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Abstract

The research conducted in this thesis is an initial attempt to identify the costs
associated with occupational exposure assessments within the Air Force. Using cost
estimation methodologies, a cost model was created to predict the total costs of
occupational hazard assessments focused on air sampling. Data was gathered from
bioenvironmental engineering databases and subject matter experts for analysis. The data
required extensive curation before running a mixed step-wise regression. The major cost
drivers for occupational exposure assessments were identified as the sample time and pre-
calibration time for conducting an air sample. The average predicted cost was $183.47
with 80% of predicted costs falling between $71.12 and $321.85. It was discovered that
much of the data that is applicable to cost was unclear or unrecorded. As changes are
implemented to the regulation for conducting these events, this research can provide
decision support to Air Force leadership. The Air Force can also use this research’s

findings to improve upon budgetary tracking and fiscal transparency.
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AIR FORCE CORPORATE EXPOSURE ASSESSMENT STRATEGY:
UNDERLYING COST BEHAVIORS & VISIBILITY

l. Introduction

Background

The United States Air Force is currently revising Air Force Manual (AFMAN)
48-146, Occupational & Environmental Health Program Management, to better align the
current methodology of assessing occupational hazards with the industry guideline set by
the American Industrial Hygiene Association. Despite having data collected through a
variety of information systems such as the Defense Occupation and Environmental
Health Readiness System (DOEHRS) and the United States Air Force School of
Aerospace Medicine’s Laboratory Information Management System (LIMS), there is no
current practice for addressing, predicting, and tracking the enterprise-wide costs
associated with Department of Defense or corporate policy on exposure assessments. The
number of exposure assessments conducted annually, and the amount of data collected is,
prima facie, enough to conclude that there is a large expense associated with the
assessment practices. The impact on future costs by changing the AFMAN are unknown.
Information on the cost efficiency of exposure assessments and the optimal design for
equitable resource usage is limited.

The Air Force and its employees are mandated to comply with the risk

management framework established in AFI 91-202, The US Air Force Mishap Prevention
Program. AF1 91-202 provides an overview of what control measures are implemented in

order to maximize the ability to identify and assess hazards in order to apply risk



management techniques that are designed to protect employees. Figure 1.1 illustrates how

the five step risk management process continuously monitors and addresses threats.
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Figure 1 5 Step Risk Management Process (Department of the Air Force, 2009)

Within the risk management framework, there are disciplines (Aviation,
Occupational, Weapons, Space, etc.) that follow the guidance of the risk management
program but have direct regulations for their specific function. This research focuses on
the occupational and environmental health discipline but is being conducted in response
to the fifth step of Figure 1, Supervise and Evaluate. Due to the aforementioned changes
to the specific regulation, AFMAN 48-146 Occupational & Environmental Health
Program Management, it is important to consider the costs associated with the

improvements for budgeting and transparency.
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Ultimately, the goal of the Air Force’s risk management program should not be to
mitigate all risk, but instead to use the optimal amount of resources to minimize and
manage risk to an acceptable level. There is a point that it would take an inordinate
amount of resources to reduce just a small amount of risk; however, that is not a clearly
defined point and due to budget constraints, it is important that the optimal amount is
determined. There is tension on what might be considered an acceptable level of risk and
because there is a defined constraint on resources, some risk needs to be accepted. The
question that has yet to be answered, is how much risk is acceptable? In order to
determine the optimal level of risk and resources the costs of mitigation must be
identified and the system performance must be tracked. There have been two published
attempts to find the answer for optimization of risk in the occupational and environmental
health sector to minimal avail.

Mahmoud Rezagholi (2010) analyzed how different design methods for
measuring the exposure variables, the number of samples, and the statistical efficiency of
the estimated variables contribute to the total cost of assessments. Mathiassen (2011)
author built on Rezagholi’s analysis and addressed how a larger number of samples were
observed to lead to more accurate results, but inevitably increased costs. The authors
searched for a framework that provided the best statistical efficiency within a given
constrained budget. Because there is an inherent gap in knowledge on the cost of
assessments, the underlying determinants of cost behavior, and likely costs the Air Force
will bear with the proposed changes, it is practical to create a cost model that will provide

a better understanding of current and potential future expenses.

3



Problem

As a steward of the taxpayers’ dollars, the Air Force is required to treat every
expense as efficiently as possible. The overarching problem this research is designed to
analyze the optimization of risk acceptance and cost. Changes to AFMAN 48-146 may
consequently affect the total costs of Air Force Exposure Assessment Strategy so it is
essential to define how current practices impact the budget. The analysis conducted
attempts to address the knowledge gap for current costs of exposure assessments and
identify the driving factors that will affect the total cost attributed to modifications of the
current practices. In order to capture the impact of current Air Force exposure
assessments strategies on the budget, a model was designed using a mixture of qualitative
and quantitative techniques. Because there are a variety of strategy categories (air, water,
radiation, etc.) this research was scoped to focus on occupational health air sampling. By
finding the important indicators of cost for air sampling, future research can be conducted

to find the relationship for other strategy categories.

Justification

This research is an initial attempt at predicting the cost of Air Force occupational
exposure assessments. A model has yet to be created that can predict or analyze the costs
of assessments. Visibility into the costs has never been investigated because the exposure
assessments are required by regulation and are an operational necessity for a healthy
workforce. Because there is very little visibility on how much these assessments
currently cost and little consideration is given to how much the proposed changes will

impact the budget, this research is likely to improve Air Force forecasts cost assessments.
4



Assumptions

Cost modeling and analysis may elucidate unexpected cost-activity associations
which may not be explanatory, but may still useful and applicable for cost prediction. The
investigators understand that DOEHRS data—in particular for early adoption years (2009
— 2012 or 2013)—may have missing or inconsistent quality across the installation records
therefore the years 2014-2017 were selected for analysis. The sample size for this
analysis is rather large as the databases hold over 100,000 records. For the 2014-2017
range, we were able to pull approximately 10,000 complete records that were reported in
both databases. Sufficient statistical power to detect effects is certain. However, results
were monitored to ensure that there was not too much statistical power which can
potentially make insignificant differences seem significant. Part of the methodology
includes sanitizing the data into an appropriate size for analysis. This will be taken into

consideration as predictor variables are scrutinized.

Approach or Methodology

The specific aims of this research were accomplished starting with data collection
from DOEHRS and LIMS. First, data was aggregated for current practices of air
sampling events from years 2014 through 2017. Despite having two large databases for
air sample events, there is no actual cost data within the systems. However, many of the
line items were converted to costs through the use of cost estimating practices discussed
later in Chapter I11. Also, the systems are relatively new and do not have uniform inputs
which resulted in a major data cleansing effort. For events in the air sampling process

that we determined to be important cost surrogates, which neither system tracked,
5



communication with subject matter experts was utilized to simulate data. The primary
data collected included the number of past exposures assessments, dates of sample
events, the associated analytical methods (since the analytical methods vary in resources
required), sample times, media type, media size, and the hazard tested. After the data was
sanitized, baseline costs were determined through continuous and categorical (where
appropriate) multiple regression analysis in a statistical software package for the
contributing variables.

The researchers view a mixed-effects model as the most appropriate method. The
primary predictor variables of interest include number of discrete samples collected,
types of samples (to include partial or full period, screening), chemical analytes, media
type, and sample time. A correlation matrix was used on input variables to identify
potential multicollinearity. Additionally, variance inflation factor was used to assess the
degree of multicollinearity. A mixed elimination stepwise process was used to find a
parsimonious yet statistically sound model. Control variables may be needed to account
for possible systematic errors related to locations, commands, methods, etc.

The outcome variable of interest was predicted cost. The best cost predictor
variables were defined through an exploratory process. This is “inductive theory
building” and future researchers can verify the model with a different data set. The data
set was large enough to allow model development on a subset of the data (training data),
then verification on the larger remaining data set. More specifically, the data was

randomly split into a variable determination dataset and a variable verification dataset.



Because there are a variety of exposure assessment types and complexity levels,
subject matter experts were interviewed in order to derive rough order-of-magnitude cost
ranges that were applied to the unique variables. Elicitation of subject matter opinion is
an established approach to preliminary data collection in the discipline of cost analysis.
Once the model for current practices was accurate to a pre-defined threshold, it was
considered complete. The model should be scrutinized in order to predict how the
changes to the AFMAN will impact the total cost of assessments. The threshold will be
based on researcher judgment as data is curated and model selection considered. The
researchers view an R squared of .6 or greater as acceptable. An R? of .8 or greater is
preferred.

A portion of the data collection involved ethnographic observation of exposure
assessment activity in various settings. The researchers visited occupational health
locations such as the bioenvironmental (BEE) flight on Wright-Patterson Air Force base
and the United States Air Force School of Aerospace Medicine in order to observe and
interact with experts. The BEE flight was able to provide data related to the actual
sampling events while the professionals at USAFSAM were able to provide insights to

the laboratory work related to processing samples.

