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ABSTRACT 

 This thesis studies uncertainty that is associated with using subject matter expert 

(SME) elicitation to assess risk. The U.S. Army Engineer Research & Development Center 

(ERDC) developed the Operational Condition Assessment (OCA) Prioritization Tool to 

evaluate expected risk to a watershed based upon the condition of components in existing 

flood control infrastructure. Multiple SME rankings of component criticality are used in 

conjunction with gate failure consequence data to assign levels of risk to each component 

and prioritize components associated with the most risk for an OCA. We study three 

aspects of using the OCA Prioritization Tool. First, we utilize a method of comparing the 

data from individual SMEs to their peers to assess the consensus in rankings. Next, we 

utilize the nonparametric bootstrap to quantify the uncertainty in risk mitigation that comes 

from SME elicitation. Finally, we analyze the effects of having SMEs only ranking a select 

number of components instead of the entire set. 
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EXECUTIVE SUMMARY 

The Engineer Research and Development Center (ERDC) developed an 

Operational Condition Assessment (OCA) Prioritization Tool to prioritize which 

components receive an OCA to maximize the mitigation of risk a watershed faces from 

infrastructure failures (Alt et al. 2021). The tool relies on input data from a hydrologic 

consequence model and subject matter expert (SME) elicitation of component rankings in 

order of criticality to system functionality. This thesis seeks to analyze the uncertainty in 

the output of the tool for two watersheds: the Trinity River Basin in Texas, and the 

Willamette River Basin in Oregon. 

The purpose of this thesis is to answer three research questions. The first question 

is: How can we quantify the level of agreement of an individual SME’s rankings relative 

to their peers? To answer this, we determine the absolute difference of each SMEs rankings 

from the set of their peers, assign weights to differences based on the consensus ranking 

for each component and sum the values across all components. Evaluation of the two data 

sets highlighted several SMEs that consistently rank components differently than their 

peers. While variability in rankings is not necessarily bad, it does create cause for further 

investigation into the SMEs rankings to determine whether elicitation retraining is needed 

or if the SME possesses some knowledge their peers lack. 

The second research question this thesis seeks to answer is: How can we quantify 

the variability of mitigated risk estimated by the OCA Prioritization Tool that is attributed 

to SME component rankings? We use the nonparametric bootstrap to resample which SME 

rankings are used as the inputs for the tool. We measure the mitigated risk associated with 

each set of rankings to determine the variability resulting from using different SME 

rankings. We execute this across six budget levels constraining the number of components 

the tool selects. We conclude that there is no general rule for the behavior of variability 

across budget levels in different watersheds. Each watershed is unique, and the variability 

is reliant upon different SMEs, watershed structure, and consequence of gate failure. 
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The third research question is: Are there more efficient SME elicitation techniques 

that can be used? We limit the number of components SMEs rank and assign a value equal 

to the average of the remaining ranks to the unranked components. We use the 

nonparametric bootstrap to evaluate the uncertainty and assess the outputs to determine 

whether truncating rankings greatly reduces the mitigated risk to a watershed. We find that, 

by limiting the number of components ranked to ten, the OCA Prioritization Tool still 

mitigates 98 percent of the risk that it would have under a full ranking set. This suggests 

that the values ranked below ten can be approximated by assigning an average value of the 

remaining ranks. 

Our work shows that SME elicitation injects some uncertainty into the results of 

the OCA Prioritization Tool. We demonstrate ways to identify SMEs that rank components 

noticeably different than their peers and suggest the reasons for those differences should 

be investigated to possibly reduce the variability of SME rankings. We also examine 

whether limiting the number of components that a SME ranks negatively impacts the 

effectiveness of a tool. Our findings suggest that at a ranking limit of ten and across all 

budget levels, the OCA Prioritization Tool mitigated risk value is equal to 98 percent of 

the full rankings. Further research is required to determine if by limiting the number of 

components SMEs can rank, the overall ranking quality is improved. 

There remain many areas of this topic that offer opportunities for continued 

research. During exploratory data analysis, we observed that components presented for 

ranking earlier to SMEs tend to display a higher ranking than components presented later. 

Future research can inform whether there is a bias in component rankings based upon 

component presentation order. Additionally, this thesis examines the selection of 

components over one time period. Investigating the effects of truncation over multiple 

selection periods may indicate whether there are unforeseen consequences by limiting SME 

component rankings. Finally, analyzing additional SME component rankings in different 

watersheds can help validate the conclusions we present in this thesis. 
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I. INTRODUCTION 

The United States Army Corps of Engineers (USACE) is responsible for 

maintaining over $232 billion worth of water resource infrastructure (Alt et al. 2021). This 

infrastructure is responsible for mitigating the consequences of flooding, which can have a 

negative impact on Department of Defense (DOD) installations as well as the lives and 

property of citizens. 

In 2019, a winter storm impacted Nebraska and set the conditions for massive 

flooding along the Platte and Missouri Rivers. Offutt Air Force Base was inundated with 

720 million gallons of flood water that “affected 137 base facilities, 1.2 million square feet 

of workspace, including $230 million of simulators” (Offutt Air Force Base [AFB], 2019). 

This demonstrates the risk DOD installations, civilian population centers, and agricultural 

areas face from flooding rivers. 

The floods in Nebraska resulted from a unique combination of heavy rainfall on 

thick snowpack causing floodwater to flow over levees protecting the airbase 

(Hasemyer, 2019). While this instance is the result of intense flooding due to rainfall, 

similar circumstances could occur due to the failure of gates in a dam. Therefore, it is vital 

to mitigate as much risk as possible from dam failures through implementation of a flood 

control infrastructure inspection program. 

