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Abstract

All ES evolve as the result of stakeholder decisions and decision processes that

affect their design and operation. These decision making problems often involve many

stakeholders, each of whom have a say in the outcome. This has been termed a lateral

alignment problem, as opposed to a unitary decision making problem. Lateral alignment

focuses on group decision making where stakeholders are nominally organizationally

independent, interact to maximize their own goals and simultaneously a common goal,

and who are able to influence decision outcomes to varying degrees through power and

influence.

Previous work in the relevant literatures has focused on two variants used to

assess and model group decision making. Type 0 Group Decision problems involve

anonymous voting, where stakeholders do not interact. Type 1 Group Decision problems

involve non-cooperative interaction where stakeholders try to maximize their self-interest

through negotiation. We define the lateral alignment problem as a Type 2 Group Decision

problem, which involve elements of both non-cooperative and cooperative behavior.

Type 2 Group Decisions have not been fully treated in the existing literatures.

In this thesis, we evaluate a prototype Type 2 Group Decisions: the Federal Open

Market Committee (FOMC) from 1970-1994 as a test case. One major advantage of

studying the FOMC is the availability of data and relevant analytical published work. Our

original empirical findings include:



1. Information ambiguity is the major factor that impacts coalition dynamics, via the

number of starting bids, in FOMC decision making.

2. Deliberation time is directly determined by information ambiguity and the

relationship is the same across chairmen eras.

3. Decision efficacy falls off gradually as information ambiguity increases.

4. Members whose past views are best reflected as correct in hindsight appear to

build up reputation and have greater influence on decision outcomes.

We also develop an agent based model (ABM) to study the FOMC. As we show, the

ABM is very effective at predicting observables of the FOMC decision making process.

These observables are:

1. Membership in the Winning Coalition

2. Number of Bargaining Rounds

3. Decision Outcomes

4. The Number of Starting Bids

In chapter 6 we discuss issues of generalizing the findings of this to other ES. Our sample

includes the Food and Drug Administration (FDA), SEMATECH, and the Next

Generation Air Transportation System (NGATS).
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Chapter 1: Introduction

(1-0) Defining the Group Decision Making Problem

We begin this chapter by defining decision making problems in the context of

Engineering Systems (ES). Fundamentally, there are two major types of decision making

problems. The first involves decision making in an organizational hierarchy. Here a

principal (a boss) makes a decision using inputs from agents (subordinates). In the

economics literature this is called a principal-agent problem. In this case, the decision

outcome is based on the wishes of a single unitary actor-the principal.

However, many decision making problems of interest to ES cannot be regarded as

principal-agent problems. Standards setting committees, technical alliances, design

committees and technical and corporate review boards involve many stakeholders-all of

whom have a say in the decision making process. These decision making problems

involve limited hierarchy. In other words, all stakeholders are nominally organizationally

independent. We refer to this as a lateral alignment problem'.

Every lateral alignment problem is a group decision making process where

stakeholders in a socio-technical system attempt to find the best solution to a common

problem (that is often complex). Traditional work in economics and political science has

focused on cases where groups try to reach a decision on how to maximize social

preference or allocate a common resource. In the first case, the social preference is

maximized through blind voting. In other words, stakeholders do not interact or negotiate

with each other. Instead they vote for their most preferred alternative anonymously. The

1 Lateral alignment is a concept that was pioneered by the ESD Lateral Alignment working group that was
co-chaired by Joel Cutcher-Gershenfeld and Joel Moses. An ESD Internal Memo [Cutcher-Gershnefeld and
Moses 2005] describes Lateral Alignment in more detail.



decision outcome is determined by how many votes are needed to make an outcome

officially recognized. We label these as Type 0 Group Decision problems.

Allocation problems are somewhat different. Allocation problems are decision

making processes they focus on finding the best way to split a unitary resource. They are

always non-cooperative (zero-sum-when one stakeholder gains a share of a resource

then another stakeholder loses an equivalent share). We label these Type 1 Group

Decision problems.

We observe that many group decision making problems are influenced by non-

cooperative behaviors of stakeholders. For instance, two competing firms may act

competitively when attempting to set a technical standard. In other words, they may want

a solution that best benefits their business goals. However, there are also many examples

where group decision making processes are cooperative. That is, they attempt to find the

best possible solution to a technical problem. Under these circumstances, stakeholders are

incentivized to cooperate. For instance, they all benefit from jointly finding and agreeing

to a solution (or conversely, they all suffer a penalty for not agreeing). We label group

decisions where both non-cooperative and cooperative behaviors influence decision

outcomes as Type 2 Group Decisions. While the influence of competition and

cooperation may vary from case to case (or even within the same case as we show in

Chapter 5), all Type 2 Group Decisions are similar in that they retain both aspects (non-

cooperative and cooperative behaviors). We summarize the three categories of group

decision making below:



1. Type 0 Group Decision: Non-interactive and non-cooperative group decision

making processes where outcomes are generated through blind voting2. a

2. Type 1 Group Decision: Non-cooperative group decision making processes where

outcomes are generated through negotiation and bargaining.

3. Type 2 Group Decision: Group decision making processes where outcomes are

influenced by both the non-cooperative and cooperative behaviors of

stakeholders. In part, they attempt to find a best solution to a common problem.

In this thesis we focus on prototype Type 2 Group Decision making committee: the

FOMC. We observe the following patterns in the FOMC decision making process.

1. Repeated Interaction: Stakeholders gather and interact in many meetings that

occur over time.

2. Diversified Expertise: Stakeholders have expertise in different knowledge

domains.

3. Review Past Decisions: Stakeholders examine the repercussions of past decision

outcomes when they evaluate current alternatives.

4. Feedback from the External Environment: Stakeholder decisions affect the -

operating environment in a way that is measurable, albeit imperfectly.

5. Forecast Information: Stakeholders make assessments as to the current and

future states of a system of interest.

2 [Saari 2003] presents are interesting take on Type 0 Group Decisions. Namely, he discusses the
coexistence of stable and chaotic voting under blind voting. While stakeholders do not bargain or negotiate
under Saari's framework, he does incorporate the effect of institutions on voting behaviors. This has some
interesting ramifications in terms of Arrow's impossibility theorem, which we discuss in Chapter 2.



6. Quantifiable Outcome: Group decision outcomes are measurable.

7. Efficacy Measure: An external metric through which the goodness, or efficacy,

of decision outcomes can be measured.

8. Directly Measurable Reputation: The reputations of stakeholders are

measurable in some way that is directly observable (i.e. comparing stakeholder

ideal points to an efficacy measure).

9. Directly Measurable Utility Functions: The preferences of stakeholders are

directly reported or somehow captured as part of the group decision making

process.

10. A Decision Outcome is Required: There is a great degree of institutional bias

towards consensus. A decision must be made because it is in the best interest of

the nation

The FOMC takes on challenges that are not simply solved by an allocation

decision but nonetheless do involve compromises or tradeoffs among competing

attributes and potentially among competing values. They are non-cooperative in the sense

that stakeholders begin with preferences, their individual assessment of the situation

based on available information inputs, as to the best solution to a common problem.

Furthermore, there may be elements of self-interest that may predispose an FOMC

member to select one solution over another. Members then interact, negotiate, bargain,

pa and co-create new possibilities using these individual assessments as the starting points

for discussion.



The FOMC is cooperative in that all stakeholders attempt to find a best possible

solution to a problem that is reasonably close to their goals. As a result FOMC members

learn from one another and form feedback based on past decisions. They also identify

others with high expertise-defined as the ability to repeatedly and accurately select the

best solution to a group problem. As a result, reputations develop. FOMC members with

low expertise (and hence reputation) may in turn defer to high reputation stakeholders in

developing solutions. Thus, the FOMC decision making process fundamentally involves

elements of non-cooperation and cooperation. Before, we further elaborate these elements

we first discuss the FOMC in more detail.

(1-1) Introduction to the Federal Open Market Committee

Although the FOMC is not an ES, it does meet all the criteria for a group decision

making body (Type 2 Group Decision) that is of interest to ES3. Expertise is diverse: past

members have included bankers, politicians, economists, and lawyers. It exhibits aspects

of both non-cooperative and cooperative behavior (see chapter 5). Furthermore, there is

great emphasis on trying to solve a common technical problem. One difference is that

there is an institutional predisposition towards consensus in selecting the target fund rate.

In this case, FOMC members are greatly incentivized to work together rather than

dissolve the teaming arrangement and not reach a decision 4. For clarity, we briefly

discuss decision making in the FOMC.

3 We discuss this at length in section (6-1). All the salient elements of group decision making for standards
committees and technical review boards are found in the FOMC case. They are shared to a lesser extent;
however, with systems architecture and design decision making. Please refer to (6-1) for more explanation.
4 This is not necessarily always the case in Type 2 Group Decisions. There are many examples of standards
boards and strategic alliances where the incentive to work alone has lead to dissolution of a group. This is
not to say that the cooperative aspects are absent, otherwise, there would be no incentive to attempt to work

15



The FOMC is the decision making body of the Federal Reserve System that is

charged with overseeing open market operations in the United States. As such it is the

primary body that makes decisions affecting US national monetary policy. These

decisions affect monetary policy by specifying a short-term objective--the Target Fund

Rate-for open market operations (the buying and selling of government securities). The

FOMC also makes decisions regarding operations that impact exchange rates in foreign

monetary markets. They are not a government body and as such, they are

organizationally independent of the federal government. However, there is a degree of

cooperation with the U.S. Treasury, which is primarily charged with exchange rate

policy.

The FOMC was created by the Federal Reserve Act of 1913 and has operated

continuously since its founding. The committee consists of twelve voting members: the

seven members of the Federal Reserve Board and five of the twelve Federal Reserve

Bank (FRB) presidents. Thus, members of the FOMC are at least nominally

organizationally independent. The FRB of New York president is always a sitting

member of the FOMC and some may argue has a greater level of influence than other

members (as the position is often a 'stepping stone' to chairmanship). The other FRB

presidents serve one-year terms on a rotating basis. The rotating seats are filled from the

following four groups of Banks, one Bank president from each group: Cleveland and

Chicago; Boston, Philadelphia, and Richmond; Minneapolis, Kansas City, and San

Francisco; and Atlanta, St. Louis, and Dallas. The committee meets roughly once every

six weeks.

together. Dissolution means that the decision calculus leads to the conclusion that working together (to
solve a common problem) does not yield sufficient benefit.



While the actions and policies of the FOMC have changed over the last century,

their primary goals have not. The goals for which they are tasked are the following:

1. Maximize employment

2. Stabilize inflation

3. Moderate long-term interest rates

As mentioned before, the tool that the FOMC uses to accomplish these goals is the target

fund rate 5. This rate is set by a majority rule decision by the committee. Thus, a winning

coalition for the FOMC will consist of at least seven members.

According to [Greider 1989], FOMC members have a history a frequent and

repeated interaction with one another. Not only do they interact in committee meetings,

they interact outside it as well: phone calls, conferences, workshops, etc. As a result,

FOMC members typically know the preferences of each other. Thus, the FOMC perfectly

fits the profile of a 'mature' committee-one in which the decision preferences of

stakeholders are known to all. Greider also argues that there is common desire among all

stakeholders to set a target fund rate that is the best monetary response to the economy.

[MacGregor et al., 2005] collected primary source data that facilitates analysis of FOMC

decision making.

Thus, the FOMC is the kind of case we want to study but there are other strong

reasons for choosing it; first that involves documentation and then some useful prior

analyses. The documentation includes the fact that all meetings are recorded so that

individual member bids in each round are known and thus it is possible to study coalition

5 Which is obtained through the buying and selling of government bonds on the open market.



dynamics on an agent-by-agent basis over multiple meetings. Prior analyses of particular

value to this thesis include the work by [MacGregor et al. 2005] on reaction functions

that allow utility functions for individual members to be derived for the agent based

model and the work of [Taylor 1993] (that allows decision efficacy to be assessed). These

analyses as well as extensive documentation make the FOMC case superior to other

possible cases as will be discussed further in Chapter 6.

[MacGregor, et al. 2005] completed a very comprehensive study of FOMC

committee decision making. In addition to recording each member's ideal target fund rate

preference (ideal point), they also constructed individual reaction functions, for each

FOMC member for the time period 1970-1994. Each reaction function consists of a series

of five inputs variables.

1. Previous Target Fund Rate: PTFR

2. Change in Inflation: dl

3. Change in Unemployment: dEU

4. M1 Deflator: dM1

5. Change in GDP: dGDP

This information can be found in the FOMC Blue Book. The Blue Book is issued to

FOMC members one week before a meeting takes place. Forecasts for each of the five

information inputs above are represented. A Blue Book becomes part of the public record

five years after a meeting takes place. Historical FOMC Blue Books can be found online

at www.federalreserve.com.