Hypothesis and Specific Aims
Research Question: Do the cost structure of current occupational hazard

assessments and the proposed strategy for differ significantly?



Specific aim #1: Identify cost determinants and drivers for exposure assessments
as currently conducted.

Specific aim #2: Determine or model total exposure assessment costs as currently
conducted.

Specific aim #3: Determine how proposed changes to the AFMAN 48-146 will
affect the identified cost drivers.

Specific aim #4: Determine projected or modeled costs for the proposed exposure

assessment strategy.



Il. Literature Review

Chapter Overview

The purpose of this literature review is to provide a background of the resources
utilized to accomplish the predictive cost model for occupational exposure assessments.
Because this research is a collaborative effort between the cost estimation and bio-
environmental engineer (BEE) communities, there was a wide scope of articles studied in
this chapter. The literature review introduces the past exploration and important focuses
on the subject and connects how they are relevant to this research. Also, it establishes the
current state of exposure assessments in the United States Air Force and addresses what

potential changes may occur to realign current practices with the commercial industry.

Background of Exposure Assessments

The Occupational and Health Administration defines exposure assessments as the
charge that “employers must make a ‘reasonable estimate’ of the employee exposures
anticipated to occur as a result of those hazards, including those likely to be encountered
in reasonably foreseeable emergency situations, and must also identify the physical state
and chemical form of such contaminant(s) (“Exposure Assessment,” n.d.).” A major
challenge in the current exposure assessment operations for the United States Air Force is
a lack of uniformity in data recording across the locations performing these tests. There
has not been an established exposure assessment strategy to determine how many of a

specific assessments that need to be accomplished in order to adequately assess industrial



workplace hazards (Batten, 2009). The current AFMAN 48-146 is undergoing revision
that may clear up some of the issues of poor performance in the work place as it shifts
towards the American Industrial Hygiene Association strategy shown in Figure 2.
However, it is difficult to accurately describe all occupational exposure assessments
because there are many sample methodologies with few data points, the inability to
quantify exposure assessments because of their inherent uniqueness qualities, and a lack
of aggregated data. Other concerns with accurately identifying costs of occupational
health exposure assessments stem from the ever-changing gold standards, reporting bias,
the inability to make timely changes to procedures, and the natural errors that occur
within assessment methods (McGuire, Nelson, Koepsell, Checkoway, & Longstreth Jr.,

1998).”
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There has yet to be any tracking or modeling of how much it costs to do each exposure
assessment.

Although the Department of Defense has not been tracking costs, there has been
some research on the cost efficiency of exposure assessments in commercial industry.
Rezahgholi (2010) began his research on optimization of exposure assessments by
reviewing literature on the economic and statistical performance of exposure
assessments. Rezagholi was able to find nine pieces of literature; however, the articles he
cited lacked an examination of the costs tied to exposure assessments and focused
primarily on the error models and statistical interpretations. Ultimately, he concluded that
there had not been any applicable research in the 21% Century addressing an accurate cost
model but since there was an initial interest in the undeveloped topic, there is value and
need in pursuing cost efficient exposure assessment strategies (Rezagholi & Mathiassen,
2010).

Mathiassen continued his work in 2011 by taking the previous studies’
optimization strategies that were based on simplified cost models and expanded the scope
to cover non-linear cost scenarios (Mathiassen & Bolin, 2011). He describes the
relationship of cost and statistical efficiency for optimal exposure assessments via a
frontier curve shown in Figure 3. Mathiassen explains that all the previous literature has
made the assumption that the price of a measurement is constant which leads to a linear
relationship between cost and number of assessments. One source of error in the previous
studies is that the relationships studied were not identified as feasible on the frontier

curve in Figure 3. Mathiassen’s paper “explores optimal cost-efficiency even when cost

12



functions are not linear and budget constraints apply, and the study also identifies
alternative optimization procedures in those cases where analytical closed-form solutions
cannot be developed” (Mathiassen & Bolin, 2011). The conclusions drawn from his
research include a demonstration of how the non-linearity of cost functions influences the
optimal allocation of measurements between assessments and frequency of assessments.
Finally, he concluded that there is a large gap in empirical data for cost functions
supplementary to exposure assessments and costs tied to different stages of exposure
assessments but the strategies he developed in his paper should be applied to exposure
assessment strategies in order to have better informed decisions on for strategies that aim

to optimally use monetary resources (Mathiassen & Bolin, 2011).

&

Variance

Possible, but less favorable

Not possible Frontier

e Total cost

Figure 3 Frontier Curve (Mathiassen & Bolin, 2011)
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Cost Estimation

Cost estimation within the Department of Defense (DoD) and United States Air
Force is an essential tool utilized by leadership in decision support. Cost estimates are
primarily used in the acquisition field and provide quantitative data between the different
options (Thomas, 2006). This research is not a typical cost estimate in the sense that it is
aiming to find the best option between different potential acquisitions but instead it is
aimed at providing visibility of costs for a process that is well established and recognized
within the Air Force.

The Government Accountability Office (GAQ) has established a 12-step best
practice for developing a cost estimate. Despite the GAO’s guidance being aimed at
major acquisition programs, there are many applicable aspects that are translated to this
research. The GAO Cost Estimating and Assessment Guide discusses the importance and
best practices for creating sound estimates through “an overall process of established,
repeatable methods that result in high-quality cost estimates that are comprehensive and
accurate and that can be easily and clearly traced, replicated, and updated.” (Richey,

2009) Figure 2.3 outlines the GAO’s twelve steps:

14
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Figure 4 GAO 12-Step Process (Richey, 2009)

This section will analyze the 12 steps depicted in Figure 4. The first two steps
address the who, how, and when of the cost estimate. The estimator should define who
the estimate is for, what is being estimated, and why the estimate is being conducted
(Thomas, 2006). This estimate is for, on the lowest level, the aerospace medicine
leadership. As previously stated, we are estimating the cost of exposure assessments
(scoped to air samples) because there has previously been little to no analysis within the
Air Force on how assessments impact the budget. As changes to the governing regulation
are being developed, it is important to have visibility on how the changes affect the
budget and future costs of exposure assessments. The next step for creating a cost
estimate is to develop the estimating plan. This step establishes who is on the cost

estimating team, what approach will be taken to accomplish the estimate, and a timeline
15



for completing the estimate (Thomas, 2006). For this research, the cost estimate team is
composed of the AFIT Graduate Cost Analysis department and the Bio-environmental
engineer experts. The first step in trying to determine the cost of exposure assessments
was to down scope what we were trying to analyze. Because the bioenvironmental flights
test for such a wide variety of hazards, we determined that it would be important to focus
on only one of sampling categories, air, and determine the major surrogates of cost for an
air sampling event. The team set a goal of completing this research by February of 2018.

The following steps were tailored to better fit our estimate since the GAO’s
guidance was written for acquisition programs. However, it is still important for us to
review the technical definitions, characteristics, and features of the exposure assessment
strategy (Richey, 2009). This part of the estimation strategy is completed with in-depth
research and guidance from the subject matter experts in the BEE community. Interviews
were conducted and a relationship with the United States Air Force School of Aerospace
Medicine was developed which provided a wealth of knowledge on the internal processes
on how exposure assessments are conducted. A major difference in this estimate and one
typically outlined by the GAO’s guidance is the lack of analogous programs that provide
links for developing cost estimating relationships (Richey, 2009).

The next step in the cost estimating process is to determine the estimating
structure establish ground rules and assumptions. Because this is not a typical cost
estimate, the estimating structure does not follow the standard use of a work breakdown
structure. “The ground rules, or the agreed upon estimating standards for the cost

estimate, that are derived from the technical baseline are clearly spelled out” (Thomas,

16



2006) in Chapter three of this paper. It is important to note that excessive assumptions are
added risk to a potential dilution of the validity of the cost estimate and each assumption
needs to have an explicit purpose. Before the final six steps of building the cost estimate,
we needed to obtain data. Our data was derived from the BEE data systems DOEHRS
and LIMS. The two systems, which data passes between, contain every recorded detail of
exposure assessments and the associated testing. In order to be able to use the data, we
met with a subject matter expert and sanitized the data before inputting the data into our

cost model.

