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Abstract

This study develops a parametric model that is capable
of generating accurate estimates of the costs to close Air
Force installations. The new model is based upon, but much
simpler to use than, the Cost of Base Realignment Action
(COBRA) model. COBRA is an economic cost analysis model
that requires a minimum of 250 inputs and as many as 700
inputs. The new parametric model requires just 10 input
variables and was developed using least squares multiple
regression. Comparison of the new parametric model to COBRA
indicates that it captures 91% of the variance in cost
estimates generated by the detailed COBRA model.

The 20-year Net Present Value (NPV) of actions to close
an installation is the figure of merit used in the new
model. The COBRA Model and the new parametric model
generate similar rank orderings of bases, when NPV is used
as the ranking criterion. Use of the Spearman's Correlation
Test shows a direct correlation between the rank orders for
each model at significance level a<<0.01 .

The parametric model is recommended for use as a
precursor to COBRA to narrow the number of contemplated
closure installations to just those that require further,

more detailed analysis and output.

xii




A PARAMETRIC REGRESSION OF THE

COST OF BASE REALIGNMENT ACTION (COBRA) MODEL

1. Introduction

Base Realignment and Closure

Following the end of the Cold War, the necessity of the
United States' present level of military strength has come
under scrutiny. This scrutiny is magnified by the onset of
tightening budgets. Many United States officials including
the Congressional Budget Office, Government Accounting
Office, Office of Management and Budget, some Department of
Defense officials, and numerous members of Congress are
recommending to close military installations. "There
appears to be a near consensus that a significant number of
military bases should be closed as a cost savings and
efficiency measure . . ." (Rasher, 1986:1).

Final responsibility for evaluating and selecting bases
for closure falls to the Base Realignment and Closure (BRAC)
Commission. Almand summarizes this process as follows:

In an era of diminishing budgets, the Congress

and the DoD are attempting to close unneeded

military installations and realign remaining

activities at others. The President's Commission
on Base Closures and Realignment used mission and




monetary criteria in their selection of possible
closure candidates. (Almand, 1991:3)

BRAC employed a two-phase approach to incorporate mission-
related and economic criteria for the identification and
analysis of potential closure bases.

BRAC Procesgs. Phase I accomplishes a complete
inventory of installations, assigning them to categories
such as operating ground troops, operating mobility
aircraft, and operating submarines. A complete list of the
twenty-two categories is given in Appendix A. Next, the
military value of each installation is evaluated with
respect to two criteria: (1) ability to complete assigned
missions, and (2) capacity to accommodate additional
missions (Defense Secretary, 1988;15-18). When an
installation's mission is determined to be impaired
according to these criteria, the Commission selects it for
further detailed review during Phase II.

Phase II conducts an in-depth study to determine
potential for relocation of activities or units. After
development of relocation plans, a cost-estimating model is
used to determine the costs and savings for the "best"
relocation alternatives.

COBRA Model. Currently, the BRAC Commission uses the
Cost of Base Realignment Action model (COBRA). This model,
accepted by the General Accounting Office, provides an

economic analysis of closure actions (COBRA v4.04,




1992 :Program Documentation). For each closure scenario,
execution of COBRA generates 20 detailed reports including
appropriation details, mission costs, military construction
costs, and personnel costs. The COBRA summary report
condenses the detailed reports for use by decision makers.
The summary report provides the payback period, 20-year net
present value, and total one-time cost of the realignment
action.

The payback period is

. . . the point in time where savings generated
equal (and then exceed) costs incurred. 1In other

words, this is the point when the
realignment/closure has paid for itself and net
savings start to accrue. (COBRA v4.04,

1992 :Program Documentation)
The 20 year net present value is

...the amount of dollars that would have to be
invested during the Base Year at the assumed
discount (interest) rate to cover the costs or
match the savi.gs at a specific point in the
future. (COBRA v4.04, 1992:Program Documentation)

Net present value and payback period are the measures
of effectiveness used to compare the economic consequences
of one realignment scenario to another. COBRA requires
thorough preparation and data collection by the user. 1In
the simplest scenario, with transfer of assets and personnel

from one closing base to a single gaining installation, the

user may have to input 250 or more separately estimated




values. Examples of input values include distances between
the closing base and each gaining installation, tons of
mission and support equipment to be transferred, costs of
non-construction environmental mitigation, one-time unique
costs associated with closure, and square footage of
military construction at the gaining installation (COBRA
v4.04, 1992:Program Documentation). Because of the many
variables that require estimation, error can arise from a
multitude of sources including faulty supplied data, lack of
consistency, or incomplete information. This will generate
a randomness in the COBRA Model itself simply due to entry

data.

Using the COBRA model, the 1993 BRAC Commission

evaluated 32 active duty Air Force bases, 14 Air Force
Reserve installations, 10 Air National Guard installations,
and 6 Air Force depots for possible closure. The decision
to close a base is made in a sensitive political and
socioeconomic environment, making it essential to work with
reliable data. 1In addition to evaluating the possibility of
closing Air Force bases, BRAC must also consider Army posts,
Naval bases, Reserve installations, National Guard
installations. Because of the enormity of the task and the

aforementioned sources of input error, it would be desirable




to build a simplified model that streamlines the BRAC
process while maintaining a satisfactory level of accuracy.

A simplified model designed to capture the essential
aspects of COBRA, requiring fewer input values and less data
collection, could be developed to provide approximate
estimates of base closure costs. The advantages of
simplicity in the approximate model may more than outweigh
the possibility of less accuracy relative to the detailed,
but much more labor-intensive, COBRA model. If accuracy of
the simplified model is judged acceptable, then it could be
used in nearly all situations except when detailed cost
justification by COBRA is necessary.

One type of simplified model that minimizes the number
of inputs while maintaining accuracy is a cost estimating
relationship (CER). A CER is a statistical model that
treats cost to be a function of selected explanatory
variables or parameters (Verma, 1987; 3). "Explanatory
variables usually represent characteristics of system
performance, physical features, effectiveness factors, or

even other cost elements" (Fabrycky, 1991: 159).

Scope

This thesis develops a CER that estimates the costs of
closing installations. To ensure compatibility of this
model with COBRA, the CER must produce results that are

consistent with COBRA. Chapter III describes the




statistical procedures used to derive the CER and compare
its accuracy to the full COBRA model. Linear regression
lies at the heart of the procedure.

This thesis will be limited to modeling the 20 year net
present value predicted by COBRA as a function of the
selected parameters. Break-even year and payback period
will not be modeled.

In contrast to COBRA, which generates economic measures
of effectiveness using detailed data inputs, the proposed
CER model will be a simplified model with a greatly reduced
set of input variables. Decision makers will be able to use
it +o estimate, with minimum time and effort, the economic

cost savings of closing a particular base.

Qverview

To ensure equitable selection of bases for possible
closure, the BRAC Commission requires an accurate and
efficient means of forecasting base closure costs. The
current method, which employs the COBRA model, is sound.
Unfortunately, its numerous inputs necessitate that
considerable data be collected and/or estimated. Because of
the many inputs used in COBRA and the number of
installations to evaluate, verification of data is a
difficult task. Development of a parametric cost model as a
discriminator for use early in Phase II deliberations will

give valid results and will be less labor intensive. 1Its




use can help .arrow the field of potential closure bases
providing time for verification of the data used in COBRA
analysis.

