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Modeling Interactions in Multidisciplinary Design:
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The development, implementation, and application of approaches to modeling the interactions in multidisci-
plinary design is illustrated. Given that the design of complex systems involves multiple disciplinary design teams
and their associated analysis and synthesis tools, the task is to model the real interactions among the designers and
their tools in order to predict the resulting design. Our approach to this problem is to abstract the interactions in
multidisciplinary design as a sequence of games among a set of players, which are embodied by the design teams
and their computer-based tools. The developments are applied to a subsonic passenger aircraft design case study
to illustrate the rich insights and results that can be generated by exercising different realistic protocols between

disciplinary players in modern design processes.

Nomenclature
AR = aspect ratio
Ld(t,c,l) = lift-to-dragratio on takeoff, cruise, and landing
Ry = fuel balance ratio
Ry = fuel ratio required
S = wing area
s = state variable describing behavior of a system,
functions of the design variables, and either inputs
or outputs
St = takeoff field length
T; = installed thrust
U = useful load
Vir = best range velocity
W = takeoff weight
X; = control vector, under designer i’s control
X = design variable
I. Introduction

SSUME that a complex system such as an aircraft has been

decomposed into disciplinary subsystems such as propulsion
and structures. Further, assume that the propulsiondesignercontrols
X, (designand state variables),the variables X are controlledby the
structures designer (which the propulsiondesigner has no control),
and f; are respective propulsionobjective functions. We assert that
the following standard multiobjective formulation, representing the
propulsion subsystem,

minimize

X,, X)) = Xp, X))o ooes
X, e/(X) ' S(Xp X) = {1(Xp. )

Jr(Xp, Xy M

is the typical starting point for much of the current research and
practice in systems modeling and applied optimization. And yet in
specific designinstances, this assertionshould be boldly challenged.
For example, inasmuch as the propulsiondesigner only controls X,
and the structures designer controls X;, how is X, chosen in the
propulsion design? Can the propulsion designer assume that the
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structural designer will always select the vector that is most advan-
tageous to the propulsiondesign? If not, how should the propulsion
designer respond to this conflict? This scenario describes a two-
player strategic game where one player controls X, and the other
player controls X;, and where X; represents all decisions that are
outside the scope of the designer controlling X, (Refs. 1-3).

We model these types of strategic relationshipsusing game theo-
retical principles. A game consists of multiple decision makers who
each control a specified subset of design variables and who each
seek to minimize their own cost functions subjectto their individual
constraints? In a game, these multiple decision makers are required
to select single decision strategies to optimize their set of rewards.
However, each player’s reward depends on the other player’s strate-
gies, i.e., it depends on decision variables that are controlled by
other players. The fact that players lack control over all decision
variables affecting their rewards is what makes a game a game and
what distinguishes it from an optimization problem.

The theoreticaland mathematical foundations of games are used
to abstract the processes required to design a complex system as
a game. The players in this game are defined as the disciplinary
designteams and their associatedanalysis/synthesistools. There are
various game protocols depending on the level of cooperation and
behaviorof the players. Certain protocols lend themselves nicely to
modeling interactions in design, namely, the cooperative or Pareto
formulation when the players work together and communicate, the
Nash or noncooperative formulation when the players act in their
own self-interest,and the Stackelbergor leader/follower formulation
when one player dominates another. In the next section we provide
the mathematical background of each protocol.

II. Frame of Reference

In this section, the mathematics supporting the fundamentalthe-
oretical constructs used in this paper are presented. We begin with
our domain-independentdecision model, the compromise decision
support problem (DSP). The three fundamental game theoretic pro-
tocols used in this work are also introduced. The theory and mathe-
matics behindthe protocolsare integrated with the compromise DSP
and implemented and applied in a design context in Secs. III and
IV. In Sec. V, the resulting implications in modern design processes
are explored.