MacGregor et al used linear regression for each of the five variables as inputs

along with the actual historical preferences of FOMC members as output variables to

create reaction functions. It has been found that these reaction functions are extremely

accurate in predicting individual FOMC member target fund rate preferences [Meade

2006].

The reaction functions have the form:

RFR = CIPF + C2dl + C 3dE + C4dM1 + CdGDP

where RTFR is the regression prediction of a target fund rate and C, , C2 , C4 , and C5

are the regression coefficients for PTFR , dl, dEu, dM1, and dGDP respectively. As

MacGregor et al found, these functions are very similar among FOMC members-though

not identical. Hence, in general there tends to be a tight clustering of ideal points in

FOMC decisions, consistent with the fact that except for 42 of 370 meetings, a majority

fund rate was arrived at in the first round. This further implies that FOMC member target

fund rate preferences are highly correlated with information inputs from the external

operating environment.

[Taylor 1993] focused entirely on defining historical best decisions to FOMC

decision problems. According to [MacGregor et al., 2005], Taylor's work is the most

highly regarded in the monetary policy field. Taylor developed a principle called the

Taylor Rule. The Taylor Rule is a monetary policy principle developed that can be used

to determine the optimal target fund rate preference of past FOMC decisions using

historical data. The Taylor Rule stipulates how much the central bank should change the



target fund rate in response to divergences of actual GDP from potential GDP and

divergences of actual rates of inflation from a target rate of inflation.

it = rz + r* +a* (;et - )+ a(y, - y,)

In this equation, i, is the target short-term nominal interest rate (the target fund

rate), ir, is the rate of inflation as measured by the GDP deflator, ir, is the desired rate

of inflation, r,* is the assumed equilibrium real interest rate, y, is the logarithm of real

GDP, and y, is the logarithm of potential output, as determined by a linear trend. We will

discuss how we use the Taylor rate on past meetings to assess decision efficacy in chapter

3. Furthermore, the Taylor rate can be used to measure the expertise (and hence

reputation) of FOMC members by comparing their most preferred alternatives to the most

efficacious alternative. We discuss how this is accomplished in chapter 5. In summary,

the FOMC is a suitable prototype (and perhaps uniquely so because of the documentation

and existing analyses) to empirically study and to use in the development of a model of

Type 2 Group Decision Making. In the next section we propose a framework that will

facilitate the study of the FOMC as a Type 2 Group Decision problem.

(1-2) A Framework of Type 2 Group Decision making

In this section we begin by discussing a general Type 2 Group Decision making

framework and the discuss application to the FOMC. As we discussed in (1-0), Type 1

Group Decisions are exclusively bargaining encounters, which can be treated as a purely



non-cooperative phenomenon6 . In other words, stakeholders attempt to maximize their

allocation of a common resource by negotiating with others. That is, stakeholders have a

preference as to how a resource is split. In this context, a decision outcome is regarded as

being efficacious if the shares of the resource are distributed in equal amounts to all

stakeholders. As we show in Chapter 2, several rich literatures have developed in regards

to studying this aspect of group decision making (including extensive modeling efforts).

Type 2 Group Decisions have not been modeled at all.

In this context, the issue is not splitting a unitary resource, but finding the best

solution to common problem. While a Type 2 Group Decision cannot be treated solely as

a non-cooperative phenomenon, there are aspects of non-cooperation that are important to

consider. In Type 2 Group Decisions, stakeholders form initial assessments as to the best

solution using all available information inputs. These initial assessments become

stakeholders' preferences. Stakeholders use these preferences when they interact and

negotiate with others while attempting to solve a problem. However, in Type 2 Group

Decisions, stakeholder preferences changes due to interaction with other members.

There is no substantive difference between Type 1 Group Decisions and the non-

cooperative aspect of Type 2 Group Decisions other than a minor reinterpretation.

Namely, Type 1 focuses on allocation of resources, whereas, Type 2 focuses on

allocation of utility . By utility we mean how close a group decision outcome matches a

6 There are a few notable exceptions. [Axelrod 1984] is perhaps the most famous, followed by [Bueno de
Mesquita 2005]. Axelrod found that cooperative outcomes were much more common than predicted using
game theory. However, the non-cooperative approach is the current mainstream approach which is found
almost ubiquitously in the economics and political science literatures. We discuss this at more length in
Chapter 2.
7 A more key difference is that Type 2 group decisions involve cooperation via reputation building. We will
address this point later in this section. Here we are merely illustrating the non-cooperative commonalities
between Type 1 and 2 Group Decisions. In Type 2 Group Decisions learning and reputation effects alter the
way stakeholders form preferences and introduces a cooperative effect into the decision making process.



stakeholder's preferred solution. Stakeholders enter into a meeting with predefined best

solutions that maximize their self-interest. When learning and reputation have a

negligible effect in Type 2 Group Decisions, stakeholders bargain and negotiate to see

their view represented in the final decision outcome. In cases where learning and

reputation have impact then cooperative factors must be considered.

From a solely non-cooperative point of view, there is a process in which group

decisions are made. Firstly, stakeholders form preferences based on informational input.

These preferences are then expressed as proposed solutions to a group decision problem.

In a non-cooperative setting, the proposal of an alternative is affected by the perceived

response of others. That is, a proposer offers an alternative that simultaneously

maximizes his utility as well as the perceived acceptability of his proposal by his

colleagues.

After proposals are offered, the group then debates these alternatives and through

bargaining and negotiation creates new ones8. As members of the group interact, they

update their beliefs regarding the preferred alternatives of others (as well as their own).

Implicit to the bargaining process is coalition dynamics, or stakeholders banding together

(based on the affinity between their proposed alternatives) to increase their bargaining

power. When stakeholders join a coalition they adopt the coalition's negotiated

alternative as their preferred alternative. A decision rule (such as majority rule) specifies

how many stakeholders have to agree to an alternative in order to make it the decision

outcome official (form a winning coalition). Below we briefly define each of the

8Create has different connotations in cooperative and non-cooperative problems. In a non-cooperative
sense, new proposals are created by making concessions to other stakeholders. Hence, new proposals are
negotiated outcomes. In the cooperative sense, new proposals arise by evaluating alternative outcomes
through forecasting, past experience, and high reputation members voicing their opinions (a learning
process).



components of non-cooperative decision making. In figure 1.1 we depict how these

components relate to one another in a non-cooperative group decision making process

(Type 1 Group Decision).

Seven Components to Non-cooperative Group Decision Making

1. Information Input: Data that influences a stakeholder's preference ordering.

2. Utility Functions (Individual Preferences): A stakeholder's preference ordering

regarding alternatives based upon some initial information input.

3. Agent Beliefs: A stakeholder's perception regarding the likely (strategic)

responses of other stakeholders.

4. Proposal Process: The process of offering a decision alternative by a stakeholder

that is his best mutual response (maximizes his own utility and the likelihood that

the group will accept his offer).

5. Proposal Reactions: The degree to which stakeholders accept and are satisfied

with a given proposal.

6. Coalition Dynamics: A negotiation and bargaining process through which new

alternatives are generated from initial alternatives. This is a dynamic process

whereby stakeholders join a coalition if a new alternative provides them with

sufficient utility.

a. Decision rule: A criteria that specifies the minimum number (the winning

coalition) of stakeholders required make a decision outcome official.

7. Decision Outcome: The chosen alternative of the winning coalition



Figure 1.1: Graphical Representation of a Type 1 Group Decision Making Process
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One aspect of non-cooperative decision making that we make more explicit is

information. Information comprises data or inputs that influence:

1. Stakeholder beliefs

2. Utility Functions (individual preferences)

Information in the sense of (1) is a set of inputs that update a stakeholder's knowledge

regarding the preferences of other stakeholders. Through cues, repeated interaction, or

some form of advanced information, stakeholders learn to gauge the responses of other

stakeholders to different proposals. When these reactions are universally known to a

group, individual stakeholders lose the ability to influence the decision process through

strategic bargaining. Strategic bargaining is a process of proposing alternatives (not

I

4 1(3 gn eief
(7 eisoOucm



necessarily preferred by a stakeholder) in order to influence coalition formation and

manipulate the final decision outcome.

Information that affects the selection of individual alternatives, (2), is a set of

inputs that informs stakeholders as to the efficacy of decision alternatives 9. In a Type 1

Group Decision this could be the actual value or usefulness of the resource being

bargained over. For a Type 2 Group Decision it is a set of inputs that inform stakeholders

as to the best possible solution to a problem. In this regard, expertise is the 'transfer

function' that translates information inputs into the selection of efficacious alternatives.

However, expertise alone is not sufficient to guarantee an impact on a group

decision process. Expertise must be acknowledged through repeated interaction and the

building of stakeholder reputation. Furthermore, interaction between stakeholders fosters

learning as they share information. This is where the non-cooperative framework fails us

if we try to apply it to Type 2 Group Decisions.

In a very strong sense of the word, Type 2 Group Decisions involve a cooperative

process. The building of reputation requires that stakeholders jointly acknowledge the

demonstrated expertise of group members based upon their desire to arrive at a best

overall solution and not just optimize their preferences. In many cases, expertise is

identified by observing the repercussions of past decisions and deciding ex post what the

best solution should have been. This in turn, requires stakeholders to develop a uniform

set of criteria through which past decisions are evaluated (that is they can tell which past

decisions were indeed best overall solutions).

9 These information inputs can be forecast information, from models, metrics, observations of the system,
or any data that yields systems understanding.
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Once skilled stakeholders are identified, reputation begins to profoundly influence

decision outcomes. According to [Schein 2004], research indicates that stakeholders with

low reputations are inclined to defer the selection of alternatives to agents with higher

reputations. In other words, the unskilled look to the skilled in order to assure that an

efficacious solution is found. Resultingly, decision outcomes will tend to reflect the

preferred alternatives of high reputation stakeholders. However, the interactions between

high reputation stakeholders themselves are important to increasing decision efficacy.

Unless information inputs clearly specify an alternative, it is unlikely that even

high reputation stakeholders will always universally agree to a course of action. In many

real world decision problems, information inputs are often quite ambiguous. As [Simon

1996] argues, ambiguity in informational inputs often reinforces the individual cognitive

biases of stakeholders. Hence, there is often a spectrum of decision alternatives that will

be offered by all, even high reputation, stakeholders.

As stakeholders discuss the decision problem they begin to share information

regarding:

1. How they evaluate information inputs in formulating a solution.

2. The extent to which their personal biases are influencing their decision making

process.

Through discussion, these issues become resolved and stakeholders begin to reach

consensus. The preferred alternatives of high reputation stakeholders will tend to be more

heavily clustered around one another. Furthermore, if their preferred alternatives are



equally distributed about the most efficacious alternative then there tends to be a higher

likelihood that the most efficacious decision alternative may be chosen. In other words,

as high reputation stakeholders debate, share information, and compromise there is an

increased chance that they will collectively produce a result that is close to the best

possible decision alternative. However, it should be clear that as information ambiguity

increases, this process will be more difficult and probably more capable of error.

Reputation and expertise as cooperative mechanisms affect decision efficacy in

another respect. As stakeholders with differential expertise interact, learning occurs. An

aspect of such learning that we treat later in this thesis is learning between group

members with different expertise over time. The stakeholder with less expertise (the

student) learns from the stakeholder with greater expertise (the mentor). Perhaps even

more important is the cross-disciplinary learning that occurs among experts who have -

different areas of expertise10 . While stakeholders can and do learn as individuals, group

learning is usually more efficient at building expertise quickly. Furthermore, the mentor

often learns more about his craft through the process of teaching". If knowledge gained

through learning is codified, then individual tacit knowledge can become group

knowledge. This follows the work of [Nonaka 2007] in that group learning comes in two

flavors: individual learning and group assisted learning 2.

Individual learning focuses on how quickly an agent can assimilate systems

understanding unassisted. Group assisted learning is an additive factor to individual

learning. It occurs when a stakeholder interacts with others. If all agents have equal

potential in terms of skill, then over time, the skill levels of all agents in a group will

10 This effect is not explored in this thesis.
" This occurs perhaps most strongly in cross-disciplinary learning.
12 We discuss group learning in more depth at the end of Chapter 2.



converge. If they are not equal, then reputational effects may still greatly impact the

decision outcome.

Group learning emphasizes the cooperative aspects of group decision making. As

[Cutcher-Gershenfeld and Ford 2005] argue, emphasis on learning shifts the focus of

group decision making away from positional bargaining to problem solving. Non-

cooperative aspects remain, as agents will still argue the case for selection of their

proposal. However, with learning and communication, the dispersion of preferred

alternatives and inefficiencies in the bargaining process can become greatly reduced.

