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DEVELOPMENT OF A METHOD FOR THE ASSESSMENT OF MANPOWER,
PERSONNEL, AND TRAINING IMPLICATIONS OF MAINTENANCE REQUIREMENTS

INTRODUCTION

Of the many difficult aspects of systems procurement facing the U. S.
Army today, one of the greatest challenges is the determination of relation-
ships that exist among manpower availability, personnel characteristics and
skills, training requirements, training methods, and system aspects, as they
impact the ability to perform maintenance for the system. Each of these
factors, by itself or in concert with others, could potentially radically
impact aspects of expected system maintenance requirements and actual main-
tenance. To assure a strong maintenance function to support the complexity,
sophistication and capabilities of today’s military systems, the Army must
develop methods for validly estimating the maintenance requirements for a new
material system early during system acquisition.

Within recent years the U. S. Army Research Institute for the Behavioral
and Social Sciences (ARI) has been supportive of the MANPoweR INTegration
(MANPRINT) program by conducting research and developing methods to evaluate
and project manpower, personnel, and training (MPT) requirements for new and
existing systems. Several of these efforts, for example HARDMAN III, have
included methods to clarify and define the relationships among maintenance
performance, MPT, and system factors, and to estimate their impact on main-
tenance. Due to the recency of these efforts, no systematic attempt has been
made to establish the relationships among all of the on-going efforts. Such
integration is necessary in order to understand the importance of the various
programs in relation to each other and to the overall system procurement and
management process and to develop a common language or context by which to
view these endeavors.

This report represents the culmination of a three phase exploratory
effort to examine the relationships among MPT and system factors as they
impact maintenance planning and performance. The goal for Phase 1 was to
examine the factors that appear in eight models resulting from ARI-sponsored
efforts that portray MPT and system factors which impact maintenance burden
(or the ability to perform maintenance) and define the relationships and any
apparent structure among these factors. This definition of relationships and
structure resulted in a framework in which future efforts can be placed, as
well as elucidated the relationships among current efforts. The details of
this work may be found in Evans, Roth, and Hogg (1990).

Phase 2 had two goals. The first goal was to develop weights and
confidence ratings for defined MPT requirements (factors) which impact
maintenance performance. The relationships among these requirements are
described in Evans and Roth (1988) and are portrayed as a conceptual model,
referred to in this report as the Driver Factor Model. Applying weights to
the factors appearing in this model in effect changed it into a algorithmic
model. The weights were based on an analysis which examined the predictive
validity of the factors to actual maintenance performance. This work is also
discussed in Evans, Kapp, and Roth (1990), as well as within this report.




The second goal of Phase 2 was to develop a trade-off tool based on the
results of the performance analyses. This tool was to be easy-to-use and
would allow the assessment of the impact of MPT factors upon maintenance
performance.

Phase 3 has four major goals: (1) describe the effort, (2) present the
findings of the first two phases, (3) explicate the relationship of this
project to ARI's HARDMAN III effort, and (4) indicate lessons learned through
the performance of this effort. The remainder of this report focuses on these
areas.

It should be pointed out that the underpinnings of this effort rest on
data we gathered from various sources, as described later in this report.
During our collection procedures and analyses, we discovered that the data
available to us were incomplete, not comparable across systems, and imperfect
pictures of tlie ways in which maintenance is performed. We must point out
that we searched for the best data sources possible, and ended up with data
that are not really appropriate for the types of analyses we undertook.
However, these data, and no others, are the only ones available for most
MANPRINT efforts. We feel that the methods we used were viable and appro-
priate, given our project goals, as will be discussed in the next section, but
our findings may be suspect due to the nature of the information on which they
were employed. Our difficulties with the data are more fully described in the
Lessons Learned section of this report.

(Please note, most of the tabular information associated with our
discussion of Phase 2 appears in Appendix E. There are four summary tables
concerning Phase 2 included with the text. We separated the other tables from
the text because of the large number of items.)




PROJECT DESCRIPTION

Phase 1

Purpose

The major purpose of Phase 1 was to generate a logical structure within
which to place maintenance-related MANPRINT factors found in existing models.
This structure could then be used as a way to identify continuities and
discontinuities among the models and to supply a common language or framework
in which to understand the models in relation to each other and the system

acquisition process.

The models that were the focus of this study were seven sets of models
which have been developed by the HARDMAN III project and the Evans and Roth

Driver Factor Model.

1.

The models are listed and briefly described below:

HARDMAN I1II models (note: Each HARDMAN III tool, except for
MANCAP 2, is comprised of two models representing system states,
one input model representing an old or predecessor system and a
second output model depicting a new or target system, and a
process model consisting of the algorithms which manipulate the
predecessor state model to produce the output state model.;

a.

System Performance Requirements Estimation Aid (SPARC)
(Dahl, et al., 1987) - SPARC is a network model-based
tool which is to aid an analyst during the early phases
of system acquisition to determine the functional and
task performance requirements necessary for a particular
material system to attain minimally acceptable perfor-
mance with regard to its mission.

Manpower Constraints Estimation Aid (M-CON) (O'Brien,
1987a) - M-CON is a Markov chain model-based tool which
is to aid an analyst in determining manpower constraints
for a material system during the early phases of system
acquisition.

Personnel Constraints Escimation Aid (P-CON) (O'Brien,
1987b) - P-CON is a Markov chain model-based tool which
is to aid an analyst in determining personnel constraints
for a material system during the early phases of system
acquisition.

Training Characteristics Estimation Aid (T-CON) (Roth, et
al., 1987) - T-CON is a database management model-based
tool which is to aid an analyst in determining training
likely to be available for Military Occupation Special-
ties (MOSs) associated with a material system during the
early phases of system acquisition.




e. Manpower Determination Aid (MAN-SEVAL) (Archer, et al.,
1987) - MAN-SEVAL is a network model-based tool which is
to aid an analyst in evaluating manpower requirements
entailed by a specific design for a material system.

f. Personnel Requirements Estimation Aid (PERS-EVAL)
(O'Brien & Dahl, 1987) - PERS-EVAL is a network model-
based tool which is to aid an analyst in evaluating
personnel requirements entailed by a specific design for
a material system.

g. MANCAP 2 (Dynamics Research Corporation and Micro
Analysis and Design, 1989) - MANCAP 2 is a model-based
tool which utilizes a combat model scenario in conjunc-
tion with a maintenance and operations model to estimate
the maintenance repair times, manpower, and supply
requirements entailed by a system’s mission and main-
tenance concept and strategy. It is comprised of four
state models and one process model. The state models
are: (1) an input model of the maintenance function of
the comparison system; (2) a model of the maintenance
function of the target system (this can be either input
or an intermediate model developed by the tool); (3) an
input combat battle model; and (4) an output model of
maintenance requirements with regard to time to repair,
personnel, manpower, and support. The process model
represents the algorithms necessary to move from the
input models to the output model.