Decision Model

We characterize the decisions made by each player using a com-
promise DSP. The mathematical form of a compromise DSP of a
player i follows.
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Given an alternative to be improved and assumptions used to
model the domain of interest, where

n = number of local design variables

X = vector of local control variables of player i, {x,, s,»}

q = number of inequality constraints

p+¢q =number of system constraints

m = number of system goals

gi(X) = system constraint functions

fi(X) = function of deviation variables to be minimized at

priority level k for the preemptive case

find the system design variables x;, i = 1,..., n, and deviation
variables d— and dF, i = 1,...,m, where x is an independent

variable over which a designer has control.
Satisfy the system constraints (linear, nonlinear)

gi(X) =0, i=1,...,p
gl(X) ZO,

The system goals (linear, nonlinear) are

i=p+L...,p+9¢q

A,(X)+dl__dl+:G,, l’:l,Au,}’n

where the bounds are

min

X; <x,»<x,m"", i=1,...,n

i Chat

d-,d’ >0, d— df =0, i=1,....m
Minimize the deviation function
[=[NldmdP), ..., fild-,d")], i=1,....,m

The compromise DSP is a multiobjective decision model, which is
a hybrid formulation based on mathematical programming and goal
programming.’ It is used to determine the values of design variables
that satisfy a set of constraints while achieving a set of conflicting
goalsas wellas possible. The systemdescriptors,namely, designand
deviation variables, system constraints, system goals, bounds, and
the deviation function are described in detail in Ref. 5. We use devi-
ation variables in the same manner as in goal programming where
they are used to measure the difference between the aspiration level
for a goaland the current attainment of the goal. The deviation func-
tion is a function of the deviation variables. In the compromise DSP,
the aim is to minimize the difference between that which is desired
and that which can be achieved. Therefore, the aim is to minimize
the deviation function. The closer you are to attaining the system
goals, the better off you are and the smaller the deviation function
becomes. The strategy of a player, embodied by the compromise
DSP, is to minimize the deviation function. The compromise DSP
is solved using the adaptive linear programming algorithm® if only
continuous variables are used. If discrete and continuous variables
are used, the compromise DSP is solved using the foraging-directed
adaptive linear programming algorithm.® Both algorithms are part
of the decisionsupportsoftware calleddecisionsupportindesigning
engineering systems (DSIDES®)(Ref. 7).

Game Theoretical Protocols

For this discussion, assume there are two players who each con-
trol X; and X, respectively, and who try to minimize their own
deviation functions f; and f,, respectively. When min f is used
in the discussion, it succinctly represents the solution of a compro-
mise DSP. The term f;(X], X;) represents the deviation function of
player i for values of the control variables X; and X, of each player.
Three protocols are used in this paper, namely, the Pareto, Nash,
and Stackelberg protocols. A brief description of each follows.

Pareto Cooperation
The mathematicsofthis protocolfollows. A pair (x{, x5 ) is Pareto
optimal if no other pair (x;, x,) exists such that

Sl ;) < A XD (2)

filxt, x2) < Ai(xF,x0) and

This is interpreted as follows: no player can do better without
hurting another player. Both players cannot simultaneously improve
their standing.

The practical implication of this is full cooperation implies that
each playerhas exactrepresentationsof the necessarynonlocalstate
variables. Approximate cooperation implies that each player only
has an approximation of the necessary nonlocal state variables.

Nash Noncooperation

The mathematics of this protocol follows. Player 1 constructs the
solution setas a functionof required (but unknown)nonlocaldesign
and state variables, e.g.,

Xl = {Cla Cza f(XZ)y C3a f(XZ)} (3)

based on the strategy to minimize their own deviation function,
min f1(Xj, X;). In the example of Eq. (3), the rational reaction set
(RRS) of player 1 is given as

XX, = {/(Xo). (X)) 4

wherethe C' are numericalvalues for variablesthatdonotdependon
nonlocal information. For the variables that do depend on nonlocal
variables (the third and fifth ones in this case), a function of the
form f(X;) is found. The RRS consists of the subset of variables
that depend on nonlocal information.

Succinctly, the RRS of player 1 is defined as

X(X) = X eX
suchthat f;(X®S X)) = min £i(X], xz)} (5)

A strategy pair (X}, X3') is a Nash solution for the two-player
example if

(X7, X)) e X[ AX5S (6)

This is interpreted as follows: each player poses their solution
set based on unknown information from the other players. If these
solution sets intersect, then there exists a solution. The RRS of
a player embodies how a player would react (what solution they
would choose) for any given set of variables from the other players.

