iterative process 

where a prototype is tested and improved, leading to the creation of the next prototype 

[3]. Also in the work of Dorst and Cross, creativity is acknowledged to have a role in the 

design process, giving a seemingly unexplainable "creative leap" that aids the process 

tremendously [12]. 
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CHAPTER THREE 

The Design Matrix 

 

3.1 Purpose 

The Design Matrix both enumerates and organizes all possible design 

configurations for a given project. It is useful as a framework for organizing progress in 

the design process. The Matrix includes the good designs, the bad ones, and everything in 

between. It can be used to provide feedback regarding the current iteration of the design 

process. Successful and unsuccessful response to inputs can be identified and organized. 

The Matrix will also indicate whether the optimum design has been achieved. 

For projects with any real complexity, the size of the Design Matrix makes it 

impossible to work with in its entirety. In these cases, conceptual aspects of the Matrix 

allow it to be used to the desired effect. The Design Matrix is not intended to be used as 

an instruction manual giving specific advice to improve the design, rather it is intended as 

a framework to measure progress and inform the design process. 

In the hands of a creative designer with domain expertise, the Design Matrix can 

serve a much greater role. Scenarios that the design responds to successfully can help 

preserve beneficial aspects of the design, and scenarios in which it does not respond 

favorably can help improve it. The Matrix can be used in this way to evaluate progress in 

pursuit of the optimum design. Because the Design Matrix itself does not contain 

information about why each design configuration is successful or unsuccessful in certain 

scenarios, it cannot be used to this effect without a designer possessing domain expertise. 
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3.2 Structure and Math 

An example of the Design Matrix is shown in Table A.1. It is similar to the 

structure of the Fundamental Matrix explained by Ho et al. [1], though its interpretation is 

quite different. 

Each column represents a possible design configuration, which is a member of set 

𝑌 containing all possible configurations. The total number of these configurations is 

given by |𝑌|. In this example, |𝑌| = 16.  Each row represents a different input to which 

the design may be subjected. Each of these inputs is a member of set 𝑋, where the total 

number of possible inputs is |𝑋|. The outputs listed in the table are members of set 𝐶, 

which denote the favorability of the combination. |𝐶| is the number of possible outputs. 

In this example there are only two possible outputs: favorable (1) or unfavorable (0). 

Each configuration (𝑦(𝑥)) can be described by its responses to inputs. These responses 

are represented as the column of ones and zeroes below each configuration. For example, 

configuration 𝑦2(𝑥) in Table A.1 produces a favorable result with inputs 𝑥2, 𝑥3, and 

𝑥4but an unfavorable result with input 𝑥1. Every design configuration is unique from all 

other design configurations. All possible design configurations list out the possible 

unique combinations of successes and failures for the given inputs. Thus, the number of 

possible design configurations (|𝑌|) is determined as a function of the number of possible 

design inputs (|𝑋|): |𝑌| = 2|𝑋|. 

The optimum design configuration is the one that responds favorably to all 

possible design inputs. In this example, 𝑦1(𝑥) is the optimum design. All other 

configurations listed in the table are suboptimal configurations to varying degrees. The 

Design Matrix by itself does not give any information about why the optimum 
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configuration behaves favorably in all circumstances or why the sub-optimal 

configurations behave poorly. The Matrix only provides an exhaustive listing of the 

results of each configuration. Domain expertise is required for further analysis.  

Though only one design configuration is perfect, the other suboptimal designs are 

not necessarily useless. Depending on the design criteria, a suboptimal design can be a 

satisfactory result of the design process. If the design criteria demand perfection, 

however, the optimum design becomes the only satisfactory design and all other designs 

are unacceptable. If the criteria are more tolerant, on the other hand, other suboptimal 

designs could be sufficient to satisfy the criteria.  

As an example, consider the design project modeled by Table A.1, in which 

configuration 𝑦1(𝑥) is the optimum design. The design criteria in this example are as 

follows: the design must handle input scenarios 𝑥1, 𝑥2, and 𝑥4 correctly. More than one 

configuration satisfies these criteria. The optimum design of course satisfies them, but 

another does as well. Configuration 𝑦5(𝑥)handles input scenarios 𝑥1, 𝑥2, and 𝑥4 correctly 

as well. This other configuration mishandles input 𝑥3, but this is irrelevant to the defined 

design criteria. In this way multiple possible configurations may satisfy the design 

criteria. These such designs are referred to as satisfactory designs. 