As one can see, Type 2 Group Decisions have more elements than Type 1 Group

Decisions. Again, this is because Type 2 involves elements of both non-cooperative and

cooperative behavior. In a sense, Type 2 Group Decisions are a superset of Type 1. By

adding the elements of reputation and learning to figure 1.1 we derive a representation of

a Type 2 Group Decision. This is depicted in figure 1.2. As one may note there are

additional component to this representation. Definitions for all Type 2 Group Decisions

are enumerated below.



Figure 1.2: Graphical Representation of a Type 2 Group Decision Making Process
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Eight Components to Type 2 Group Decisions

1. Information Input: Data that influences a stakeholder's preference ordering.

2. Utility Functions (Individual Preferences): A stakeholder's preference ordering

regarding alternatives based upon some initial information input (the effects of

learning and reputation have the potential to change preferences by allowing

stakeholders to shift their preferences based on input from experts).

3. Agent Beliefs: A stakeholder's perception regarding the likely responses of other

stakeholders.

4. Proposal Process: The process of offering a decision alternative by a stakeholder

that is his best mutual response (maximizes his own utility and the likelihood that

the group will accept his offer).
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5. Proposal Reactions: The degree to which stakeholders accept and are satisfied

with a given proposal.

6. Coalition Dynamics: A negotiation and bargaining process through which new

alternatives are generated from initial alternatives. This is a dynamic process

whereby stakeholders join a coalition if a new alternative provides them with

sufficient utility.

a. Decision rule: A criteria that specifies the minimum number (the winning

coalition) of stakeholders required make a decision outcome official.

7. Decision Outcome: The chosen alternative of the winning coalition

8. Reputation Effects: The acknowledged level of expertise held by a

stakeholder. This is gained through group learning: The process through

which stakeholders share insights, test intuitions, transfer knowledge, and

demonstrate their expertise.

In this thesis we will focus applying these eight points to the study of the FOMC.

Namely, we will:

1. Observe and empirically assess a very well documented prototype Type 2 Group

Decision Making problem: the FOMC

2. Using empirical insights and knowledge of relevant literatures, develop a

methodology for modeling FOMC decision making

3. Derive model inputs using empirical analysis of the FOMC

4. Evaluate predictions made by the model against the FOMC historical record



5. Discuss implications of this approach towards theory building for lateral

alignment

In the next section we discuss how we will address each of the five points listed above.

(1-3) Organization of the thesis

In chapter 2 we review various group decision making literatures. We begin with

a survey of the qualitative/normative theories of group decision making. The purpose of

reviewing this work is to illustrate the degree to which realism is, or is not, captured in

current modeling methodologies. We then discuss the rational choice literature. Rational

choice was a first attempt to provide some quantitative capability to the study of group

decision making processes. The next section surveys the game theoretic field of

bargaining. We begin by discussing the classical Nash bargaining solution and then move

to models of non-cooperative bargaining.

Chapter 3 is focused on empirical examination of the FOMC decision process. It

begins by examining the effect of information inputs on the formation of initial bids,

deliberation time, and efficacy of the FOMC decision making process. Information inputs

in this case are forecasts used by FOMC members to derive the best target fund rate.

These inputs define decision variables used by FOMC members when determining their

target fund rate preferences. In examining the effect of information inputs, we look

explicitly at the uncertainties in the decision variables that are used by FOMC members

to make decision.



We then investigate the impact of inflation forecast uncertainty on deliberation

time. Deliberation time is defined as the length of the FOMC decision making process.

The next step is defining and evaluating FOMC decision making efficacy in the context

of the Taylor Rate. This is a relative measure which we then study as a function of

inflation forecast uncertainty. This process generates a number of empirical findings we

identify at various points in this chapter.

In chapter 4 we develop the agent based modeling methodology' 3. In order to do

this we develop the methodology in parts. The first part addresses the non-cooperative

aspect of Type 2 Group Decisions. The core of this model is built on a simplified game

theoretic model of strategic coalitional bargaining. This details how stakeholders form

preferences, bargain, and form coalitions while developing a decision outcome. We then

propose incorporating reputation effects as an additional refinement. We next discuss

implementation of the agent based modeling methodology in Matlab.

In chapter 5 we evaluate the predictions of the agent based simulation against the

FOMC Case. We begin by deriving inputs that will be fed into the simulation in order to

make it predictive. This requires additional empirical analysis of FOMC member

expertise and reputation.

After these steps are completed we then proceed to evaluate the predictive

accuracy of the agent based simulation. We do this by examining predictions concerning:

13 Chapter 2 will consider all modeling approaches, as well as the reasons for utilizing ABM.



1. Membership in the Winning Coalition

2. Number of Bargaining Rounds

3. Decision Outcomes

4. The Number of Starting Bids

These predictions are compared against historical data. Our treatment set consists

of the 42 FOMC decisions between 1970 and 1994 where a winning coalition does not

exist at the onset of a meeting. All other meetings are easily fit by this model (and most

other models) but the 42 meetings where a majority does not originally exist are the set

that allows one to best determine the effectiveness of the models.

In Chapter 6 we discuss the findings we generated in chapters 3-5 within the

larger context of lateral alignment. While we cannot validate a theory of lateral alignment -

from a single case study, we argue that the simultaneous approach of empirical analysis

and model building can facilitate the development of theory. Again, it this iterative

approach using both modeling and empirical insight that can potentially yield the greatest

gains.



Chapter 2: Review of Prior Work on Group Decision
Making

(2-0) Introduction: Decision making and Lateral Alignment

In this chapter we briefly review the literatures that examine group decision

making. These can be divided into qualitative and quantitative approaches. The

qualitative approaches focus on the creation of frameworks to classify and understand

various artifacts and mechanisms that affect the group decision making process. The

quantitative approaches focus on the creation of models to understand and predict the

outcomes of group decision making processes.

Qualitative approaches explore both the non-cooperative and cooperative aspects

of group decision making. Non-cooperative aspects focus on how agents negotiate and

bargain to maximize their utility. Power and preferences are viewed as important

primitives that affect how decision outcomes are generated. Likewise, coalitions develop

between agents who have common objectives. The cooperative aspect of decision making

examines how members of a group jointly build reputations and influence others while

attempting to make a decision. This is common of group decisions where problem

solving is a central component. In the process of reputation building, agents share

information and learn from one another. According to [March 1994], in order to truly

understand and appreciate the dynamics of group decision making, one must incorporate

both its non-cooperative and cooperative aspects.



Quantitative approaches focus exclusively on the non-cooperative aspects. These

can be broken down into three key sub-approaches: rational choice, game theory' 4, and

simulation. Rational choice studies how the individual preferences of group members can

be aggregated to achieve a group preference ordering-the way that the group as a whole

ranks preferences. The mechanism that aggregates preferences is called a preference

aggregation rule .

Work in this literature has followed the axiomatic approach. That is, a number of

axioms are formulated that seem reasonable in regards to how members aggregate their

preferences. Theorems and models are then derived using these axioms. A key area of

focus in rational choice has been on impossibility theorems. This involves taking a set of

seemingly reasonable axioms as to how group and committee decision making should

work and then show that they are logically inconsistent. The most famous of these

impossibility theorems is undoubtedly Arrow's Impossibility Theorem [see for example

Saari 2003, Gaertner 2006, or McCarty and Meircowitz 2007].

The area of game theory that examines group decisions is bargaining theory. Like

rational choice, bargaining theory can also be categorized as an axiomatic method.

Bargaining theory can in turn be broken down into the Nash Bargaining approach and

strategic bargaining (non-cooperative bargaining). The Nash bargaining approach is

similar to rational choice, except that, instead of creating a preference ordering, a single

outcome is selected. This outcome is represented as a share, or an allocation of utility

14 Cooperative game theory is only cooperative in the sense that player utilities can be added. It is not
adequately applicable to group problem solving as reputations and learning are not considered. For a good
discussion of this please refer to Osborne and Rubinstein: A Course in Game Theory. MIT Press. (1994).
Chapter 8.
15 It is also referred to in some works as a social choice rule. However, preference aggregation rule has
become the most commonly used term. This is the term we shall use in this chapter.
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gained by splitting a unitary resource. This reflects how much utility the bargained

solution returns to all members. Another area of the literature-strategic bargaining-

makes use of very different assumptions.

The Nash bargaining approach assumes that interactions between group members

do not affect how they convey their preferences and decide upon outcomes. At the core of

strategic bargaining is the belief that interactions do affect the decision outcome. In other

words, members act (choose which preference to express) based on the expected actions

of others. This is called a best mutual response correspondence. Unfortunately, the

predictions made by this approach (and rational choice as well) often do not match

empirical findings. Some argue that the underlying reason for the lack of fidelity is

caused by the axiomatic approach 16. The axiomatic approach introduces artificial

constraints that limit the realism of models. As a result, it is very difficult to validate and

verify rational choice and game theoretic models. An alternative to the axiomatic

approach is agent-based modeling.

Agent based modeling is built directly from the salient and observable aspects of

a system. The emphasis is not theorem proving, but on the creation of predictive tools

that can be empirically tested. While a great body of work has developed around creating

agent based models of traditional game theoretic phenomena (with applications to

finance, management, and politics), little has been completed in the way of group or

committee decision making. Further, no work has addressed both the cooperative and

non-cooperative aspects of group decision making.

16 Some game theory scholars, such as [Kreps 1990] find this very troubling. They argue that a quantitative
methodology is only as sound as the accuracy of its predictions. Gintis goes so far as to argue that the
axiomatic method of game theory is intrinsically flawed and should be supplemented by agent based
modeling to produce more realistic and verifiable models.



The path that we will take in this chapter is to first review the literature in the

qualitative domain. We will then move to reviewing the social choice, game theory, and

agent based modeling literatures. We then investigate work in the organizational science

and negotiations literatures as a way to bridge the gap between the non-cooperative and

cooperative aspects of modeling group decision making.

(2-1) The Qualitative Approaches

According to [Coleman 1986], little work has been undertaken to study-in a

normative fashion-group decision making . He suggests that one reason might be the

focus on prescription. In other words, much research in the field has focused on how to

make better decisions [Elster 1991], not how decisions are made. James March in his

magnus opus-A Primer on Decision Making-is the first, and thus far only, investigator

that descriptively examines the way that groups make decisions [March 1994].

First, as a point of terminology, March distinguishes between groups and

committees, a distinction he borrows from [Levinthal 1988]. Groups are multi-actor

stakeholder systems that come together to make decisions on a series of issues.

Committees are groups in which the positions of actors-where they fit in the

committee-are prespecified. This means that informal group roles are formalized in a

committee decision making context. It is often assumed that the word committee implies

repeated interaction. In order to simplify our explanation we will also use 'committee'

when we talk about a group that meets repeatedly.

17 Specifically, we mean Type 2 Group Decisions. In contrast Saari has provided a very extensive study of
Type 0 Group decisions in the context of spatial voting. This particularly illuminating survey is found in
[Saari 2003].



Perhaps one of the cornerstones of March's work is the notion that individuals in

a group decision making process may fail to achieve a best possible outcome, or even

make a decision at all, because they fail to act in concert. Many group decisions lead to

sub-optimal results, or no decision, because of coordination failure.

In a broad context, coordination failure occurs because agents' are unable to

coordinate their strategies in selecting a decision outcome. This in turn results in an

outcome that is suboptimal for all involved [Schelling 1978]. Coordination failure can

occur from a series of different causes. [March 1994] labels these as:

1. Inefficiencies in the game

2. Lack of information

3. Efficacy of individual decision makers

4. Differing beliefs (expectations) among agents

[Selten and Harsanyi 1988] state that group decision making problems are

fundamentally coordination problems. They further suggest that the cause of coordination

failure in group decision making is due to the personal inconsistencies of agents.

Coordination failure implies that a group decision making process is inefficient and does

not produce efficacious outcomes.

Inefficiencies are interpreted by most game theoreticians to refer to the inability to

select an outcome given a particular payoff structure of a game. In other words, given a

set of decision alternatives, the result of a group decision-making game is suboptimal.

The prisoners' dilemma is a famous example of this. March's interpretation differs and is



more aligned with a position taken by institutional economics (see [North 1990];

[Galbraith 2001]; [Hodgson 2004], for example). He believes that inefficiencies in

institutions (social rules) create asymmetries and constraints on how agents form and

evaluate alternatives-in effect, changing the rules by which agents consider alternatives

when they make group decisions. This in turn leads to asymmetric information, which

creates coordination failure. Institutions are the result of an evolutionary process. Insights

gained through past interaction will formalize how agents behave in the future. In a sense

they

"specify proper decision procedures and proper justification for decisions. Some

things are taken as given, some questions remain unasked, and some alternatives

are unexamined." [March 1994]

North goes farther. He argues that the ability to influence or affect institutions (social

rules) is a key source of power. This power can in turn be used to foster alignment among

disparate members of a group.