Expert Opinion Elicitation

Using subject matter experts is a tool often used by cost estimators. The Air Force
Cost Analysis Agency produced a Cost Risk and Uncertainty Handbook that is used for
guidance across the cost analysis community. For multiple data points using expert
opinions, the researchers relied on guidance from Air Force Cost Analysis Agencies’
(AFCAA) handbook. The purpose of AFCAA’s guidance is to establish that although
elicitation is a valuable tool, there is the need to account for some bias in the expert’s
opinion shown in Table 1. Referred to as the 15/85 rule, AFCAA provides best practices

and a step-by-step guide for using subject matter expert data.
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Table 1 Subject Matter Expert Biases (AFCRUH, 2015)

Motivational Bias Cognitive Bias
Social pressure (face to face) Inconsistency (opinion changes over time)
Impression (not fack to face) Anchoring
Group Think Relating to irrelevant analogies
Wishful thinking Underestimation
Career goals Human Nature
Misunderstanding
Project Advocacy
Competitive Pressures

The best practices for including the use of multiple experts and their upper and
lower estimates is outlined in the Air Force Cost Risk and Uncertainty Handbook. It is
beneficial to encourage them to think of scenarios that could cause the two extremes of
their estimate. The best way to draw this information from the experts is to have a
dialogue to identify the upper and lower bounds that have a 20% chance of being
exceeded. Also, the dialogue should include the most likely value for the data sought by
the researcher. Once that information is gathered, the estimator should select the most
appropriate distribution shape. Without any other information the estimator should apply
upper and lower bounds of 15% and 85%; the 15% accounting for the underestimate and
the 85% accounting for the overestimate. It is always important to cross-check an

expert’s opinion in order to avoid gross over- or under-estimates (AFCRUH, 2015).

Building a Cost Model

In order to understand what the cost of exposure assessments truly are, a
parametric cost model that identifies cost estimating relationships of individual
assessments was established. “They (parametric models) identify major architectural cost

drivers and allow high-level design trades; enable cost-benefit analysis for technology
18



development investment; and, they provide a basis for estimating total project cost for
budgetary planning and procurement activities (Stahl, Henrichs, & Msfc, 2016).” Cost
estimating relationships or cost drivers were the desired outcome of the cost estimating
model but creating accurate CERs is only as reliable as the data set from which they
come (Stahl et al., 2016).

An effective method for identifying predictor variables for the criterion variable,
is through a multiple regression model. Multiple regression and correlation is a useful
tool because its flexibility with linear data sets. Regression worked well with our model
because “predictor variables in multiple regression analyses may be correlated with one
another, and they may be continuous, categorical, or a combination of the two”(Hoyt,
Leierer, & Millington, 2006) and our data set is a mixture of both. An analysis of
variance was conducted in order to determine the statistical significance of our predictor
variables that would be implemented in our model. Statistical significance of the
predictor variables was determined through an effect size of .80 because “having a high
internal consistency is desirable when a researcher has developed a test designed to
measure a single unitary variable”(Mildred L. Patten, 2009). Using a statistical software
package, Equation 1 was derived where Y is the dependent variable and X,, are the
independent variables. B,, are the coefficients that each independent variable is multiplied
by to determine how much it contributes to the predicted cost and B, is a constant

specific to this model.
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Equation 1

Y = B,X; + ByX, ..+ B,
Because JMP (JMP®, 1989-2007) provides a t statistic and p-value for each of the
independent variables, we were able to determine the predictive quality for each variable.
If the p-value is less than the designated alpha, there is a significant statistical association
between the independent and dependent variables (Hoyt et al., 2006). Finally, the model
needs to be able to predict if there is any correlation between the predicted cost and the
actual cost. In order to do so, the F test determines the significance of R? or proportion of
variance accounted for by the predictor variables.

To ensure that our model would include even small effects, power analysis was
conducted. “Statistical power analysis exploits the relationships among the four variables
involved in statistical inference: sample size (N), significance criterion (ft), population
effect size (ES), and statistical power (Cohen, 1992).” Table 2 in Cohen’s article on
statistical power provides insight to how data was required in order for our model to be

include effects.
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Table 2 Cohen’s Table for Effect Size (Cohen, 1992)

N for Small, Medium, and Large ES at Power = 80 for a = .01, .05, and .10

o

.01 05 .10

Test Sm Med Lg Sm Med Lg Sm Med Lg
1. Mean dif 586 95 38 393 64 26 310 50 20
2. Sigr 1,163 125 4] 783 85 28 617 68 22
3. rdif 2,339 263 96 1,573 177 66 1,240 140 52
4. P=5 1,165 127 44 783 85 30 616 67 23
5. Pzdif 584 93 36 392 63 25 309 49 19
6. x

ldf 1,168 130 38 785 87 26 618 69 25

2df 1,388 154 56 964 107 39 771 86 31

3df 1,546 172 62 1,090 121 44 880 98 35

adf 1,675 186 67 1,194 133 48 968 108 39

5df 1,787 199 71 1,293 143 51 1,045 116 42

6df 1,887 210 75 1,362 151 54 1,113 124 45
7. ANOVA

2¢° 586 95 38 393 64 26 310 50 20

3g 464 76 30 322 52 21 258 41 17

4g° 388 63 25 274 45 18 221 36 15

S5¢ 336 55 22 240 39 16 193 32 13

6g° 299 49 20 215 35 14 174 28 12

7¢° 271 44 18 195 32 13 159 26 11
8. MultR

2k 698 97 45 481 67 30

3k 780 108 50 547 76 34

4k 841 118 55 599 84 38

sk 901 126 59 645 9] 42

6k 953 134 63 686 97 45

Tk 998 141 66 726 102 48

8ic 1,039 147 69 757 107 50

Value Focused Thinking

Another tool considered for this research was value-focused thinking. Using
value-focused thinking would improve both decision making and identification of
situation where decisions can affect the outcome. Because there are many qualitative
aspects to how exposure assessments are conducted in the bio-environmental engineer

career field, we needed to state the objective explicitly with Keeney’s three features of
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“decision context, an objective, and a direction of preference (Keeney, 1996).” Keeney
also published an article in 2008 that discusses the key concepts in application of value
focused thinking and the three ways it can lead to better decisions: better objectives for
evaluating alternatives, creation of alternatives, and outlines superior decision
opportunities (Keeney, 1996). As the researchers began to analyze the data collected, we
determined that using value focused thinking would not be required. The researchers
decided to take a more quantitative and statistical approach to their analysis and using a
method such as value focused thinking potentially threatened the validity of the analysis

by making too many changes to the raw data.

Summary

This chapter investigated the major sources of information used to complete this
research. First, we looked at the current state of exposure assessment strategies in the Air
Force and the lack of any formal recording of the costs that these assessments are having
on the budget. Figure 2 outlines the changes to the Air Force regulation as it shifts to
match the industry standard. Next, we took a look at the first half of the GAO’s 12 steps
for the best practice of completing a cost estimate. Despite not being an ordinary
acquisition cost estimate, most, if not all, of the GAO’s guidance has some applicability
that was at least taken into consideration throughout this research. The actual estimate
was completed through a model that uses multiple regression and correlation calculated
in JMP statistical software. We also use Cohen’s power analysis to ensure that there is

adequate power for statistical significance in the model. Finally, we addressed the
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qualitative aspects of the model and determined that we could normalize the data without

the use of value focused thinking.

I11. Methodology

Chapter Overview
The purpose of this study is to create visibility on the costs of occupational hazard
assessments in the United States Air Force as processes are being modified in order to

adopt industry best practices. The purpose of this chapter is to outline the methods used
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throughout this research, explain the sample data, outline the procedure for collecting the
data, and explain the statistical analysis conducted on the data. It is important to show
how the methodology is adequate and repeatable for this type of research. This chapter
addresses how the data was collected, sanitized, and normalized and how we conducted

the analysis.

Research Design

This study uses a mixture of descriptive and analytical research methodology.
Data was collected from two Air Force automated information systems (AlS) and subject
matter experts. DOEHRS is a system utilized by the BEE flights to record information
pertinent to sampling events. LIMS is a system used by the laboratories to record the
results of processed samples. The data is connected between the two systems by a unique
identification code that we were able to use to compile all of the data into a usable
workbook. Before acquiring data from the owners of each system, we determined what
information we thought would be useful cost surrogates. Figure 5 was the initial roadmap

for determining what information would be major cost elements and useful to collect.
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Figure 5 Cost Model Road Map

Each block identifies whether there is a direct cost or time (manpower), which was
converted to a cost, associated with that part of the roadmap.

We examined the data to find trends that might be useful for analysis. After
organizing the data in Excel, analysis was conducted to create a cost estimate model. The
United States Air Force maintains meticulous records of all exposure assessments
conducted. By acquiring and sanitizing records, we were able to import and analyze the
data in statistical software. Modeling is a valuable technique for estimating costs and it is
the seventh step in the GAO’s Twelve Steps of a High-Quality Quality Cost Estimating
Process (Richey, 2009). Models are widely accepted in the cost analysis community as a
viable tool for creating cost estimates.

Models are frequently used throughout the Air Force for major acquisition
programs. For such programs, a model is built to estimate the cost of each element of a
work breakdown structure (WBS). However, this study is not estimating a major

acquisition program; therefore, rather than estimating the cost of a WBS element, we are

25




focusing on the cost of air sampling events. Using the results, future research can
compare our findings to the cost of the new air sampling methods after the modifications
are implemented.

For these reasons, we chose a mixture of descriptive and analytical research
methodology approaches to create a cost estimate of exposure assessments in the Air
Force. The estimate(s) will provide analytical decision support to Air Force leadership
on the efficacy of changing current regulations to match industry practices. Also, because
there is a knowledge gap on this topic, it will provide framework for future research on

the subject.