Maintaining the existing flood control infrastructure is a costly endeavor and each 

individual component of a system is required to periodically undergo an Operational 

Condition Assessment (OCA) (Alt et al. 2021). This policy places a high priority on 

ensuring each component is operating correctly while paying a high price in resources spent 

on conducting component assessments. 

A. OCA PRIORITIZATION TOOL 

The Engineer Research and Development Center (ERDC) developed a tool to 

prioritize scheduling of component OCAs based upon the potential risk of component 

degradation. This would enable more efficient allocation of resources while maximizing 

the risk mitigated from equipment failures. 
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Figure 1 illustrates the relationships between flood control components and systems 

in a watershed. The tool is intended for use at the watershed level and encompasses every 

facility within that watershed, every gate system within each facility, and every component 

of each gate system. This tool requires input from district and facility-level subject matter 

experts (SME) and flood consequence models. This data is subsequently used to execute a 

mixed integer program to select components for an OCA (Alt et al. 2021). 

 
Figure 1. OCA Hierarchy. Source: Alt et al. (2021). 

USACE does not possess an abundance of data on the influence of specific gate 

components on gate failures, so SMEs provide rankings of the influence of each component 

to gate operability. The rankings are then compiled and normalized to give a relative 

influence of each component to that system a value between 0 and 1. The relative influence 

value for each component is multiplied by the consequence of the gate failure to assign a 

risk level to each component. 

The consequence data is derived from simulation models utilizing the Hydrologic 

Engineering Center Watershed Assessment Tool (Alt et al. 2022). The Watershed 

Assessment Tool perturbs the number of operational gates and the consequences associated 

with those circumstances. For smaller watersheds, a full factorial experimental design 

allows analysts to explore all possible combinations of operational gates. However, for 

larger watersheds, a more elaborate experimental design must be used, and the outcome 

translated into a statistical model to gain insight into consequences of specific gate failures. 

The tool then inputs the gathered data into a mixed integer program to identify the 

components for an OCA. The objective is to select the components that maximize the 

amount of mitigated risk within a given budget of available inspections. An additional 
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stipulation is that selection of one component implies selection of all the same components 

of a specific gate system, at a specific facility. For example, if the Beaver Creek Dam 

service discharge gate system consists of three identical gates, a component selected for 

inspection from that gate system will incur a cost of three inspections, one for each gate. 

B. RESEARCH OBJECTIVES 

As the OCA Prioritization Tool is developed, continual updates must be made as 

the scope of the tool grows from focusing on the selection of components of an individual 

facility with few subsystems to analyzing the outcomes of major watersheds with numerous 

facilities and subsystems. SME elicitation is critical in selecting components from a single 

system. However, the uncertainty that accompanies SME elicitation is relatively unknown 

within the context of this process. Additionally, when the population of possible 

components expands to include many systems, the influence of SME rankings may be 

overshadowed by the consequence of a failure of a particular gate or the cost of conducting 

an OCA on those components. 

The purpose of this thesis is to investigate the characteristics of the current 

component ranking method and evaluate the amount of uncertainty that accompanies SME 

rankings. This thesis studies SME ranking data from two separate watersheds: the Trinity 

River Basin in Texas, and the Willamette River Basin in Oregon. Fourteen SMEs provided 

rankings for the Trinity River and six SMEs provided rankings for the Willamette. 

We utilize nonparametric methods to evaluate the uncertainty stemming from the 

rankings and to measure the resulting discrepancy in component selection from using an 

alternate ranking technique in which a SME does not rank the entire set of components. 

For example, an SME may assign ranks only to the top five components in a system with 

twenty components. In principle, this would allow a SME to concentrate effort on the most 

important components. 

The following are the research questions that guide this thesis: 

1. How can we quantify the level of agreement of an individual SME’s 

rankings relative to their peers? 
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2. How can we quantify the variability of mitigated risk estimated by the 

OCA Prioritization Tool that is attributed to SME component rankings? 

3. Are there more efficient SME elicitation techniques that can be used? 

C. THESIS STRUCTURE 

The thesis is organized in the following manner. Chapter II presents a review of the 

current literature associated with infrastructure resilience, SME elicitation, and 

construction of the model this thesis analyzes. Of particular interest are the techniques of 

SME elicitation and ranking of components using Borda Count, a technique of 

consolidating rank-based voting often used in elections. Chapter III explores the 

characteristics of the current model based upon the data provided by ERDC concerning 

two distinct watersheds. We also describe our approach to analyzing the limited data in our 

possession. First, we focus on the current approach followed by an analysis of utilizing 

truncated rankings to calculate the influence of specific components on a system. Chapter 

IV presents the results of our analysis by comparing the model outcomes using the 

methodology outlined in Chapter III. Finally, Chapter V presents our conclusions and 

recommendations for further research to assist in the development of the OCA 

Prioritization Tool. 
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II.  LITERATURE REVIEW 

This chapter summarizes some of the literature relevant to the topic of risk-based 

prioritization and methods used to mitigate risk. While the OCA prioritization model is 

somewhat unique in operation and does not possess abundance of literature, there are 

insights to be gleaned from previous research when focusing on specific features of this 

model. 

A. INFRASTRUCTURE NETWORKS 

Alderson et al. (2015) discuss how it is possible to evaluate the consequences of a 

loss of a particular component within a system by modeling infrastructure in a quantitative 

model. They emphasize that possessing a “validated mathematical model of system 

operation” provides insights about the consequences of a system component failure to 

operators (Alderson et al. 2015, sec. 6). 