Four of the HARDMAN III tools (SPARC, T-CON, M-CON, and P-CON)
are to be used during early phases of system acquisition. The
other three tools (MAN-SEVAL, PERS-EVAL, and MANCAP 2) are for
use during later stages of system acquisition when there is a

system design to evaluate.

2. Driver Factor Modet (Evans & Roth, 1988) - The Driver Factor
Model is a conceptual model depicting the relationships among
requirements and acquisition documents, their contents, and other
sources of information used during system acquisition to estimate
maintenance burden and to make decisions resulting from the
identified burden. This model is a state model.

These eight models, or sets of models in the case of each HARDMAN III
tool, were selected because they represent on-going efforts by ARI in the area
of MANPRINT related to maintenance. It was felt that whatever structure was
developed based on these eight models could be extended to other related
modeling efforts as they develop. In addition, the identification of rela-
tionships among the models, and among the factors comprising the models, and
the structuring of these relationships could serve as an integrating mechanism
for the efforts and could be used as a common language or view with which to
examine the models and factors for their coverage of maintenance issues. This
structure could also serve as a basis for the development of a method for the

4




early assessment of MPT implications of maintenance requirements in system
development.

Method

In Phase 1, factors were identified, classified, organized, and selected
for further study. First, the existing documentation for the eight models was
reviewed to identify the factors appearing in each model. This step entailed
examining the following documents:

1. Concept documents for the HARDMAN III tools:
a. SPARC (Dahl, et al., 1987)
b. M-CON (O'Brien, 1987a)
c. P-CON (O'Brien, 1987b)
d. T-CON (Roth, et al., 1987)
e. MAN-SEVAL (Archer, et al., 1987)
f. PERS-EVAL (O'Brien & Dahl, 1987)

2. Briefing materials on MANCAP 2 - (Dynamics Research Corporation &
Micro Analysis and Design, 1989).

3. HARDMAN III CALS MPT2 Data Element Dictionary (O'Brien, 1989).

4. Technical paper describing the Factor Driver Model (Evans & Roth,
1988).

Discussions were also conducted with the ARI project managers of the HARDMAN
I1I effort to expand and clarify the information found in the reviewed
documents.

As factors were identified, they were placed into a database using a
commercially available database management system (DBMS). Information
concerning the model contributing the factor, values the factor could take on
(if indicated by the documentation), and source of the value (user, data
library, or internal processing) were recorded for each factor.

Once the factor database was completed, the factors were examined to
identify multiple occurrences. Multiple-occurring factors were removed so
that one occurrence of the factor, only, remained in the database. Addition-
ally, each factor was annotated with a list of all models in which it ap-
peared.

After the factors were reduced to a unique set of items, they were
examined with intention of: (1) identifying factors that pertained to similar
issues and level of detail of information implied by the factor; and (2)
determining if there was any meaningful structure that could be imposed upon




the factors. This review led to the realization that the factors relating to
the HARDMAN III models could be subsumed or grouped by the Driver Factor Model
factors due to content similarities and differences in levels of implied
informational detail among the factors appearing in the models. Therefore the
factors from the models were placed in a two-level hierarchy in which some
(but not all) factors from the Driver Factor Model comprised the higher, more
general, level and the HARDMAN III factors made up sub-factors or elements in
the lower, or more detailed, level of the hierarchy.

Since one of the overall goals of the project was to develop weights for
a subset of factors from the Driver Factor Model, a second task performed
during this phase of the project was the selection of factors for further
study. The procedure and outcome for this second task is described in detail
later in this report.

Analysis of Factors

Phase 1 resulted in the selection of factors for further study.

Types of Factors

Each of the models has their own unique set of properties with regard to
the types of factors appearing in them. Each model is addressed separately in
the following paragraphs.

Driver Factor Model. The Driver Factor Model is a conceptual represen-
tation of the constraining system and MPT factors that impact the derivation
of maintenance burden during system acquisition and the subsequently defined
MPT requirements for the system. The model was initially designed to be used
as a way to view the process as a whole, rather than to be used explicitly as
a means for examining the results of various system, maintenance, or MPT
scenarios as they impact maintenance burden. Because of its conceptual nature
and designated purpose, the factors found in the Driver Factor Model are of a
rather general nature and are difficult to connect to specific measurable
types of data.

The Driver Factor Model is a state model representing: (1) the informa-
tional sources and types of information used in decision making; and (2) the
relationship of factors with regard to interactive influence. However, as a
conceptual model, it lacks a process model component which takes an input
state and modifies it to produce an output state.

The factors that appear in the Driver Factor Model are of three types.
The first class of factor found within this model consists of names of
planning and requirements documents, such as the Basis of Issue Plan (BOIP),
used during system acquisition.

The second category of factor contains informational elements that can
be found in the planning and requirements documents used during system




acquisition. This type of factor includes items such as Operational and
Organizational (0 & O) concept (an element of many documents, including the O
& 0 Plan).

The final division of factors found in this model includes elements that
impact decision making concerning maintenance, during the system acquisition
process, but do not necessarily appear within any formal planning or require-
ments documents. Appendix D lists all the factors from the Driver Factor
Model and an indicator of the factor type from the three described above.
Figure 1 (fold-out at rear of the report) displays the relationships between
factors in the Driver Factor Model as described in Evans and Roth (1988).

Given the nature and purpose of the Driver Factor Model, it is not
surprising that the factors that appear within the model are tied closely to
the planning and requirements documents, and their content concerning main-
tenance, used during the acquisition of a system.

HARDMAN IIT Models. The HARDMAN III tools are comprised of algorithmic
models, which are similar with regard to the level of detail of the included
factors. Thus these models will be discussed as a group rather than
separately. As tools comprised of algorithmic models, all of the HARDMAN ITI
tools rely on the use of algorithms to estimate the system, manpower,
personnel, and training constraints for a target system or to evaluate a
contractor’'s system design based on a predecessor system.

Since the HARDMAN III tools generate estimates or evaluations of MPT and
system factors for a target system based on a predecessor system, the factors
appearing in the tools are at a level of specificity such that system and MPT
data for predecessor systems can be extracted from sources such as Manpower
Requirements Criteria (MARC) analyses, the Sample Data Collection (SDC)
database, and the U. S. Army Personnel Integration Command (USAPIC). These
data are then manipulated to produce estimations of MPT and system constraints
or evaluate a specific design for a target system.