Chapter II presents a review of the literature
pertinent to base closure and the decision-making tools that
are, or could be used, by BRAC. A synopsis of the BRAC
Commission explains its process for selecting potential
closure installations. Next is an exposition of the COBRA
model, followed by a discussion of parametric models and
their utility in economic cost modeling.

Chapter III describes the methodology employed in this
thesis for development of a parametric cost estimating
model. The basis for the techniques used is the least
squares method of regression. Discussion of the least
squares method in simple and multivariate regression leads
to explanation of the model development procedure.

Chapter IV provides an analysis of the research
results. The results of data gathering, screening, and
preparation are discussed. Next, the results of the model
generation and selection are given. Included are output of
the stepwise and maximum R? techniques, and statistical
verification of the selected best model. A comparison of
the net present value predictions of COBRA and the best
selected model concludes the chapter.

Chapter V concludes with a summary of work done and

recommendations for future work.




This chapter presents a review of the literature that
pertains to development of a parametric model of base
closure costs. A description of the purpose and activities
of the BRAC Commission, hereafter referred to as the
Commission, is provided. A review of the Commission's work
highlights the need for a simplified, yet reliable cost
estimation tool. Because the Commission's work currently
depends heavily upon the Cost of Base Realignment (COBRA)
model, it receives consideration as the second section of
this chapter. Next, a brief discussion of parametric models
developed for other Air Force situations is presented.
Finally, the chapter closes with a reiteration of the need
for a parametric model to estimate base closure costs. The
literature review reveals that such a model does not

currently exist.

BRAC C C s
The Secretary of Defense chartered the Commission on
Base Realignment and Closure on 3 May 1988 "to recommend
military installations within the United States, its
commonwealths, territories, and possessions for realignment
and closure" (Defense Secretary, 1988:6). While the desire
to reduce costs was an important reason for chartering the

Commission, it decided that the "military value of each base




should be the preeminent factor in making its decisions"
(Defense Secretary, 1988:7). Thus, the selection of bases
for closure is a two-phase process that takes into account
both military value and cost reduction.

Phase 1 (Defense Secretary, 1988:15-16). The purpose
of Phase I is to take an inventory of DoD installations and
then screen them for detailed review during Phase II. The
inventory of installations assures that none has been
overlooked and, further, assigns each one to a functional
category such as Operating Troops, Operating Aircraft,
Headquarters, and Productions Facilities. All 22 functional
categories assigned to each are given in Appendix A.

Following inventory, the installations are screened
according to criteria that evaluate whether a base has the
appropriate size to support current or future requirements
and whether existing physical conditions are adequate for
future purposes. Specifically, the Commission evaluates the
military worth of an installation using 21 mission-related
criteria (see Appendix B). Each criterion measures an
attribute of the base, assigning one of three ratings:
marginal, acceptable, and fully satisfactory. The criteria
for ratings are well-defined and consistently applied.

Following assignment of the 21 ratings, they are
weighted and summed to yield and overall rating. From the
rank-ordered list that results, the Commission selects the

lowest-ranking bases for detailed review in Phase II.




Phase II (Defense Secretary, 1988:16-18). During Phase
II, the Commission develops options for closure and
realignment of the lowest-ranking installations identified
in Phase I. Relocation of mission-essential units requires
identification of appropriate gaining installations. 1In
this process, the first step is to identify all activities
that need to be moved and then to develop relocation
options. The preferred relocation option for each activity
is the one that maximizes mission attainment. The
Commission then employs the COBRA cost-estimating model to
evaluate all potential relocation options. COBRA output
provides a detailed analysis of the costs and savings
associated with each relocation option. Output measures of
merit include net present value and payback period.

The military services participate actively during the
analyses. They provide data pertaining to the physical
characteristics of installations. Each service also
contributes expertise regarding current missions, the
relevance of proposed criteria by which to evaluate existing
missions, and the weights to be assigned to each of the
mission-related criteria. In addition, the services help to
identify the activities to be relocated and propose to the
Commission which installations should gain the relocated

activities.
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COBRA Model

COBRA is a cost model that utilizes basic principles of
economic analysis. Dover and Oswald define economic
analysis as

(a) a systematic approach to the problem of

choosing how to employ scarce resources and (b) an

investigation of the full implication of achieving

a given objective in the most efficient and

effective manner. (Dover and Oswald, 1974:47)

COBRA models closures, deactivations, and realignments
of DoD installations (Brown, 1989:3):

¢ Closure - All activities are transferred away from

the losing base and the property is sold. Some
costs are incurred to prepare the base for sale.

e Deactivation - Most of the activities are transferred

away from the losing base, and a caretaker force

is left in place to provide a minimal maintenance
and security capability.

e Realignment - Some activities are transferred away
from the losing installation but it continues to

operate.

COBRA uses standard cost factors to convert the
financial impact of base closures, deactivations, or
realignments into dollar values (inflated relative to the
base year). Cost factors may differ between the services
and may also reflect local conditions that are a function of
geographic area. The output of the model is expressed in

terms as payback period and 20-year net present value.
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The costs and savings considered for data input are
categorized as either one-time or recurring. One-time costs
and savings include construction, administrative planning
and support, personnel retirements and severances, personnel
relocation costs, equipment freight and transport costs,
environmental mitigation, land purchases and sales, and
shutdown costs. Recurring costs and savings include housing
allowances, increased Civilian Health and Medical Program of
the Uniformed Services (CHAMPUS) costs, caretaker costs,
salary savings, and changes in base overhead and maintenance
costs (Nelson, 1989:39,40 and Defense Secretary, 1988:51).
Table 2.1 lists examples of estimated data inputs required
to use COBRA.

In the FY 1993 COBRA analysis of bases, 32 Air Force
bases were examined for closure. To complete the
realignment scenario for each base, gaining installations
(of personnel and equipment) had to be designated. Each
scenario averaged four gaining installations, which requires
approximately 700 inputs.

A major drawback of the COBRA model is the number of
inputs required. To use the model correctly in the case of
a single gaining installation when a base closes, the user
may have to input as many as 300 values. Estimates are

required for all of the inputs.
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TABLE 2.1

ILLUSTRATIVE ESTIMATES REQUIRED BY THE
COBRA MODEL (Nelson, 1989:24,25)

EQUIPMENT COSTS

Amount of material required at gaining base

Condition of the equipment and ability to be moved
Size, weight, and quantity

Mode of transportation

Shipping distance

Amount of excess material to be routed to local bases
Amount of unusable equipment to be turned in to salvage

CIVILIAN WORKFORCE REDUCTION

(reimbursable expenses)

Per diem

Mileage

Travel for one round trip house hunting excursion

Temporary quarters subsistence

Broker's fees, real estate commissions, and
miscellaneous expenses for home sale and repurchase

Transportation and storage of househc.d goods

e Relocation income tax

Cost Esti . Mode]
Within the Department of Defense several generally
accepted economic analysis techniques exist. Among them are

detailed estimating, cost estimating relationships (CER),
expert opinion, and analogy (Verma, 1987:2). None can be
determined to be best; their appropriateness is situational.
Detailed estimates identify activities at a very
detailed level and sum up the costs to higher levels of

aggregation. CERs, sometimes referred to as parametric
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models, use statistical methods which treat cost as a
function of selected variables called cost drivers {Verma,
1987; 3). In the expert opinion approach, the cost analyst
seeks the opinion of experts about the system being
analyzed. In the method of analogy, comparisons are made of
the proposed system similar existing systems. Costs are
adjusted according to differences in the systems (Verma,
1987:2-3).