Jacob et al. (2011) discuss methods of estimating the probability of system failure 

given limited information about subsystems and components. This paper discusses how the 

probability of system failure can be estimated using the probability of failure of 

components with known failure values, estimated failure intervals, or expert estimations of 

failure probabilities. It also offers insights on how to approach the dependency of 

components when estimating the probability of system failure. 

B. SME ELICITATION 

Boring (2007) discusses the challenges of using expert opinion when operational 

data is unavailable. Boring states how expert judgements, or “the assignment of a rank, 

quantity, or probability to an event,” can be skewed based upon the framework experts 

approach the task (Boring 2007). These differences in approach can lead to differences in 

scaling or varying expert bias. The paper laid a framework for mitigating these problems 

through expert training prior to elicitation. 

Teter (2014) discusses techniques analysts can use when eliciting information from 

SMEs. Teter describes in detail several elicitation techniques and discusses how to tailor 
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them to obtain valuable information. Some of the techniques of interest to this problem 

include the “rank ordered centroid assessment” and “Saaty’s method of pairwise 

comparisons” (Teter 2014, sec. C-43). 

Rank ordered centroid assessment requires SMEs to provide ranked data for all 

alternatives. Suppose n represents the number of alternatives and wi is the weight for the ith 

ranked item. Teter (2014) summarizes this method uses the following formula to transform 

ranked data into weights for each component as 

 . (1) 

While the rank ordered centroid assessment requires just the ranked data, this 

limited information limits its effectiveness as the differences between ranks are not well 

defined (Teter 2014). 

Saaty’s method simplifies the ranking process for SMEs by requiring them to 

compare two alternatives and select the preferred one. Additionally, SMEs are asked to 

evaluate how much better the favored alternative is. Upon compilation of all the 

comparisons, the data is passed into a matrix and the resulting eigenvalues of that matrix 

represent the weights of the importance of each alternative. Teter assesses Saaty’s method 

as being more mathematically rigorous but also notes it requires much more work from 

SMEs and may be less useful in the context of this thesis (Teter 2014). 

Doğan and Giritligil (2014) attempt to characterize the probability of selecting the 

correct Borda Count winner when utilizing a truncated scoring rule. Using an Impartial 

Culture model to sample preferences, they run Monte Carlo simulations while varying 

numbers of voters, objects being voted on, and truncation level. Doğan and Giritligil 

suggest truncated ballots are less likely to return the actual Borda outcome. There is 

marginal gain as voters are asked to rank one additional alternative, but the effect 

diminishes as the truncation limit grows. This study is focused primarily on a single winner 

rather than achieving an accurate score vector of all alternatives. 
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Kilgour et al. (2022) investigate the weighted score elections, of which the Borda 

Count is most widely known. They use “large scale simulation to measure Condorcet 

efficiency, resilience to ballot truncation, and ability to maximize the Copeland score using 

both complete and truncated ballots” (Kilgour et al. 2022, p. 1). Methods described in this 

work can be used in framing the SME elicitation portion of the OCA tool. 

C. OCA IMPLEMENTATION 

Alt et al. (2021) develop the model analyzed in this thesis. The model integrates 

SME elicitation of component criticality and consequence evaluation of subsystems as an 

input to a mixed integer program which selects the components to inspect to maximize the 

risk mitigated for an entire watershed. 

Alt et al. (2022) continue to develop the model introduced in their earlier 

publication. Here they evaluate the performance of the model against two separate 

watersheds facing a variety of weather conditions. They also discuss their efforts to make 

the model more generalizable and test it against watersheds with an increasing number of 

facilities and components. 
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III. DATA AND METHODOLOGY 

A. SME ELICITATION 

Systems consisting of many components can be analyzed to determine the relative 

importance of each component and to measure negative effects of component failure on 

system operation. However, to effectively model the impact of component failure, some 

insight into the components relationship to the larger system is needed. Because there is a 

lack of data for component failures within dam gate systems, ERDC uses SMEs to provide 

an estimate of the relative importance of each component to create the basis for 

prioritization of OCAs (Alt et al. 2021). 

There are several ranking methods ERDC explored for SME elicitation including 

having SMEs estimate the individual importance of each component. Eventually, ERDC 

elected to use the Borda Score for its ease of implementation and a reduced strain on SMEs 

as they consider the importance of each component relative to each other (Alt et al. 2022). 

The Borda Score is a process for ranking a set of alternatives. Each voter assigns a 

rank 1 to n, with 1 being the highest rank, based upon the perceived ranking of a particular 

alternative. Upon completion of voting, the responses of all SMEs are compiled, and the 

summed ranks of each component are recorded. The Borda Score is then derived by 

subtracting summed ranks from a baseline value equal to the number of voters multiplied 

by the number of alternatives. 

Table 1 demonstrates how rankings are consolidated to calculate the Borda Score 

for each component within a system. 

Table 1. Example of a Borda Score Calculation 

 

1 3 2 3 9 8 1 0.11
2 1 1 2 9 4 5 0.56
3 2 3 1 9 6 3 0.33

Rankings Borda Results

Component # SME 1 SME 2 SME3 Sum of 
Rankings Relative InfluenceBaseline Score Borda Score
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ERDC scales the Borda Score for each component so that it is between 0 and 1, 

where larger values imply higher importance. This scaled Borda Score is used to represent 

the relative influence of each component (Alt et al. 2021). The sum of relative influence 

values for all components within a given system is equal to one. Alt et al. (2021) defines 

the formula for the relative influence of a component is 

 . (2) 

To maximize the amount of mitigated risk through selection of most influential 

components, the tool estimates the risk of each component as a function of the relative 

influence and the consequences of gate failure. Alt et al. (2021) expresses the component 

risk as 

. (3) 

B. EXPLORATORY DATA ANALYSIS OF WATERSHED DATA 

The data for this thesis comes from two separate watersheds: the Trinity River 

Basin in Texas and the Willamette River Basin in Oregon (Brown 2022). These two 

watersheds have a greater number of systems compared to those in initial case studies. In 

this section, we describe the exploratory data analysis of each system and highlight notable 

features that may influence the OCA Prioritization Tool. 