The fact that HARDMAN III tools are to be used to estimate or evaluate a
targ:t system’s constraints based on a predecessor system means that each tool
(except for MANCAP 2) supports two system or state models: (1) a model of the
predecessor system which serves as input; and (2) an output model of the
estimated or evaluated target system. Thus for each HARDMAN III tool, there
are pairs of factors, one for the predecessor system and one for the target
system (the one for which constraints are being developed or which is being
evaluated). For example, in P-CON there is a "verbal ability" factor for both
the predecessor system and the target system. It should be noted that there
is not necessarily a one-to-one correspondence between each factor represented
by the predecessor system and the target system. This lack of correspondence
is due to the presence of computed factors and values. This is especially
apparent in the case of the target system model. In other words, factors that
are expressed in the predecessor model are combined internally, processed, and
then expressed as a new, unique factor (with a value) for the target system.

In addition to the factors representing the predecessor and target
systems, each HARDMAN III tool also supports a process model containing
algorithms that generate the estimated or evaluated target system model’s




factor values based on the predecessor system model. The process model
contains process factors inherent in the algorithms necessary to perform the
comparability analysis. These process factors need not be addressed here,
because they are not comparable to factors from the Driver Factor Model.

Of the HARDMAN III products, the MANCAP 2 tool contains the most exten-
sive set of process and state models. MANCAP 2 can use five models related to
system maintenance, four state models and one process. The state models are:
(1) an input model of the maintenance function of the predecessor system; (2)
a model of the maintenance function of the target system (this can be either
input or an intermediate model developed by the tool); (3) an input combat
battle model; and (4) an output model of maintenance requirements with regard
to time to repair, personnel, manpower, and support. The process model
represents the algorithms necessary to move from the input models to the
output model.

Given the types of models utilized by MANCAP 2, the factors that appear
within the models are at a level of detail to be supported by data from SDC
and other sources of quantitative system, manpower, personnel, and support
data. Other factors appearing in MANCAP 2 are specific to the combat model it
utilizes, and are not specifically maintenance-related in the same sense as
the other models examined during this analysis. These combat model factors
will not be further addressed within this report.

Commonalities Among Models

All the models are similar in terms of their general focus. They even
overlap with regard to factors contained within them. Appendix C is a list of
unique factors extracted from the HARDMAN III state models (less factors
implied by the process models, such as "comparison system" and "length of
battle" and battle scenario factors). Each factor is notated with an indi-
cator of the models in which it appears and the data source(s) in which it
appears (except in the case of overlaps with the Driver Factor Model, in which
case the factor is classified by the Driver Factor Model).

As one can see from examining the factor list in Appendix C, there is an
extensive overlap between P-CON and PERS-EVAL, and between M-CON and MAN-
SEVAL. These congruencies are not surprising, given that P-CON and PERS-EVAL
both focus on personnel factors, and the M-CON and MAN-SEVAL focus is man-
power. PERS-EVAL also includes many of the factors found in T-CON. MAN-SEVAL
overlaps with MANCAP 2, but this is due to the fact that part of the output
from MAN-SEVAL serves as a direct input into MANCAP 2. Additionally, several
factors from PERS-EVAL and SPARC occur in MANCAP 2. The HARDMAN III and
MANCAP 2 models all also overlap with the Driver Factors Model extensively,
but in a way very different from the conjunction between each other. (This
will be described in more detail later.) However, more important than the
point that the models overlap on one or more factors is the fact that certain
factors from across all the models can be grouped together into fairly
distinct categories, and in most cases all models have one or more factors
which appear in each category.




unctions Amon dels

The Driver Factor Model was described earlier as "a conceptual represen-
tation of the constraining system and MPT issues that impact the derivation of
maintenance burden during system acquisition and the subsequently defined MPT
requirements for the system." In contrast, the HARDMAN III tools contain
algorithmic models which represent actual methods by which MPT and system
decisions can be made. This difference in type of model leads to a major
disjunction between the HARDMAN III models on one hand, and the Driver Factors
Model, on the other.

This disjunction is most obvious in the levels of specificity and
measurability of the factors involved. The factors from HARDMAN III, for the
most part, have definitions which lead them to be supportable with specific
data relating to a system, MOS, mission, etc. On the other hand, the factors
that appear in the Driver Factor Model are more general and represent the
state of the maintenance burden determination process as a whole.

An additional difference between the HARDMAN III models and the Driver
Factors model (resulting from the conceptual versus algorithmic model distinc-
tion) is the presence or absence of a process model and input and output state
model components. The HARDMAN III models all include algorithmically-based
process models which transform one or more input state models into an output
state model, whereas the Driver Factor Model does not. This difference
results in the lack of algorithmic factors and paired input and output factors
for the Driver Factor Model and the presence of such factors in the other
models. The goal of Phase 2 of the current effort was to convert the Driver
Factor Model from a conceptual model into an algorithmic one, with paired
input and output states and set of processing algorithms.

Within the HARDMAN III tools there are three disjunctions. First, four
of the tools are designed for aiding in decision-making early in system
acquisition prior to the development of a system design. In fact, these tools
may be used by an analyst to help develop a system specification. The tools
for early use are SPARC, M-CON, P-CON, and T-CON. The other three tools, MAN-
SEVAL, PERS-EVAL, and MANCAP 2 are meant for use during later stages of system
acquisition, when there is a design to be evaluated.

A second difference exists between the models comprising the HARDMAN III
tools. Two of the tools, M-CON and P-CON, use a Markov chain process model,
whereas SPARC, MAN-SEVAL, PERS-EVAL, and MANCAP 2 are supported by network
process models. T-CON, on the other hand, primarily uses data base retrieval
and sorting algorithms.

A final major disjunction occurs in the case of the HARDMAN III tool
SPARC. Of the HARDMAN III tools, SPARC overlaps least with any of the other
models reviewed for this project. This disjunction between SPARC and the
other models results from the SPARC's system-oriented focus, rather than a MPT
direction. However, the results from SPARC are used for making decisions
concerning the values for some of the parameters for the other models.




Selection of Candidate Factors

When the models and factors were examined, it was discovered that there
was a clear hierarchical relationship between the factors in the HARDMAN III
models and many of the factors within the Driver Factor Model. Many of the
factors in the Driver Factor Model could be classified as general factors
(metafactors) which could be more fully described by sets of factors from the
HARDMAN III models. For example, the Driver Factor Model factor "avail-
ability" could be described by combining the following factors found in P-CON:
(1) attrition, (2) migration from MOS, (3) promotion rates, and (4) retention,
with the factors "current authorizations” and "current operating strength”
from M-CON. Thus, one can consider the factors from the HARDMAN III models to
be elemental factors that can be used to describe or define their associated
metafactors which can be found within the Driver Factor Model. The classi-
fication of HARDMAN III factors by the Driver Factors Model factors to which
they pertain appears in Appendix C. This classification resulted in 39 groups
of metafactors which could be described by elemental factors. These 39
categories of metafactors appear in Table 1.