A review of the literature (Brown, 1989; Nelson, 1989;
Gatlin, 1992; Holk, 1989; Olver, 1991; Rasher, 1986)
indicates that most base closure models are of either the
detailed analysis or accounting type. These models estimate
cost of closure by disaggregating and describing the closure
process itself. They normally include a large number of
variables corresponding to the many activities that make up
the closure effort. Advantages of these models are that (1)
costs can be tracked more easily to provide better
management of dollars, and (2) the amount of detail lends
itself to sensitivity analysis and tradeoff decisions.
Disadvantages are that (1) the models require detailed
information, and (2) they utilize many variables that are
estimated (Verma, 1987:4).

Because of the sensitivity of closure actions, detailed
reports are helpful in explaining decisions. The "black
box" nature of a parametric estimating function does not

necessarily provide a logical explanation of the final
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output. Nonetheless, it can be a powerful tool if used
properly:

If a model could estimate costs equally well while

using significantly less variables, the purpose

would be served just as well. Cost estimating

relationships can do just that. (Verma, 1987:5)

Verma [1987] compared an accounting model to a parametric
model in the same scenario. The accounting model had fifty-
one variables while the parametric model had only seven with
at least the same amount of predictive accuracy.

Cost estimating relationships are developed by means of
regression analysis. Regression analysis, employing the
least squares method, is a statistically proven method which
establishes a functional relationship between variables in
order to predict the value of the dependent variable (cost)
on the bases of the independent variables (cost drivers).
The functional relationship is a linear equation (Cain,

1993)
Y =B,+B,X, +B,X;+....+Bx X +€.

Y is the cost, B; is the i-th parameter coefficient
(estimated by regression analysis), Xj is the i-th
parameter, K is the number of parameters, and € is the
error term.

There are two myths about the degree of accuracy and

level of detail necessary for a useful model.
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MYTHS (Fisher, 1971:76):

¢ We must strive for a high degree of accuracy in
an absolute sense.

e A higher degree of accuracy can be attained by
going into a greater amount of detail.

Verma exposed the first myth as follows (Verma, 1987:6-
7):

In the context of long range planning, the
possibility of accomplishing a high degree of
accuracy in the absolute sense is remote. This is
so because of the characteristics of long range
planning. These characteristics include
uncertainties, lack of detailed information and
data, and a wide range of alternatives. Under
these conditions, highly accurate cost estimates
are most unlikely. This is not critical because
long term planning efforts require relative
comparisons between alternatives. JIf the cost
served their purpose. Analytical cost estimating
techniques which treat alternatives consistently
are better suited for comparative cost analyses.
[emphasis added]

Verma brings to light the second myth, as well
(Verma, 1987:7)

[It] is generally not true and particularly
false in the context of long range planning.
Under conditions of knowledge gaps and paucity of
data, to force the analysis into a finer and finer
grain of detail will force the analyst into
essentially using fictitious numbers to fill in
the categories that are overly detailed.

Parametric models have been developed for several

situations in the DoD. One of the most reliable metal
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airframe parametric cost models is the Rand Corporation

Development and Procurement Cost of Aircraft model (DAPCA

III) (Kage, 1983:6-7). An historical database of

performance characteristics costs for aircraft was used to

develop the model. DAPCA III uses two performance

parameters, Aeronautical Manufacture's Planning Report

(AMPR) weight and maximum speed in knots at best altitude,

to determine the cost of future airframes.

Other parametric airframe cost models are the Planning

and Research Corporation (PRC) model, the Science

Applications Incorporated (SAI) model, the J. Watson Noah

(JWN) model, and the Air Force Flight Dynamics Laboratory

Modular Life Cycle Cost Model (MLCCM) (Kage, 1983:22).

Table 2.2 highlights the characteristics of each model.

TABLE 2.2

AIRFRAME COST
MODEL PARAMETERS (Kage, 1983:25-31)

MODEL

PARAMETERS

PRC

responsible agency, lot quantity, delivery rate, airframe
weight growth, speed at best altitude, speed at sea level,
altitude, AMPR weight, aircraft empty weight

SAI

weights by 1) section ~- wing, tail, etc. and
2) subsystems -- avionics, electrical systems, air
conditioning, etc.

maximum speed at best altitude, AMPR weight, gross
takeoff weight/AMPR weight (ratio), a dummy variable to
account for complexity

MLCCM

wing thickness/chord (ratio), wing area, fuselage wetted
area, speed, ultimate load limit, max mach speed, max
gross weight, total wetted area, number of prototype
aircraft, etc.
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Further examples of parametric models developed in the
Air Force include Dupre's model for predicting direct costs
or cost changes for electronic systems flight tests
(Dupre', 1983:11), Gardner and Passarello's model to
predict first unit costs of flight simulators by using
certain common characteristics (Gardner, 1981:12), and
Muenchow's model for estimating cost of buying out
telecommunications switches that are on leasing agreements

(Muenchow, 1991:ii).

TABLE 2.3

AIR FORCE DEVELOPED PARAMETRIC MODELS
(Dupre', 1983:47; Gardner & Passarello, 1981:37;
Muenchow, 1991:34,41,46)

RESEARCHER PARAMETERS
number of sorties, number of months, three dummy
Dupre' variables for type of aircraft, two dummy variables
for type of test
Gardner & cooling capacity, weight, degrees of freedom, rate
Passarello of power consumption, computer instruction
processing speed
Muenchow LARGE SWITCHES: monthly lease fee, age
SMALL SWITCHES: line count, monthly lease fee, age

18




III. Methodology

COBRA completes an economic analysis of base closure
actions. Because of the many variables to be estimated, the
data required by COBRA may be prone to errors and
inconsistencies. In contrast, parametric models minimize
the number of variables yet provide a great deal of
accuracy. This thesis develops a parametric cost estimating
model that can be used to predict closure costs without
resorting to the enormous data collection effort required by
COBRA.

This chapter presents the methodology to be used for
the development of a parametric base closure cost model.
First is a brief discussion of simple (i.e., one variable)
linear regression using least squares estimation.
Application of linear regression involves the principal
assumption that the unknown relationship between COBRA
inputs and outputs can be fitted to a line. "The unknown
parameters [of the line] are estimated under certain other
assumptions with the help of available data, and a fitted
equation is obtained" (Draper & Smith, 1981:2).

The case of one-variable regression leads to a
derivation of the multivariate or matrix approach to linear
regression. Many statistics and regression analysis texts

(Devore; Draper & Smith; Gunst & Mason; Milton & Arnold;
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Montgomery & Peck; Sen & Srivastava) dedicate entire
chapters each to simple and matrix regression analysis.

Following the discussion of theory, the remainder of
the chapter addresses the implementation of linear
regression in the context of model development. An
important point to keep in mind throughout the model
building process is that absolute truth, or perfect
prediction, cannot be achieved. The values used in COBRA
are estimates themselves; therefore, COBRA's predictions are
only as good as the estimates.