1. Trinity River Basin 

The portion of the Trinity River Basin analyzed in this section differs from the 

section analyzed by ERDC in their latest case study (Alt et al. 2022). The size of this 

portion is also larger than the Jennings Randolph Lake system and offers insight into tool 

behavior as the size of the network grows. Table 2 summarizes the major characteristics of 

the watershed including the number components in the watershed systems. 
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Table 2. Summary Statistics of Trinity River Basin. Adapted from 
Brown (2022). 

  

 

Figure 2 provides an illustration of the variability of SME component rankings in 

the Navarro Mills Dam spillway gate system. Some components have generally consistent 

rankings while others have a large range of values. An example is Component 141 which 

ranges from second to least in importance. Additionally, other components ranked high in 

importance have outliers which rank them near the bottom. Another interesting observation 

of this set of boxplots is that the rankings generally increase as a function of the component 

id. This may be due to the assembler of the list annotating the features that seem most 

important to them first, or it may be due to SMEs giving higher ranks to components seen 

earlier in the component list. 

Number of SME Rankings 14
Number of Unique Systems 8
Median Number of Components 18
Maximum Number of Components 23
Minimum Number of Components 14

Trinity River Basin
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Figure 2. Example of SME Rank Disparity in Trinity River Basin. Adapted 

from Brown (2022).

Figure 3 depicts the standard deviations of component rankings in the Trinity River 

watershed. The standard deviation typically is around 3, but some components have large 

discrepancies in rankings leading to standard deviations as large as 8. Additionally, this 

distribution appears bimodal which may be the result of the rankings of a subset of 

components being more variable than the complement of that subset. 
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Figure 3. Standard Deviation of Component Rankings in Trinity River 

Basin. Adapted from Brown (2022). 

2. Willamette River Basin 

The Willamette River Basin is the most recent watershed ERDC evaluated. The 

large number of systems and components of this watershed offers valuable insights into 

tool behavior in a more complex watershed. Table 3 provides summary statistics of the 

systems in the Willamette Basin. Most noticeable is the large range of number of 

components in the watershed gate systems. The system with the most components has 

twice as many components as the system with the fewest. 

Table 3. Willamette River Basin Summary Statistics. Adapted from 
Brown (2022). 

 

Number of SME Rankings 6
Number of Unique Systems 19
Median Number of Components 17
Maximum Number of Components 22
Minimum Number of Components 11

Willamette River Basin
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Figure 4 illustrates the rankings submitted for the components of the Lookout Point 

Spillway Gates. Most noticeable in this visualization are Components 317, 318, and 319 

which received a large range of rankings, demonstrating the uncertainty of their influence. 

It is also noteworthy that Components 307 and 308 were almost unanimously selected as 

the most important and Component 327 was generally accepted as least influential. The 

linear trend in rankings seen in the Trinity River Basin (Figure 2) is seen here as well. 

Although not addressed in this thesis, further investigation into whether alternatives 

presented first receive higher rankings may be worthwhile. The rankings for this system 

seem to be more consistent than the rankings for the Navarro Mills Dam in Section 1. This 

may be due to the smaller sample of SMEs or additional training implemented into the 

elicitation phase which may reduce variance. 

 
Figure 4. Example of SME Rank Disparity in Willamette River Basin. 

Adapted from Brown (2022). 

Figure 5 depicts the standard deviations of component rankings across the 

Willamette watershed. The peak standard deviation is approximately 3, however standard 

deviation values can approach 9 demonstrating potentially large disagreement over the 

influence of a specific component. It is also important to note that these standard deviations 
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are also likely influenced by the number of components within a gate system. A system 

with more components will likely have a larger deviation in component influence. 

 
Figure 5. Standard Deviations of Component Rankings in Willamette River 

Basin. Adapted from Brown (2022). 

C. MEASURING SME RANKING PROXIMITY TO PEER AVERAGE 

In eliciting data from SMEs, it may be useful to compare each SME’s rankings to 

the others. By doing so, analysts can identify SMEs that stand out as different from the 

consensus and subsequently seek to identify the reasons for variation in rankings, such as 

a misunderstanding, or an individual SME having greater knowledge of the site and built-

in redundancies that reduce the influence of a specific component. These discrepancies are 

worth investigating as the insights gained could change the perspective of the group of 

SMEs or a mistake in rankings can be identified and altered to not degrade the accuracy of 

the OCA Prioritization Tool. 
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1. Measuring SME Ranking Distance Methodology 

We use a simple method to analyze the distance between SME rankings. Some 

SMEs may have more knowledge of certain systems than others, therefore, this calculation 

is completed for each unique system. Additionally, differences in rankings for components 

at the top of the consensus rankings are likely more important than those at the bottom. To 

account for this, we calculate a weight for each component based upon its average ranking. 

The next step is to find the absolute difference between the individual SMEs ranking and 

the consensus ranking and multiply it by the weight for that component. The error for each 

component is then summed across the entire system. 