Examination, however, revealed that the factors in the Driver Factor
Model are not orthogonal. In other words, many elemental factors which can be
used to describe one metafactor frequently can be assigned to one or more
other metafactors. This can be seen clearly in some of the listings in
Appendix C and Table 1. There are also some factors from the Driver Factor
Model which are elemental in the same way as factors from the other models
are. These factors from the Driver Factor Model can be seen as operating as
both metafactors and elemental factors, and they often appear in models other
than the Driver Factor Model (e.g., the factor "number of systems" or "eaches"
appears in both MANCAP 2 and the Driver Factor Model).

All of the HARDMAN III state model factors which are not specific to
either the predecessor system or battle simulation processes can be assigned
to a Driver Factor Model factor. Even all the factors related to SPARC could
be so classified. However, there are several factors from the Driver Factor
Model which cannot be described in terms of any of the factors found in the
other models. These are shown in Table 2.

Elemental factors that are appropriate for algorithmic processing and can
describe the metafactors shown in Table 2 need to be identified in order to
ensure the development of tools which address all aspects of the relationships
among system, MPT, maintenance burden, and support for maintenance perform-
ance.

To briefly summarize, each HARDMAN III factor can be used to describe one
or more Driver Factor Model factors. However, there is a subset of Driver
Factor Model factors which cannot be described using HARDMAN III factors.
There are also some Driver Factor Model factors which are at the same level of
detail as the HARDMAN III factors and therefore can serve as either elemental
factors to describe other Driver Factor Model factors or metafactors.

The identified hierarchial relationship among the Driver Factor Model
factors and the HARDMAN III factors allows one to view the Driver Factor Model
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as a potential organizer and framework for relating the outputs from the other
models to one another. For example, take again the Driver Factor of "avail-
ability" which has elemental factors from both P-CON and M-CON. In order to
come to an understanding about "availability" for a particular situation, one
would have to exercise both M-CON and P-CON for that situation. (One caution
must be made, however. Although the elemental factors have been identified as
components for the description of the metafactors, one should not be led to
think that the identified elemental factors for a particular metafactor (or
metafactor group) are the only factors describing the metafactor. In fact,
for each metafactor for which elemental factors have been identified, there
are probably many other actual elemental factors which have been not identi-
fied since they are not used in the models examined for this effort.)

In addition to describing metafactors from the Driver Factor Model, the
Hardman III factors can be used to convert the Driver Factor Model from a
conceptual model to an algorithmic one. HARDMAN III factors can be used to
describe Driver Factor Model factors and are at a level of detail for which
data are available for the description of input and output models.
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Table 1.

Thirty-nine Metafactor Categories for Elemental Factors

Availability .
BOIP, MOSs, Existing MOS Data, Organizational Structure

BOIP, Summative Manpower Requirements, Manpower, TTHS
Factors Data

BOIP, Summative Manpower Requirements,
Number of People in Manpower Pool, Availability

BOIP, System, Number of Systems, Eaches
BOIP, TOE, Number of Systems per Unit

Levels of Maintenance, O & O Concept,
Maintenance Concept, Organizational Concepts
LSA, Task

LSA, MAC, System Maintenance Characteristics,
Task, Service and Repair Tasks, Fault Isolation
Tasks, Maintenance Tasks, Task Performance
Requirements (TPR)

LSA, MAC, System Maintenance Characteristics,
Maintenance Burden, MOSs, Maintenance Profile,
Task Allocation Strategy, Task Performance
Requirements (TPR), Tasks and Levels

LSA, Maintenance Burden, MAC, Organizational
Concepts, LSA, System Performance Requirements

& Constraints, System Maintenance Characteristics,
Task Performance Requirements (TPR)

LSA, System

LSA, Task, Service and Repair Tasks, Fault Isolation
Tasks, Maintenance Tasks

Maintenance Burden, BOIP, MAC, Maintenance Allocation
Maintenance Strategy, Task Allocation Strategy
Maintenance Tasks, Maintenance Burden

Manpower Pool Characteristics, Aptitude,
Personnel to be Trained, Entry Level Characteristics
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Table 1. Thirty-nine Metafactor Categories for Elemental Factors (Cont.)

Material & support System; Provisioning; Spares; POL,
AMMO, etc.

0 & O Concept

O & O Concept, BOIP, Organizational Structure

& O Concept, LSA

& O Concept, Maintenance Concept

& O Concept, OPTEMPO

& O Concept, OPTEMPO, Use Rates, Maintenance Burden

& O Concept, System Performance Requirements
Constraints, System Design, ROC

O O O O O

System Performance Requirements & Constraints,
OPTEMPO, ROC

System Performance Requirements & Constraints

System Performance Requirements & Constraints,
LSA, System Maintenance Characteristics

System Performance Requirements & Constraints,
System Maintenance Characteristics, LSA

QQPRI, KSAs, Personnel Requirements

QQPRI, System Performance Requirements & Constraints
QQPRI, Personnel Requirements

QQPRI, Task Performance Requirements (TPR)

QQPRI, Training Devices

QQPR1, Training Requirements

Summative Manpower, BOIP, Level of Maintenance

Task

Training Device, Training Subsystem

Training Requirements, Training Subsystem
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Table 2. Metafactors without Elemental Factors

TMDE capabilities
Testability initiatives
Failure modes analysis
Accessibility design initiatives
Documentation

TMDE

BIT/BITE capability
Technological opportunicies
BIT/BITE use

Failure modes and components
HFE design initiatives

Maintainability design initiatives

There are two ways in which the Driver Factor Model can be converted from
a conceptual model to an algorithmic one. One way for converting the Driver
Factor Model to an algorithmic model is to make many algorithmic "micro"
models, each representing one metafactor. Each micro model would be comprised
of all of the elemental factors identified as descriptive of it. Input and
output states for the elemental factors describing the metafactor would be
determined, and algorithms appropriate to those states would be developed.
These "micro" models would then be combined via algorithmic processes to form
a large algorithmic model.
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The second method for conversion of the Driver Factor Model is to select
(or sample) for each metafactor (or subset of metafactors) one or more
elemental factors that describe the metafactor. The elemental factor(s) would
be selected based on logical assumptions concerning their predictive validity
with regard to maintenance performance. Each elemental factor (or factors)
would then be used to be represent the associated metafactor. Input and
output states for the elemental factors would be identified. Finally,
algorithms would be developed that define the relationships between the input
and output states. For this project, these algorithms would include weight-
ings for each input factor. 1If a single elemental factor has been selected to
represent a metafactor, then the weight for the elemental factor would be
assumed to also represent the weight for the metafactor. If two or more
elemental factors are selected to represent a metafactor, then a single weight
for the metafactor would be developed from the weights associated with the
elemental factors.