In terms of information, March specifies that there are three types of information

that impact how groups make decisions. The first involves how agents extract

information from an external operating environment to correctly form preferences among

a set of alternatives. Intuitively, this involves agents 'correctly assessing a problem and

devising an appropriate solution'. This step involves problem assessment and cognitive

processing at the personal level. The second involves how agents evaluate or predict the

behaviors or motives of other agents. In a group decision making problem, decisions are



not made by an aggregation of single decision makers, but by 'how they interact and

negotiate their interests' [Milgrom 1994]. The third is that information and data is used

by a group to assess the efficacy of their decisions and learn from past mistakes18 . In this

sense, the cooperative aspects of group decision making (reputation building) are

combined with the non-cooperative aspects (bargaining and negotiation).

Decision efficacy is affected by which agents participate in the decision making

process [Coleman 1986]. Fundamentally this involves assessing the expertise of group

members who participate and how this expertise is represented in the decision outcome.

In order for expertise to affect the decision outcome, it must be recognized by members

of the group. In the event that expertise and reputation are directly coupled and common

knowledge, expertise becomes known and accepted by group members [March 1994]. If

this is not the case, then expertise must be established through repeated interaction. This

entails agents with expertise building a reputation as the group continues to make

decisions. Hence, a group may have to interact on number of occasions before expertise

is identified. The determination of expertise depends on three different factors that affect

the activation of participation in group decision making:

1. Constraints on participation

2. The allocation of attention to past results

3. Differing belief structures

18 According to March this requires data, metrics, action reports, and forecasts to understand how a system
responded to past decisions, or will likely respond to future ones.



Constraints on participation affect who is allowed to participate in a group

decision making process. Complexity of the decision making problem, determines how

well expertise maps to the selection of efficacious outcomes [March 1994]. In highly

complex problems, it is unlikely that a single individual will possess the requisite

expertise to choose the best alternative independently. Thus, an efficacious decision may

necessarily involve some mixture of expertise held by group members who collectively

may be able to arrive at a good decision. Attention identifies individual expertise, by

associating member preferences to observed efficacy [Argote and Ophir 2002].

This is often done in hindsight, if and when the ex post best course of action

becomes obvious. Therefore, if individuals can demonstrate that their preferences

produce efficacious results they will receive more influence in determining future

decision outcomes. Unfortunately, attention is constantly shifting and determining

expertise is problematic and often subjective in any group setting [March 1994].

Furthermore, when the decision making problem is complex then the mapping between

preferences and efficacy become ambiguous. In this situation, agents tend to make

decisions based more on beliefs [Schelling 1978]. For example, when a proposal from an

agent is psychologically appealing to member beliefs and is supported by pertinent data,

it may be adopted by a group [Levinthal 1988].

Beliefs are individual conjectures as to how the efficacy of decision outcomes is

attributed to different actions or alternatives. [March 1994] argues, and [Van Huyck and

Beil 1990] empirically demonstrated, that a common source of coordination failure in

'real' group decisions is that agents do not share how they value different solutions to a

problem (alternatives). The valuation of problem solutions is more than just calculating



the impact of a group decisions. They may also include reputation effects, bargaining

power 19, cultural values, and organizational norms. [Yamagishi 2007] argues that these

factors are often taken into account when an agent evaluates solutions in a group decision

process. When there are misalignments in how solutions are valued, coordination failure

is a likely result.

[March 1994] maintains that these three factors (inefficiencies of the game, lack

of information, and differing beliefs) affect group decision making behavior in the

following way. It affects with whom agents will decide to interact. Schelling suggests

that this decision is based on how profitable an interaction is deemed [Schelling 1978].

This in turn is determined by assessing available information. The decision to interact,

collaborate and learn jointly with another member of a group is based on beliefs that are

built using available information regarding the value of the interaction. This involves

uncertainty as to:

1. The institutions (social rules) affecting how other agents bargain

2. Negotiation strategies

3. Their beliefs about efficacy of others' solutions and their negotiation strategies

March suggests that this process involves assessing the impact of hidden

information on the decision making process. If one has influence or control over

information, it becomes a valuable commodity and can be used strategically [Rasmussen

1990]. March extends this by arguing that due to the strategic value of information,

19 This may reflect the relative power of the participating organizations.



modeling group decision processes must include more than random errors regarding

context. Furthermore, strategic use of information is tied to incentive compatibility.

Incentive compatibility is a condition whereby agents are motivated to truthfully

reveal information. March suggests that there may be a number of mechanisms that lead

to incentive compatibility. These mechanisms curtail the strategic use, or possible misuse,

of information. According to March, all agents make use of three elements:

1. Deterrence: Using punishing strategies against an agent who is found to be

manipulating decision outcomes (this is very important in repetitive games).

2. Group Charters: Specifying rules for how members of the group present

information, interact, and observe results

3. Reputation: The social, or community, standing of an agent acts as an impediment

to strategic action (this is also particularly important in repetitive games).

Regarding (1), deterrence is only useful if credible threats are employed. By extension

this only works if all agents can agree on a level of punishment and conditions under

which it should be administered. Furthermore, when deterrence is carried out it may

increase the likelihood of an agent using information as a weapon of revenge [Davis and

Holt 1993]. Mature committees often exhibit incentive compatibility. However, in order

to examine the evolution of incentive compatibility one must be able to examine the case

where this information is not common knowledge. We pursue this in chapter 4.

Group charters are effective if everyone agrees to and accepts the rules. However,

they may lead to a number of problems. One problem is specifying the appropriate



metrics, or indicators, from which to gauge the efficacy of group decisions. Misplaced

specificity may split groups into different camps, unless decisions are mapped to

outcomes in a clear way. Another problem is charter incompleteness, or when situations

arise that are not addressed by the contracts. Often addressing such issues require

amendments to the charter, which in turn requires members to negotiate and regarding the

proposed amendments.

Reputation can be a powerful factor to curtail the strategic use of information.

This is especially true, if reputation is tightly coupled with the payoffs that agents

receive. There are, however, limitations to its effectiveness. Namely, it is only useful if

disreputable actions are observable, otherwise, there is no deterrent against using

information strategically. Reputation is most important in cases of repeated interaction

(or when reputations from single interactions can become known to outside agents) and

when a group has many agents [Rasmussen 1990].

Another issue that affects group decision making is the impact of coalition

formation. This is a political phenomenon that involves agents forming coalitions to

increase their collective bargaining power in a group. This in turn increases their degree

of influence on a group decision. According to March:

Bargaining and coalition formation, however, provide foci that put greater

emphasis on the interactive social aspects of exercising control over decision

making.



[Schelling 1978] argues that there are really two micro-motives that drive the decision to

form coalitions.

1. Bandwagoning

2. Balancing

Bandwagoning is value maximizing. This means that agents join a coalition because if

they do not they will have no influence (and receive no reward) on the final outcome. In

some literatures, most notably political economy (see for instance [Snyder 2005];

[Bardach 1977]; [Riker 1962]), this is treated as a form of logrolling. Balancing is threat

minimizing. Agents form coalitions to counter other coalitions or agents because the

preferences of the opposing group would result in a negative payoff for the balancing

agents. Value maximizing and threat minimizing behaviors are both represented in Type

2 Group Decisions [Levinthal 1988]. In chapter 3 we discuss measuring and assessing the

impact of the behaviors on FOMC decision making empirically.

Current theories of coalition formation assume that the way agents calculate

coalitional values and threats are well-defined [Sugden 1995]. However, many others

([Young 1988]; [Abreu 1996]; and [March 1994]) state that such calculations are not well

defined and can be highly contextual. For instance, the decision to join a coalition

depends upon how information is used to frame and determine a proposed decision

alternative. March maintains that 'the central problem with many ideas about coalition

building that are found in the literature is that they adopt relatively pure forms of

uncomplicated rationality or rule following.' He argues that many models and theories of

group decision making with coalition formation often make unrealistic informational

assumptions-the most common of which-is perfect and complete knowledge of all



other participants' preferences and beliefs.' We discuss these models in more detail in

Section (2-2) and go on and use them as the basis for the non-cooperative aspect of the

Type 2 model we develop in Chapter 4. This is the foundation that we build upon in this

thesis.

(2-2) Axiomatic Approaches to Group Decision Making

In this section we shall discuss axiomatic approaches to modeling group decision

making. The axiomatic approach is comprised of two different schools of thought:

rational choice and bargaining theory. To rational choice scholars, group decisions

involve determining a ranking of preferences for a group of agents that satisfies the

majority. In contrast, bargaining theory tries to pick only the best possible choice. We

begin this section by reviewing the rational choice literature.

All results in rational choice involve finding a preference aggregation rule (or

proving that one doesn't exist) that satisfies a number of self evident axioms20. Formally,

a preference aggregation rule is a mechanism that produces a social preference ordering

by mapping the set of individual preference orderings to a group preference ordering. The

ordering of preferences thus depicts the collective will of the group. Perhaps the most

famous investigation into preference aggregation rules was conducted by Kenneth Arrow.

In Arrow's treatment, each agent in the group has a particular ordering of

preferences along a set of alternatives. The motivation is to find a preference aggregation

rule that maps these individual preference orderings into a group preference ordering

20 Some of the earliest argument against social choice questioned the realism of the founding axioms. As
experimental evidence continues to detract from the results of social choice theory, the debate has become
more intense.



while satisfying five self evident axioms that are assumed to be reasonable for any group

decision process [Campbell and Kelly 2000]. These are the following:

1. non-dictatorship: the preference aggregation rule maps the preference ordering of

more than just one individual.

2. unrestricted domain or universality: the preference aggregation rule can compare

and rank all possible sets of preferences.

3. independence of irrelevant alternatives: given a subset of alternatives, the ranking

given by the preference aggregation rule will not change if orderings outside the

subset change.

4. positive association: if an individual changes his preference order to include a

new alternative then the preference aggregation rule will rank that alternative to

be a least as desirable as it was previously.

5. non-imposition: any possible ordering on the set of alternatives is possible.

The major result of Arrow's theorem-the cause of impossibility-is that if a group has

three or more agents and three or more options in the set of alternatives, then it is

impossible to construct a preference aggregation rule that satisfies all five of the above

conditions at once. While others have argued that there are exceptions to the

Impossibility theorem, most notably [Black 1948] and [Sen 1982], Arrow's work has

become the framework through which the current rational choice literature of group

decision making has developed [Saari 2003].



One of the weaknesses of Arrow's result is that it does not consider the

reactionary nature of group members. In other words, if an agent has advanced

knowledge of the preferences of others he may attempt to manipulate the decision

outcomes of the group. The Gibbard-Satterthwaite theorem attempts to reframe Arrow's

impossibility theorem by looking at preference aggregation from the stand-point of best

mutual response.

Best mutual response is a notion in game theory whereby agents try to pick a

response that maximizes their utility based on:

1. The expected payoffs of their actions

2. The expected actions of others

3. Information used to calculate (1) and (2)

The Gibbard-Satterthwaite theorem begins by defining a mechanism as a social welfare

rule (a game-theoretic version of a preference aggregation rule) that incorporates the

notion of best mutual response in the ordering of preference. That is, agents present

preferences to the group based on how they expect others to respond. However, as this is

a game theoretic approach the result is not a ranking of alternatives, but the selection of

the most preferred outcome. The theorem states that for three or more individuals and

two or more alternatives, one of the following three statements must hold:

dýll



1. The rule is dictatorial

2. There are some alternatives that are non selectable

3. The social welfare function is manipulable, that is, members can affect the

expression of preferences of other members

The key assumption used by the Gibbard-Satterthwaite theorem is that preference

orderings are generated using strictly dominated strategies. In other words, there is a

strict ordering among preferences. However, a weakness in their approach is they do not

allow agents to negotiate and bargain while selecting the group preference. As stated in

the previous section, many consider negotiation to be an integral part of the group

decision process. Bargaining theory is a methodology that allows one to model aspect of

negotiation as a part of the group decision process.

John Nash was the first to apply the axiomatic method to bargaining theory [Nash

1950]. His work is also one of the earliest attempts to model group decision making. In

his approach, Nash stipulates a number of conditions, or axioms, that are used to

characterize the outcome of bargaining interactions. The four axioms used in his

approach are:



1. The bargainers maximize expected utility.

2. Bargaining is efficient. The players fully allocate all of the available resources,

and no player does worse than her disagreement value.

3. The allocation depends only on the player's preferences and disagreement values.

4. The bargaining solution is not affected by eliminating from consideration

allocations other than the solution.