The practical implication of this is players must make decisions
in isolation due to organizational barriers, time schedules, or geo-
graphical constraints.

Stackelberg Leader/Follower
Here the mathematics are

minimize f,(X;, X;)
(N
satisfying X ¢ X505(x)

This is interpreted as follows: the leader makes the decision first,
based on the assumption that the follower behaves rationally. Thus,
the leader knows, in effect, the follower’s RRS. The follower then
makes the decision without having to assume anything about the
leader.

The practical implication of this is sequential decision making,
still common and unavoidable in multidisciplinary design.

These protocols are implemented within and between multiple
compromise DSPs to model multiple decisions, which may or may
not be coupled. Development of the practical implementations for
each protocol are presented in the next section.

III. Implementation

Case Study

The case study in this paper is the design of a 727-200 aircraft.
This study is derived from Refs. 8 and 9. Two distinct players are
identified, each with their own analysis and synthesis routines: the
aerodynamicsplayerresponsiblefor the wing and fuselage lift char-
acteristics and the weights player responsible for setting the thrust
and takeoff weight through a fuel balance. In an earlier single-level
versionof the 727-200 template,®° the existing 727-200 design was
reproduced. The model presented here is an updated version. The
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primary differenceis the inclusionof two coupleddisciplinaryprob-
lems, as opposed to the previously studied single problem. Simpli-
fied forms of each players’ compromise DSP are given subsequently.
The full form of the players’ compromise DSPs is given in Ref. 10.

In the analytical model of the aerodynamics designer, there are
three control variables required by the aerodynamics designer from
the weights designer. These are the design variables xy, that is, W,
and 7}, and the state variable sy, that is, Ry,. Inthe analyticalmodel
of the weights player, there are five control variables required by
the weights designer from the aerodynamics designer. These are
the design variable x 4, that is, S, and the state variables s 4, that is,
Ld,, Ld,, Ld;, and V,,. What are the resulting designs when each
discipline has the information they need, when they do not have
the information, and when they are solved sequentially? It is the
resolution of these coupling and coordinationchallenges that are of
interest. The different game protocols studied that are used to model
these scenarios are discussed.

Aerodynamics Player’s Compromise DSP

Giventhe relevantconstants, the importantaerodynamicrelation-
ships and equations, and the expressions for local state variables s 4
(outputs from aerodynamics discipline), find the aerodynamics de-
sign variables x 4, that is, S (in square feet), wing span b (in feet),
and fuselage length/ (in feet), and the deviation variablesassociated
with the aerodynamic goals.

Satisfy the following aerodynamicconstraints(nonlinear): aspect
ratio «10.5; achievable climb gradient, landing 2.4 deg; achiev-
able ¢climb gradient, takeoffs, 2.7 deg; landing field 4500 ft; take-
off field <6500 ft; drag coefficient, landing,and tak%ff<0.02; and
drag coefficient in cruise «0.02. Satisfy the following aéfodynamic
goals (nonlinear): achie\éole climb gradient, landing = 3.0 deg;
achievable climb gradient, takeoff = 3.0 deg; landing field = 4500
ft; takeofffield= 4500 ft; and 4 R=10.5 with the followingbounds:
1200 « S «2500ft, 105 «/ <150 ft, and 85 «d <140 ft.

MifimiZe the deviationTunclion - -

Z,= Z(d;l. +dt),

Weights Player’s Compromise DSP

Given the relevant constants, the important fuel/weight relation-
ships and equations, and the expressions for local state variables sy
(outputs from weights discipline), find the weight design variables
xw, that is, W, (in pounds) and 7; (in pounds) and the deviation
variables associated with the weight goals.