The objective of the least squares method is to
minimize the sum of squared errors in the predictions. The
goal of the model development techniques employed in this
thesis is to minimize the number of variables and provide
accurate predictive capability -- explain the most with the
least. A model will be developed which will make a
prediction using as few predictor variables as possible
while minimizing the sum of squared errors.

The first step in model development is to gather the
data, analyze by inspection, and complete some preparation
of the data. The inspection process can narrow the data
field to those input variables thought to be most
significant to the response variable. Once the field of
input variables is narrowed, the correlations between all

remaining input variables are calculated. Analysis of the
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correlation coefficients provides the basis for variable
preparation and elimination.

Once the most significant predictor variables are
determined, model selection techniques are applied. The
techniques discussed in this chapter are stepwise selection
and maximum R?. Proper application of these techniques will
provide a method for determining the optimum number of
variables and "best" model. The t-test is also discussed as
a method for checking the significance of individual
regressors in a model.

Once the best model, or models, are selected, they are
verified by examining residuals and checking

multicollinearity diagnostics.

Simple Li F on.
The estimation procedure to be used here is based on
simple linear regression and the least squares method. "The
simplest deterministic mathematical relationship between
variables x and y is a linear relationship y=8,+8;x "
(Devore, 1991:454). 1In this equation, P, is the slope of
the line and B, is the y-intercept. Customarily x is called
the independent variable and y is called the dependent
variable. To avoid confusion with statistical independence,
x is sometimes referred to as the predictor or regressor
variable and y as the response variable. Both sets of

terminology will be used in this thesis.
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When a straight line is fitted to the data, the
underlying assumptiorn is that the data follows a linear
pattern of the form y=f,+B,x. However, the data rarely
fits this pattern exactly. Thus the relationship becomes
y; =P +P,x; +¢,, where i=1,2,...,n (n is number of data points)
and ¢ is referred to as the random error term. "Without g,
any observed pair (x,y) would correspond to a point falling
exactly on the line y=B,+B,x, called the true regression
line" (Devore, 1991: 456). The random error term is the
difference between the observed value of y, and the straight
line B,+Pf,x,. "It is convenient to think of ¢ as a
statistical error; that is, it is a device that accounts for
the failure of the model to fit the data exactly”
(Montgomery & Peck, 1982:2-3).

In conducting a regression study, paired sets of data
(y;» X;), or observations, are used to estimate the
parameters B, and B,. It is important to note that the true
values for §, and B, will never be known. Because of this,
the same is true for g¢,. These values will be approximated
from the available data. Letting b,, 4, and ¢ denote the
estimates for B,, B,, and g respectively, the estimated line

of regression takes the form
y;=by+bx, +e (i=1,...,n) (1)

The term ¢, is called the residual. Figure 3.1 graphically

illustrates the difference between ¢ and ¢,.
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Estimated
Regreszion Line
/
True Regression Line
0 x
Figure 3.1. Graphic illustration of the
difference between the residual, ¢, and the
random error term, €. (Milton & Arnold,
1986:340)
£ S Est imati

The parameters f, and P, are estimated by the method of
least squares. This method employs the idea that from the
many lines that can be drawn through a plot of the
observations (x;, y;), the one that "best fits" the data can
be selected. One common measure of best fit occurs when the
values of b, and b minimize the sum of the squares of the
residuals. "In this way, we are essentially picking the
line that comes as close as it can to all data points
simultaneously" (Milton & Arnold, 1986:340).

The residual e; is sometimes called the "residual
error." The sum of the squares of the residuals is often

then called the "error sum of squares" or Sum of Squares
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Error (SSE). The following derivation of the least squares
estimates for B, and B, is adapted from Milton & Arnold,

1986:341. By manipulation of equation 1, SSE is given by

SSE=ief=i(y,-—bo—b,xj)2 (2)

i=1 i=1

Differentiate SSE with respect to b, and b; to obtain

B;‘SE:—ZX()’;‘bo‘blxi) (3)
bo i=1
ISE _ 23 (5 ~bo - bixx, (4)
abl i=1

Set both partial derivatives equal to zero and use the rules

of summation to obtain the equations

nb0+blixi=iyi (5)

i=1 i=1

boixi“’blixiz:ixi)’. (6)

i=1 i=1 i=1

These equations are called the normal equations. They can
be solved to obtain the following estimates of B, and B,

(Devore, 1991:461).
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Sx-00,-9 a3y -2k y)

bl = i=l i=l _ (—,)

i(xi -X)2 nixf —(Z:lei)2
1=l

i=l

i)’i‘blzx.‘
bo=-izl'—’;—"=l—=7—b;7 (8)

Gauss-Markov Conditions (Sen & Srivastava, 1990:11-13;
Draper & Smith, 1981: 22-23)

Thus far the least squares method has taken for granted
some important assumptions or conditions. If these
conditions, called Gauss-Markov conditions, are met, the
least squares method gives good predictions for f#, and §,.

The conditions are as follows:

l. g is a random variable with mean zero and variance

¢’ (unknown), that is, E(g)=0, V(g,)=0>.

2. g and g; are uncorrelated, i#j, so that cov(g,g;)=0

or E(gg;)=0.

3. g is a normally distributed random variable, with
mean zero and variance o’ by (1), that is,

g, ~N(0,6’). Under this assumption, ¢, €, are not
only uncorrelated but necessarily independent.
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When these conditions are met, they assure that a "best
linear unbiased" estimator occurs which is also a "maximum

likelihood" estimator (Cain, 1993).

Coefficient of L . .

The error sum of squares, SSE, can be interpreted as a
measure of how much variation in y is left unexplained by

the selected regression equation or model.

SSE:Z()’.“.?.‘)Z =2[)’1‘(ﬁo+ﬁ1xi)]2 (9)

A quantitative measure of the total amount of variation,
both that which is explained and not explained by the model,

in observed y values is given by the total sum of squares

SST:i(Yi_Y)Z=i)’i2_(2in=1)'i)2/n (10)

i=l i=l

The ratio SSE/SST is the proportion of total variation that
cannot be explained by the simple linear regression model,
and 1 - SSE/SST is the proportion of observed y variation
explained by the model. The coefficient of determination,
R2, is given by

R =1-55E (11)
SST

The higher the value of R?, the more successful the model is

in explaining the variation of y. The statistic R? should
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be used with caution, since it is always possible to make R?
large by simply adding terms to the model.
Although R? will always increase as more variables
are added, the mean squared error usually will
first decrease and then increase as additional
variables are selected. Typically, the
experimenter selects the model corresponding to
the smallest mean squared error. (Milton & Arnold,
1986:428)
The mean squared error is defined by dividing the error sum
of squares by its degrees of freedom, n-(k+1) (n is the

number of observations and k is the number of variables in

the model) .

Analvsi £ vari

Analysis of Variance (ANOVA) is a statistical
methodology in which the total variation in a measured
response is partitioned into components which can be
attributed to recognizable sources of variation. The
components are usually summarized in an ANOVA table (Table
3.1).