Research Questions and Hypotheses

This thesis attempts to answer or build a foundation to answer the research questions
of the proposed hypothesis that the cost structure of current operations and proposed
strategy for occupational hazard assessments will differ significantly. The research
questions that this thesis will answer are:

. What are the cost determinants and drivers for exposure assessments as

currently conducted?

. What do exposure assessments cost as currently conducted?

. How do proposed changes to the AFMAN 48-146 affect the identified cost
drivers?

. What are projected or modeled costs for the proposed exposure assessment
strategy (EAS)?
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It is imperative to determine the cost drivers for the cost estimate. Cost surrogates were
determined by meeting with experts and using the cleansed data (Richey, 2009). Once a
multiple regression was conducted on the cost surrogates and statistically significant
variables, two of the four research questions were answered. The last two research
questions were answered with an analytical approach. Using the data we acquired from
the cost estimate, we then analyzed how the proposed changes affect the cost drivers.
Using subject matter experts, we interpolated the effects on the total cost to determine a

projected cost for the proposed exposure assessment strategy.

Instrumentation

The primary data set was sanitized and normalized in Excel using functions that exist
in the basic software package. The Data Analysis add-in to Excel was used for many of
the histograms and multi-collinearity matrix. We also used @RISK (@RISK, 2016) to fit
a triangle distribution to the subject matter expert data and conduct the Monte Carlo
simulation. In order to complete analysis on the data that we gathered, we utilized
statistical software JMP. It provided us the capability to complete a multiple regression

on the data.

Population and Sample
The data used from this research consists of the reports from individual exposure
assessments and the subsequent testing conducted on the samples taken. Each exposure

assessment has a report generated that outlines the sample taken by the bio-environmental
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engineers. After input into the BEE’s system, DOEHRS, it is then pulled into the
laboratory’s system, LIMS, where it is updated with the work conducted on the sample
by the chemists. The final result for an exposure assessment is a portfolio that describes

all of the work and resources used to accomplish the individual test.

Data Collection

Relying on experts in DOEHRS or LIMS, we conversed with corresponding system
owners and users to determine the type of data we should pull and had the USAFSAM
DOEHRS support office run a query. The first source of expertise came from a
DOEHRS user who had experience inputting exposure assessment data into the system as
a BEE. He provided us insight on what kind of data would be relevant to this research so
that we could formulate the query for the USAFSAM DOEHRS support office partner.
The support office was then able to run an Air-Force-wide report for all of the data we
had outlined.

The next source of the data came from the LIMS system. Because DOEHRS and
LIMS communicate between each other, we were able to provide the DOEHRS query
results to the chemists who then provided us details on the resources used to process each
of the samples. The final result from the data collection was two sets of data, one from
DOEHRS and one from LIMS that represented the same exposure assessments.

We chose to use data from years 2014-2017 because LIMS went through a
restructuring process that potentially would change the format of any early data. The
owners were able to provide us with approximately 41,000 lines and 38,000 lines of raw

data between DOEHRS and LIMS, respectively. However, using the unique
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identification code, only 9,824 lines were represented in both systems. The raw data
needed significant cleansing before it was able to be used for any analysis.

In order to cleanse the data, we pulled the DOEHRS and LIMS numbers into an Excel
workbook where we organized and reduced the data pool to what was needed for a
multiple regression. We chose to do this because Excel has a more user friendly user
interface for moving and sorting data compared to JMP. Excel has the ability to pull data
from tables using functions such as VLOOKUP and it is more versatile in its ability to
sort large data sets. Once we were able to complete the cleansing process, we imported

the data into JMP.

Data Sanitization and Normalization

One major difference in the data sets linked through the unique identification code
was that LIMS did not identify if there were multiple analytes tested during the same
sample event. This proved to be a concern because there are pre-calibration, post-
calibration, and sample times that were being double counted. In order to mitigate this
issue, we had to determine what times were being double counted. The process for
identifying the duplicates was to use the date, location, and exact sample times. The data
set was modified to divide each analyte sampled into its own event and apply an average
time to each category based on how many were sampled.

Another area of concern was the lack of cost recorded with any of the data
provided. The first block of Figure 5 addresses the media or equipment requirement for
each sample. However, there is no cost data in DOEHRS for the media used. Using the

media type and media size, the researcher found the commercial cost of purchasing the
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minimum quantity. Once compiling a list of all of the media costs, it was applied to the
data set under the assumption that the military does not receive discounts for their large
purchases and that enough media is purchased in one order that shipping is negligible.

The next two blocks on the road map that were tackled were the pre- and post-
calibration times. Both of these times are not recorded in either of the AlSs so expert
opinion elicitation techniques discussed in chapter two were utilized. The first expert, a
Technical Sergeant and teacher at USAFSAM, agreed to help us create these data points.
The expert sat down with the researcher and laid out all the steps involved in pre- and
post-calibration to ensure he was giving the most accurate estimate for the times
involved. Appendix A shows his high, low, and normal estimate for both large (greater
than three air pumps) and small (less than three air pumps) sample events. He also
provided a percentage for how often an event was either large or small. Before using the
expert’s information to create the data, his opinion was cross checked with three other
experts that currently work in the local BEE shop.

In order to use the subject matter expert’s opinion, we chose to use a triangular
distribution and apply the 15/85 guidance from the Air Force Cost Risk Uncertainty
Handbook. Next, we conducted a Monte Carlo simulation in @Risk with 10,000
iterations. Doing so provided us with the expected calibration times for large and small
air sample events.

All of the data points were normalized into a cost in order to create an aggregate
cost that would later become the dependent variable in the regression. Many of the data

points where recorded in time or man hours, so the researchers needed to find the cost of
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employing those who conducted the sample events. First we consulted an expert and
determined the ranks of those who conduct air sample events range from E-1 to E-6 and
0O-1to O-3. Using a 2014 composite pay and reimbursement rate memorandum, we
calculated the average cost per minute for those ranks. The fully burdened rates are
shown in Appendix B (Roth, n.d.). We determined the cost per minute to be $0.63485.
That rate was applied to all times in the data set.

The last data point we were able to acquire was the blanket purchase agreement
prices from the laboratory. This information was a list of all of the preparation and
analysis costs for the various testing methods if the Air Force was going to utilize private
labs. However, there were many variances in the format of the titling of the methods in
the purchase agreement than how it appears in DOEHRS and LIMS. Therefore, we
needed to cleanse the blanket purchase agreement so that it would align with the
automated information systems and then match the prices. We were unable to acquire any
further data from contacts at USAFSAM, which will be addressed in the assumption and
limitations portion of this thesis, so the purchase agreement prices were ultimately the

total costs attributed to the lab.

Data Analysis

After collecting the appropriate data to conduct the research, the analysis consisted of
three major steps: cleansing, multiple regression and correlation, and distribution fitting.
These three steps resulted in a model that is able to predict, with confidence, the cost of a

particular exposure assessment.
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The majority of the analysis was conducted in JMP. With the cleansed data, we began
by testing for statistical significance for each of the variables we thought might be a good
predictor of cost in the data set. If the variable proved to be statistically insignificant, it
was removed through a mixed elimination stepwise process. Many statistical tests,
discussed in Chapter Four, such as the Bruesch-Pagan, Shapiro-Wilks, and Cook’s
Distance were conducted. Once we found the best predictors, we let the statistical
software run the multiple regression. The output of the regression was a balanced
equation that output the predicted cost. Finally, we wanted to assign a distribution to the
predicted costs. In order to do so, we utilized @RISK by importing the results from JMP

and to determine the most appropriate distribution of fit.

Conclusion

This chapter highlights the processes used to obtain and analyze the data in order to
create a predictive model for the cost of exposure assessments in the United States Air
Force. This research followed the standard cost estimating protocol and the methodology
used was sufficient for creating a model. The majority of effort for this research was
spent on gathering and cleansing the data as it was not readily available nor directly

applicable to statistical analysis.
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IV. Results and Analysis

Chapter Overview

This chapter provides an examination of the results from the methods addressed in
Chapter I11. A preliminary step-wise multiple regression model was created with the
sanitized data set to identify the cost driving independent variables for total cost. Once,
the multiple regression model was finalized, the independent variables’ statistical
significance and their ability to explain variance was examined. Finally, a predictive
equation was established that could identify the total cost of future air sample exposure
events for the current practices. The equation identified what variables are major cost
drivers and may provide decision support to potential changes of the Air Force

regulation.

Correlation Matrix

Before the research team began the multiple regression process, a correlation
matrix was created to better understand how points in the data set interacted with each
other. This matrix provided insights to the researchers for variables that would potentially
be removed by the mixed step-wise regression. The researchers noted high correlation
between NIOSH 7605 and NIOSH 1501/1550 Air Force and None and the

HEXAMETHYLENE DIISOCYANATE MONOMER variables. The decision to remove
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or keep those variables will be discussed later in this chapter.