Satisfy the following weight constraints (nonlinear): useful load
>0.3; fuel balance <, 1.0; achievable climb gradient, landing >24
deg; achievable climb gradient, takeoff s, 2.7 deg; landing field «
4500 ft; and takeoff field « 6500 ft. SaTisfy the following weiglt
goals (nonlinear): productivity index (PRI) = 270 (Ref. 11); useful
load fraction = 0.5; fuel balance = 1.0; achievable climb gradient,
landing = 3.0 deg; achievable climb gradient, takeoff = 3.0 deg;
landing field = 4500 ft; and takeoff field = 4500 ft with the fol-

i=1,...,5 (five goals)
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Minimize the deviation function
Zy = Z(d;, +d),

Protocol Implementation
Two forms of cooperationare studied, namely, full and approxi-
mate cooperation.

i=1,...,7 (sevengoals)

Full Cooperation

Full cooperationis the classical game theory cooperative formu-
lation (Pareto optimality). In our implementation of full cooperation
both players solve their problems within an integrated computer en-
vironmentand have access to full representations(equations) of any
nonlocal information they need.

Approximate Cooperation

Full cooperation, where every player has complete information
from the other players, is rarely achievable in modern design pro-
cesses. Therefore, an approximate form of cooperation is asserted
as being a more realistic representation of cooperation. In the ap-
proximate cooperative formulation, the players may not be working
in an integrated environment but have access to first-order approxi-
mations of the nonlocal state variables they need:

s(x) zso + vt(xo)(x _x9 (8)

This information is provided by a processorthat constructsthe first-
order approximationsat each solution iteration for each player and
feeds them to the appropriate player.

In the noncooperative and leader/follower formulations, players
must make assumptions about how the other players are going to
make their decisions. The formal realization of these assumptions
in game theory is the RRS. A player’s RRS succinctly captures how
the player will react (make their decisions) based on the (unknown)
decisions another player may make.

Construction of the RRS

Each player must constructthe RRS based on unknown informa-
tion about the other players. In simple problems, exact RRSs can
be found (Ref. 12). However, in complex, nonlinear problems, find-
ing the exact RRSs is a difficult task because it involves finding a
symbolic solution of a model as a function of the necessary but un-
known variables of the other players. Therefore, to approximate the
RRSs, we use the design of experiments (DOE) and response sur-
face methodology (RSM). Specifically, the RRSs are approximated
by a second-order response surface and are constructed by link-
ing a statistical package NORMAN®!? with DSIDES.” In effect,
NORMAN acts as the experimental meta-controller, intelligently
sampling a nonlocal design space, and then DSIDES solves the lo-
cal model (compromise DSP) at each nonlocal sample point. This
is illustrated in Fig. 1. At the left of the figure the nonlocal design
space of player j is shown. By using NORMAN as the automated
DOE package, certain points (as determined by the choice of ex-
perimental design) are sampled in this space and fed into the local
compromise DSP of player i. At each point, the compromise DSP

lowing bounds: 27,750 <T <« 55,000 Ib, and 140,000 <Wo <
- - - - is solved using DSIDES.

250,000 lbs.

NORMAN Software
i

Nonlocal Design Space
of Player j

-

]

S

X

xit, syt

Xj2, S,'z

X3, s;3

xp, sj*

.
.

DSIDES Software
1

Player i’s )

Compromise DSP

v

Given X!, sit NORMAN Software
Find |

Satisfy
Minimize

Rational Reaction Set

Xi, Si = f(Xj, Sj)

Given K ;
Find xi2, sP
Satisfy

Minimize

Given
Find
Satisfy

Minimize

x3, 53

Response Surface Equations
Given
Find xi, sit
Satisty
Minimize

Fig. 1 Construction of player i’s RRS.
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Using the resulting input and output pairs, e.g., {(x},s}) and
(x}, s})h ﬁxf., s7) and (x7, sf)l, response surfaces are constructed
inNORMAN to approximatethe behaviorofa local playerasa func-
tion of the unknown nonlocal variables of another player. Because
we are using second-order surfaces, the generic representationis

XRRS — {x,»,s,»}: fxps)=A x;+ B s5;,+C [(x; Xxj)
©)

where A4, B, C, D, and E are numerical constantsas determined in
the RSM. We use the central composite design (CCD) as the exper-
imental design, which uses a three-level design along with center
and star points to sample the design space.!