 

3.2a Input Variables 

Discussion of the input scenarios thus far considers the scenarios as a whole, but 

these scenarios can often be broken down into smaller categories termed input variables. 

Input variables identify aspects of the input scenarios that can be easily categorized. In 

examples such as a self-driving car, many input variables must be considered for an 

effective design: time of day, presence of pedestrians, presence of other vehicles, weather 
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conditions, and many more. The composite of the values of all of the input variables 

comprises one input scenario. An example of a possible input scenario would be: a sunny 

day with no other vehicles on the road but pedestrians present. The total list of possible 

input scenarios is given by all the combinations of input variables that are considered: 

The number of input scenarios is given by |𝑋| = 2|𝐴|, where 𝐴 is the set of all input 

variables, and |𝐴| is the cardinality of that set. 

Any given input variable will have a value of 0 for half of the total inputs and a 

value of 1 for the other half of the total inputs. In the familiar self-driving car example 

with time of day as an input variable, half of all the scenarios will be at night and the 

other half will be during the day. 

  For the purposes of this work, binary input variables are considered, though the 

same concepts are applied to other cases in Section 3.6. 

 

3.2b Complexity 

The example of the Design Matrix provided in Table A.1 enumerates the possible 

configurations of a design with only four possible input scenarios (|𝐴| = 2, |𝑋| = 2|𝐴| =

4), but the Design Matrix can be expanded to model a project with any finite number of 

inputs. This finite number of inputs is determined by the number of input variables in the 

project, or the project's complexity. Relating to our earlier definition in Chapter 1, 

complexity is now defined to increase linearly as the number of relevant input variables 

increases. 

The size of the Design Matrix is determined by its complexity. A more 

complicated design will have many possible inputs, and a simpler design will have fewer 

possible inputs. This number of possible inputs is used to determine the number of 
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possible design configurations that are included in the matrix. This calculation is similar 

to that of Ho et al. [1].  Thus the dimensions of the Matrix are determined by the 

complexity of the problem. A more complex problem will yield a larger Matrix. 

 

3.3 Testing 

In order for this system to be helpful in the design process, a prototype design 

must be sorted into one of the configurations given by the Matrix. This is accomplished 

through the use of testing. 

Testing can tell you if your prototype is the optimum configuration or if it is 

suboptimal, and to what extent it is suboptimal. It also has the ability, in the hands of a 

designer with domain expertise, to aid in the correction of unsuccessful performance. 

This is explained further in Section 4.1.  

Before the use of testing, the behavior of the prototype is not known. It is possible 

that the initial prototype is the optimum design, but we won't know that until we discover 

its behavior. 

Testing involves exposing the prototype to various possible inputs (𝑥 values) one 

at a time and determining their outcomes. The prototype is exposed to the single input 

and its performance is evaluated. More testing of inputs provides more precision when 

sorting the prototype into a specific configuration. Each successive test reduces the 

number of possible configurations by a factor of two. In order to fully understand the 

behavior of the prototype, every possible input must be tested. For very complex 

problems, however, evaluating the prototype's behavior to every possible input is not 

feasible. In this scenario, select x values are be tested to narrow down a grouping of 

possible configurations that the prototype may be a part of. Because all possible inputs 
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have not been tested, the exact configuration in which the prototype exists cannot be 

determined, but information is still gathered. Of the tested inputs, we know which ones 

the prototype handles correctly and which inputs it handles incorrectly. The performance 

of the prototype for untested inputs remains unknown. This process is further explained 

by example in Section 3.4.  

 

3.4 Practical Example 

To illustrate the concept of the Design Matrix, consider a washing machine [4]. 

For the purposes of this illustration, we will only consider a very simple washing 

scenario. The rules for this example are defined below. 

▪ All possible loads of laundry fall into one of two categories: heavy or nonheavy. 