We selected the second method for the conversion of the Driver Factor
Model to an algorithmic model. Briefly our rationale was as follows. This
project is to result in two outcomes: (1) a structure in which to understand,
in at least a qualitative sense, the relationship between the maintenance
performance and the factors that affect it as represented by the Driver Factor
Model; and (2) a easy-to-use trade-off tool. The trade-off tool is to utilize
the structure and relationships derived from the integration of the Driver
Factor Model with HARDMAN III models in order to make approximations between
the outcome of the manipulation of MPT and system factors upon maintenance.

Since the tool is to be easy to use, it should require the user to input
no more information than that needed to support 20 elemental factors repre-
senting selected Driver Factor Model metafactors. If we selected the conver-
sion method in which all elemental factors descriptive of metafactors are
used, then the user of the tool would have to supply much more information
than needed for 20 elemental factors.

To summarize, one can view the factors from the Driver Factors Model as
metafactors around which to organize the factors found in the HARDMAN III
models. With regard to the types of models examined, the Driver Factors Model
is a conceptual model whereas the models from HARDMAN III can be classified as
algorithmic models. However, the Driver Factor Model can be described in
terms of elemental factors selected from the HARDMAN I1I, and therefore can be
converted into an algorithmic model once the appropriate algorithms have been
developed, and input and output state models have been defined.

Although we selected the second method of converting the Driver Factor
Model to an algorithmic one, the model, as shown in Figure 1, contains 53
factors. Fifty-three metafactors are too many to include in a simple-to-use
tool. If we use the metafactor groups in Table 1, we reduce this number to 39
metafactor "groups" for which elemental factors have been identified. Since
we will be identifying elemental factors to represent metafactors, we needec
to consider the metafactor groups listed in Table 1 as a primary source from
which to select. We also considered the 12 metafactors, listed in Table 2,
for which no elemental factors have been identified. However, 39 metafactor
groups plus 12 metafactors equal 51 metafactors and metafactor groups to
examine.
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Fifty-one metafactors or groups are still excessive for inclusion in the
tool. This means we require a strategy for reducing the number of metafactors
to include in our algorithmic model. One potential means for reducing the
numbers of metafactors is to omit some of the metafactors which we have not
identified descriptive elemental factors. Those we have elected to omit have
to do with system design issues, since these are difficult to specify at a
level of detail appropriate for measurement. Elimination of these types of
metafactors would leave us with:

1. Test, Measurement, and Diagnostic Equipment (TMDE) capabilities
2. Documentation

3. TMDE

4, Built-In Test/Build-In Test Equipment (BIT/BITE) capability

5. BIT/BITE use

We can also collapse TMDE/BIT/BITE factors into two more general ones of
(1) TMDE/BIT/BITE capabilities, and (2) TMDE/BIT/BITE use. Further reduction
of the above list of metafactors can be undertaken by removing metafactors for
which it is difficult to identify elemental factors or for which supporting
data may be lacking. These factors are:

1. Documentation (to determine the elemental factors of which
documentation is comprised would require an effort greater than
the present one).

2. TMDE/BIT/BITE use (it is difficult to locate sources that detail
proposed TMDE/BIT/BITE use).

If the above metafactors are removed, we are left with TMDE/BIT/BITE
capabilities as the remaining metafactor for which elemental factors have not
been identified. If we define one or more elemental factors for TMDE/BIT/BITE
capabilities, we could include it with the 39 metafactor groups for which
there are elemental factors. Possible elemental factors for TMDE/BIT/BITE
capabilities are:

1. Number of TMDE/BIT/BITE supports for the system.
2. Complexity of use of the TMDE/BIT/BITE supports.
3. Failure rate of TMDE/BIT/BITE when used.
4. Mean time to find failure using TMDE/BIT/BITE.
Now the list contains 40 metafactor groups (the 39 listed in Table 1 and
TMDE/BIT/BITE capabilities). This is still too many. The next step is to
identify in our list of metafactors ones comprised of elemental factors most

likely to be predictive of actual maintenance performance as reflected in
factors such as mean time to repair.
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Of these predictive elemental factors, we selected 38 elemental factors
that represent 12 metafactors or metafactor groups during Phase 1. These
elemental and meta factors appear in Appendix B. These elemental factors (or
groups of elemental factors) represent a subset of the 40 metafactor groups.
Thirty-eight elemental factors were initially selected, rather than 20 as
targeted, for inclusion in the tool to be developed because we assume some of
our selected elemental factors.will not be predictive of maintenance perform-
ance. We revised our list as described in our discussion of Phase 2.

Phase 2

Purpose

Phase 2 of this project had five major goals.

First, a conceptual model of the relationships among Manpower, Personnel,
and Training (MPT), system requirements as determined during system acquisi-
tion, and maintenance performance was to be converted to an algorithmic model.
This model appears in Evans & Roth (1988) and depicts conceptually the driving
forces behind decisions and issues considered during acquisition which finally
impact estimates of, and actual, maintenance performance. This model is
referred throughout this report as the Driver Factor Model. Initial steps
toward conversion of the model were taken in Phase 1 of the project (reported
in Evans, Roth, & Hogg, 1990). In Phase 1, the Driver Factor Model was
defined as a set of metafactors. This was done because the factors appearing
in the Driver Model, for the most part, were not at a level amenable to direct
observation and measurement. These metafactors were then redefined by sets of
elemental factors which were measurable. These elemental factors were drawn
from models that comprise HARDMAN III (a set of MANPRINT tools), as described
in the concept documents for these tools (Dahl, et al., 1987; O‘Brien & Dahl,
1987; Dynamics Research Corporation and Micro Analysis and Design, 1989).

The second objective of Phase 2 was to determine weights for factors,
both the elemental factors and the metafactors, appearing in the converted
model. These weights would indicate the relative importance of each factor
for the performance of maintenance.

The third objective was to assign certainty ratings to these weights as
indication of their validity. The plan was to base these certainty ratings on
the quality and quantity of data which were used in the determination of each
weight.

The fourth aim of this phase was to assign a common metric to factors
(both elemental and meta) so that they their weights could be directly
compared. In this way, one would be able to identify the importance of one
factor as compared to the others.
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The final goal of Phase 2 was thc building of a trade-off tool based on
the structure identified in Phase 1, in conjunction with the weights developed
in Phase 2, to be used to estimate impact of MPT factors on maintenance
performance. This tool was to use the algorithmic model developed during this
phase as its basis. The tool was to interface with tools resulting from other
MANPRINT efforts by either supplying the external tools with data or using
data generated by these tools.