The total sum of squares (SST) and error sum of squares
(SSE) were defined earlier. By understanding that SSE
accounts only part of the total variance SST, the remaining
variance can be accounted for by the equation SST - SSE =
remaining variance. This remaining variance is the variance
due to the regression and is naturally termed the regression

sum of squares or SSR.
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Additional components given in an ANOVA table are the
mean squares, which are simply the sums of squares divided
by their respective degrees of freedom (df). The df for the
regression is the number of variables in the model, k. The
regression mean square is given by: MSR = SSR/k. The df for
the error is n-(k+l). The error mean square is given by:
MSE = SSE/(n-k-1).

The functions MSR and MSE (also designated by MS.,,6 and
s2, respectively) have their own distribution, mean, and
variance. "Also, since these two random variables are
independent, a statistical theorem tells us that the mean-

square ratio

MS
F=—3"¢
s

follows an F distribution....”" (Draper & Smith, 1981:32).
This statistic, given in the ANOVA table, can be used in
multivariate analysis (which will be explained later) to
test the overall regression equation. The test is actually
to determine whether all the parameters (B,...B,) are
statistically equal to zero (the null hypothesis H,). With
a specified risk level, o, a selected percentage point of
the F-distribution can be compared against the calculated
mean-square ratio.

If the mean-square ratio exceeds the critical F-value,
F(k,n-k-1,0), a "statistically significant” model has been

found. This does not necessarily mean that the model is the
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best, or even a good predictive model. It just tells the
experimenter that the
. . . proportion of the variation observed in the

data, which has been accounted for in the
equation, 1is greater than would be expected by

chance in 100(1-a)% similar sets of data with the
same values of n and X. (Draper & Smith, 1981:93)

Work by J.M. Wetz suggests that in order for a model to
be a good predictor, the mean-square ratio should exceed the
selected percentage point from the F-distribution by at
least four times (Draper & Smith, 1981:93). For example, if
k=9 , n=50 , aa=0.05 , F(9,40,0.95) = 2.12. The
observed mean-square ratio (F-ratio) would have to exceed
8.48 for the model to be a satisfactory prediction tool.
Table 3.1 below gives a symbolic representation of the

variance components provided in an ANOVA table.

TABLE 3.1

SYMBOLIC ANALYSIS OF VARIANCE (ANOVA) TABLE
(Gunst & Mason, 1980:157)

Deg. of Sum of Mean

SQOURCE Freedom Squares Squares F-Ratio R2
Regression k SSR MSR MSR/MSE SSR/SST
Error n-k-1 SSE MSE
Total n-1 SST
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Multi iate R .

Regression analyses utilizing several predictor
variables are simultaneously more flexible and more
complicated than those using a single predictor variable.
Flexibility comes from the researcher's opportunity to
assess the relationship between the dependent variable and
several independent variables, several specifications of one
independent variable, or a combination of both (Gunst &
Mason, 1980:128). 1In contrast, in simple linear regression,
a single predictor variable is forced to adequately fit the
response variable.

The tradeoff of using multiple-variable regression is
complexity. Most multivariate analysis requires the use of
a computer. If statistical analysis packages such as SAS
(Statistical Analysis System: SAS Institute, Inc. Raleigh,
NC), SPSS (Statistical Package for the Social Sciences,
McGraw-Hill), BMD (Biomedical Computer Programs, University
of California Press), or MINITAB (Deerbury Press) are
available, many analysis techniques can be applied very
simply (assuming some knowledge of the software). However,
selecting the "best" model requires much more than running
computer programs. The complexity of multivariate analysis
comes in interpreting the output. The researcher must not
only "ask" the computer for the appropriate output, but must

also correctly discern the implications of the output.
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Though there are many rules to aid the analyst, determining
the optimum prediction equation often relies on experience
and judgment. "Selecting a final model is, in many ways, an
art rather than a science" (Milton & Arnold, 1986:424).

The basis for the statistical techniques used in
multivariate regression is also the least squares method.
Matrix algebra can be used to concisely represent the least
squares estimators for multiple-variable prediction

equations. The multiple linear regression model

Y, =B,+B,X,+B.X,, +...+B, X+, (i =1, 2,..., n) can be written

as
Y=Xp+& (12)
where,
[1 X, Xy Xy xkl-
Y, Bo €, 1
Y X2 Xp Xy Xi2
. 2 = | B - | &
Y= . B=(". E=| . X={1 X3 Xy Xy Xy3
Yn Bk en
_l Xin Xon X3, - xkn_l

Note that Y is the response vector, ﬁ is the parameter
vector, and € is the random error vector. X is referred to
as the model specification matrix (Milton & Arnold,
1986:402). The dimension of X is n x (k+1). The column of

n ones accounts for the intercept term, and the other cells

31




represent the observations of the predictor variables for
the model.

As in simple linear regression, the intention of using
the least squares method is to minimize the sum of the

squared residuals. The residual vector ¥ is defined to be

F=F-F =7-X§

so then the sum of the squared residuals is expressible as

(Gunst & Mason, 1980:133)

’

ir}:f’f:(?—xﬁ) (Y—xﬁ) (13)

Minimization of equation 12 with respect to ﬁo,ﬁl,...,ﬁk yields

the least squares estimator (Gunst & Mason, 1980:133)
B=(XX)"'X"Y. (14)

The resulting vector gives the predicted values for the
parameters of the model.

The matrix operations involved in multivariate least
squares regression can be cumbersome. Fortunately, the
software packages mentioned earlier will effortlessly do the
work. The SAS package will be used in this thesis, although
other commercial software could have been used equally as

well.
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Dat i B . Analvsi

The model development process outlined below is
certainly not the only way to build a parametric model. The
techniques and methods used follow "hard and fast" rules;
however, the "human element” is important. The experience,
intuition, and knowledge of the researcher is critical in
every phase of the process. There is no perfect procedure.
The "best" steps to be taken in model development often
depend on the goal of the regression analysis and the
judgment and preferences of the researcher. The process
used in this thesis is a collaboration of the research

effort of the authors and the experience of local experts.

Data Inspection

Prior to application of statistical techniques, the
researcher should attempt to get a good "feel" for the data.
Understanding where the data comes from and how it will be
used may make application of statistical techniques and
model selection procedures much easier later in the
analysis. Data inspection may reveal norms and
inconsistencies which may be important later on. 1In
development of a cost model, the variables most significant
to the output, or cost drivers, should be identified.
Examination of the data can be the first step to identifying
some of the most and least significant cost drivers. Simple

techniques that can be used to prepare data include formin~g
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aggregates of various variables and eliminating others.
This step need not be extensive and time-consuming. The

researcher will continue to learn more about the data as the

analysis continues and may have to return to this step.

Correlation

The model selection procedures described below
generally provide good models. However, the capability of
the models produced often depends on the quality of the data
used. One characteristic of some data sets that may cause
problems is high correlation among the independent variables
(Sen & Srivastava, 1990;240-242). This problem can be
eliminated or reduced by the researcher early in the data
examination phase of the process by conducting correlational
study to further distill the variable field.

Correlation measures the closeness of a linear
relationship between two variables. The value used to
examine the correlation between two variables is known as
the Pearson correlation coefficient (Milton & Arnold,

1986:364). It is defined by

cov(X,., X l.)