The Nash bargaining solution is a Pareto efficient allocation of utility for agents as

defined by the four previous axioms. According to Nash and verified by others (see for

example [Osborne and Rubinstein 1994]; [Muthoo 1999]; and [Kreps 1990]), the only

solution that satisfies all four axioms is the Nash Bargaining solution. A small number of

alternative axiomatic characterizations of the bargaining problem have emerged (see, in

particular, [Peters 1992]; [Thomson 1994]; or [Young 1994]). Most characterizations

involve finding a solution methodology that satisfies a set of revised bargaining axioms.

Among the axioms put forth by Nash, axiom 4 Independence of Irrelevant

Alternatives (not to be confused with IIA in Arrow's work-they are completely

different) is certainly the most disputed. Work in experimental economics has shown that

Nash's fourth axiom may have limited applicability to real bargaining. This has to do

with the idea that an enlargement of opportunities in the set of alternatives leads to a

reassessment of the utility allocations. [Van Huyck and Beil 1990] found that the

evaluation of utility allocations is tied to the size of the set of alternatives. When players

have a history of making choices from a large set of alternatives, they will look for

alternatives outside the set when its size is smaller than what they are accustomed to. This

result has given rise to alternative axiomatic approaches.



One particular example is an approach taken by [Kalai and Smorodinsky 1999],

based on a suggestion made by [Raiffa 1992]. In this approach they develop a solution

methodology based on a weakened version of Nash's fourth axiom. They call this

revision to axiom 4, 'individual monotony'. This axiom stipulates that the bargaining

solution must increase the utility of a player if the set of feasible utility is extended for

the benefit of this player. This idea is taken further in the Raiffa-Kalai-Smorodinsky

refinement [Kalai 1995]. Here the approach involves the idea of a threat point-the

conditions under which a player can end a bargaining interaction. They Raiffa-Kalai-

Smorodinsky solution selects a feasible payoff pair such that the utility gain of each

player beyond the threat point is proportional to her maximal utility level in their ideal

points.

The Nash Bargaining solution may be best understood as a descriptive tool to

evaluate what form bargaining outcomes may take. Others, such as [Bueno de Mesquita

2005], have shown that under certain circumstances, it can be used as a predictive tool

when analyzing Type 1 Group Decisions (allocation problems). However, there are other

game-theoretic bargaining methods that some scholars consider more useful. These are

found under the generalized heading of strategic bargaining theory, or bargaining that

takes place in a non-cooperative framework. The first work in the field is Rubinstein's

alternating bargaining model.

Rubinstein's model examines how two agents make offers on how to split a unit

resource. This is often called a 'dividing a dollar' or 'dividing a pie' game. In this game,

two players take turns making offers to each other regarding a division. Player 1 makes

an offer (proposal) in even periods and player 2 makes proposals in odd periods. With



each successive turn, the payoffs to both players are reduced by a discount factor. Hence,

Rubinstein's model is a form of an Ultimatum Game 21. The Rubinstein approach uses

subgame perfect equilibria as the solution concept 22. Rubinstein's contribution was to

show that a unique subgame perfect equilibrium exists for this game, which produces a

very simple result. That is, the first proposing agent typically gets more of the dollar and

agents agree to split the dollar early if the discount factor is high enough.

Furthermore, since the whole dollar is allocated, the game doesn't move past

period zero and no discounting occurs. In this case the subgame perfect equilibrium is

Pareto efficient. One shortcoming of Rubinstein's alternating bargaining model is that it

does not extend to the case of more than two players. [Osborne and Rubinstein 1994]

showed this using a three-player variant of a divide the dollar game.

The key point of this negative result is that the 'main force' holding subgame

perfect equilibrium together in the two player case is that deviation is punished by

diminishing returns. When there are more than two players, one can play the other

players off of each other and receive the entire dollar'. Therefore, there are many possible

subgame perfect equilibria that can result. Put simply, in the N player case, Rubinstein's

alternating bargaining model breaks down. Therefore, his approach in applying non

cooperative game theory to bargaining does not apply to more than two players. Since

many group decisions involve more than two agents, Rubinstein's model has limited

applicability to real world problems.

21 See [Gibbons 1993] for a good description of the Ultimatum Game.
22 Subgame perfect equilibrium is a refinement of Nash equilibrium that is used in extensive form games
with perfect information. For a more detailed discussion of the different types of game theoretic equilibria,
please refer to [Gibbons 1993].
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The Baron-Ferejohn model is an attempt to extend Rubinstein's model to N

players [Baron and Ferejohn 1997]. This is accomplished by revising an assumption that

is implicit in Rubinstein's approach. Namely, that the Rubinstein model assumes that

unanimous consent is necessary to make a decision on an allocation. Baron and Ferejohn

do away with this and assume that only a simple majority is required to produce a

decision.

However, unless all the agents are alike (all have the same utility functions), the

Baron and Ferejohn model also has multiple equilibria. When the agents are different

there is a sequentially perfect equilibrium that can support any division of a dollar. They

attempt to eliminate some of equilibria-though not necessarily all [Meirowitz 2004]-

by examining only stationary equilibria (agents never change an offer once they make it).

Like the Rubinstein model, the Baron-Ferejohn model has limited applicability to

modeling real world group decisions.

In general, strategic bargaining has a number of technical limitations that limit

applicability to group decision problems of interest to ES. Most important in this regard

is the one discussed in Chapter 1 that they are focused only on resource allocation and not

finding best solutions (type 1 rather than type 2 decisions). That is, the methodology is

entirely centered on a non-cooperative approach to group decision making. As discussed

in chapter 1, Type 2 Group Decisions blend elements of non-cooperation and

cooperation. Reputation is an important cooperative element that has been empirically

shown to have impact on group decision making processes.

Rational choice and game theoretic approaches have only begun to incorporate

reputation effects. Even so, these approaches are still relatively simplistic and rarely



empirically based. Some even argue that applying the axiomatic approach to modeling

group decision making is inherently limited. One possible alternative approach is

simulation.

(2-3) Simulation

The advent of computing technology has offered an alternative to traditional

axiomatic approaches. This has become widely known as computer simulation. The true

strength of computer simulation is the ability to model non-linear interactions. In group

decision making this implies the ability to incorporate both the cooperative and non-

cooperative aspects of decision making simultaneously. In terms of simulation

methodologies there are two methodologies that one might consider: system dynamics

and agent based modeling 23.

System dynamics is a methodology that is used to understand the behavior of a

complex system over time. It was developed by Jay Forrester at MIT in 1957 and has

been used to model a myriad of complex systems in the domains of business, economics,

and political science [Forrester and Senge 1996]. Models are constructed by first

identifying the major pieces, or parts, of the process. These may include the Measures of

Effectiveness (MOEs) that indicate how a model is behaving according relative to a

particular outcome of interest.

The next step in constructing a system dynamics model is to connect the pieces

and formalize how they interact. This is accomplished by forming links and specifying

23 The agent based modeling (ABM) literature is a large field. Many ABM approaches use evolutionary
game theory. Evolutionary game theory uses replicator dynamics to model agent interaction. For a good
description of replicator dynamics [see for Weibull 2000 or Gintis 2000]. One weakness of this approach is
in empirically deriving the replicator equations needed to describe a 'real world' problem. Because of this
limitation we use a more traditional utility function approach for our agent based model (see chapter 4).



the sequence, or chain of events that occurs as the events in a model unfold. This is

represented by arrows, directed links between different parts of a model. These links also

specify what type of causal relationship, or feedback, exists between the different pieces.

Some links may reinforce inputs received from a previous piece of the model; others may

diminish the effect through negative feedback.

After a model has been specified it is implemented into a System Dynamics

simulation package such as Vensim or Stella. A time history is generated of the outputs,

and one examines how system complexity may give rise to unanticipated results. The

results are then tested against historical data to measure how closely the model predicts

reality24

Unfortunately, system dynamics is not an appropriate tool to model group

decision making. The underlying reason is that group decision making involves agent

adaptation. This means that a group decision-making process involves agents learning

from past mistakes, building reputations, and negotiating decision outcomes. Through

negotiation they make assumptions regarding the interests of other stakeholders and they W

propose alternatives based on the anticipated actions of others. As agents adapt, they

acquire new behaviors. In other words, the very nature of a group decision making

process evolves in time. This evolution necessarily involves emergence. As modeling

structures in systems dynamics are static, they are ill-equipped to account for the

emergent aspect of group decision making25. However, agent based modeling might offer

an alternative.

24 One problem with system dynamics and simulation in general is that it is difficult to validate the casual
relationships to physical reality. Hence, it is easy to misrepresent the predictive accuracy of a simulation.
25 This is also the reason why game theory is not entirely appropriate to study group decision making. The
emergent aspects of group decision making involve reputations and learning. As March argues, game



Agent-based modeling examines the evolution of group behavior by using simple

rule-sets that govern agent interactions [Reynolds 1999]. In terms of decision making,

agent interaction gives rise to emergent behaviors that affect how they bargain, learn, and

express preferences in groups [Holland 1999]. Even though the rules governing the

dynamics of agent interaction are fairly simple, agent based modeling can be used to

model systems that exhibit great complexity-systems that require holistic examination,

not simply analysis of the individual components of group decision making.

Axelrod was the first to apply agent based modeling to this type of problem

[Axelrod 1984]. In his famous work he investigated the outcomes of agent interaction

using the repetitive prisoner's dilemma. Contrary to game theoretic dogma, cooperative

outcomes occurred at much greater frequency than predicted by traditional analysis.

Unfortunately, Axelrod's approach is not compatible within a committee decision making

framework. Firstly, in Axelrod's approach there is no set of alternatives in which agents

can form alternatives 26. Second, no bargaining or negotiation occurs between agents.

Lastly, the prisoner's dilemma is limited in that it does not explicitly incorporate

reputation building via expertise. Axelrod focuses on the emergence of cooperation under

a non-cooperative framework. This does not explicitly map to group decision making

problems of interest to ES27.

Furthermore, no work has simultaneously addressed both the non-cooperative and

cooperative aspects of group decision making. That is, no work has incorporated the three

salient elements of group decision making:

theory has not fully incorporated these artifacts-and most likely will not be able to do so due to
constraints in game theory's axiomatic approach.
26 They only consider game outcomes, or more explicitly, the payoffs associated with outcomes.27 Type 2 Group Decisions



1. Negotiation

2. Coalition Formation a

3. Reputation Building

In the international relations literature, Bueno de Mesquita addresses (1), but only

partially (2) and (3) [Bueno de Mesquita 2005]. He uses an agent based model to model

group decision making on a single issue. The process by which this is accomplished is as

follows:

1. Identify the stakeholders

2. Identify stakeholder preferences on a given issue

3. Identify elements used by stakeholders to make a decisions (such as information)

4. Predict group outcomes using spatial bargaining

Spatial bargaining involves identifying clusters of stakeholders whose preferences

are close to being alike. The size of a coalition is determined by the number of

stakeholders contained within a certain radius (stakeholders whose preferences are within

XX% of each other form a coalition). The ideal preference of a coalition is determined by

the median point (spatial preference) of the stakeholders of the coalitions. These

coalitions then use these median points and bargain amongst each other. The bargaining

outcome is determined using the Nash bargaining solution. The generated outcome of the

winning coalition is designated as the group outcome.



While Bueno de Mesquita's approach is meritorious and addresses many of the

non-cooperative aspects of group decision making, it does not fully address both

cooperative and non-cooperative aspects (reputation, learning, strategic interaction). An

opportunity exists to construct a holistic model of group decision making one should

address both aspects. The model we construct in chapter 4 addresses this opportunity.

(2-4) Linking Cooperative and Non-Cooperative Aspects of Group
Decision Making

Collaboration in group decision making is not a single shot affair, as is often

found in game theory. It is a continuous process. According to [Lei et al. 1997], different

phases in the evolution of a group decision making structure require an ongoing

managerial task of balancing cooperation and non-cooperation to develop the benefits of

multiple competitive view points. Multiple viewpoints, in turn, act as an artifact to spur

learning. We discuss this further by first examining the negotiations and conflict

resolution literature.

Negotiation involves reaching consensus between multiple stakeholders so that

their unique individual interests are maximized as much as possible28. However, in order

to produce efficacious decisions it is necessary for stakeholders to creatively interact with

each other-exchange knowledge-and create integrated standards. According to

[Susskind and Thomas-Larmer 1999], agreements that are made through consensus tend

to be more creative and easily implementable than decisions that are made in more

28 In regards to group problem solving, individual agents promote their solution to a group problem.
However, through information exchange and negotiation the value of different solutions are debated. As a
result new solutions are formed.
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traditional ways. However, the conditions under which the negotiations take place greatly

affect the outcome.