▪ All heavy loads are identical in every way to all other heavy loads. The same 

applies to nonheavy loads. 

▪ There are only two ways to wash a load of laundry, for a long time or for a 

nonlong time. 

▪ All long washes are identical in every way to all other long washes. The same 

applies to nonlong washes. 

▪ Only one load may be entered into the washer at a given time. 

▪ Only one type of washing may be applied to each load of laundry 

Suppose now that you are designing a washing machine for one of your friends who 

is both a connoisseur of clean clothing and very eco-friendly. To meet the standards of 

your friend's refined tastes, your washing machine must wash heavy loads for a long time 

to ensure that they are clean. It must also wash nonheavy loads for a nonlong time to 

ensure that no energy is wasted. If these conditions are not met, the loads are washed 
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unsuccessfully and your friend gives you a big thumbs down. In this scenario your friend 

is called the Oracle and may be used to give feedback on the efficacy of your design [5]. 

In this scenario, there is only one relevant input variable: load weight. There are 

only two possible inputs that the design can handle (|𝑋| = 2). These inputs are either 

heavy (𝑥1) or nonheavy (𝑥2). The number of possible design configurations is therefore 

|𝑌| = 2|𝑋| = 4. You can program a washer for this task in any number of ways, but there 

are only four unique configurations that your created prototype will fall into. Each of 

these design configurations handles the inputs with a different combination of successes 

and failures. An example of the Design Matrix for this project is given in Table 1. 

 

Table 1 

The Design Matrix for the Washer Problem 

 𝑦1(𝑥) 𝑦2(𝑥) 𝑦3(𝑥) 𝑦4(𝑥) 

𝑥1 1 0 1 0 

𝑥2 1 1 0 0 

 

 In this design project there is one optimum configuration and there are three 

suboptimal configurations. Configuration 𝑦1(𝑥) handles both heavy (𝑥1) loads and 

nonheavy (𝑥2) loads correctly. This means that it washes heavy loads for a long time and 

nonheavy loads for a nonlong time. This can be determined from knowledge of the 

Oracle's preferences. Heavy loads are only washed successfully if they are washed for a 

long time and nonheavy loads are only washed successfully if they are washed for a 

nonlong time. All of the other configurations in this design project handle at least one of 

the types of loads incorrectly. Configuration 𝑦2(𝑥)  handles nonheavy loads incorrectly, 
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configuration 𝑦3(𝑥)  handles heavy loads incorrectly, and configuration 𝑦4(𝑥)  handles 

both loads incorrectly. When designing the washer, it is your goal to create one with the 

configuration matching 𝑦1(𝑥). 

All of the knowledge that we have gathered thus far about this scenario is derived 

from the parameters of the project itself, and does not include information about any 

prototypes that may be created. 

As you proceed through the design process to create the perfect washer, you must 

first create a prototype to evaluate. In a scenario as simple as this one, it is not difficult to 

design a prototype of the optimum configuration on the first iteration with only a small 

amount of domain expertise (simply design a washer to wash heavy loads for a long time 

and nonheavy loads for a nonlong time). Even so, the process of prototype testing is the 

same.  

Testing to determine the behavior of a prototype may only be done one input at a 

time. The order in which inputs are tested is not important. If the input of the heavy load 

(𝑥1) is tested first, the possible configuration of the prototype can be narrowed down into 

one of two groups. If the prototype handles the heavy load correctly, it may fall into 

either configuration 𝑦1(𝑥) or 𝑦2(𝑥), as both of those configurations handle the heavy 

load correctly. If the prototype handles the heavy load incorrectly, it may fall into either 

configuration 𝑦3(𝑥) or 𝑦4(𝑥), as both of those configurations handle the heavy load 

incorrectly. 

After this initial test of the prototype, its precise configuration is still not known, 

because not all of the inputs have been tested. Suppose that the prototype handles the 

initial heavy load incorrectly, leading to a negative test result. We now know that the 
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prototype falls into either configuration 𝑦3(𝑥) or 𝑦4(𝑥), but not which one. Only by 

testing the remaining input of a nonheavy load can we be sure of the particular 

configuration. If the prototype handles the nonheavy load correctly, then it falls in 

configuration 𝑦3(𝑥). If incorrectly, then it must fall in configuration 𝑦4(𝑥). We are able 

to be certain of which specific configuration the prototype falls into because every 

possible input has been tested.  