Method

Selection of Approach

Five potential approaches were examined as to their suitability for
generation of factor weights and tool development. They were: (1) meta-
analysis, (2) Isoperformance Modeling, (3) simulation, (4) multiple regres-
sion, and (5) neural networks. Each is briefly described below.

Meta-Analysis. Meta-analysis is a statistical technique whereby the
results from multiple research studies are combineu in such a way as to
indicate the relationships among the various independent and dependent
variables appearing in the separate studies. For example, if one wished to
determine the relationship among length of training, personnel aptitude, and
manpower requirements as they impact task performance, one would have to find,
as a minimum, studies containing the following statistically-described
relationships between the independent variables for the dependent variable of
task performance: (1) training and aptitude, (2) training and manpower, and
(3) manpower and aptitude. The findings from these studies could then be
combined to produce the relationship among the three independent variables as
they relate to the dependent variable of task performance.

The meta-analytic approach has great potential as a method in cases in
which no one study addresses several variables of interest, as in the case of
the relationship among MPT and system variables as they pertain to maintenance
performance. Meta-analysis would allow us to find the relationships among the
factors from the Driver Factor Model and characterize them statistically.

The meta-analytic avproach is conceptually feasible for the aims of this
project. However, Jones, et al. (1986), using meta-analysis on a similar
problem as ours, found the approach unworkable. Jones and his colleagues,
under contract to the U.S. Air Force Human Resources Laboratory, examined the
relationship among the variables of aptitude, length of training, and system
complexity (three of the variables of interest in this project) as they
impacted task performance. These researchers examined 10,000 research
citations having titles indicating relevance to their endeavour. Of these
10,000 references, only 10 studies contained enough information concerning the
statistical methods employed in the study to allow them to be combined using
meta-analytic techniques. The results of meta-analysis were inconclusive due
to the paucity of data.
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Jones, and his colleagues (1986) focused on a subset of the factors in
which we are interested in this project and found inconclusive results. It is
safe to assume that if we were to replicate their study and also include more
factors (thus requiring the identification of more studies depicting relation-
ships among the factors), we would also have inconclusive results. For this
reason the meta-analytic approach was rejected.

Isoperformance Modeling. Isoperformance modeling is a trade-off method
developed by Jones, et al. (1986), and fully described in Kennedy, et al.
(1988), to examine personnel, training, and system factors as they impact task
performance. The method consists of modeling the relationship between
personnel aptitude levels and length of training necessary to reach a certain
level of task proficiency given a set of system parameters. Outputs of the
procedure are sets of curves representing the relationships among the vari-
ables. The method requires the user to determine his or her population type
and to estimate: (1) the distribution of manpower in different aptitude
categories; (2) the maximum time necessary to train 5 percent of the personnel
to proficiency for each aptitude category; (3) the percent of persons who will
be proficient given the maximum allowable training time; (4) the time required
for 50 percent of the personnel to be trained to proficiency; and (5) the
percent of personnel in different aptitude categories for different system
configurations.

The Isoperformance modeling approach was considered as a possibility for
the present effort because it focuses directly on factors that appear in the
Driver Factor Model. However, this approach has several drawbacks which
removed it from consideration as an approach.

First, to use Isoperformance modeling, given the need to use the factors
appearing in the Driver Factor Model, the Isoperformance Model would have to
be greatly extended to accommodate the other factors appearing in the Driver
Factor Model. This could be accomplished one of two ways: (1) by performing
the tasks Jones, et al. (1986), undertook to develop the model in the first
place, i.e., meta-analysis and specific research; or (2) by employing some
other technique, such as multiple regression to determine relationships among
the factors appearing in the Isoperformance Model and the others appearing in
the Driver Factor Model.

The first option, performing meta-analyses and specific research, was
deemed impractical. The reasons for not using a meta-analytic approach are
discussed in a previous section. Performing specific research of the type
performed by Jones, et al. (1986) which included making mock-ups of systems
with differing characteristics, training subjects of varying aptitudes for
different lengths of time on system operation, was not feasible given the
resources for the present effort. In the case in which model extension is
accomplished via multiple regression or some other technique for determining
factor relationships, the technique must be performed on both the factors
existing in the current Isoperformance Model and the factors to be added to
it, so that the relationships between factor sets can be determined. Given
the need to perform the technique on all factors, and the fact that the
methods for model extension also are appropriate for model development, it
seems to make more sense to use the modeling technique by itself, rather than
use it and "glue"” the findings onto the existing Isoperformance Model.
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Second, once an Isoperformance Model is developed, its use, as described
by Kennedy, et al. (1988), requires the user to make certain estimates
concerning end-points of curves based on the user’s experience or research
using system mock-ups. For the current Isoperformance Modeling tool, these
estimates include decisions about the distribution of personnel aptitudes and
length of training required for the upper and lower ends of the distribution,
given a particular system configuration. In other words, the user must be an
expert in, or have informational resources on, expected personnel aptitudes
and training needs. This requirement of expertise or background information
limits the utility of the tool by non-expert personnel.

Simulation. Another approach to determining the relationships among
factors is to build a process, or simulation, model of system acquisition
which outputs expected maintenance requirements for a generic system. Then
the model could be tested by supplying it with actual data for each of several
systems. The outputs of the model could then be compared to actual mainte-
nance requirements for each system. If the predicted and actual requirements
do not match, then the simulation could be modified until its outputs do match
the actual maintenance requirements within acceptable limits. This model
could then be used to generate maintenance requirements for specific systems,
given expected MPT availabilities.

A major strength of the simulation approach is that it can control for,
and reflect, the temporal relationships among decisions which define values
for the metafactors (as described by elemental factors) in the Driver Factor
Model, as they impact the acquisition process as it pertains to maintenance
requirements. For example, a simulation could reflect that the information
that affects maintenance appearing in the Operational and Organizational Plan
directs some of the intermediate decisions made about maintenance require-
ments.

Simulation of the decision process for maintenance requirements deter-
mination is an approach which would algorithmically depict the relationships
appearing in the Driver Factor Model, once these metafactors have been defined
as elemental factors. However, this method has several implementation
difficulties. First of all, it is very difficult to ascertain the specific
influences in the cascading relationships among the factors in the Driver
Factor Model. The model depicts three types of factors: (1) driver factors
which supply the initial impetus; (2) intermediate factors which reflect some,
but not necessarily all, of the influence of the driver factors; and (3) the
driven factors, such as identified maintenance burden and specific training
requirements, which are derived from the intermediate factors, but whose
relationship to the driver factors may not be traceable in any direct way. To
thoroughly trace all the relationships among factors in the Driver Factor
Model and to determine how specific relationships came to be would require a
major investigatory effort of the acquisition process as a whole, and of
specific systems on which the model is to be based. The present effort did
not have the resources to attempt this level of detailed examination.