Peey = \/(var(X,.)var(X ;))
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This represents the true product-moment correlation between
two variables. The sample correlation estimates the true

correlation. It is given by (SAS, 1985:862)

r. = 2:”(xi_f‘1)(xj—f'n)
- -7,

(13)

If two variables are highly correlated, one or both can be
manipulated (possibly eliminated) before furthertr analysis
continues. The SAS CORR procedure will produce the

correlation coefficients between variables.

Model Selection

The goal in this thesis is to develop a cost model that
will be as easy to use as possible. Fulfillment of this
goal will entail (1) selecting variables that minimize the
estimation effort on the part of the user and (2) minimizing
the number of wvariables in the model. The variables, and
aggregate variables, chosen to be significant cost drivers
may or may not require extensive estimation. The decision
to include them in further analysis is left to the judgment
of the researcher. The latter objective can be achieved
through the application of a number of techniques. There is
no single statistical procedure that will absolutely select
the "best" regression equation. Best in this case is
defined by most predictive capability with least number of

variables. The two techniques described below, stepwise
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selection and maximum R?, can aid the researcher in choosing
the optimum number of variables and eventually the best
model. These techniques were chosen for this thesis (rather
than others such as forward selection, backward elimination,
and use of the R? stutistic) because they appear to complete
a more rigorous check of the combinations of different
variables. However, they will not necessarily produce the
same best model. Once again, selection of a technique is
left to the judgment of the researcher. In any case, model
selection should be followed by model verification, which is
discussed later. Both procedures discussed below can be
carried out by SAS.

Stepwise Selection. The stepwise (SW) selection method
begins with the basic model Y=¥. The predictor variable
having the most correlation with Y, highest partial
correlation coefficient, is then added to the model. A
regression of Y on the new variable is completed and the
variable is checked for significance using the F-test. 1If
the variable is statistically significant, another variable
is added. Selection of new variables is also based on the
partial correlation coefficients; however, the coefficients
must be recalculated each time a variable is added to the
model to account for the "loss" of the variable from the
selection set. Y is regressed on the new set of variables.

The new model is then checked for significance:

improvement in R? is noted and the partial F-values for each
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variable now in the equation is examined. The lowest
partial F-value is compared with an appropriate F-percentage
(F exit). "This provides a judgment on the contribution of
the least valuable variable in the regression at that stage
. . ." (Draper & Smith, 1981;308). The corresponding
predictor variable is either retained in the model or
rejected according to the F-~value comparison. If rejected,
the variable is returned to the selection set for possible
inclusion at a later stage.

Once again, a new predictor variable is chosen based on
its adjusted partial correlation coefficient. This new
variable is checked to see if its partial F-value exceeds a
preselected F-percentage for entry into the model (F entry).
Following a new regression of Y, a test of the F criterion
for each variable is completed again. "Each time a new
variable is entered into the model, all the variables in the
previous model are checked for continued importance" (Milton
& Anderson, 1986:427). Basically, the least significant
predictor is tested at each stage of the stepwise procedure.
Once no variables can be removed from the equation and the
next best candidate variable cannot hold its place in the
equation, the process stops.

Maximum R?. This procedure attempts to find the best
k-variable equation, starting with a k-1 variable equation.
The regressor providing the greatest increase in R? is

added. Given the new equation, a check is made to see if
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switching a regressor currently in the model with one
currently excluded will increase the value of R?. If so,
the switch is made and the process continues until value of
R? can no longer be increased (Montgomery & Peck,
1682:279). The advantage to using the maximum R? method is
that it allows the researcher to examine the summary
statistics for a larger number of models than would

ordinarily be generated by the stepwise method.

t-test

The t-test is not a model selection technique, but this
statistic can be helpful when selecting model parameters.
The t-statistic allows the researcher to test the
significance of a regression coefficient in the model. The
hypotheses for testing any regression coefficient are
H,:B,=0 and H,:B,#0. If H,:p,=0 is not rejected, then
the regressor x; is considered statistically equally to zero
and can be eliminated (Montgomery & Peck, 1982:132). The

test statistic for this hypothesis is
I, = Bz (15)
o°C;

where C;; is the diagonal element of (X'X)"l corresponding to

~

B,. The null hypothesis H,:B,=0 is rejected if

|to| > tajz.nra - Note this is a test of the contribution of x,

given the other regressors in the model.
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Model Adequacy

The assumptions that have been made thus far in the
model analysis are:

1. The relationship between y and x is linear or well-
approximated by a straight line.

2. The error term € has zero mean.

3. The error term € has constant variance o°.
4, The errors are uncorrelated.

5. The errors are normally distributed.

Gross violations of these assumptions may yield an unstable
model. Following are a few final methods for checking the
adequacy of the model.

Residual Analysis. Assumption number 3 above

summarizes one of the Gauss-Markov conditions which states

V(e,)=V(y,) is a constant, 7.

Violation of this condition
is often called heteroscedasticity (Sen & Srivastava, 1990;
111). Heteroscedasticity exists when the error terms, or
residuals, have unequal variances. One method of detecting
heteroscedasticity is to examine the residuals for
systematic patterns (Gunst & Mason, 1980;237).

Residuals are defined as e=y,— Y., i=12,...,n. The

residual may be viewed as a measure of variability not

explained by the regression model.
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Examining the residuals is one of the most

important tasks in any regression analysis. A

residual analysis involves the careful inspection

of the differences between the observed and

predicted values of the response variable after a

prediction equation is fit to the data. 1In doing

so, one hopes to spot any anomalies in the data

which might cause poor prediction or poor

parameter estimation. (Gunst & Mason, 1980:220)

After viewing the residuals, the researcher should be
able to conclude (1) the assumptions mentioned above appear
to be viclated, or (2) the assumptions do not appear to be
violated. Conclusion number two does not necessarily mean
that the assumptions are all correct; "it means merely that
on the basis of the data we have seen, we have no reason to
say that they are incorrect" (Draper & Smith, 1981:142) The
objective in plotting residuals is chiefly for observing
patterns in the data.

The following are graphical methods for examining the
residuals. With the use of good statistical packages they
are easy to do and "are usually very revealing when the

assumptions are violated" (Draper & Smith, 1981:142). The

principal residual plots are

e Frequency distribution of the overall residuals

e The residuals (or Studentized residuals) against the
fitted values Y,

1}

e The residuals against the independent variables
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An overall plot can be done in the form of a histogram
when the number of residuals is high. If the model is
correct, the histogram should have some resemblance to a
normal curve. It is often beneficial to plot the
Studentized (standardized) residuals rather than the error
terms themselves (Draper & Smith, 1981;144: Sen &
Srivastava, 1990; 102). The Studentized residual is simply
the residual divided by the standard error.

The plots of the residuals against the fitted values
and against the independent variables should represent a
"horizontal band." Abnormality in the residuals
(heteroscedasticity) may cause the plots to take on the
shape of (1) an expanding band, (2) an inclined band, or (3)
a curved band. Examples are shown in Figure 3.2 below.
These plots would indicate respectively the need for extra
terms, error in the analysis, and the variance is not

constant as assumed (Draper & Smith, 1981:147-148).
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(1)

2)

(3)

Figure 3.2. Examples of characteristics shown by
unsatisfactory residuals behavior. (Draper &
Smith, 1981;146)

Multicollinearity. The quality of estimates, as
measured by their variances, can be seriously and adversely
affected if the independent variables are closely related to
each other. When there are near linear dependencies between
regressors, the problem of multicollinearity is said to
exist. Two main sources of multicollinearity are (1) more
parameters are postulated than are needed to express the
data, or (2) the data are not adequate to estimate the model
(Draper & Smith, 1981:258).