Suppose M represents the number of components in a system, 𝑐𝑐𝑖𝑖𝑖𝑖  represents the 

rank of component i for SME j, and 𝑐𝑐𝑖̅𝑖 represents the average ranking of component i 

among all SMEs. We calculate weight of each component i, represented by wi, and the 

distance of the rankings of SME j from the average, represented as dj, with the following 

two formulas: 

 , (4) 

and 

 . (5) 

This final ranking provides a measure of distance for how far a SME’s rankings are 

from the consensus. Larger values indicate further distance from the consensus while 

smaller values indicate the rankings are closer. The values produced vary from system to 

system and are primarily dependent on the number of components that a system has. 

By examining these values at a system level, analysts can identify if a SME has 

larger values across the entire basin or if the divergence is in a specific system. If the SME 

has large discrepancies across all systems, the SME may require additional training. 

However, if there is a large discrepancy in only one or a handful of systems, that SME may 

possess some knowledge of the system that is not commonly known. Ultimately, analysts 
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can use these distance values to assess SME rankings and investigate the reasoning why 

larger divergences in rankings occur. 

2. SME Ranking Distance Results 

a. Trinity River Basin Distance Results 

Analysis of the Trinity River SME ranking distance reveals a couple instances of 

SME rankings that produce large deviance from the consensus rankings. Table 4 shows 

SME 4 and 13 submitted rankings that are routinely larger than the consensus ranking. 

Their error value seems to be almost double that of the system average. 

Table 4. Trinity River Basin SME Ranking Distance. Adapted from 
Brown (2022). 

 

 

b. Willamette River Basin Distance Results 

The Willamette River basin offers some different results when analyzing the SME 

ranking distance from the consensus. Table 5 displays the resulting SME distance values 

from the Willamette River Basin. SME 4 rated only three systems and each rating value 

was higher than the rest of the SMEs. This may indicate that SME 4 requires some 

retraining or is thinking about the problem in a different manner than the rest of the SMEs. 

Additionally, multiple SMEs have one or two systems where they deviate from the 

consensus rankings. In these cases, the discrepancy is limited to one or two systems so the 
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problem may not correspond with SME elicitation training. It is still worthwhile to 

investigate the reasons for the difference if possible. 

Table 5. Willamette River Basin SME Ranking Distance. Adapted from 
Brown (2022). 

 

 

D. STATISTICAL ANALYSIS METHODS 

This section describes the statistical analysis methods used in this thesis to gain 

additional insights into the behavior of the OCA Prioritization Tool. The rankings for each 

system are manipulated in a couple of ways. The first way is using a nonparametric 

bootstrap to produce a “new” sample collection of rankings. The second method of data 

perturbation was instituting a limit on SME rankings. We measure the effects of these 

perturbations in both mitigated risk and average change in component selection rates. 

SME 1 SME 2 SME 3 SME 4 SME 5 SME 6
System 1 141.8 115.2 124.9 -- 143.9 128.9
System 2 125.7 92.3 79.4 -- 110.3 95.7
System 3 70.8 90.2 75.2 -- 111.9 102.6
System 4 -- 164.5 149.6 -- 202.2 167.6
System 5 -- 63.2 46.2 -- 94.7 75.3
System 6 -- 33.9 26.5 -- 49.6 37.5
System 7 -- 47.7 46.1 -- 73.2 62.6
System 8 -- 88.8 77.0 145.6 88.5 104.1
System 9 149.3 105.8 105.2 -- 152.0 217.5

System 10 -- 43.3 36.1 -- 63.4 52.8
System 11 211.0 158.1 132.2 -- 223.5 186.3
System 12 -- 88.4 77.0 -- 112.1 111.3
System 13 -- 119.1 111.8 -- 140.1 165.4
System 14 -- 60.0 47.8 -- 89.2 65.8
System 15 -- 41.8 34.8 -- 51.0 42.0
System 16 -- 140.2 137.2 234.0 166.7 196.5
System 17 -- 164.5 159.1 247.5 175.8 186.4
System 18 -- 103.0 80.5 -- 156.2 126.4
System 19 -- 102.3 77.0 -- 144.7 117.0
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1. Nonparametric Bootstrap 

The nonparametric bootstrap is a resampling technique that allows analysts to 

observe characteristics of a population from a random sample that represents the population 

well (Sprent and Smeeton 2007, p. 445). By using the bootstrap method, analysts do not 

have to make assumptions about the distribution of the data. 

For this analysis, we use the bootstrap to resample the entire sets of rankings of the 

SMEs. By running the bootstrap multiple times, we analyze how different sets of SME 

rankings can affect the variability of the mitigated risk value produced by the OCA 

Prioritization Tool. 

2. SME Ranking Truncation 

ERDC’s method of SME elicitation requires SMEs to rank the importance of all 

components for each system. This method gathers a lot of data in a relatively efficient 

manner, but still requires intense focus on the part of SMEs as they work through multiple 

iterations of ranking many components. By truncating the rankings SMEs can focus on 

ranking the most important components without making possibly arbitrary decisions about 

components of lesser importance. 

We consider the effects of limiting the number of components that a SME is asked 

to rank. Using this method, SMEs rank components up to a set limit, the remaining 

components receive a rank value equal to the average of the remaining possible ranks. To 

apply this rule to SME 𝑗𝑗′𝑠𝑠 full rankings of components, suppose our data contains m 

components, r represents the limit to which SMEs rank components, and 𝑐𝑐𝑖𝑖𝑖𝑖 represents 

SME j’s ranking of component i. We evaluate SME rank data with the formula summarized 

as 

 . (6) 
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E. EVALUATING UNCERTAINTY IN OCA PRIORITIZATION TOOL’S 
OUTPUT 

To evaluate the uncertainty derived from SME rankings, we examine the outputs 

of the OCA Prioritization Tool in the form of components selected for OCAs and mitigated 

risk in dollars. 