Total Cc Correct Correct: Correct/ CHROMIUM(V COPPER CADMIL HEXAME BENZEN ALUMIN Hazard (NIOSH 7 NIOSH 7 NIOSH 1 NIOSH 1 Method 37 mm, 37 mm, None 100 mg; Size oth:
Total Cost 100%

Corrected Sample Time (Min) 72% 100%

Corrected Pre-Calibration (Min) 86% 53% 100%

Corrected Post-Calibration (Min) 86% 53% 100% 100%

CHROMIUM(VI) 40% 7% 22% 22% 100%

COPPER 4% 9% 1% 1% -20% 100%

CADMIUM -12% 3% 4% -4% -23% -10% 100%

HEXAMETHYLENE DIISOCYANATE MONOMER 8% -11% -8% -8% -14% -6% -7%|100%

BENZENE -26% -10% -22% -22% -25% -11% -12% -7%|100%

ALUMINUM -5% -5% -5% -5% -14% -6% -7% -4% -8%|100%

Hazard Other -13% 0% 1% 1% -45% -19% -22% -13% -24% -14% 100%

NIOSH 7605 38% 6% 21% 21% 95% -20% -22% -14% -25% -14% -41% 100%

NIOSH 7300 -10% 14% 2% 2% -44% 43% 50% -13% -24% 32% -5% -45% 100%

NIOSH 1501/ 1550 Air Force -25% -13% -22% -22% -20% -8% -10% -6% 62% -6% -7% -20% -19% 100%

NIOSH 1550 7% 5% -1% -1% -13% 6% -6% -4% 1% -4% 24% -13% -13% -6%|100%

Method Other -12% -11% -10% -10% -37% -17% -20% 33% 13% -13% 42% -41% -40% -18% -12%|100%

37mm, 5um 30% 8% 18% 18% 74% -5% -12% -19% -34% -9% -28% 73% -20% -27% -18% -31% 100%

37mm, 0.8um -4% 16% 5% 5% -35% 30% 42% -10% -19% 28% -3% -35% 76% -15% -10% -29% -48% 100%

None 12% -5% -5% -5% -15% -6% -7%, 84% -5% -5% -6% -15% -14% -6% -4% 36% -20% -11%|100%

100 mg/50 mg -34% -20% -23% -23% -37% -16% -18% -11% 65% -12% 22% -37% -35% 54% 35% 27%|-50% -28% -12% 100%
Size other -6% -4% -4% -4% -16% 7% -8% 2% -8% -5% 32% -16% -15% -7% -4% 38% -22% -12% -5% -13% 100%

Figure 6 Correlation Matrix

Predicting Air Sample Costs Using Multiple Regression

The researchers developed a model using commonly practiced multiple regression
techniques. Due to the iterative nature of multiple regression, the initial step-wise
regression yielded a model that needed to be adjusted to account for statistical validation
tests such as Variance Inflation Factors, Cook’s Distance Test, Shapiro-Wilk Tests, and
Breusch-Pagan Tests. If a specific independent variable failed one of the validations,
corrective action such as removal was taken. Table 3 provides the tests, purposes, and

results conducted.
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Table 3 Statistical Tests

Test

Purpose

Result

Bonferroni Correction

Detect Type | Error

NIOSH 1501/1550 Air Force did not
meet threshold

Variance Inflation Factors

Detect Multicollinearity

-Removed NIOSH 7605
-NIOSH 1501/1550 Air Force
Removed

Cook’s Distance

Test Influence of Data
Points

Pass

Shapiro-Wilk

Testing for Normality

Failed, Data is Centered
Around Zero

Breusch-Pagan

Testing for Constant
Variance

Failed, No Trend

Dependent Variable

The dependent variable in the multiple regression model was total cost of air

sample exposure assessments. As discussed previously, the total cost was a data point

created in accordance to the roadmap the research team created in Chapter 3. Due to the

nature of using a dependent variable that is derived from the data set, the research team

could expect the model to output a relatively large R

Independent Variables

The following independent variables were used in the team’s preliminary model.

Most of the variables came directly from the data set with the use of dummy variables

while pre-calibration times were obtained through expert opinion elicitation and sample

time was adjusted to mitigate double counting. Sample time needed to be adjusted
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because it was possible for the BEE shop to have tested multiple hazards with the same
test and the data set would represent and individual sample time for each event. To avoid
double counting the man hours for some exposure assessments, the researchers used the
location, date, and sample time as indicators if the events were conducted simultaneously.
If an event was discovered to be done simultaneously with another, the average time was
taken and applied to each event. Dummy variables were created for the analytes being
tested, sample method used, and media size. The researchers did not want to over fit the
results of the analysis with too many dummy variables so approximately the smallest ten
percent of variables were grouped together with their own dummy variable for each
category.

1. Corrected Sample Time (Min) — This variable was derived from the raw sample
times acquired in the data set by taking all of the average time for analytes tested
on the same day, in the same location, with identical sample times. Therefore, if
there were two samples such as SILICA, CRYSTALLINE CRISTOBALITE that
were tested on 9 August 2017 at 244A-58th MXS ACFT Structural Maint & Corr
Control and both had identical sample times, the average sample time would be
used for each event.

2. Corrected Pre-Calibration (Min) — The same technique was used for this variable
as corrected sample time (min) except only location and date were used to
uniformly distribute the time spent pre-calibrating for that day’s work.

3. CHROMIUM(VI) — This identifies if chromium was the analyte being tested.
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10.

11.

12.

HEXAMETHYLENE DIISOCYANATE MONOMER - This identifies if
hexamethylene diisocyanate monomer was being tested.

BENZENE — This identifies if benzene was being tested.

ALUMINUM - This identifies if aluminum was being tested.

NIOSH 7605 — This identifies if NIOSH 7605 methods were being used.

NIOSH 1501/1550 Air Force — This identifies if the NIOSH 1501/1550 for the
Air Force were being used

37mm, 5um — This identifies if the size of the media used in the sample event was
37mm in diameter with a 5um pore

None — This identifies if there was no media size available for a particular sample
event

100mg/50 mg — This identifies if the media size was 100mg/50mg.

Size other — This identifies if the media size was one of the sizes not assigned as

an individual variable.

Validation Pool

The data set was randomly split into a model set and a test set, 80% and 20%

accordingly. Of the 9,824 lines of data, 7,859 were used to create the model and 1,965

were used for the test set. Once the model set was validated through statistical testing,

the remaining test set was used to create the final predictive equation.

Step-wise Multiple Regression

Using 80% of the data, the independent variables were input into the step-wise

function of JMP with a p-value of .01. A p-value of .01 was justified by Figure 7 the
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data set was so large. Below is the output for the first run of the team’s model with a
.93 R?. The estimate column is the coefficient in the regression equation for that
particular variable. The Prob > |t| column shows that each of the variables are

statistically significant given the alpha of .01.

£ Summary of Fit

RSquare 0.0930400
RSquare Adj 0.930407
Root Mean Square Error 24,8102
Mean of Response 1841207
Observations (or Sum Wagts) 7858
4 Analysis of Variance
Sum of
Source DF Squares Mean Square  F Ratio
Medel 12 75062560 6255213 10153.20
Error 7846 4533786 616 Prob = F
C.Total 7838 79896345 <0001
4 Lack Of Fit
Sum of
Source DF Squares Mean Square  F Ratio
Lack Of Fit 2659 30276277 113863 3.2700
PureEmor 5187 18061580 34821 Prob=F
Total Eror 7846 48337858 <.0007*
Max R5q
0.9774
<4 Parameter Estimates
Term Estimate S5td Error tRatio Prob:|t| VIF
Intercept 31.687287 0.880106 3600 <0007 .
Corrected Sample Time (Min) 0.6301964 0.003002 12600 <0007 1.46005
Corrected Pre-Calibration (Min) 21472827  0.01221 175.86 <.0001* 1.4949391
CHROMIUM(VI) 39.746789 2037735 19.51 <.0001* 11.439811
HEXAMETHYLEME DISOCYAMATE MOMOMER  55.673334 2704791 2058 <0007 3.5250396
BENZENE -0.314325 1.257663 -7.41 <.0001* 2.1519599
ALUMINLINM 30.584505 1470537 2080 <.0001* 1.1257423
MNIOSH 7605 23025494 2004153 1149 <0007 11.071259
MNICSH 1501/ 1550 Air Force 3.5061577 1.346661 2.60 0.0002% 17230873
37 mm, 0.8 um -4.990497 098407  -5.07  <.0007%  2.035321
MNone 57.892603 2.606213 2221 <.0001* 37771914
100 mg/50 mg 8.9401773 1.14489% 7.81  =0001* 29891837
Size other 17.246341 1425666 1210 <0001% 1,3498081
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Figure 7 Preliminary Regression Model

In order to reduce Type | error, Bonferroni Correction was conducted. The correction
consists of dividing the alpha by the total number of variables in the regression, 12, to
lower the threshold for rejecting the null hypothesis. Therefore, using an alpha of
.01.01 = 12 = .008. All of the variables meet this measure’s requirements.