In this way testing can be used to identify which configuration or group of 

configurations a particular prototype falls into. For very stringent and specific design 

criteria, more testing will be required to ensure the required quality. For less stringent and 

less specific design criteria, however, less testing is required. 

 

3.5 Conjunction and Disjunction 

Conjunction and disjunction refer to the manner in which multiple input variables 

are evaluated relative to each other [9]. Variables are considered conjunctively if they are 

evaluated together as a composite input. The Design Matrix itself treats all input variables 

conjunctively as it evaluates the composite of those values as an individual input 

scenario. For example, in the case of a self-driving car, a single design input may include 

the sun angle, temperature, speed limit, presence of pedestrians, and many other things. 

The Matrix considers the sum of all of these variables as one input scenario to be tested. 

If any of the values of the input variables change, the scenario is then a completely new 

input scenario. 

In the washer example, suppose that another input variable is considered: 

turbidity. A load may either be turbid or nonturbid. In this case, there are now four 

possible inputs to the design: a heavy turbid load, a nonheavy turbid load, a heavy 
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nonturbid load, and a nonheavy nonturbid load. The Design Matrix for this project would 

be considerably larger than the initial example's with only one input variable, as it would 

now have four rows and sixteen columns.  

Disjunction, on the other hand, considers each input variable individually. Using 

this perspective enables isolation of variables. We may look at what makes a design 

successful for each specific input rather than analyzing the results for every possible 

combination. 

 

3.6 Design Matrix Generalization 

The Design Matrix is not limited to strictly binary projects. It has application in 

scenarios with nonbinary performance ratings (|𝐶| ≠ 2) as well. The most obvious effect 

of this change lies in determining |𝑌|. Because the possible combinations of outputs 

(successes, failures, etc.) increases with an increase of the number of outputs (|𝐶|), the 

number of possible design configurations increases as well. The function used to 

determine the number of possible configurations becomes |𝑌| = |𝐶||𝑋|. 

The Design Matrix can also model situations containing input variables with 

nonbinary values. For any number |𝐴| of input variables with 𝑆 possible values, the 

number of total input scenarios is given by |𝑋| = (𝑠1)(𝑠2)(𝑠3) . . . (𝑠|𝐴|) 

In addition to affecting the size of the Design Matrix, a change in the number of 

outputs also affects the efficacy of the testing process. Each successive test reduces the 

number of possible configurations that the prototype may be a part of by a factor of |𝐶|. 

To best illustrate this concept, an example Design Matrix containing |𝐶| = 3 is 

provided (|𝑋| = 2).  
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Table 2 

Design Matrix with Nonbinary Output 

 𝑦1(𝑥) 𝑦2(𝑥) 𝑦3(𝑥) 𝑦4(𝑥) 𝑦5(𝑥) 𝑦6(𝑥) 𝑦7(𝑥) 𝑦8(𝑥) 𝑦9(𝑥) 

𝑥1 2 2 2 1 1 1 0 0 0 

𝑥2 2 1 0 2 1 0 2 1 0 

 

Notice that each design configuration still has a unique set of behaviors given 

each input, and all possible combinations of behaviors for the two given inputs are 

included. This property of the table is conserved as the number of possible outputs 

increases. 

A more generalized form of the Design Matrix like this one becomes useful when 

ranges of performances must be considered. For example, it can model poor (0), 

moderate (1), and exceptional (2) performance.  
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CHAPTER FOUR 

Application 

 

The Design Matrix isn't just for show, it is designed to aid in the design process. 

The Matrix contains and organizes a plethora of information regarding areas of efficacy 

and those needing improvement. Most of this information can only be interpreted with 

domain expertise. 

Domain expertise is the primary determinant of how useful the Design Matrix will 

be. With much expertise, much information can be gleaned from the Matrix. With little 

expertise, however, the Matrix provides less information. In this case, the No Free Lunch 

Theorem applies. 