In the aircraft study, the weights player needs five variables from
the aerodynamicsplayer. The variablesneeded by the weights player
in this study are the design variable S and the state variables Ld,,
Ld[, Ld], and Vbr‘

The design of experiments is set up based on the minimum and
maximum values of these variables. The CCD design uses the
following upper and lower bounds to generate the three-level de-
sign plus the additional star and center points: 1200 S «2500,
S<«ld <17, 12 «Ld, «20,8 « Ld) «18, and 500 &7, Z21000.
With fivenput variablesand usifig a CCD, 43 experimentsare run
for various values of S, Ld,, Ld,, Ld;, and V4, to approximate the
weight player’s RRS. An experiment consists of solving the weight
player’s compromise DSP at one combination of values of S, Ld,,
Ld[, Ld], and VbrA

Conversely, the unknown parameters that the aerodynamics
player needs from the weights player are the design variables W,
and 7; and the state variable R;;. The CCD is set up based on the min-
imum and maximum values of the following parameters: 140,000
< Wi <250,000, 27,750 <T < 55,000, and 0.2 <R < 0.6.
Only thfee variables are neéded bythe aerodynamics player,as op-
posedto five variablesthatare needed by the weights player. With the
decreasednumberof input variablesfor the aerodynamicsplayer, the
number of experiments needed to constructthe RRS of the weights
player decreases from 43 to 15 using the same order of response
surface in a CCD design. An experiment in this case consists of
solvingthe weight player’s compromise DSP at one combinationof
values of W, T;, and R;.

+ D (s ij)+ E (x; ij)

Noncooperation

Once the players have constructed their RRSs (or had them con-
structed), the noncooperative solution, if it exists, occurs at the in-
tersection of the RRSs:

(X)) = XS s

In this aircraft study, the RRSs of the two players consists of eight
nonlinear equations with eight unknowns (eight coupled control

(10)

Table 1 Advantages and disadvantages of being leader or follower

Advantage Disadvantage
Being the leader Get to make your Have to make an
decision first assumption about how
the follower will react
Being the follower Do not have to make Are constrained by

any assumptions the leader’s decision

SRS
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variables, five from aerodynamicsand three from weights). Solving
this system of equations results in multiple noncooperative solu-
tions. In Sec. IV, only the best noncooperative solution is used for
comparison purposes.

Leader/Follower

The leader/follower protocol models a sequential decision-mak-
ing process among decision makers. The advantagesand disadvan-
tages of being the leader or follower are given in Table 1. The
implementation of the two leader/follower scenarios in our study
is discussed.

Aerodynamicsas leaderiweightas follower. This formulationcor-
respondsto a design process in which the aerodynamicsdesignteam
takes the lead in a design process and makes the decision first about
the aircraft profiles based on an assumptionthat the other disciplines
will make decisions rationally [in the form of the follower’s RRS,
see Eq. (7)]. Then the weights player, the follower, makes decisions
based on the leader’s solution. The leader, aerodynamics,has access
to the follower’s RRS (W, T;, Ry éX‘}VRS }), and the follower, the
weight discipline, knows (but has§ wait’for) the leader’s solu-
tion ( {Ld,, Ld., Ld;, Vi, S }), and then uses that information in the
model.

Weightas leaderlaerodynamicsas follower. This formulationcor-
responds to a design process in which designers first choose an en-
gine configuration, based on an assumptionthat the other disciplines
will behave rationally. Then, the other disciplineshave to design ac-
cording to the engine specification. This is fundamentally different
from the formulation with aerodynamics as the leader. In this case,
the leader, weight, has access to the follower’s RRS ([Ld,, Ld,,
Ld, Vi, S iX‘}IRS }]), and the follower, aerodynamics, knows (but
has to wait for) the feader’s solution ({W¥,,, T;, RyY), and then uses
that information in the model. The solution to each implementa-
tion of the leader/follower protocols as well as the cooperative and
noncooperative protocols are discussed in Sec. I'V.

IV. Results

In this section we compare the results of applyingthe game theo-
retical implementationsof the precedingsectionto the aircraft study
and to gain some insight into the role of each protocol in design.
The configurations corresponding to the solutions of each proto-
col, along with the configuration of an existing 727-200 aircraft,
are shown in Fig. 2. Again, only the best noncooperativesolution is
used in this section.