The next measure the researchers looked at was the Variance Inflation Factor or
VIF. VIF is used to detect if there is multicollinearity in the model. Generally, any
variables with a VIF greater than 10 are indicative of multicollinearity and should be
removed or investigated. In Figure 7, Chromium (V1) and NIOSH 7605 have VIFs of 11;
therefore, the researchers removed NIOSH 7605 from the regression model due to its
lower impact on the model. When NIOSH 7605 was removed from the data set, NIOSH
1501/1550 Air Force became insignificant and was also removed from the model.

Cook’s Distance is a check used to ensure that there are no overly influential data
points. The Cook’s Distance Test checks for any data point with a value greater than 0.5
which would indicate having too much influence on the model. The highest value Cook’s
Distance in the data set was .15 meaning all of the data passes the test. It was noted that it
was unlikely to have any overly influential points due to how many points there are in the

data set. Figure 8 shows the overlay plot of the Cook’s Distance Test.
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Figure 8 Cook’s Distance Test

Next, a Shapiro-Wilks test was conducted using a histogram of the studentized
residuals. The residuals were graphed in Figure 9 to show that there is a normal
distribution of the data. A normal distribution includes that 95% of the data is within two
standard deviations and 99.7% of the data is within three standard deviations. This data
set was not exactly normal as only 96.7% was within three standard deviations and 94.5%
were within two standard deviations. Figure 9 fails the Shapiro-Wilks Test for normal
distributions but it is apparent that the majority of the data is centered on zero. If the large
spikes had occurred outside the bell curve, it would be more of a hard statistical failure
that would put a stop to any further analysis where this should be considered a soft failure
because multiple regression is robust against departures from normality. Also, due to the
central limit theorem, we considered the data set to be normal because it had an n greater

than 30.
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Figure 9 Studentized Residuals

4 Quantiles 4~ Summary Statistics 2 = |Fitted Normal
100086 maximum  7.3074213382  Mean -1.81e5 4 Parameter Estimates
99,5% 49827867481  Std Dev 1.000795 =
97.5% 34579932396  Std Err Mean 0.0112392 Type Parameter  Estimate Lower 95% Upper 95%
90.0% 07381370568  Upper85% Mean 0.0221116 Location '1-317&5 -0.022148 00221116
75.0%  quartile 0.0314450255 Lower95% Mean -0.022145  Dispersion @ 1.000795  0.9833911  1.0166916
50.0% median  -0.005104959 N 7550 -2log(Likelihood) = 22314.3670705782
25.0% quartile -0.386119533 A Goodness-of-Fit Test
10.0% -0.749637778 e
2.5% -1.661939736 3 —
0.5% -2.579200287 . Lo
0.0%  minimum  -3.001206845 0.267160 <

Figure 10 Shapiro-Wilks Results

The final statistical test that the researchers conducted was a Breusch-Pagan to
test for heteroscedasticity within the model. This test confirms that there is constant
variance in the range of predicted values. In order to complete the Breusch-Pagan, the n,
degrees of freedom, sum of squared errors, and sum of squared residuals were used. A
low p-value rejects for the Bruesch-Pagan Test means that the variance is not constant in

the model. Table 4 shows the results.
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Table 4 Breusch-Pagan Results

Breusch-Pagan Test
M 7858
df{Exp) 11
S5E 74583408
55R 4115468694

T.5. 2268.805574
Pvalue 0

£ Residual by Predicted Plot
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Figure 11 Residual by Predicted Plot

Figure 11 indicates that there is no trend. If the overlay plot showed signs of a trending

V, it would result in a hard fail but because there was no trend, the data incurs
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statistically fails Breusch-Pagan but multiple regression is robust against deviations from

constant variance.

Model Validation

After creating the initial model, the research team began model validation with
the remaining 20% of the data set. The team compared the Mean Absolute Percent Error
and Median Absolute Percent Error from the 80% preliminary model with the 20%
validation model. Figure 12 and 13 include the Absolute Percent Error of the preliminary

model and the validation model respectively.

4 = | Distributions

4 [=IAPE

n 4 Quantiles 4 [=|Summary Statistics
[ ——me 1 s 1000% maximum 21130119453  Mean 0.110794
99,5% 15918675736  Std Dev 0.2060261
97.5% 0.6235023713  Std Err Mean 0.002324
90.0% 0.2728975637  Upper95% Mean 0.1153496
75.0%  quartile 01351561858 Lower95% Mean 0.1062383
50.0%  median 0.0436381379 N 7850

250%  quartile 0.0031018564

10.0% 0.0008800715

- - 2.5% 0.000207224

0.5% 0.0000473508

-0101 03 0507 09111315 1.7 19 21
0.0% minimum  5.7269193=6

Figure 12 Summary of Statistics of Absolute Percent Error for Preliminary Model
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A [=| Distributions

4 =|APE
= . 4 Quantiles
[|I|_. 100.0% maximum
099.5%
07.5%
00.0%

75.0% quartile
50.0% median
25.0% quartile
10.0%

2.5%

0.5%

0.0% minimum

0101 03 0507 0911 1.3 15 1.7 1.9 21

2.1120119453
1.5918675736
0.5696154821
0.2791596087
0.1393823359
0.0466320203
0.0036757735
0.0009414845

0.000212533
0.0000435723
5.7269193e-6

4~ Summary Statistics

Mean 0.1095324
Std Dev 0.1907466
Std Err Mean 0.004303

Upper 95% Mean 0.1179714
Lower 953 Mean 0.1010934
M 1865

Figure 13 Summary of Statistics of Absolute Percent Error for Validation Model

The Mean Absolute Percent Error is 11.07% in the preliminary model and 10.95% in the

validation model. The Median absolute percent error is 4.36% in the preliminary model

and 4.66% in the validation model. All of these numbers are very similar indicating the

two sets are relatively the same.
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£ |=| Bivariate Fit of Total Cost By Predicted Total Cost
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¥ |——Linear Fit

A Linear Fit
Total Cost = -4.21e-11 + 1*Predicted Total Cost
4 Summary of Fit

R5quare 0.9358432
RSquare Adj 0.938424
Root Mean Square Error 25,0214
Mean of Response 184.1207
Observations (or Sum Wagts) 7859

Figure 14 Bivariate Plot of Total Cost $ vs. Predicted Preliminary Model
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£ |=|Bivariate Fit of Total Cost By Predicted Total Cost
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A Linear Fit
Total Cost= -1.540768 + 1.0062473*Predicted Total Cost
£ Summary of Fit

RSquare 0.936976
RSquare Adj 0.936043
Root Mean Square Error 25.39233
Mean of Response 183.1723
Observations (or Sum Wgts) 1965

Figure 15 Bivariate Plot of Total Cost $ vs. Predicted Validation Model

Both bivariate plots for total versus predicted costs have an R? and adjusted R? of .93.
This, with the mean and median actual percent error, concludes that both the preliminary
model and the validation model are comparable and the research team was able to move

on to the final regression model.

Final Regression Model
The research team accepts that the regression model can be used without

additional limitations. The final model was a regression with the same independent
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variables that included all of the data points. Figure 16 is the model:

A Summary of Fit

R5gquare 0938193
RSquare Adj 0.938135
Root Mean Square Error 25.00327
Mean of Response 183.931

Observations (or Sum Wgts) 9824
4 Analysis of Variance

Sum of
Source DF Squares Mean Square  F Ratio
Model 10 9380M97 0380120 1489683
Error 0813 6178975 630 Prob=F
C Total 9823 99980173 <.00071*
4 Lack Of Fit
Sum of
Source DF Squares Mean Square  F Ratio
Lack Of Fit 2678 34157674 127549 3.2935
Pure Emor 7135 27632077 38728 Prob:=F
Total Emor 9813 61789751 <.0001°
Max R5q
0.9724
< Parameter Estimates
Term Estimate 5td Error t Ratic Prob>|t] 5td Beta VIF
Intercept 32597726 0.78682 4143 <0007° 0 :
Corrected Sample Time (Min) 0.6272858 0.004526 13858 <.0001* 0.421105 1.4660563
Corrected Pre-Calibration (Min) 2.1490066 0017041 194,63 <0007" 0.595498 1.4863597
CHROMIUMVI) 61.11231 0.820853 7445 <0001 0.281942 2.2771548
HEXAMETHYLEME DIISOCYANATE MOMOMER  56.87331 2473616 2287 <.0007* 0.108258 3.5914245
BEMZEME -6.785907 1.044082 -6.50 <0001 -0.02182 1.7895784
ALUMINUM 30785103 1.32998 2315 <.00071" 0.061432 1.1191233
37 rm, 0.8 um -5.951841 0.878406 -6.78 <0001 -0.02405 1.9999607
Mone 59.090807 2372932 2490 <.0001* 0.122328 3.8316442
100 mg/30 mg 7.738107 1.016453 .61 <.0007" 0.032302 2.8587371
Size other 15.634786 1.288091 1214 <.0007" 0.035168 1.3329465

Figure 16 Final Regression Model

The team’s final regression model ended with an R? of .938 using 10 independent
variable. There are some variables with negative coefficients because the intercept of the

regression equation is higher than the value of the predicted cost if that variable were to
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be included. The final equation to predict the total cost of an occupational exposure
assessment focusing on air sampling events is the following with X starting with
Corrected Sample Time (Min) and ending with Size other:

Y =32.598 +.627X; + 2.149X, + 61.112X; + 56.873X, + —6.785X5 + 30.785X,

+ —5.95X, + 59.091X; + 7.738X, + 15.635X,,

Predicted Cost Distribution

The final portion of the analysis that the researchers conducted was fitting the
predicted outcomes to a distribution. @Risk provided the best fit distribution for the data
as a Kumaraswamy distribution but the researchers chose to use the second best fit,

Weibull distribution, because the differences were minute and it more widely recognized.