Work in the political science group decision making literature has addressed this

issue in terms of goal setting [Jervis 1976]. Jervis argue that group decision outcomes are

efficacious when either of the following occurs:

1. There is the presence of common threat or risk

2. A hegemon is present in the negotiation process

[March 1994] argues that these conditions do not guarantee efficacy, however. The

hidden variable in the two conditions above is expertise. Expertise is the ability of agents

to observe information and choose an appropriate decision response [March 1994]. Thus,

agents correlate their preferences based on information they receive regarding the

external operating environment. In other words, they propose the best possible solution

based on how they interpret information they receive. Agents with expertise possess the

ability to determine efficacious alternatives, given information inputs, a high percentage

of the time.

However, an agent's ability to select the best decision alternative does not insure

that a group decision is efficacious. If others do not share his point of view then he must

convince them to adopt his alternative. Furthermore, each agent may only partially

understand the problem. In order to facilitate an outcome they must jointly discuss

interpretations of the problem in order to arrive at a creative solution. This aspect of

group decision making involves learning and reputation. Based on an agent's standing, or



reputation within a group, others may defer their preference. In this sense, agent

preferences are correlated with reputations within a group.

Furthermore, group decisions can be regarded as mutual gains negotiations

[Susskind and Cruikshank 1989]. This is a process of negotiations that seeks "all-gain"

rather than "win-lose" solutions to group problem-solving. Work in this field holds that

group decision making in Socio-Technical systems are not zero sum games. Susskind

maintains that mutual gains negotiation builds on an integrative approach to group

decision making [Susskind et al. 1998]. The aim of the mutual gains negotiation is to find

the best solution to a problem by "getting what you want by making sure the other side's

concerns are addressed."-the Best Alternative to a Negotiated Agreement (BATNA) 29.

Others such as [Fisher et al. 1991] maintain that BATNA is the standard against

which any collaborative negotiation is to be measured--the boundary which stakeholders

use to determine if they will continue to negotiate with others. Hence the notion "no party

would choose to be part of a negotiation if what it can obtain away from the table is better

than what it is likely to get by negotiating" [Susskind and Cruikshank 1989, p. 81].

Furthermore, "if a party sees an opportunity to get more than its BATNA through

negotiation, it has ample reason to stay at the table"

[Sabel 2004] expounds upon this point by arguing that the main aim of

negotiations and consensus building is to solve otherwise intractable problems. This

fundamentally involves learning and knowledge creation/transfer. [Nonaka 1996] and

others in the Knowledge Creation literature have defined rough usage categories for

29 In Type 2 Group Decisions stakeholder BATNA does not necessarily disappear (i.e. if the solution of the
group problem is not perceived to be universally important). However, in cases where a decision must be
made-as is the case with the FOMC-BATNA should be near zero or even negative. This provides
incentive to cooperation and is similar to the notion of disagreement point in the bargaining literature.



knowledge-tacit and explicit-however, they have not defined a way to measure

knowledge in ways that bear a direct impact on reaching a decision outcome.

Furthermore, the terms information and knowledge are often used

interchangeably. [Huber 1991], makes clear the distinction in that information is data

input used to complete work and generate new knowledge, whereas knowledge is the

know-how necessary to complete tasks. Expertise is thus defined as the level of

knowledge an agent possesses to make use of information inputs. Furthermore, [Argote

and Ophir 2002] implies that group social conventions greatly impact the ability to

transfer knowledge and grow expertise in a group. He also argues that the inherent levels

of expertise in a group affect the rate at which new members learn. That is, knowledge

transfer is most efficient when there is an even distribution of high and low expertise in a

group, or when members with different backgrounds are present.

Individual learning is related to group knowledge creation and knowledge transfer

in the following way. Group learning is the generation of new knowledge based on

experience. That new knowledge becomes individual knowledge once it has been

transferred to other stakeholders who, through, negotiation and debate recognize the

importance of such knowledge. Thus, new knowledge is viewed as being valuable if such

knowledge is perceived as being applicable or useful in group problem solving. [Staw

1976] maintains that the rate at which individuals and groups learn is the only critical

attribute of group decision making.



(2-5) Chapter 2 Summary

In this chapter we found that while the qualitative approach addresses both the

cooperative and non-cooperative aspects of group decision making, the quantitative

approach has focused exclusively on non-cooperation. Furthermore, rational choice and

game theory are limited by the axiomatic approach. However, the work done on coalition

building is a useful starting point for the non-cooperative aspect of Type 2 decisions and

will be relied upon in this thesis. Specifically, we are building on the work of Axelrod

and Bueno de Mesquita in this thesis. Agent based modeling is a potential alternative to

the axiomatic approach and they have begun to be developed to deal with cooperative and

non-cooperative types of group decisions.



Chapter 3: An Empirical Study of the FOMC Decision
Making Process

(3-0) Empirical Analysis of the FOMC

This chapter examines the effect of information inputs on the formation of initial

bids30, deliberation time, and efficacy in the FOMC decision making process. Information

inputs, in this case, are forecasts used by FOMC members to derive the best target fund

rate. These inputs define decision variables used by FOMC members when determining

their target fund rate preferences.

The qualitative literature reviewed in Chapter 2 stresses the importance of

information ambiguity. The first part of this chapter considers the uncertainties in input

variables that are used by FOMC members to make decisions. These variables include

forecast information (all of which are 2-month look-ahead forecasts). The effect of these

uncertainties on decision making is evaluated by determining which input strongly

influences the starting bids of FOMC members. We find that inflation forecast

uncertainty has the most impact and we thereby identify it as most critical factor in

information ambiguity.

We then proceed to investigate the impact of inflation forecast uncertainty on

deliberation time. Deliberation time is defined as the length of the FOMC decision

making process. The next step is defining and evaluating FOMC decision making

efficacy in the context of the Taylor Rate. This is a relative measure which we then study

over the full range of inflation forecast uncertainty. This chapter generates a number of

empirical findings we identify at various points in this discussion.

30 The number of target fund rate proposals offered by members at the beginning of the FOMC decision
process.



(3-1) FOMC Decision Making Process and Data

The FOMC decision making process involves a multiple number of stages. The

process as a whole is given the name 'Policy Go-Round'. The first stage involves the

chairman giving a formal statement, where he defines the problem as he sees it and puts

emphasis on key pieces of data supporting his view (though he does not express a

preference). The second stage involves the statement of initial preferences by each

FOMC member.

After this, a third stage begins whereby FOMC members discuss, debate, and

negotiate regarding the appropriate monetary action to take-to raise or lower the target

fund rate and how much should it be raised or lowered. This stage can involve a multiple

number of interactions between FOMC members, as they discuss and debate the policy

problem. This continues until a winning coalition (by majority rule) becomes evident.

This involves free discourse between FOMC members. However, the chairman can exert

some level of influence by acknowledging others that he wishes to have speak as he gives

his comments. Whether or not a chairman use this tactic is determined greatly by

personal preference. For example, Bums allowed open and free debate among members,

and only used this tactic when it looked like the decision process was becoming unruly.

Greenspan on the other hand, used it liberally after his first year as chairman. The fourth

stage is where the final vote is taken and the target fund rate is set.

The number of starting bids is determined by the subset of FOMC members that

have unique target fund rate preferences at the beginning of the negotiation process for

each FOMC meeting. The target fund rate preferences are taken from [MacGregor et al



2005] (please refer to chapter 1). The number of starting bids is used as the dependant

variable in examining the effect of information inputs.

The data set of independent variables used in this analysis is obtained from the

FOMC blue book 31 . All are two month look-ahead forecasts. These variables include:

1. Change in Inflation: dl -Expected change in the inflation rate (a percentage)

2. Forecast Uncertainty in the Inflation Rate: 'Inflation = dl(a) -Forecasted range in

the predicted change in the inflation rate (a percentage)

3. Change in Unemployment: dE,-Expected change in the unemployment rate (a -

percentage)

4. Forecast Uncertainty in the Unemployment Rate: Ulnemployment =dEu (7)-

Forecasted range in the predicted change in the unemployment rate (a percentage)

5. Change in GDP: dGDP -Expected change in the GDP growth rate (a

percentage)

6. Forecast Uncertainty in the GDP Rate: OGDP = dGDP(c)-Forecasted range in

the predicted change in GDP growth rate (a percentage)

The Blue Book is given to each FOMC member approximately one week before

each scheduled meeting. These data are public source; although, there is a five year lag

on publication (currently the latest available Blue Book is from 2003). Data was captured

for the time period for 1970-1994.

31 The Blue Book copies for historical FOMC decisions are available at www.federalreserve.com



(3-2) Information Inputs

This section examines the impact of information inputs on the FOMC decision

making process. [March 1994] suggests that information ambiguity is a possible cause

behind the number of starting bids. However, we need to examine how best to define

information ambiguity. In the bargaining theory and organizational economics literatures,

information ambiguity is the range of values in an information measure arising from

imperfect measurement-an absolute uncertainty measure. Behavioral economics,

suggests that this definition does not completely capture human decision making

behavior. Work in this field suggests that information ambiguity is best understood as

relative uncertainty-the range of values over the expected value.

March suggests the two approaches are not necessarily incompatible. He argues

that their application depends greatly upon the nature of the group decision process. He

makes the distinction clear in terms of comparing the domains where each has the most

impact.

Relative Uncertainty applies when agents are trying to evaluate the attractiveness

of a commodity bundle.

Absolute Uncertainty applies when agents are making decisions using heuristics

to explain exogenous behavior.

One may reason that FOMC decision making falls into the latter case. This would be

consistent with current research in monetary policy, as when higher absolute forecast



uncertainty allows more possible monetary rules to be applicable [Taylor 1995]. This

means that there are a larger number of potential alternatives, because the ideal points of

central bank members become more distributed. This results in a larger number of

starting bids.

However, this has not yet been tested empirically. It may be possible that relative

uncertainty may impact the number of starting bids. The relative importance of

uncertainty in inflation, unemployment and GDP growth has also not been empirically

investigated. In this analysis we investigate the impact of both relative and absolute

uncertainty in each of these variables on the number of starting bids. We broadly classify

these types of independent variables as follows:

* Absolute Uncertainty Variables

* Relative Uncertainty Variables

The purpose of this analysis is to explain observed variation in the number of starting

bids in the FOMC decision process by finding which variables are most important in

information ambiguity. In selecting an appropriate independent variable we look for one

that explains the most variation in the number of starting bids data set.

(3-3) Framing the Approach

In this analysis we examine which of the six independent variables, information

input, or combination of inputs, has the strongest impact on the number of starting bids.

As discussed in the previous section, these are:



1. Change in Inflation: dl -Expected change in the inflation rate (a percentage)

2. Forecast Uncertainty in the Inflation Rate: aination = dI(a) -Forecasted range in

the predicted change in the inflation rate (a percentage)

3. Change in Unemployment: dEu,-Expected change in the unemployment rate (a

percentage)

4. Forecast Uncertainty in the Unemployment Rate: Unemployment =dEU (a)-

Forecasted range in the predicted change in the unemployment rate (a percentage)

5. Change in GDP: dGDP -Expected change in the GDP growth rate (a

percentage)

6. Forecast Uncertainty in the GDP Rate: rGDP = dGDP(a)-Forecasted range in

the predicted change in GDP growth rate (a percentage)

Our approach will examine relative uncertainty (Approach 1) and absolute

uncertainty (Approach 2) of these information inputs and how they influence the number

of starting bids. We begin by showing how relative uncertainty measures can be

constructed using the independent variable set data. In Approach I we examine the

impact that several different combinations of the relative measures may have on the

number of starting bids. This is illustrated as three different steps which that we label as

Step R1, Step R2, and Step R3.

For Step R1 we use the relative uncertainties of the independent variables. We

calculate the respective measure by dividing the inflation forecast uncertainty by the

forecasted inflation rate, unemployment forecast uncertainty by the forecasted



unemployment rate, and GDP growth forecast uncertainty by the forecast GDP rate.

These calculations are depicted in the equations below.

Step RI

1. Re lativealnjlation = OInflation

dl

2. Re lative =nuempUoymet -UUnemployment
dE

U

3. Re lativeUGDP GDP
dGDP

For Step R2 we

are two different ways

(in this methodology

independence). If they

the uncertainties must

illustrated below.

examine combinations of the relative uncertainty measures. There

to do this, which depend upon the independence of the measures

we utilize covariance analysis to determine the level of

are independent then one can simply multiply them. Otherwise,

be propagated. The way in which they would be propagated is



Step R2

a ainflation 'Unemployment1. Combine a tion and Unempoymen flionUnempoyment
1. Combine aon Unemployment Forecast

2. Combine nation and a GDP Inflation GDP

Forecast

3. Combine aUnemployment and GDP GDPUnempoyment
Forecast

For Step R3 we aggregate all of the relative uncertainties. This is illustrated in the

equation below.