Domain expertise is the knowledge that one gains from prolonged experience in a 

particular area [5]. This is the difference between a software engineer with professional 

driving skills and a child when designing a self-driving car. The child simply doesn't 

know anything about cars or programming. The professional, however, has very educated 

intuitions from years of experience.  

 

4.1 Use With Domain Expertise: Educated Guesses 

The advantages that come with domain expertise present themselves in several 

ways during the course of the design process. The original prototype is likely to be much 

closer to a satisfactory design configuration and successive iterations improve the 

prototype rapidly. In the case of a self-driving car, the expert designer already has a good 

idea of what kinds of driving maneuvers are safe and legal, and which maneuvers to 
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avoid. This designer also knows how to code effectively. His or her ability to think 

through the behavior of their design before ever creating a prototype allows for greater 

success on the initial attempt. 

An expert designer also has distinct advantages on each successive iteration of the 

design process. This designer understands why the prototype has succeeded or failed in 

different scenarios. The designer has the ability to identify and preserve positive aspects 

to the design as well as correct negative aspects of the design. One such advantage is the 

ability to identify and exploit input variables.   

An expert designer is able to identify input variables from given scenarios and 

potentially draw parallels between input scenarios with constant input variables. As an 

example, if a self-driving car has difficulty driving at night but no difficulties during the 

day, a designer with domain expertise may easily conclude that the car fails because of a 

sensory failure or something related to the time of day rather than a steering or braking 

failure. This designer already has an idea of what aspect of the car to fix, while a designer 

with no expertise would only know that the car does not function correctly in several 

scenarios.   

Identification of input variable and their relationships to each other may allow the 

expert designer to simplify the design process even further. In the case that several input 

variables are completely independent from one another, the designer may break the large 

Design Matrix into several smaller Matrices considering the independent variables 

separately. This makes the design process much simpler, as each input variable does not 

need to be considered conjunctively but rather can be considered individually, or 

disjunctively. 
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4.2 Use Without Domain Expertise: Shooting in the Dark 

Lack of domain expertise is a crippling disability. Domain expertise is what 

allows a creative designer to diagnose why their designs work, why they don't work, and 

how to improve them [5]. Input variables are impossible to isolate and there is no 

potential to consider them disjunctively. Without this expertise, methodical progression 

toward a satisfactory design is absent, and the No Free Lunch Theorem [7] applies to the 

project. As a result, there is no search algorithm that is superior to any other when 

attempting to locate a satisfactory design. Probabilities of success are determined solely 

by empirical probability. 

This probability can be evaluated using the Design Matrix, but additional 

information contained in the Matrix cannot be utilized without domain expertise. 

For a given design project, the probability of creating a configuration that meets 

the design criteria on the first iteration is given by 
|𝑌𝑠𝑎𝑡|

|𝑌|
, where 𝑌𝑠𝑎𝑡 is the set of all design 

configurations that meet the design criteria and |𝑌𝑠𝑎𝑡 | is the number of configurations in 

that set. If the design criteria are general enough that half of the possible design 

configurations are satisfactory, then the chance of producing a satisfactory design on the 

first try would then be 50%.  

Any subsequent iteration of the design process gains no information from the 

previous created prototype, and so no progress is made. The probability of creating a 

satisfactory configuration on any subsequent remains the same as the first iteration. 

 

4.3 Additional Variable Explosion 

If the design project is correctly modeled by the Design Matrix, i.e. all possible 

unique inputs are enumerated fully, then retesting a particular input will always yield the 
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same result. This is because every possible input is defined thoroughly and completely. 

There is no way in which a given input can vary in any way from other instances of the 

same input. 

In the instance that a particular prototype is tested multiple times with the same 

input and yields different results, this should inform the designer that not all relevant 

input variables have been accounted for. 

An example of this for a self-driving car is a plastic bag flying onto the car and 

covering a camera. If the designer of the car did not foresee this possibility as an input 

variable, his or her Design Matrix would make no distinction between two otherwise 

identical input scenarios but one has the plastic bag and one does not. This designer 

would be confused as to why the car functions successfully when the plastic bag is absent 

and fails when the plastic bag is present. This is because he or she has not considered that 

the plastic bag is a variable that must be accounted for in their design. 