F'y
RankB |AC i Fit Comparison for Dataset 1 Statistics Gnd =
Fit Value Riskwieibull(1.5184,166.61,RiskShift{33276)) =
T Kkumaraswa.. 115855.5., 50 348 Minimum 36.56 33.28
¥ weibull 116022.9., 5.0% | Maximum 1,120.05 <o
[T BetaGeneral 116132.1.. 7.3% | Mean 184,01 183.47
M Gamma 1163888, 0030 Made %155.79 11537
[l Invgauss 116668.4., 0.0045 4 Median 16413 16416
[T Lognorm  116752.7.. Std Dev 97.59 100,84
[T Pearsons 1163416, 000401 Skewness 0.6737 1.0506
7 Extvalue 1168748 pooas 4 8 Kurtasis 3.6899 43199
I Loglogistic  117390.5., ¢ Left X 50 50
7 Expon 1177654, 0.00304 § Left P 5.0% 3.0%
I Normal (AIC NN RISK Course Version Right X 343 343
I Logistic 181957, grce Institute of Technology Right P 95.0% 92.7%
[T Laplace 1194228, 0.0020 B Dif. X 297.85 297.85| —
[T ExtvalueMin 123244.1.. ] Dif.P 90.0% 89.8%
M Lew 1258954, 000137 § 1% 2016 133
[T Pareto 1263854 g.0010 4 5% 19,31 56.84
[T Triang 126690.0.. 10% £4.35 7.2
[T uniform 137307.0..  0.00054 15% 78.15 83.63
[ Pearsong VA o000 LS |  [20% 91,10 95,32
- 5 s s s 2 g [2% 106.54 106.62
& - @ @ 2 ™ 30 123.35 11?.??j
Q= i % [2a = Back Write To Cell Close

Figure 17 Predicted Costs Distribution
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The descriptive statistics show that the predicted costs have a mean of $183.47 and a
median of $164.16. The data is skewed to the right but the 80% of the predicted costs fall

between $71.12 and $321.85 per sample.

Raw Data Aggregation

The researchers also used coding (Appendix B) to look at averages of the largest
10 groups of different combinations of independent variables. The first table indicates the
most common instances of a certain event. For example, the most prevalent air sampling
event from out 9,824 lines of data used NIOSH 7605 methodology and a PVC filter for
media. There were 3,052 occurrences of that particular combination and the average cost

was $241.14 with an average sample time of 58.07 minutes.

Method ‘Media Type  Total Time Count

<chr> <chr> <chr> <dbl> <int>

NIOSH 7605 PVC Filter $241.14 58.07 3052
NIOSH 7300 MCE Filter $174.52 71.44 2035
NIOSH 7300 PVC Filter $164.95 60.10 780
NIOSH 1501/ 1550 Air Force Charcoal ¢cB $97.03 22.46 779
NIOSH 1501 Charcoal ¢cB $126.98 35.36 632
NIOSH 1550 Charcoal ¢B $148.97 36.18 357
NIOSH 1005 Charcoal ¢B $123.89 13.75 244
ASTM D6561-00 ISO-CHEK $201.68 6.05 217
NIOSH 2016 Silica Gel Treated $131.84 9.54 210
NIOSH 0500 pPvC Filter, Matched $71.75 23.51 159

1
2
3
4
5
6
7
8
9
0]

=y

Figure 18 Most Common Combinations of Method and Media Type

The team also identified what was the most frequent hazards being tested. In Figure 18, it

is visible that events testing for Chromium (V1) made up nearly a third of the researchers
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data set.

Hazard Time Count
<chr> <dbl> <int>

CADMIUM : 57.20

COPPER - 73.29

ALUMINUM - 34.90

HEXAMETHYLENE DIISOCYANATE MONOMER - 15.39
LEAD . 126.46

PARTICULATES NOT OTHERWISE SPECIFIED - 36.79
METHYLENE CHLORIDE - 17.36

FORMALDEHYDE - 18.58

1
2
3
4
5
6
7
8
9
0

=

Figure 19 Frequency of Hazard Being Tested

Fiscal Transparency

A major reason for conducting this analysis was to highlight how much money is
being spent on occupational exposure assessments in the Air Force. Changing anything,
even minor, with a large budget, has the potential to be very costly. One of the steps in
finding out the costs included finding the total budget for these processes. However, there
was little information available. The researchers were able to get in contact with the
USAFSAM budget analysts, the BEE Resource Advisor, and a Budget Analyst from the
Pentagon. The information gathered led to the conclusion that either the finances,
specifically for occupational exposure assessments, have not been adequately monitored
or there is not enough training provided to those who are responsible for the budgets.

USAFSAM budget analysts, when contacted, were unable to provide any actual

figures on how much money was spent from 2014-2017 on processing occupational
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exposure assessments or what factors go into the total costs. The information the
researchers were able to obtain was that all occupational exposure assessment costs were
purchased with the government purchase card. That information was valuable, but only
for top-level analysis, because they budget analysts were unable to provide any
information on how purchases were coded. Without the coding, the researchers were
unable to decipher from the large government purchase card bill what was spent on
occupational exposure assessments and what was spent on other supplies. The BEE
resource advisor provided a similar response that the government purchase card holder
purchases inventory when required. The researchers were unable to uncover any ledger or
budget information. Finally, the contact at the Pentagon was able to provide Air Force-
wide budget reports that had all of the data for expenditures on occupational exposure
assessments, but was unable to provide any specific coding because not all locations use
the same specialty codes for their government purchase cards, or any at all.

The easiest remedy for simple budget transparency would be to create a uniform
process across the Air Force for tracking and inputting government purchases pertaining
to occupational exposure assessments. The solution would most likely be opposed for the
reasoning that if specialty codes were required for occupational exposure assessments,
why every individual purchase or expenditure would not have its own specialty code,
which would potentially create an abundance of work. A more feasible solution would be
to provide more training to the government purchase card holders and requiring a ledger

to be maintained that tracks expenditures by activity.

52



Conclusion

The research team was able to conduct a multiple regression on the data available.
The results provided a relatively high R? of .938 and an equation that could be used to
predict the rough cost of an air sampling occupation hazard assessment. However, it
should be noted, that much of the road map discussed in chapter three was not completed.
In order to find a more accurate representation of the total cost, effort should be made to
identifty the true costs incurred by the laboratory when they process the samples taken by

the BEE flights.
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V. Conclusion

Chapter Overview

This chapter addresses the end results discussed in Chapter V. The significance
of the research is explained with the limitations and assumptions and any
recommendations for follow-on research to this topic. The initial effort of this research
was to identify how changes to the AFMAN 48-146 would affect the budget. Due to
down scoping the research, the primary goal became to identify the costs of occupation
exposure assessments for the current practices. The research team developed a roadmap,
discussed in Chapter I11, which identified the major surrogates for cost. The team set out
to find data for each of the surrogates but due to limitations with the points of contacts,
was only able to complete approximately 75% of the roadmap. With the data collected,
the team developed a model using a mixed step-wise regression that predicted the total

cost of an occupational exposure assessment.

Conclusions of Research

As stated in Chapter IV, the model created by the research team was able to
predict the costs of occupational exposure assessments with an R? of .934. Using
approximately 10,000 lines of data, the team’s model was robust and statistically
significant for an alpha of .01. The team also provided an aggregation of data that shows
the top 10 most frequent pairings of testing method and media type used and what the

average cost was for those events. Also, a table for the top 10 hazards tested were created
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including the average sample time and cost respectively. A final conclusion from this
research was that fiscal transparency has room for improvement. From a top-level, all of
the data is tracked but not with precision. A process could be implemented that would
allow all levels of budget analysis to break out and better understand the expenditures

being made.