Step R3

1. Combine uInflation , oUnemployment and aGDP: CForecast

Forecast

The second approach that we take examines absolute uncertainty. Like the first approach,

this also involves a series of steps. In order to illustrate this process we can label them

Step P1 and Step P2. In Step P 1 we look at the magnitude of an absolute uncertainty for a

single independent variable.



Step P

1. Change in Inflation: dl -Expected change in the inflation rate (a percentage)

2. Forecast Uncertainty in the Inflation Rate: nflation = dl(a) -Forecasted range in

the predicted change in the inflation rate (a percentage)

3. Change in Unemployment: dEu--Expected change in the unemployment rate (a

percentage)

4. Forecast Uncertainty in the Unemployment Rate: 7
Unemployment = dEU (C) -

Forecasted range in the predicted change in the unemployment rate (a percentage)

5. Change in GDP: dGDP -Expected change in the GDP growth rate (a

percentage)

6. Forecast Uncertainty in the GDP Rate: -GDP = dGDP(a) -Forecasted range in

the predicted change in GDP growth rate (a percentage)

In Step P2 we examine combinations of each of the six independent variables

above. Unfortunately, there are too many combinations to list these exhaustively. Thus,

we only present the schema for testing each combination. Again, if there is some

correlation among the variables then the propagated form that we illustrated in R2 and R3

must be used. This schema that we will follow for Step P2 is listed below.



Step P2

1. Any Combination

variables

2. Any Combination

variables

3. Any Combination

variables

4. Any Combination

variables

of the independent variables from P1 that result in a group of 2

of the independent variables from P1 that result in a group of 3

of the independent variables from P I that result in a group of 4

of the independent variables from P that result in a group of 5

5. Combination of the independent variables from P to form a group of 6 variables

The purpose of the approach that we have outlined is to find

independent variables that can account for the largest amount of

dependant variable (the number of starting bids). To do this we

Component Factor Analysis (PCFA) as methodology to aid us.

a minimal set of

variation in the

apply Principle

(3-4) Methodology

PCFA is the most common form of factor analysis, a methodology that has

traditionally been used to reduce the number of factors (variables) in a variable set. PCFA

does this by using a linear combination of variables such that the maximum explained

variance in a response variable is extracted from the independent variable set. The

method then removes the variable with the lowest explained variance and seeks a second

linear combination that maximizes the remaining explained variance. This process is



iterated until some minimal linear combination of the independent variables can explain

the maximum proportion of the variance.

PCFA calculates the explained variance of a factor by calculating the eigenvalues

of the covariance matrix. The eigenvalue for a given factor measures the variance in all

the variables which is accounted for by that factor. The ratio of eigenvalues is the ratio of

explanatory importance of the factors with respect to the variables. If a factor has a low

eigenvalue, then it is contributing little to the explanation of variances in the variables

and may be ignored as redundant with more important factors. Thus, eigenvalues measure

the amount of variation in the total sample accounted for by each factor.

In order to identify a minimal independent variable set we iterate PCFA for each

factor. This is performed by recursively applying PCFA-calculating the eigenvalues and

explained variance for each variable using Statistica-and recording the outcomes. Next

the independent variable that has the highest eigenvalue is recorded, as well as its

explained variance, as the result of that run. A subsequent PCFA analysis is performed on

the reduced set-the variable from the previous run is removed-and the variable set

with the highest eigenvalue is recorded as the result of this new run. This process is

repeated until the entire set of independent variables is exhausted. For example, in

Approach 2 we examine six possible independent variables. Thus, six results will be

generated-one for each independent variable-and the results of each run recorded.

PCFA is applied first to the entire history of FOMC decisions and then to each

separate chairman era: Burns (1970-1978), Volcker (1979-1987), and Greenspan (1987-

1996) eras separately. In Approach 1 we present the results explicitly as Step R1, Step

R2, and Step R3. The results for Approach 2 cannot be presented in this way. Instead, we



begin by aggregating all the independent variables and examining the impact on the

variance. The independent variable that has the lowest eigenvalue (contributes the least to

explaining the variance) is then excluded in the next iteration. The explained variance is

then computed for this reduced set. This is continued until we have excluded all but one

of the independent variables.

(3-5) Results of the PCFA Analysis

We present the results for Approach 1 in Table 3.1. The variables are grouped

according to whether they are assessed in Step Ri, Step R2, or Step R3. We then present

the amount of variance that each explains to the right in the table. We have broken this

apart by the effect on the number of starting bids for the entire FOMC history from 1970-

1996 and also for each of the chairman eras: Burns (1970-1978), Volcker (1979-1987),

and Greenspan (1987-1996).



Table 3.1: Summary of the Relative Signal Results (Approach 1)

FOMC Era
Approach 1

All Bums Volcker Greenspan

Step Test % Variance % Variance % Variance % Variance

R1 Test 1 ": Forecast 26.4 26.4 26.4 26.4
Forecast

Test 1: Inflation Unemployment 16.2 16.2 16.2 16.2
Forecast

R2 Test 2: 'InflationGDP 14.0 14.0 14.0 14.1
Forecast

Test 3: 'GDP Unemployment 26.4 26.4 26.4 26.4
Forecast

Test 1: Inflati" 0 0 0 0
dl

R3 Test 2: Unemployment 16.2 16.2 16.2 16.2
dEu

Test 3: CGDP 14.0 14.0 14.0 14.1
dGDP

As the table above indicates, none of the variables, or their combinations with

each other, can explain more than 27% of the variance. The best factor (the aggregate of

the relative uncertainty measures) explains -26.4%. Furthermore, Inlation , the relative
dl

change in inflation measure, explains no variance at all. The other independent factors are

somewhat better in explaining the variance; however, neither exceeds 20%.



Accordingly, the explanatory power of all measures listed in Approach 1 is not

adequate and thus these relative measures are not the relevant metrics for information

ambiguity. This result confirms March's prediction that relative uncertainty is not an

appropriate metric to use when studying a group decision process like the FOMC32. We

now turn to the set of measures that, according to March, may have some explanatory

power: the absolute measures.

We present the results for Approach 2 in Table 3.2. The variables are grouped in

descending order from the largest variable set (Test 1) to the minimal variable set (Test6).

Each test represents the set of variables that can explain the maximal amount of variance

for a set its size. In other words, Test 2 consists of five variables. The set of five variables

that best explain the variance in dependant variable (the number of starting bids) are: dl,

CInflatio,,, dEU, 9Unemployment , and arGDP(GDP growth was eliminated as the least influential

variable). This continues until Test 6 where a single variable (inflation forecast

uncertainty) is listed. The explained variance was calculated for the entire FOMC history

from 1970-1996 and also for each of the chairman eras: Burns (1970-1978), Volcker

(1979-1987), and Greenspan (1987-1996). It was found that the ordering of the variables

and their predictive power did not change between eras.

32 March predicts that absolute uncertainty will have more impact of group decision making processes that
are problem solving centric. When the emphasis is on problem solving, absolute uncertainty increases the
number of potential unknowns that may impact the decision. As a result, more heuristics and decisions
rules may apply to solving the problem. This is observed empirically by an increase in the number of
starting bids.



3.2: Summary of the Absolute Signal Results

As the results show, the variable that is most effective in explaining the variance

in the dependent variable is rlJnjation (inflation forecast uncertainty)3 3. It explains -94.4 %

of the variance. Furthermore, this appears to be almost the same value for all three

FOMC eras. The Bartlett heuristic tells us that any minimal variable set that explains

more than 90% of the variance is suitable for use as an independent variable and we will

do so for our further work. We present this as our first empirical finding.

Empirical Finding 1: Inflation forecast uncertainty as a single variable explains more

than 94% of variance in the independent variable. We identify it as the single most

important source of information ambiguity for FOMC decision making.

33 An entry of 1 in the table indicates that the effect of the associated column variable is present as a linear
combination to explain the variance in the number of starting bids data set.

Approach 2 Signals % Variance

Test dl orInlation dEU  %Unemployment dGDP ocGDP All Burns Volcker Greenspan

Test 1: 1 1 1 1 1 1 99.9 99.9 99.9 99.9

Test 2: 1 1 1 1 1 99.9 99.9 99.9 99.9

Test 3: 1 1 1 1 99.3 99.1 99.3 99.6

Test 4: 1 1 1 98.9 98.8 98.9 99.1

Test 5: 1 1 97.7 97.5 97.9 98.1

Test 6: 1 94.5 94.4 94.4 94.8

Table (Approach 2)



Whereas work in this section has focused on identifying a relationship between inflation

forecast uncertainty and the number of starting bids, we have not yet discussed the nature

of this relationship. Our next step is to examine this relationship by studying how

inflation forecast uncertainty affects the formation of starting bids, as well as,

deliberation time in the FOMC decision making process.

(3-6) The Effect of Inflation Forecast Uncertainty on the Number of

Starting Bids and Deliberation Time

This section discusses the effect that inflation forecast uncertainty has on the

number of starting bids formed during the FOMC group decision process, as well as the

deliberation time. We begin the analysis by plotting the independent variable (inflation

forecast uncertainty) against the dependent variable (number of starting bids). This is

done for each era of FOMC decisions making. In order to make the trends easier to see

we create a best fit line using Matlab's line fitting function. This fitted function or the

coefficients cannot be interpreted in any useful way; the purpose of the fitting is only to

help simplify the visualization. This information is in turn displayed graphically in figure

3.1.



Figure 3.1: Forecast Uncertainty versus the Number of Starting Bids

As figure 3.1 shows, the number of starting bids increases monotonically as the

inflation forecast uncertainty, oinf, increases. In almost every case, there is minimal

overlap in dispersion bounds between each number of starting bids bin. One observes that

the effect of inflation forecast uncertainty on the number of starting bids does not change

between chairman eras. This is our second empirical finding.

Empirical Finding 2: The effect of inflation forecast uncertainty on the number of

starting bids is indistinguishable for the three chairman eras.
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This finding indicates that there is something inherently invariant as to how

FOMC members process and adapt to informational ambiguity. Further, when inflation

forecast uncertainty is - 2.0 there appears to be an inflection point in the graph. This

appears to be a transition point as to how the number of starting bids increases as a

function of inflation forecast uncertainty. When the uncertainty is less than 2.0 the

number of starting bids grows at a slower rate than when the uncertainty is greater than

2.0 ( a slight slowing in the rate is seen at uncertainty of -1.5 but this is judged to be

less firmly established empirically than the increased rate at -2.0).

A further interesting question is to examine how our measure of information

ambiguity influences the deliberation time. To explore this question, we plot the

independent variable (inflation forecast uncertainty) against the deliberation time of the

FOMC decision making process. Deliberation time is taken directly from transcripts of

FOMC meetings34. We separate the data set according to each FOMC era. We again

create a best fit line using Matlab's line fitting function to provide clarity in the visual

presentation. This information is displayed graphically in figure 3.2.

34 Again these transcripts are available online at www.federalreserve.com. Please refer to chapter 1 for
further discussion.



Figure 3.2: Forecast Uncertainty versus Deliberation Time

As chart 3.2 shows, the deliberation time increases monotonically as the inflation

forecast uncertainty increases. Interestingly, there is now no inflection point at either 1.5

or 2.0. There is also minimal difference in deliberation time between eras. These

observations represent two additional empirical findings that we now state.

Empirical Finding 3: The deliberation time increases monotonically as forecast

uncertainty increases.

Empirical Finding 4: The effect of inflation forecast uncertainty on deliberation time is

indistinguishable for the three chairman eras.

In this section we have discussed the impact on information ambiguity (inflation forecast

uncertainty) of the number of starting bids and deliberation time. In the next section we
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examine the effect on inflation forecast uncertainty on the relative efficacy of FOMC

decisions.

(3-7) Defining and Assessing Relative FOMC Decision Efficacy

We begin our examination by defining the data sets that will be used in this

analysis. The treatment set consists of the 42 decisions where an initial majority (winning

coalition) does not exist. The control set is a random sample of 42 decisions where a

majority does exist at the beginning (out of 332 where this is true). Hence, our data set

consists of 84 FOMC decision outcomes. To calculate decision efficacy we make use of

the Taylor Rate (please see chapter 1). The Taylor rate determines ex post the optimal

target fund rate. It has the benefit of using more refined historical data and market

responses in order to determine what the optimal monetary response should have been.

By comparing the difference between an FOMC group decision outcome and the

optimal target fund rate according to the Taylor Rate we can approximate the relative

efficacy of FOMC decisions. This is accomplished by defining the best decision

alternative for an FOMC decision as the alternative that is closest to the Taylor rate.

Efficacy in the decision process is then defined as the percent difference between the best

decision alternative and the final FOMC decision.

In order to examine efficacy as a function of information ambiguity, we plot the

efficacy values against inflation forecast uncertainty. This is depicted in figure 3.3.