1. Mitigated Risk 

The objective function of the OCA Prioritization Tool is to maximize the mitigated 

risk through the selection of a set of components constrained by a budget. Therefore, 

mitigated risk is a natural way to measure the uncertainty derived from SME rankings as 

you receive different values based upon the set of SME rankings that is used. Each iteration 

of bootstrapped SME rankings produces a new value for mitigated risk. These values can 

be compiled and analyzed with standard statistical methods. 

2. Component Selection Rate 

The second output from the OCA Prioritization Tool is the components selected to 

receive an OCA. Each iteration of the bootstrap can produce a different combination of 

components selected. We capture the data for these selections and measure the proportion 

of times each component is selected. After collecting this data for the full ranking 

bootstrap, we can use the same process for measuring component selection in truncated 

rankings and subsequently compare the truncated-ranking output with full-ranking output. 

We measure the difference in these proportions using the Mean Absolute Error 

(MAE) formula. Suppose m represents the number of components in a watershed, 𝑝𝑝𝑖𝑖 

represents the proportion of time component i is selected under a truncated ranking system, 

and 𝑝̅𝑝𝑖𝑖 represents the proportion of time component i is selected under a full ranking 

system. The mean absolute difference of proportion of time a component is selected is 

represented by 

 . (7) 
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IV. RESULTS AND ANALYSIS 

This chapter analyzes the results of the OCA Prioritization Tool tested with the 

methods described in the previous chapter. We quantify uncertainty stemming from SME 

elicitation by bootstrapping SME rankings. We then assess how limiting the number of 

components SMEs rank affects the tool’s estimated mitigated risk and component 

selection. 

Although we use the tool to analyze the outputs based upon perturbations in ranking 

data, we lack the true consequence values for the failure of each specific gate. To mitigate 

this issue, we place notional values as placeholders for the consequences to analyze how 

the model reacts to different rankings. The consequence values we use remain constant 

throughout our analysis. This means that our observations relate to the behavior of the 

model and are not representative of the results that the two watersheds would produce if 

we had the actual consequence data from the Watershed Assessment Tool. 

A. VARIABILITY IN FULL RANK OUTPUTS 

To quantify the uncertainty originating from SME elicitation in the OCA 

Prioritization Tool, we ran 1000 iterations of the nonparametric bootstrap of SME rankings. 

Each iteration provided a new collection of SME rankings that was then used to select 

components for OCAs, and to estimate the resulting mitigated risk. We also varied the 

budget, equivalent to the proportion of total number of components within a watershed, to 

assess if budget levels affect the variability of the outcome as well. The proportions we use 

as budget levels are 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, and 0.7. 

1. Trinity River Basin 

The uncertainty in estimated mitigated risk is depicted in Figure 6, which shows a 

marked dependence on budget levels. These plots depict the distribution of mitigated risk 

using 1000 bootstrapped iterations. The line in the center of the boxplot represents the 

median, the edges of the box contain the middle 50 percent of bootstrapped values, and an 

80 percent confidence band for the mean of the mitigated cost lies between the two red 
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lines. As budget levels increase, the mitigated risk increases. This is representative of the 

components with greater risk being selected first and components with lesser risk being 

selected as the budget allows. The variability of components appears to be narrower at each 

end of the budget spectrum and larger in the center. 

 
Figure 6. Distribution of Mitigated Risk after 1000 Iterations of a Fully 

Ranked Bootstrap, Trinity River Basin. Adapted from Brown (2022). 

To better display the variability of mitigated risk in Figure 6, we center the data at 

each budget level on the sample mean and plot the corresponding results. Figure 7 

illustrates the results of this transformation. Here we can identify a variability maximum at 

the 0.20 budget level followed by a clear reduction in variability as more components are 

selected for an OCA. This may be attributed to general agreement amongst SMEs on the 

most important components and the diminishing level of component risk among lower 

ranked components. 
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Figure 7. Variability of Mitigated Risk Resulting from 1000 Iterations of a 

Fully Ranked Bootstrap, Trinity River Basin. Adapted from 
Brown (2022). 

2. Willamette River Basin 

In this section, we apply the same analytic techniques used in the Trinity River 

Basin to the data collected for the Willamette River Basin. The Willamette River Basin 

contains 327 components, more than twice as many as the number of components in the 

Trinity River Basin. Additionally, only six SMEs ranked components within this basin. 

Figure 8 depicts the distribution of mitigated risk across 1000 bootstrapped 

samples. Interestingly, there appears to be greater variance at the ends of the budget 

spectrum and lesser variance in the middle. It is a different shape than the variability we 

observe in Trinity River Basin’s mitigated risk distribution plot (Figure 6). This suggests 

that the variability of mitigated risks in different watersheds may exhibit different patterns. 
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Figure 8. Distribution of Mitigated Risk after 1000 Iterations of a Fully 

Ranked Bootstrap, Willamette River Basin. Figure created with data from 
Brown (2022). 

Figure 9 centers the variability of each budget level on the sample mean. There is 

a noticeable reduction in variability at the 0.40 budget level. It is possible that this is the 

budget level that selects the entire set of components that the SMEs have ranked relatively 

high and are associated with high levels of risk. Below the set of components estimated to 

present the most risk, there could be another set of components with moderate risk, but the 

budget does not allow for selection of these components until the budget becomes much 

larger. 
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Figure 9. Variability of Mitigated Risk Resulting from 1000 Iterations of a 

Fully Ranked Bootstrap, Willamette River Basin. Adapted from 
Brown (2022). 