Because multiple tests of an identical scenario yield differing results, this is an 

indication to the designer that he or she has not accounted for all relevant variables, in 

this case the presence or absence of a plastic bag. 

If the designer is able to identify the missing input variable and account for it, the 

complexity of the design project increases and the number of input scenarios (|𝑋|) 

increases as well. In the case of one additional input variable, the number of input 

scenarios doubles (See Section 3.2a). As a result of this also, the number of possible 

design configurations increases exponentially. By adding just one input variable to the 

Design Matrix, it increases its size tremendously. 
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To put this size change into perspective, consider an example Design Matrix 

containing ten input variables. The width of this Matrix for this example would be: 

 |𝑌| = 2|𝑋| = 22|𝐴|
= 1.8 × 10308 units. By adding just one input variable to this Matrix, 

the width increases to an astonishing |Y| = 22|𝐴|+1
= 3.2 × 10616. In this manner a linear 

increase in complexity yields a compounding exponential increase in the number of 

contingencies (configurations) that must be accounted for in the design process. 

This can mean one of two things for all of the testing and evaluation of the 

prototype that the designer has accomplished up to this point. These two options are best 

described by Donald Rumsfeld [10]: “As we know, there are known knowns; there are 

things we know we know. We also know there are known unknowns; that is to say we 

know there are some things we do not know. But there are also unknown unknowns—the 

ones we don't know we don't know.” 

 

4.3a Known Unknowns 

If the designer is sure that the newfound input variable had a consistent value in 

previous testing, then he or she can be confident in the results of that testing. The results 

of those tests must simply be entered into the new Design Matrix in the rows that 

correspond to the value of the new input variable.  

For example, if a self-driving car fails in the presence of a plastic bag, the 

designer can be confident that a plastic bag has not flown in front of the car during 

previous testing, as he or she would surely have noticed such an occurrence. Thus the 

plastic bag input variable had a consistent value: absent (0). All of the testing and work 

that the designer had done previously in discovering whether the prototype falls in an 

acceptable configuration is preserved. These results will simply be entered in the Design 
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Matrix in rows that the plastic bag variable has a value of 0. Much more testing is 

required to narrow down the design configuration and more iterations of the design 

process are required to achieve a satisfactory design, but the previous work is not lost. 

The designer may still be confident that their design will function as expected provided 

that no plastic bags present themselves. 

 

4.3b Unknown Unknowns 

If the designer is unsure whether the newfound input variable had a consistent 

value in previous testing, then he or she cannot rely on the results of that testing. The AI 

mentioned in Chapter One that sought to identify wolves is a prime example of this 

phenomenon. When the designers realized that the program was not looking at features of 

the wolves but rather irrelevant aspects of the background, they discovered another input 

variable that was not accounted for. Are there coincidental similarities in sample 

photographs with the desired targets? Assuming that there were a large number of 

photographs fed into the program to teach it to look for wolves, the designer cannot be 

sure that were not coincidental similarities in the pictures from the very beginning. In this 

case, the designer cannot be confident in any of the results of the prototype. Testing must 

begin anew with this new input variable in mind and accounted for. Such a discovery is 

devastating to any design process, but especially to one that spent many resources. 
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Table A.1 

 

The Design Matrix 

 𝑦1(𝑥) 𝑦2(𝑥) 𝑦3(𝑥) 𝑦4(𝑥) 𝑦5(𝑥) 𝑦6(𝑥) 𝑦7(𝑥) 𝑦8(𝑥) 𝑦9(𝑥) 𝑦10(𝑥) 𝑦11(𝑥) 𝑦12(𝑥) 𝑦13(𝑥) 𝑦14(𝑥) 𝑦15(𝑥) 𝑦16(𝑥) 

𝑥1  1 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 

𝑥2 1 1 0 0 1 1 0 0 1 1 0 0 1 1 0 0 

𝑥3 1 1 1 1 0 0 0 0 1 1 1 1 0 0 0 0 

𝑥4 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 
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