Multicollinearity can be checked through use of several
diagnostics. The one used in this thesis is the variance
inflation factor method. Recall that C=(X'X)". The i-th
diagonal element of C can be written as C;=(1-R?)", where
R? is the coefficient of determination obtained when x; is

3

regressed on the remaining k-1 regressors. C',.,-=(1—R".2)”1 has
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been termed the variance inflation factor VIF (Montgomery &

Peck, 1982:300).

The VIF for each term in the model measures the
combined effect of the dependencies among the
regressors on the variance of that term. One or
more large VIFs indicate multicollinearity.
Practical experience indicates that if any of the
VIFs exceeds 5 or 10, it is an indication that the
associated regression coefficients are poorly
estimated because of multicollinearity.
(Montgomery & Peck, 1982:300)

Model Adequacy vs. Model Validation. The adequacy of

the model is checked by methods such as examination of _.ne
residuals and checks for multicollinearity. The adequacy
shows the fit of the regression model to the available data.
Model validation, on the other hand, is more directed to
determining if a model will function properly for its
intended use. The fact that a model fits the data used in
its development does not necessarily mean that it will be
successful in its final application. Several differences
could exist in the data used during regression and that used
in the field. Also, the developer has little control over

use of the model once it is given to the user.
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Listed below are three procedures useful in validating
regression equations (Montgomery & Peck, 1982;425-426).
l. Analysis of the model coefficients and
predicted values including comparisons with prior
experience, physical theory, and other analytical

models, or simulation results.

2. Collection of fresh data with which to
investigate the model's predictive performance.

3. Data splitting; that is, setting aside
some of the original data and using these

observations to investigate the model's predictive
performance.

Summary

The least squares method, employed in both simple and
multivariate regression, minimizes the sum of the squares of
the residuals. Assuming the following conditions are met,
the least squares method will produce a good linear fit of
the linear regression to the data.

1. The relationship between y and x is linear or well-
approximated by a straight line.

2. The error term € has zero mean,

3. The error term € has constant variance o’.
4. The errors are uncorrelated.

5. The errors are normally distributed.

Once the data is examined and prepared by judgment on

the part of the researcher, several variable selection
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techniques can be applied to aid in developing the "best"
model. This thesis will narrow the field of variables by
examining their correlation coefficients. Following this,
stepwise selection and maximum R? methods will be applied.
The final best model or models will be verified by examining

plots of the residuals and checking for multicollinearity.
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IV. Data Analysi | Model Buildi

This chapter describes the results of the research
methodology detailed in chapter III. First are discussions
of data gathering and preparation. Data preparation
includes determination of potential predictor variables,
aggregation of the data, and exclusion of certain data.
Following this is a correlational analysis, which results in
elimination of variables that are highly correlated with
others. Model generation and selection procedures are
subsequently used to narrow the number of possible models to
a small subset. Finally, the "best" model is selected,
based upon an analysis of predictive power and verification

of model assumptions.

Data Gathering

The Technical Information Center (TIC) at Tyndall AFB
provided key information for finding base closure data,
including points-of-contact in the Department of Defense's
Base Closure Commission Office. Through this office, the
authors were referred to Mr. Jeff Miller, who was very
responsive to requests for data. Under the Freedom of
Information Act, he was able to provide the 1993 closure
data for Air Force active duty bases, ANG installations,
AFRES installations, Air Force depots, and several Army

installations. Miller was also able to provide a copy of
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the COBRA software program, and referred the authors to
Major Charles Fletcher, who works on the contractual use of
COBRA. Fletcher provided a computer diskette that contained
the manual for the current COBRA software.

The COBRA data contained information on 34 Air Force
(AF) installations, 14 Air Force Reserve (AFRES)
installations, 10 Air National Guard (ANG) installations, 6
Air Force depots, and 8 Army installations. The COBRA data
set included two closure scenarios for each of two Air Force
installations, Shaw and Moody. 1In the case of the 8 Army
installations, there were a total of 39 closure scenarios
under consideration.

The COBRA software program has 13 input screens that
are used to enter data for analysis. COBRA produces a
report called INPUT.RPT, which contains the data entered
from the input screens. Using COBRA to analyze the impact
of each closure scenario, the INPUT.RPT reports were used to
obtain the data for use in the regression procedure.
Appendix C contains an illustrative INPUT.RPT file that

pertains to Tyndall AFB.
Data Preparation

This section discusses the determination of potential
predictor variables, aggregation of potential predictor

variables, and exclusion of certain data records that seemed

inconsistent.
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Determination of Potential Regressors. As discussed in

chapter III, the model requires as many as 250 inputs. 1In
order to fulfill the goal of minimizing the number of
variables in the CER, only those thought to be the most
significant cost drivers were selected for further analysis.
Those variables retained for further analysis included the

following:

¢ Net present value (20 year)
e Distance to each base

e Mission equipment

e Support equipment

e Military light vehicles

e Heavy vehicles

e Special vehicles

e Officer transfer

e Total officers

e Enlisted transfer

e Total enlisted

e Civilian transfer

¢ Total civilians

e Percent of civilians not willing to move
e Base facilities

e Base acreage

e Freight cost

e Area cost factor

e Military light vehicle cost
e Heavy/special vehicle cost

¢ Non-payroll Real Property Maintenance Action costs
(RPMA)

e Payroll RPMA costs
e Communications costs

e Non-payroll Base-QOperations (base-ops) costs
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¢ Payroll base-ops costs

e Military Family Housing (MFH) costs
¢ CHAMPUS inpatient costs

e CHAMPUS out-patient cost

¢ One-time moving costs

e Property transactions

e Construction avoidance

e MFH construction avoidance

e CHAMPUS inpatient visits

e CHAMPUS out-patient visits

e Military Construction costs (MILCON)

Some variables, such as number of officers transferred
and construction avoidance, are time-phased over a six-year
closure time period. 1In such cases, the six separate
figures for each variable were summed across the six years
to yield an aggregate figure.

Aggregation of Variables. After distilling to the
listed set of potential cost drivers, many of them were
combined to further reduce the set of variables to a
manageable size. For example, the standard factors file
used for the 1993 analysis set freight costs of mission and
support equipment equal to each other. Consequently, they
were combined to form one variable called equipment.

In other cases, variables were eliminated. For
example, the number of personnel at the closing installation
and the number of people transferred were rarely equal.
COBRA documentation explained this as due to the elimination

of manning positions. Despite the difference between the
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number of personnel assigned to an installation and the
number that were assumed to be transferred, the two numbers
tracked each other closely. Consequently, only the number
of personnel at the closing installation was retained as a
regressor variable.

The percent of civilians assumed unwilling to move was
10% for all AF, AFRES, and ANG installations; 60% for all
depots, and 6% for all Army scenarios. Because this
variable appeared to be a standard factor for each
installation type, it was determined not to be a significant
predictor of the response variable (20 year net present
value, NPV).