B. EFFECT OF TRUNCATING SME RANKINGS 

To measure the effect of limiting the number of components that a SME can rank, 

we apply Formula 6, described in Chapter III, to simulate SME rankings that rank a limited 

number of components. We consider this effect for each number of ranked components 

between four and sixteen. At each level, we use the nonparametric bootstrap with 100 

iterations to estimate the variability in mitigated risk. We select four budget levels at which 

we execute the bootstrap across all truncation levels. 

1. Trinity River Basin 

Figure 10 depicts risk mitigation across truncation levels for four assessment 

budgets, relating to inspection proportions of .20, .40, .60, and .80 of the total number of 

watershed components. At each budget level, the mean estimated mitigated risk increases 
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as the ranking limit increases. In all cases, however, there is a point at which the gain in 

estimated mitigated risk levels off and further gains are marginal. 

The mean mitigated risk and variability both increase as the truncation limit 

increases. At the 0.60 selection level, however, the mean estimated mitigated risk begins 

to level off. This may be due to all components with significant weights being selected at 

the 0.60 budget level and the remainder of the components sharing a diminishing influence. 

 
The red bounds depicted on these graphs illustrate the 80% confidence band of mitigated 
risk across all truncation limits. 

Figure 10. Estimated Mitigated Risk across Truncation Levels, Trinity River 
Basin. Adapted from Brown (2022). 

It is important to note that the plots shown in Figure 10 have different vertical 

scales. Figure 11 illustrates how these estimates of mitigated risk compare to the estimates 

of untruncated rankings. With low selection budgets, there is a substantial gain in mitigated 

risk as you increase the number of components ranked. This is because, at low selection 

budgets, the separation at the upper end of the rankings matters more, as that is where the 

selection cutoff resides. With larger budgets, truncating rankings have a smaller effect as 
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most components are already selected and the components that are not selected account for 

a smaller share of the risk for a gate. As the truncation limit approaches ten across all 

budget levels, the estimated mitigated risk is greater than 98 percent of the untruncated 

mitigated risk and additional rankings provide marginal gain to that value. 

 
This plot compares the mean estimated mitigated risk produced by truncated rankings to 
the mean estimated mitigated risk produced by full rankings. The x-axis describes the 
number of components SMEs ranked. 

Figure 11. Scaled Estimated Mitigated Risk across Truncation Levels, Trinity 
River Basin. Adapted from Brown (2022). 

We also estimate the amount of mitigated risk from selected components with 

truncated rankings. Figure 12 depicts the proportion of mitigated risk influenced by 

truncated rankings. At all budget levels, the proportion of mitigated risk derived from 

truncated rankings falls as additional rankings are included. The break point between the 

two categories of mitigated risk appears to be concave downward. This demonstrates that 
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as additional rankings are included, the amount of mitigated risk reliant on truncated 

rankings diminishes. However, the increase in untruncated mitigated risk gets smaller each 

step as the focus shifts to less influential components. 

 
Figure 12. Proportion of Estimated Mitigated Risk Influenced by Truncation, 

Trinity River Basin. Adapted from Brown (2022). 

Truncation of SME rankings also affects the components selected for OCAs. Using 

the method expressed by Formula 7, presented in Chapter III, we measure the difference 

in component selection rates under truncation of rankings ranging from four to sixteen 

relative to sets of rankings where all components are ranked. Figure 13 depicts these values 

across a range of selection budgets. In all cases, there is a consistent negative trend in the 

mean difference in selection rate as the number of components ranked increases. For the 

0.40 selection budget, there is a large initial difference in selection rates followed by a steep 

decrease in error between the limits of six to nine before flattening out again. This likely 

indicates that at this budget level, including additional rankings removes important 

components from the unranked pool leading to a sharp decline in selection rate error. If the 
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budget is too tight, the mid-tier components likely would not be selected meaning 

relegation to the unranked subset would not have a large effect. If the budget is sufficiently 

high, they may be picked regardless of ranking truncation. 

 
This figure compares the proportion of time a component is selected with truncated 
rankings to the base case of proportion of time a component is selected with full rankings. 
The x-axis describes the number of components SMEs ranked. 

Figure 13. Mean Absolute Error of Selection Proportion across Ranking 
Limits, Trinity River Basin. Adapted from Brown (2022). 

2. Willamette River Basin 

The Willamette River Basin uses a smaller set of six SMEs compared to the 

fourteen SMEs the Trinity River Basin uses. Two of the six SMEs provide rankings for 

only a portion of the systems leading to additional sparsity in the data. This difference in 

available data contributes to some difficulties in conducting analyses on truncated rankings 

for the Willamette River Basin. During the bootstrap runs, the algorithm failed to find the 

optimal solution in a timely manner. For example, at the 0.45 budget level and truncation 

limit of four, the algorithm could not select the optimal set of components in a timely 

manner. Typical bootstrap iterations took roughly five to ten seconds to run, but at this 
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level, certain iterations took four hours without providing a final selection. This behavior 

occurs more frequently at budget levels greater than 0.70 when impacted with high 

truncation. This demonstrates the challenges in implementing the nonparametric bootstrap 

method of evaluating truncation levels when SME ranking data is sparse. 