Limitations

It is valuable to understand the limitations of the research conducted when making
conclusions or recommendations. There were multiple limitations to conducting this
research. The first major limitation encountered was the lack of actual costs tracked in
DOEHRS and LIMS. The entities conducting occupational exposure assessments do not
currently track any costs despite the systems having the capability to do so. Because no
costs were tracked by those conducting and processing exposure assessments, data
needed to be sought out and pieced together. In doing so, the researchers were required to
make assumptions such as the pay grades of those conducting the assessments and prices
of media were as shown on commercial websites. The biggest assumption that the team
made, was that cost of processing samples taken in the lab were the same as the prices
listed on the blanket purchase agreement. It is almost certain that there are decreases in
costs when conducting analysis in-house opposed to paying commercial companies to do
the work. The team also assumed that the data input into the systems was accurate and

inclusive.
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Recommendations for Action

The United States Air Force could use the findings of this research to better two
different processes. First, the costs drivers addressed in this paper should be considered
by leadership before making changes to the process of conducting occupational exposure
assessments. If any of the potential changes were to affect the method of testing, media
type, or hazards tested, it would be valuable to review the findings of this research and
take appropriate action or acceptance. Second, the process of tracking costs incurred
through bioenvironmental engineering activities, specifically occupational exposure
assessments, could be improved upon. The systems already have the capability to record
associated costs so it would be a matter of streamlining training to better utilize the tools

available.

Recommendations for Future Research

There are many opportunities to conduct follow-on research. First, the research
conducted in this paper can be improved upon with a more complete data set. A more
complete data set would include more actual data for the second half of our roadmap.
This research is lacking in data from the labs at USAFSAM and inclusion of that data
would provide a more valid cost model. Another facet of research that could be
conducted would be to compare how the costs of current practices would be affected by
the changes to AFMAN 48-146. Finally, research could be conducted on finding the
optimal exposure assessment strategy that mitigates the most risk for the lowest cost —

essentially the most bang for the buck.
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Summary

In conclusion, two of the four specific aims of this research were addressed. A
statistically significant model that identifies the major cost drivers associated with
occupational exposure assessments was created. The Air Force leadership can use the
findings of this research to focus on how current practices are conducted and how
changing regulations might impact the budget. Follow-on research would be valuable to

the Air Force and would ensure that the tax payer’s dollars are being used optimally.
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Appendix A
Below are the notes taken when discussing pre- and post-calibration times for

occupational exposure assessments with a subject matter expert.

Rank/Grade Tser mmer OLsesd

As Subject Matter Experts, please provide your best estimates for the following actions for both large
and small air sample events.

e -CAL
P >3 Punel 43 wet? PerTCAL
——— ———
B Lo 1. What is the fastest time you have completed pre-calibration before conducting air samples ks‘::;;;/
v (minutes)?
ETrey D TERpwIE » Qf
¢ P35
v large _ J0 miroTe Small {5 prinuTes G St
AB SeLscrion I-&.
v 2. What is the longest time it has taken you to complete pre-calibration before conducting air Iy
‘et cHeeks | 5 ; 2
~£ = samples (minutes)?
v n?® Teawst-€ R,
o s N @ Fersovec
BN : 'i /2 > PR, cne
v : Large _ /60 rminome s Small Raneses 1
nrece STRATEGY ) ) ) . ' CoguR >
2 3. How long does it normally take you to complete pre-calibration before conducting air samples ¥
(minutes)? boverstE
Weer Meoin |, @ Sareres &
v Large __ 99 muwee> Small __ HS misres SAMILE 1Dy
sllget EquiorenT 2, e
4. What is the fastest time you have completed post-calibration, packaging, and shipping for air LeverpT€
v samples (minutes)? B Hed\A CASETTES 3 MEDIA CASSETIES De FHRS XML
llecr Crcspater. 3, > andfie porr P> é} anDfot PUMPS Fius
(~ ol muni® v
v Large VAo HS pines small_he Zminy '\ Gewstare
2enTE SampunG (ean) 4. 3/ Savwre spmissirnd

el CAL ““"’9 5. What is the longest time it has taken to complete post-calibration, packaging, and shipping for e

d air samples (minutes)? S5 hes Z hes FO mmy . '

W CALIEATOR ON 10 READ (S 5. " ) . m @ LABEL SAMPLES
Avge (YL E Large Sme I : v
v 35 GeweraTE

DSt AvMP @ pesiee®  How long does it normally take to complete post-calibration, packaging, and shipping for i SrPPING LABEL

B R samples (minutes)?

15 L
v P PAckncE
9, -
B ERAL NS ;g"; Large 2 ‘\r;_ Sd minwTE S Small z hes ,30 aTED Hwer
e PumS S v
¥ 7. Out of 10 air sample events, what is your best estimate for the distribution between lar, d EmAL
REPLACE PumP small (Large + Small = 10)? | ) xme FlE

wrH WexThmPt | % < l
DrwE SAMPLES
J" Large Z Small g @ o

put 1 WtO T ™ QD{F DRef-otf.
O EYENT
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Rank/Grade F/‘i//'"//‘1

As Subject Matter Experts, please provide your best estimates for the following actions for both large
and small air sample events.

1. What s the fastest time you have completed pre-calibration before conducting air samples
(minutes)?

Large _“ 5 pmin Small__ 15 wnin

2. What is the longest time it has taken you to complete pre-calibration before conducting air
samples (minutes)?

7 i
3¢ m

targe_hr [5m:n Small

3. How long does it normally take you to complete pre-calibration before conducting air samples
(minutes)?

Large _‘1%ain — lAn Small__Z 0 min

4. What is the fastest time you have completed post-calibration, packaging, and shipping for air
samples (minutes)?

*
¥y 23 duys -2 Ayt

large S -3hes Small _2 =% hrj

5. What is the longest time it has taken to complete post-calibration, packaging, and shipping for

air samples (minutes)? "

s daps 3-9 day
large 2 J. g5 Small _i_Jay

6. How long does it normally take to complete post-calibration, packaging, and shipping for air
samples (minutes)?

*z doy? b day
Large 4 - hey Small _2 4.,

7. Out of 10 air sample events, what is your best estimate for the distribution between large and
small (Large + Small = 10)?

Large Z Small &
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Rank/Grade Cer OQA €n

As Subject Matter Experts, please provide your best estimates for the following actions for both large
and small air sample events.

1. What is the fastest time you have completed pre-calibration before conducting air samples
(minutes)?

g
)

Large 4 ’{ Small

2. What is the longest time it has taken you to complete pre-calibration before conducting air
samples (minutes)?

Large (af ) Small . S

3. How long does it normally take you to complete pre-calibration before conducting air samples
(minutes)?

Large %0 Small 20

4. What is the fastest time you have completed post-calibration, packaging, and shipping for air
samples (minutes)?

> «
Large Y nes small 45 miy
/' P’y/ 10m' A
5. What is the longest time it has taken to complete post-calibration, packaging, and shipping for
air samples (minutes)?

Large lQ\mg* Small ?‘"'J*
Q;\rl . ’2 L,;

6. How long does it normally take to complete post-calibration, packaging, and shipping for air
samples (minutes)?

|
Large Sl'sr', Small ?zw‘w*
Zl"i- , : 1wl

7. Out of 10 air sample events, what is your best estimate for the distribution between large and
small (Large + Small = 10)?

Large A Small 1
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Rank/Grade AL _QShNrnt.

As Subject Matter Experts, please provide your best estimates for the following actions for both large
and small air sample events.

1. What is the fastest time you have completed pre-calibration before conducting air samples
(minutes)?

Large j/ 5 J22IN 9} Small 5 min

2. What is the longest time it has taken you to complete pre-calibration before conducting air
samples (minutes)?

targe LAr /S mn small_ 45 min

3. How long does it normally take you to complete pre-calibration before conducting air samples
(minutes)?

Large ﬁ S mun small_/5 ~20 myn

4. What is the fastest time you have completed post-calibration, packaging, and shipping for air
samples (minutes)?

* with DOEHKRS __VM S hrs
targe_ O hrS Small 2hrS

5. What is the longest time it has taken to complete post-calibration, packaging, and shipping for
air samples (minutes)?

X ith pogHeS lebre _&Zhrs
targe_ X hrS Small__ (g hr

6. How long does it normally take to complete post-calibration, packaging, and shipping for air
samples (minutes)?

Large (i hrd small_ &/ )

7. Out of 10 air sample events, what is your best estimate for the distribution between large and
small (Large + Small = 10)?

Large _2~_ Small ?—
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Appendix B

Below is the code used in R to aggregate data shown in figures 18 and 19:

library(tidyverse)
library(readxl)
library(scales)

df <- read_excel("C:/Users/James/Desktop/Class/Brad/Brad.Data.xIsx") %>%

filter(Method != "#N/A")

df %>%
group_by(Hazard) %>%
summarise(Total = dollar(mean('Total Cost’, na.rm =T)),
Time = round(mean(as.numeric('Corrected Sample Time (Min)’), na.rm =T),2),
Count =n()) %>%
arrange(desc(Count))

df %>%
group_by(Method, "Media Type’) %>%
summarise(Total = dollar(mean(‘Total Cost’, na.rm =T)),

Time =round(mean(as.numeric('Corrected Sample Time (Min)’), na.rm =T),2),
Count =n()) %>%
arrange(desc(Count))
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