A second problem with our using the simulation approach for this effort

was the project requirement to determine weightings for each factor so their
importance can be compared. Although the algorithms comprising the simulation
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would have "factor importance"” inherent in them, it is not obvious the way in
which a process or simulation model could supply factor weightings (or some
measure of factor importance) directly. The way in which one could determine
factor importance with a simulation is to supply it with cases in which one of
the factors is systematically varied, and then compute and compare the
differences between the outcomes given different values for the factor baing
manipulated. From these comparisons, one could determine the relative
importance of a factor during acquisition for the system whose data set has
been fed into the simulation. Thus one could produce system-specific factor
weights. If this process was performed for several systems for the various
factors, one could generate some general rules about the importance of
different factors. However, this process, could potentially be very resource
intensive.

A final difficulty with the simulation approach is that past experience
has shown that tools developed using this method are more algorithmically
intense during application than some other methods (Roth, 1988). This problem
is reflected in the long delays in output generation experienced with using
these tools. However, as computer hardware becomes more powerful, this
drawback will disappear.

Multiple Regression. The fourth method considered for this effort was
the application of multiple regression, a statistical method, for the develop-
ment of an equation (or set of equations) containing the MPT and system
elemental factors which represented the Driver Factor Model metafactors.
Muitiple regression, as a method, generates an equation containing a dependent
variable that is predicted by one or more weighted factors plus a constant
value. This equation is derived from a data set containing historical values
for the factors and the dependent variable. The predictiveness of the
equation is reflected in the amount of variance in the dependent variable
accounted for by the factors in the equation. Multiple regression can
generate either a linear equation or a non-linear one. In most research, the
linear option is selected or data are transformed such that a linear equation
is the best fit for the data.

Multiple regression was examined as a possible approach for several
reasons. First of all, the equation that results from the method reflects the
data used in its development, as well as the relationships among the factors
of interest. The method also produces factor weights as part of the equation.
These factor weights come in two forms: (1) the weight for the factor given
the unstandardized data set used in the analysis; and (2) a weight based on
the conversion of the data to standardized scores (Z-scores). Weights of the
latter type can be compared to each other, with the higher the value of the
weight being indicative of the relative importance of the factor. Second, the
equation produced by multiple regression could easily be used as the basis for
a tool to predict maintenance performance, given a set of values for the
factors included in the equation.

Multiple regression requires much of the same data for its support as one
would use to refine a simulation model. However, multiple regression is not
as resource intensive as simulation because: (1) multiple regression analyses
can be performed using readily available software statistical packages which
run quickly on an IBM PC or compatible, rather than requiring the time
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necessary to develop and implement the algorithms specific to model; and (2)
multiple regression produces factor weights as part of its equation, rather
than requiring multiple simulation runs and comparisons of the outputs from
those runs.

There are drawbacks to multiple regression, however. First, one uses
multiple regression to find strong, predictive relationships, in which the
independent factors account for most of the variance associated with the
dependent variable. If the independent factors account for a majority of the
dependent variable variance, then one can assume that the predictive value of
the equation is relatively high. However, if the independent factors do not
account for much of the dependent variable variance, then those independent
factors are not good predictors of the dependent variable, and any tool based
on such an equation would lead to doubtful results, at best. Finally, a model
based on a multiple regression equation cannot account for factor impacts
associated with the temporal order of events (such as intermediate results),
in the way a simulation can.

Neural Network. The application of neural networking concepts was the
final method we explored for use on this effort. Neural networking is a set
of concepts that use a biological model based on the workings of the neuronal
system. Neurons are biological elements which can be either turned on or off,
given the occurrence of an event. Neurons exist in layers in which the
results of stimulation of the lower layer either turn on or off the neurons in
the next higher layer, until the final layer is reached. All of this process-
ing through layers results in the coalescing of many initial, local stimuli
into a coherent and interpreted whole. Such neuronal systems are capable of
learning through experience, generalizing, and filling in missing information.

In the past few years, many researchers have examined the way in which
neuronal systems work and have developed algorithms to simulate such systems
(Rummelhart & McClelland, 1986). Most of the work in this area has focused on
producing simulations which mimic human cognitive behavior; however, many of
the concepts and algorithms associated with these simulations also have been
seen as ways to approach a diverse set of non-biological problems. Some of
these areas include handwriting identification (Newquist, 1990) and analysis
of business financial health (Barker, 1990). The common thread among all the
areas in which neural network concepts have been applied is the ability of the
developed network to match new or partial patterns with old ones and generate
outcome predictions or fill in missing data.

The input to neural network algorithms is a data set comprised of initial
inputs (for the bottom layer of neurons) and final outputs. (These can be
thought of as the independent factor and dependent variable values, respec-
tively.) Some other constraints are set up such as the number of intermediate
layers and the number of neurons (or points at which data are combined) for
each layer. The data set is run through the algorithms until a certain
constraint value is reached. (The specific constraint and value selected are
determined by the specific set of algorithms used and the application.) At
this point, the network has finished "learning" the data set and can be tested
by supplying it with new values for each of the neurons in the bottom layer
and comparing the network's predicted outcome with the actual outcome. If the
predicted outcome and actual outcome are the same, then the network has
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"learned" correctly. If not, the network may require more training trials,
better data, or different algorithms to generate it. After the learning
process has been completed, each neuron in the network has a weighting
associated with it.

The bottom layer of neurons can be thought of as factors with data
values. The algorithms convert the inputs into values ranging from -1 to +1
and input these values into the next level of neurons/factors. All input
values are sent to each neuron/factor at the second level and combined and
converted into new values for input into the next level. This process
continues until the output layer is reached. It must be pointed out that the
algorithms used to simulate the learning capabilities of neural networks are
identical to iterative non-linear multiple regression (White, 1989).

Neural networks were investigated as a possible approach because of the
claim of some researchers of greater predictive accuracy for neural networks
than for linear multiple regression (Kohonen, et al., 1988), although this
claim for neural network modeling superiority in all prediction cases has
recently been disputed (Weiss & Kapouleas, 1989). The supposed difference in
accuracy results from: (1) an assumption that most factors in reality are
associated via non-linear or non-additive relationships rather than linear
and/or additive ones; and (2) the iterative aspect of neural network training
is comparable to feeding in many duplicate cases, thus increasing the degrees
of freedom used to calculate the variance between cases and decreasing the
variance between cases. Neural networking methods also result in weights for
factors which could be used to gauge the importance of the various factors.
Finally, network models can be used for "filling in" missing data, which is
useful for a trade-off tool.