Figure 14 depicts the estimated mitigated risk in the Willamette River Basin across 

multiple budget levels. A notable observation is that the trend remains relatively flat across 

truncation levels. The shape of this trend is substantially different than the trend observed 

in the Trinity River Basin (Figure 10) which presented a more pronounced curve. This 

suggests that in the Willamette River Basin, truncation of rankings may not have a large 

effect on mitigated risk. 

 
The red bounds depicted on these graphs illustrate the 80% confidence band of mitigated 
risk across all truncation limits. 

Figure 14. Estimated Risk across Truncation Levels, Willamette River Basin. 
Adapted from Brown (2022). 
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Figure 15 supports our observation that the mitigated risk remains relatively 

constant across all truncation levels. Across all budget levels, the lowest average mitigated 

risk is roughly 97 percent. As the truncation limit increases to 10, all budget levels mitigate 

risk at approximately 100 percent of the mitigated risk observed in the full ranking set. 

 
This plot compares the mean estimated mitigated risk produced by truncated rankings to 
the mean estimated mitigated risk produced by full rankings. The x-axis describes the 
number of components SMEs ranked. 

Figure 15. Scaled Estimated Mitigated Risk across Truncation Levels, 
Willamette River Basin. Adapted from Brown (2022). 

Figure 16 shows how much of the mitigated risk is influenced by truncated rankings 

across the Willamette watershed. When compared to the Trinity River Basin, the amount 

of mitigated risk derived from truncation appears smaller across all budget levels. This may 

be due to the increase in the number of gate systems in the Willamette. By having the 

option to select the most influential components in additional systems, the model does not 

have to select among less influential components that are more likely to have truncated 

rankings. 
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Figure 16. Proportion of Estimated Mitigated Risk Influenced by Truncation, 

Willamette River Basin. Adapted from Brown (2022). 

Figure 17 illustrates how much the set of selected components resulting from 

truncated rankings differs from the set of selected components derived from the full 

rankings. Almost all budget levels display a similar curve showing the improvement in 

selection error becomes marginal as the number of components ranked by SMEs increases. 

The 0.60 budget level is interesting as it initially performs better than all budget 

levels except for 0.20. As the number of ranked components is increased, the reduction in 

difference in selection rate between truncated and full ranks is a much shallower slope than 

the curve displayed by the other budget levels. It is possible that if all components share 

the same risk value, the algorithm selects components from the truncated component pile 

in an order that, by happenstance, matches the order they are actually ranked in the base 

case leading to similar results as the base case. 
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This figure compares the proportion of time a component is selected with truncated 
rankings to the base case of proportion of time a component is selected with full rankings. 
The x-axis describes the number of components SMEs ranked. 

Figure 17. Mean Absolute Error of Selection Proportion across Ranking 
Limits, Willamette River Basin. Adapted from Brown (2022). 
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V. CONCLUSION 

In this thesis, we examine the amount of uncertainty existing in risk estimates 

derived from SME elicitation. By using the nonparametric bootstrap to resample a set of 

SME rankings, we assess how much variation exists in the estimated mitigated risk and 

component selection rates produced by the OCA Prioritization Tool. 

A. RESEARCH QUESTIONS 

We state the objectives of this thesis in Chapter I in the form of three research 

questions. These research questions guide our analysis of the SME ranking data of two 

distinct watersheds provided by ERDC. 

(1) How can we quantify the level of agreement of an individual SME’s 
rankings relative to their peers? 

An important aspect of analyzing SME rankings is identifying SMEs that produce 

rankings substantially different than their peers. These differences are not necessarily good 

or bad, but they allow analysts to identify if a SME needs retraining on the elicitation 

system or if they possess some knowledge the rest of the group does not have. The data 

from both the Trinity and Willamette watersheds illustrate some differences in the SME 

ranking data that deserve some investigation. 

(2) How can we quantify the variability of mitigated risk estimated by the OCA 
Prioritization Tool that is attributed to SME component rankings? 

We demonstrate the variability of mitigated risk in the Trinity and Willamette 

watersheds can be quantified with the use of the nonparametric bootstrap. Variability is not 

generalizable across all watersheds, but is likely dependent on the SME rankings, structure 

of the watershed, and consequence data associated with gate systems in the watershed. As 

an example, in the Trinity River Basin, the maximum variability is observed at the 0.20 

budget level but steadily decreases with a higher budget level. In the Willamette River 

Basin, the variability starts large, decreases through the intermediate budget levels, and 

increases again at higher budget levels. 
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(3) Are there more efficient SME elicitation techniques that can be used? 

We consider the effects of truncating the number of components in each system 

that SMEs are asked to rank. In both the Trinity and Willamette watersheds, rankings 

truncated at ten components mitigate about 98 percent of the risk compared to using full 

rankings. This shows a tradeoff that may be worth investigating in other watersheds. 

B. RECOMMENDATIONS 

This thesis examines the uncertainty derived from SME elicitation under one set of 

environmental conditions, namely, the 100-year flood. By obtaining true consequence data 

from the Watershed Assessment Tool that show the consequences under a variety of 

environmental conditions, more realistic insights can be gained from the behavior of the 

OCA Prioritization Tool in the Trinity and Willamette River Basins. 

One noteworthy observation from the ranking data is that the ranks of components 

within a system appear to be correlated with the order in which they occur on the list. 

Further investigation should be conducted on potential bias introduced by SMEs being 

presented the same list of components. 

Another potential area of research is the behavior of the model over multiple time 

periods. This thesis analyzes the results of one time period but does not investigate the 

impact of ranking truncation in subsequent time periods where the model will likely be 

presented with components not selected in the first time period. 
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