InFig. 3 thedeviationfunctionscorrespondingto the protocolsare
shown. Some interestingobservationscan be made from the results.

1) The best overall results occur, as expected, when cooperation
exists among the players. The term overall is meant to imply that
both players cumulatively do well. Whether full or approximate
cooperation is exercised does not affect the result significantly. By
using approximate representations, favorable results are obtained
with less computational demands transfer than full cooperation, as
the disciplinary analysis and synthesis are kept isolated.

2) Player aerodynamics does very well (same as it does in the
cooperative formulations)when it is the leader in the leader/follower
formulation, but at the expense of the weight player. Player weight
as the leader in the leader/follower formulation actually does better
than it does in the cooperative formulations, but at the expense of
the aerodynamics player.

3) Even the best noncooperativesolutionis significantly worse for
bothplayers. Therefore, the bestthe playerscanhope for, if they have

ugu o?o

L - {7 T © T

a) b) )

)

2] J ]

e) f)

Fig. 2 Aircraft configurations corresponding to the protocols, approximately 1:1500 scale: a) best noncooperative solution (BN), b) approximate
cooperative (AC), c) full cooperative (FC), d) aerodynamics as leader (AL), e) weight as leader (WL), and f) 727-200.
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Table 2 State variables of various solutions

State
variable BN? FC AC? AL? WL2
U 0.48 0.49 0.49 0.46 0.48
PRI 158 177 177 155 174
Ld; 13.1 15.1 15.0 16.0 12.9
Ld, 10.0 11.8 11.8 12.6 9.9
Ld, 18.0 19.9 19.9 20.7 18.3
AR 7.2 9.66 9.65 9.89 791
sp, ft 3940 4490 4500 4310 4470
4See Fig. 2.

0.3 1

BN WL BN AL

0.25 A L A ]
c
2 wL
o 0.2
c
=1
L.
e 0151
°
K]
> 0.1 7
[
Q

0.05

o

Aero Weights
Player

Fig.3 Protocol results as compared to an existing design; see Fig. 2.

to make their decisionsin isolation, is an inferior solution. Although
many better solutions exist, the players are not able to find them
because of the lack of collaboration and the limiting assumptions
that must be made.

4) The existing 727-200 values do not match with any one pro-
tocol exercised in this work. This is not unexpected, as the model
used in this work is a simplified model of a complete aircraft model.
The simplified model is used to illustrate the rich insights and ben-
efits that could be generated when the behavior of the disciplines
is modeled as a strategic interaction using game theory. Note that,
if one aircraft had to be chosen as being closest to the 727-200 air-
craft, it would be the aircraft from the leader/follower formulation
with weights as the leader (Figs. 2e and 2f). The significant differ-
ences are the values of the wing span and fuselage length, which
are slightly larger in the weight as leader aircraft, and the installed
thrust, which is slightly larger in the 727-200.

Further insight into the different aircraft can be gained by explor-
ing the values of the state variables that describe the behavior of the
aircraft. In Table 2, the significant state variables for the aircraft are
given for each protocol solution. From the system requirements and
compromise DSPs presented in Sec. 111, the desired values of the
state variables for each player are as follows: weight player wants
U = 0.5 and PRI to be maximized; acrodynamicsplayer wants Ld},
Ld,, Ld, to be maximized and 4R = 10.5; and both players want
s; = 4500 ft. Each state variable is investigated for the various
protocol cases.

Useful Load

The useful load fraction for each player in the FC, AC, and WL
cases (see Fig. 2) are close to 0.50 but in the AL solution is only
0.46. This is intuitive because, in the AL case, the aerodynamics
playeris not concerned with U and, subsequently,does not leave the
weight player enough freedomto improve U . In the noncooperative
protocol,the assumptionsmade by the playersresultinanacceptable
useful load fraction value, but this is rare.