COBRA initially divided RPMA and base operations costs
into non-payroll and payroll variables, for a total of four
variables. To reduce the number of required variables, non-
payroll and payroll were summed together within each
category, resulting in one RPMA cost and one base operations
cost.

All construction costs and savings were combined to
form an aggregate variable called net construction:

Net Construction = Total MILCON for the scenario

- total programmed construction avoided
- total programmed military family
housing construction avoided
Each of the variables on the right hand side of the equation

is extracted from INPUT.RPT.
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One final problem came in the treatment of the
distances between the closing installation and gaining
installations. From the several distances involved in
nearly every closure scenario, it was deemed desirable to
develop a single, unambiguous measure of distance. Table
4.1, an excerpt from the spreadsheet used in the data
preparation process, shows examples of the multiple
distances to the gaining installations. The possible

solutions examined included using the average distance, a

weighted distance based on equipment, a weighted distance

based on personnel, a weighted distance based on vehicles,
or a combination of the four weighted distances.

The person-weighted distance (DI) was used as a proxy
for the distance traveled. Though it did not exactly mirror

the distances moved by equipment or vehicles, it did provide

a measure of the distance to all gaining installations.

This variable was calculated using the following formula:

Z(dist. 1o gaining inst.)(# personnel transferred)
Y. (# personnel transferred)

DI =
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TABLE 4.1

EXAMPLES OF DISTANCES TO GAINING INSTALLATIONS FROM
EACH CLOSURE BASE.

Distance
LIransfer Base | __to Bage
Whiteman
McConnell 263
Davis~Monthan 1271
Ellsworth 769
Base X 1000
Columbia MO 87
Travis
Beale 92
Base X 1000
Shaw II
| Base X 1000
Hill 2137
Davis-Monthan 1957
Mt Home 2402
Pope 155
Eglin 550

The following is a list of the resulting variables and
aggregate variables. The list includes an acronym that will
be used interchangeably with the respective variable in the
remainder of the research. Appendix D provides the values

of these variables in a base-by-base listing.

AC = Base acreage

e NPV = Net present value (20 year)
e DI = Distance to base
e EQ = Equipment
e VH = V=hicles
e OF = Total officers
e EN = Total enlisted
e CI = Total civilians
e FA = Base facilities
[ ]
e AR = Area cost factor

e RP = RPMA costs

e CO = Communications costs
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-

e BO - Base-ops costs

e MF = MFH costs

e IP = CHAMPUS inpatient total costs

¢ OP = CHAMPUS out-patient total costs
¢ OT = One-time moving costs

e PT = Property transactions

e NC = Net construction

Inspeciion revealed that data associated with the
various types of installations (e.g., depots, AFRES, etc.)
have their own characteristics. Thus, dummy variables for

ANG, AFRES, Depot, and Army installations were created.

e RV = Air Force Reserve installation
e NG = ANG installation

e DP = Air Force Depot

e MV = Army Installation

The dummy variables are meant to pick up costs
associated with their respective types of insta.lation.

When all dummy variables are set equal to zero, the
installation type defaults to active Air Force.

Data Exclusion. The Army data had some inconsistencies
when compared to the Air Force data. The major difference
was that the Army prevalently used multiple scenarios for
each closing installation. The multiple scenarios differed
from each other ir many ways including number of gaining
installations, number of pecple transferred, total personnel
at the closing installation, and net construction.

Another difference from the Air Force data was that the
Army inputs for the vehicles variables were given in tons of

vehicles rather than number of vehicles. Also, the
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Presidio, FSTC, and ITAC had inputs of either a one or zero
for square footage of facilities. Additionally, none of the
Army installations had any inputs for CHAMPUS costs.

Because of the many differences from the rest of the
data set, the Army data was eliminated from the final

results.

~orrelati 1 Analvsi

A correlation analysis was used to identify variables
that would cause collinearity during the multivariate
regression. The correlation analysis was completed on the
remaining data set -- active duty Air Force, AFRES, ANG, and
Air Force depot installations. For simplicity, this data
set will hereafter be referred to as the Air Force data.

The correlation analysis of the Air Force data, given
in Appendix E, revealed strong correlations. Table 4.2
displays all correlation coefficients greater than 0.80. A
correlation coefficient of 0.80 is the bottom limit of the
strong relationship range, 0.80 to 1.00 (Devore, 1991:205).

To reduce the possibility of collinearity in the model
generation and selection procedures, elimination of all
strong correlation relationships is important. Simple
techniques include elimination or aggregation of variables.
The sources of the correlations of Table 4.2 may be sub-

divided into two categories -- personnel-related and
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TABLE 4.2

VARIABLES WITH STRONG CORRELATION COEFFICIENTS
(AIR FORCE) .

Variables Correlation

Coefficient
Cl Fa 0.937
OT DP 0.929
RP FA 0.895
CI DP 0.889
OF EN 0.888
CI OT 0.885
FA OT 0.825
CI RP 0.807

facilities-related. These are the subjects of the next
sections.

Air Force guidance (AF Regulation 85-series) gives the
amount of facility square footage that is considered
adequate for different operations and number of personnel.
The result is that the facilities variable is based on the
number of personnel and the mission. This is substantiated
by reviewing the correlation analysis in Appendix E, which
shows a strong correlation between total civilians and
square footage of facilities (0.937) and moderate
correlations between facilities and the number officers
(0.574) and enlisted personnel (0.546). The facilities

variable is also highly correlated with non-personnel
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variables and will be further examined in the next section,
facilities-related correlations.

The numbers of officers and enlisted (OF-EN) were
highly correlated (0.888). Because the effects of both on
the response variable were assumed to be important, they
were combined to create a new variable called military
personnel (MILPER). Another variable was created called
total personnel (TOTPER). It was created by summing the
total number of officers, enlisted, and civilians at an
installation.

A correlational test of the Air Force data was
accomplished using combinations of the newly created
personnel variables and the former variables: (1) OF, EN,
and CI as separate variables; (2) MILPER and CI; and (3)
TOTPER. The results were that combination (1) produced many
strong correlations, combination (2) had slightly fewer
highly correlated variables, and combination (3) had strong
correlations between only two variables, TOTPER and RP.
Because of the greatly reduced number of strong correlations
from using combination (3), TOTPER was chosen to replace OF,
EN, and CI in the Air Force data set.

iesg-— - = - . The values
of OT and DP were reviewed because of the strong correlation
between the one time moving costs variable and the depot
dummy variable. A review of the data set showed that high

one time moving costs were consistent only among depots.
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One time moving cost was eliminated from the list of
variables under consideration because the depot dummy
variable could capture the effect of the one time moving
cost. Inclusion of the dummy variable rather than the one
time cost also requires less time investment by the user.

The authors' experience at base-level Civil Engineering
suggests that Real Property Maintenance costs (RPMA) are a
direct result of performing maintenance and repair on the
facilities (FA). Therefore, it is not surprising that the
variables are highly correlated. As mentioned in the
previous section, square footage of facilities is also
correlated to the number of personnel. The effects of the
facilities variable could be captured by other variables and
was, therefore, excluded from further analysis.

Summary of Correlation Analyses. The variables
remainin