With regard to the feasibility of using neural network methods for this
effort, it offered promise. For its use, we would have to gather the same
data as we would for multiple regression or for simulation refinement.
However, implementation of neural network methods is more resource intensive
than multiple regression due to the need to: (1) make multiple training runms,
and (2) manipulate the algorithmic constraints until a satisfactory network
has been developed.

Selected Approach

After examination of the approaches described in the above paragraphs, we
determined that linear multiple regression would be the most appropriate
technique for this project given: (1) the project requirements for factor
weights and algorithms to be imbedded in a spreadsheet format; and (2) the
resources available to the project. We rejected the other approaches for the
following reasons:

1. Meta-analysis was rejected because of the dismaying results in its
application to almost identical factors by Jones, et. al. (1986).

2. 1soperformance modeling was rejected because to expand the current

model in such a way as to address all the factors in the Driver
Factor Model, we would have to perform multiple regression, or some
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other technique to identify factor relationships, on all of the
factors of interest and embed the results in the model. Another
difficulty we saw with the product associated with this model was {ts
extensive need for input by persons with expertise in the details of
interactions of training, personnel, and system design.

3. With regard to a simulation approach, the approach would require the
same data collection process as multiple regression. However, the
post-data collection process would be much more resource intensive
than multiple regression, and more intensive than what the project
could support. It is also questionable if the product of the
simulation approach would result in an outcome that could directly
address the project goals to the same level as multiple regression.

4. We selected the neural network approach as a back-up approach to
apply in the event resources were available after the application of
multiple regression. The neural network methods are more resource
intensive than multiple regression, but potentially could result in a
more accurate model. However, since the claim for improved accuracy
with neural network models is currently in dispute, we felt that we
should select the more conservative and well-understood linear
multiple regression approach.

After we had rejected the other examined modeling methods, we determined
that the linear multiple regression equations we would develop would include
the elemental factors identified during Phase 1 (Evans, Roth, & Hogg, 1990)
which represent metafactors found in the Driver Factor Model. These elemental
factors, or some subset of them, would serve as our independent factors.

These elemental factors, singly and in combination, would represent a subset
of the metafactors identified in Phase 1. The factors we finally selected
appear in Table 1 of Appendix E.

The elemental factors which were selected in Phase 1 were examined prior
to their inclusion in the multiple regression analysis. This step was done to
determine if any of the factors should be dropped or modified due to a paucity
of quantifiable data. 1In general, this process resulted in the removal of
many factors related to the system design and potential ease of maintenance.
For example, we found very little documented and measurable data on the amount
and quality of Built In Test/Built In Test Equipment (BIT/BITE) expected for
the systems for which we had data. However, we made sure to include factors
which previous research suggested as important (and for which we had quantifi-
able data), such as personnel aptitude and training, as used by Kennedy and
his colleagues in their work with Isoperformance Modeling.

This examination process resulted in the selection of a total of 24
independent elemental factors from the 38 elemental factors selected in Phase
1. Five of these factors were categorical, so they were re-coded as sets of
dummy variables, with each dummy variable having a value of either 0 or 1,
depending on the value for the categorical factor. For example, if the value
for system type (SYS_TYPE) was 2, then a factor called SYS2 was created such
that for all cases in which SYS_TYPE equaled 2, the value of SYS2 would be 1.
In all other cases the value of SYS2 would be 0. The complete set of indepen-
dent factors, including the dummy variables, appears in Table 1 of Appendix E.
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The table contains the factor name as it appears in the multiple regression
analysis, its definition, and the metafactor which it represents.

We selected several dependent measures to investigate. All of these
measures are indices of actual maintenance performance. Our dependent
measures were: (1) actual mean time to test; (2) actual mean time to inspect;
(3) actual mean time to replace a component; (4) actual mean time to remove or
install a component; (5) actual mean time to repair; (6) actual time to
service the system; (7) actual time to overhaul; and (8) actual maintenance
manhours expended per year by personnel of a particular type of Military
Occupational Specialty (MOS). These dependent measures are shown in Table 2
of Appendix E.

We decided to focus on the time to perform maintenance because the Army’s
final goal with this type of effort is to have some way to better predict
actual maintenance requirements, given certain plans for maintenance that are
being made. During the acquisition process, estimates are made as to the mean
time it will take personnel of MOSs associated with the system to perform
various maintenance tasks. If we confined our investigation to developing an
equation to predict planned maintenance performance which is based on earlier
factors (e.g., expected operational tempo (OPTEMPO), expected mission dura-
tion, mission, personnel qualifications, expected manpower, etc.), there was
no guarantee that the maintenance performance plans would reflect actual
maintenance performance. Therefore, we determined that planned maintenance
performance, as well as other elemental factors reflecting Driver Model
Factors should be examined for their predictive capability with regard to
actual maintenance performance.

We felt that if relationships do exist among planning factors and actual
maintenance, then the resulting multiple regression equations could be used as
the basis for a trade-off tool. If no strong predictive relationships could
be discovered, it would indicate that there is a major problem with feeding
actual maintenance data collected in the field back into the planning process
for subsequent models of a system.

Another potential dependent measure we considered was system operational
availability (A,). Operational availability is a measure which takes into
account time to perfrom maintenance and administrative tasks, as well as
actual times in which the system is operating or i{s operational, but standing
by. This measure combines the effects of factors inherent in the system
design (such as BIT/BITE capability or environmental constraints), as
reflected by the operating, stand-by, and maintenance times, with the effects
of MPT factors reflected in the maintenance and administrative times. The
formula for Aocan be found in TRADOC/DARCOM PAM 70-11 (1985) as follows:
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OT + ST + TCM + TPM +TALDT
where:
oT = Operating time during a given calendar time period
ST = Standby time (not operating but assumed operable)

TCM = Total corrective maintenance downtime in clock hours during the
given time period

TPM = Total preventative maintenance downtime in clockhours during the
stated OT period

TALDT = Total administrative and logistics downtime spent waiting for
parts, maintenance personnel, or transportation per given
calendar time period

We had initially intended to use A, as dependent measure. However, two
project developments occurred which changed our decision. First, through
discussions with ARI personnel involved with HARDMAN II1I, we determined that
A, might be too gross of a measure for the factors with which we were con-
cerned, and was likely to be more related to the system factors than to MPT
factors. (Please note, that during factor selection, we removed many of the
system factors from consideration due to lack of available information
concerning them.) It was also mentioned during our discussion that the
capability to predict task times for the types of tasks appearing in Mainte-
nance Allocation Charts (MACs) would be more useful as input to the HARDMAN
III tools than A, would be.

Second, although Lowry and Seaver (1988) have developed a method for
collecting availability data at the level of detail appropriate for use i