PRI

In the FC, AC, and WL cases, the productivity index is the maxi-
mum, whereas in the others it is significantly less. When weights is
the leader (WL), the PRI is high because the weight player controls
PRI and has the freedom to maximize it. In both cooperative for-

mulations, the players cooperate and achieve the highest PRI of the
scenarios. In the AL case, the aerodynamicsplayer is not concerned
with PRI and, subsequently,doesnot leave the weight playerenough
freedom to improve PRI. In the BN case, the PRI is significantly
worse than the best cases.

Lift-to-Drag Ratios

The lift-to-dragratios are maximum when aerodynamicsis leader
(AL). This is interesting, as when the players cooperate (FC and
AC), the aerodynamics player sacrifices some of the lift-to-dragto
benefit the weight player in other state variables, such as U and PRI.
When aerodynamics is only concerned with its own requirements,
the lift-to-drag ratios are maximum, but this adversely affects the
weight player and, in turn, the goodness of the overall aircraft.

Aspect Ratio

Similar to the lift-to-dragratios, AR is closestto 10.5 in the AL
case. However, when cooperationis exercised, playeraerodynamics
realizes that the 4R can be sacrificed to benefit both players. In the
BN case, the AR is significantly worse than the best cases.

Landing Field Length

Unlike the previous cases, in this case both players are striving
to bring s, to 4500 ft. Of course, when cooperationexists, this goal
is achieved, as shown in Table 2. However, in the leader/follower
cases, because the leader is unable to meet this goal alone and these
decisions restrict the follower, there is not enough collaboration
to meet the goal even though, through cooperation, it is possible.
Also, the effects of isolationmoncooperation(BN) are illustrated in
Table 2 by a significantly inferior s, . Although both playershave a
common goal, because of the isolation and assumptions that have
to be made, they are unable to reach their goal.

V. Observations and Implications for Design

The developments and results in Secs. III and IV have computa-
tional and theoretical implications in modern design processes.

1) The leader/follower protocol embodies a philosophy that is not
consistent with principles such as concurrent engineering (CE) and
integrated product and process development. However, in complex
systems where design teams are located throughout the world and
are governed by different management with different objectivesand
priorities, true concurrency is very difficult. Therefore, tools and
methodsthatacceptand engage in some formof sequentialprocesses
where the different decision makers have their own objectives and
requirements have important roles in complex systems design.

2) The noncooperative case (BN) used in Sec. IV is the best
noncooperative case but is still inferior to the other solutions. Non-
cooperation should be avoided at all costs. Even largely sequential
processes, as modeled in the leader/follower protocol, are shown to
be more advantageous to the final design than the noncooperative
case.

3) The computational requirements of constructing a player’s
RRS is a direct function of the number of variables needed from
another player. Research in reducing the number of feedbacks and
coupling between disciplinescan facilitate the efficient construction
of players’ RRS' and can be used to help provide effective decision
support in the design of complex, multidisciplinary systems.

The results and observations documented in this paper have
largely been driven by descriptive motivations, as opposed to pre-
scriptivemotivations.In other words, this work, in general,describes
the resulting designs when various design process structures are
used, or when differentstrategiesare used by differentdesignteams.
We do not intend to prescribe managerial remedies to a noncooper-
ative or leader/follower relationship, but describe the results if these
relationshipsexist. Because relationshipssuch as these certainly ex-
ist and will continue to exist in modern design of complex systems,
the descriptive power of this work is beneficial to explore certain
scenarios and the inherent tradeoffs between them.

VI. Closure

The design of multidisciplinary systems requires multiple deci-
sion makers, design teams, or organizationsto make decisions that
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may affect each other. CE principles have been used to facilitate
this decision-making process at a personal interaction level. In this
paper, game theory is being used to make similar strides but at the
level of the interactions of mathematical models, analysis pack-
ages, and/or synthesis and optimization routines. The use of game
theory to model decision-makingprocesses where cooperationmay
not exist among decision makers in engineering design is of rela-
tively recent origin; its usefulness in many other decision-making
sectors such as economics, politics, and strategic warfare is well
established. We strive to establish the usefulness of game theory in
design by abstractingcomplex design processesas a series of games
and analyzingthe resulting insights into design problemand process
structure.
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