Figure 3.3: Relative Decision Efficacy versus Inflation Forecast Uncertainty

As chart 3.3 shows, the relative efficacy of FOMC decisions decreases as inflation

forecast uncertainty increases. This signifies our fifth empirical finding

Empirical Finding 5: As inflation forecast uncertainty increases, relative FOMC

decision efficacy decreases. The falloff is gradual and only begins when inflation

uncertainty is above 1%

While the relative efficacy does decrease, it does not appear to greatly diminish. Even at

maximal inflation forecast uncertainty, relative efficacy is -85%. There are many

possible reasons behind this observation. We will discuss these at more length in chapter

6.
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(3-8) Chapter 3 Summary

This chapter examined the effect of information inputs on the formation of initial

bids, deliberation time, and efficacy in the FOMC decision making process. This process

generated a number of empirical findings we identified at various points in this chapter.

In Chapter 5 we will add additional empirical findings as we investigate the effect of

reputation effects on FOMC decision making. In Chapter 6 we will summarize all the

empirical findings and discuss their interrelationships.



Chapter 4: Creating the Agent Based Model

(4-0) Introduction to Agent Based Modeling Approach

In this chapter we propose a simple agent based model (ABM) that can model

group decisions of interest to ES. In Chapter 5 we will apply this simulation to study

FOMC decision making. As mentioned in Chapter 1, group decisions that are most

relevant to ES involve aspects of both non-cooperative and cooperative behaviors: Type 2

Group Decisions. We begin by constructing the modeling components for the non-

cooperative aspects of Type 2 group decisions problem (4-1)-(4-7). This is labeled as the

base model, which represents cases where agents are not affected by learning or

reputation. Here agents propose their preferred solutions to a problem and the final group

decision is arrived at through a process of negotiation between group members. To fully

model Type 2 group decisions we must also integrate modeling components that capture

the effect reputation and learning on the decision making process. These represent the

cooperative aspects of Type 2 Group Decisions (4-8)-(4-9). The addition of these

components to the base model constitutes a refined model that fully addresses Type 2

Group Decisions.

The derivation of the model is initially limited to a single issue. However, in

section 4-7 we discuss extending the approach to multiple issues. An issue consists of a

set of alternatives that represent a potential decision outcome for that issue. In order to

simplify our approach, we assume that alternatives are single valued and can be mapped

to the real line.



A group decision consists of agents, each of whom has a favored decision

alternative. We call this the agent's ideal point. This ideal point represents what the

agent considers to be the best solution to the problem at hand. Other agents may or may

not agree as to what the best solution is; in other words, their ideal points may differ.

Under the base model, the ideal points of agents do not change. However, when we apply

the refined model then ideal points can change based on the influence of learning and

expert opinion (based upon reputation differences). In both cases, agents must interact

and compromise in order to bring about consensus in group decisions.

In the base model we assume that agents undergo no learning and thus place no

stock in the ability or opinions of more experienced and expert members. In this very

limited case, agents reach consensus through coalitional bargaining. In other words,

agents attempt to band together with others whom they perceive that share their views.

The group decision rule determines how many agents must band together in order to

reach consensus and render a decision outcome (for example majority rule). This denotes

the winning coalition and the group decision outcome is their consensus alternative.

In many ways, this base model is not satisfying to those who would study ES

problems. For instance, many standards setting committees and design review boards

(and possibly the FOMC) are influenced by and learn from expert members. Furthermore,

they observe the repercussions of their decisions, try to learn from past mistakes, and

attribute reputations to members.

As [March 1994] notes, technical committees may begin as a non-cooperative

entity, but over time they become cooperative-entities that focus on finding the best

possible solution to a problem. To a large extent this involves three essential elements.



1. Understanding the utilities of other agents

2. Understanding the repercussions of decisions

3. Reputation Effects

Understanding the utilities of other agents means understanding how other agents

evaluate problems and formulate solutions (defining ideal points). This allows an agent

to more effectively interact with other agents and avoid potential pitfalls while attempting

to reach a group decision. Conversely, an agent who knows the ideal points of others

(while this information is not available to other agents) could conceivably manipulate the

group decision. When member ideal points are common knowledge to all, then the

negotiation process becomes more efficient. Everyone knows where everyone else stands

and agents can focus on problem solving. This information can be gained through pre-

meeting communications, being told by an exterior entity (such as a manager or

colleague), or from distilling personal patterns of behavior through repeated interaction.

Unfortunately, an efficient bargaining process does not insure that decision

outcomes will be generated. If a decision making process is predominately non-

cooperative, then complete and perfect knowledge of other players' ideal points may

reveal that their objectives are disjoint and the decision process breaks down (a consensus

outcome is not in the best interest of committee members). However, if information is

less than perfect then players' may propose solutions that do necessarily maximize their

self-interest because the calculation of payoffs is not obvious. In other words, players are

attempting to maximize their interests based on their beliefs (which may be formed using

fallacious or imperfect information). If these beliefs lead to an expansion to the number



of alternatives that players will consider, then the likelihood of reaching a compromise

increases (there are more possible negotiation points). Hence, for Type 2 Group

Decisions that are predominately non-cooperative, imperfect information may help

facilitate a decision outcome 35

However, this does not insure that an efficacious decision is made. An

efficacious decision consists of a decision outcome that is a best decision alternative to

address the problem at hand. In order for an agent to select a best decision alternative as

his ideal point, he must be able to elicit knowledge from information inputs received

from an external operating environment. In real terms, an information input could be

forecast information, metrics, or some other form of data used by decision makers. The

ability to elicit insights from information inputs and pick an efficacious alternative is

agent expertise.

Agents with high levels of expertise have a higher likelihood of choosing the best

decision alternative as their ideal point. Groups with ubiquitously high levels of expertise,

or conversely when the information input received regarding the operating environment

is unambiguous, will be more likely to choose the best decision alternative. This results in

an efficacious decision. However, if expertise is not widely available in a group, or

informational inputs are ambiguous, then an efficacious decision is not assured. This is

because one cannot guarantee that a group will adopt the proposal from an expert agent

unless there is some other mechanism forcing them to do so.

In a strong sense, group decision making is an evolutionary process. Through

repeated interaction skilled agents begin to build reputations by being able to accurately

35 Dave Clark has empirically found this to be true for a large number of standards committees where non-
s cooperative factors are prevalent. For a good discussion of this please refer to [Clark, et al. 2003].



predict best decision alternatives. Accordingly, agents with low reputations are inclined

to learn and place weight on the opinions of agents with higher reputations. In other

words, the unskilled look to the skilled when voicing opinions concerning alternatives.

As a result, decision outcomes will tend to reflect the ideal points of the skilled agent(s) if

their reputation is acknowledged.

Reputation effects are captured in a refined agent based model (ABM) that we

propose in section 4-10. This ABM contains both non-cooperative and cooperative

elements of group decision making. Understanding the tradeoffs between non-

cooperative and cooperative behaviors is key to the study of how groups make decisions.

Non-cooperative Aspects of Type 2 Group Decisions

In sections (4-1) through (4-7) we describe the non-cooperative aspects of Type 2

Group Decision making. The emphasis here is on the process through which agents build

consensus without the effects of learning or reputation. The implication is that agents

begin meetings with self-identified best solutions to the group decision problem. There

are also a limited number of other solution alternatives that agents will consider. Each

alternative is valued differently by agents. Agents have beliefs as to how much value

others ascribe to these alternatives. Using both beliefs and their own valued alternatives,

agents make proposals to the group. Proposals are proposed solutions to the group

decision problem sensitized by the perceived acceptability by the group36. As the decision

process unfolds, agents can either accept proposals or make counterproposals. As a result,

36 As we show in sections (4-8) and (4-9), when reputation effects are incorporated and when the
negotiation process is efficient then expert members will more often reveal their perceived best solution to
the group decision problem. In other words, perceived acceptability and agent beliefs have a diminished
effect when reputation and learning are considered.



coalitions are formed and agents update their beliefs based on the proposals of others.

Consensus is defined when a coalition of sufficient size agrees to a solution to the group

decision problem.

Sections (4-1) through (4-7) alone are not enough to model Type 2 Group

Decisions. In order to accomplish this we must include cooperative effects. These entail

the effects of learning and reputation. We discuss these effects in sections (4-8) and (4-9).

(4-1) Individual Preferences

Assume that the set of alternatives, ai, is based on a single issue. The set of

alternatives represents possible solutions to a group decision making problem.

Furthermore, assume that the set of alternatives can be placed sequentially on the real

line. For example, suppose that we have three alternatives A, B, and C. Furthermore,

suppose that each one of these alternatives represent a point on the real line between 0

and 1. We represent this example in figure 4.1.



Figure 4.1: Defining the Set of Alternatives

0 0.5 1

A B C

Each agent i has an ideal point, xi on the set of alternatives, which is his most preferred

or favored alternative. Furthermore, let there be a lower bound xmin and an upper bound

Xmax to the alternatives that an agent considers. Both points represent an agent's

minimally preferred alternatives. Assume that an agent's ideal point returns utility of

one. Alternatives to the left and right of the ideal point diminish in utility to the point

where xmin and xmax have zero utility. We quantify this as a triangular utility function 37:

x*- x 1; 1 x < x* and xmn x < xmau, (x) = max

figure 4.2 represents an example of such a utility function.

37 Any type of utility function can be used. We chose to use triangular utility functions because [McCarty
2007] has shown empirically that these are very accurate in capturing the utilities of agents in committee
decision making problems.



Figure 4.2: Example of a Triangular Utility Function

(4-2) Agent Beliefs

Assume that all alternatives in the set of alternatives are common knowledge to

all agents. Agents form prior beliefs regarding the ui and x* of other agents. In order to

determine the ideal points of others, each agent places a distribution Vij on the set of

alternatives, a, which represents agent i's belief regarding the location of agent j's ideal

point. Technically, any distribution can be used, but for this discussion we choose to use

triangular distributions because of their simplicity.

The mean, lower, and upper bounds are chosen as initial conditions to the

simulation. Here the mean is just agent i's belief regarding agent j's ideal point. The

values for the lower bound Xmin and an upper bound xmax are also determined a priori.

These values are listed as a look-up table for the simulation. Suppose a simulation

consists of three agents then agent one would have a belief entry for agent two and for

Xix.

A

Xmin Xmax

C



em

three. Similarly, agent two would have entries for one and three and agent three would

have entries for one and two.

(4-3) Proposing Solutions to the Decision Problem

Define agent i's disagreement point r as the utility they will receive if no outcome

is reached (agents cannot agree to a solution)38. We further define proposals as proposed

solutions to a group decision making problem. If r is one, then an agent will not offer or

accept any proposal from another agent as they benefit more by not being involved in the

decision process. If r is 0 then an agent will consider and may propose any offer that is

between his xmin and xmax. Rephrased in terms of problem solving, when r - 0, an agent

must remain committed to reaching consensus in a group decision making problem.

When reputation and learning have no effect and r - 0, then the range of solutions to a

problem that an agent will consider lie between his Xmin and Xmax

When another agent proposes a solution to a group problem he is known as the

offering agent. An offering agent will not consider making or accepting offers that give

him a utility less than r. Again, when r - 0 an agent will only propose solutions that lie

between his xmin and xmax. This being said, the offering agent is faced with a dual

optimization problem.

38 Intuitively, r represents an institutional constraint forcing agents to reach consensus. If r is low or near
zero, then agents are adversely affected if a decision is not reached (they all receive a utility of r). This is
the case of the FOMC, where decisions are of national importance and must be made. Typically when the
price for not reaching a decision is high then r will be low. For the FDA, NGATS, and SEMATECH r is
assumed to be very low. For the K56 Flex protocol, r was initially high and became lower (as the incentive
to reach a compromise-albeit imperfect-increased). We discuss this further in chapter 6.



1. Maximize the number of agents who will accept his proposal (solution to the

problem)

2. Maximize his own utility (where utility in this sense is measured by the

alternatives that he considers to be feasible solutions to the group problem)

Define x as the value of agent i's proposal. The perceived likelihood that agent j

will accept agent i's proposal is the perceived utility of agent j ui,j = V,,jsuch that

u,j = rj. Furthermore, we define a value e for each agent j such that 1 > e 2 rj. When

agent i's proposal to j is at least equal to or more than e, then j will form a coalition with

i. Define a function yj such that

f1 if ujj (x) where E is a

0 f = <threshold value for
an agent accepting
i's bid

Let Y = Iyj.

Offering agent I has two optimization problems

max uj(x) max Y
s.t. uj(x) > r s.t. Y > m

x>0

where m is some minimal number of agents that a proposing agent would like to have in

his coalition. We define r, m and E as initial inputs to the simulation and are defined in a

look-up file for each agent. To solve both optimization problems we create a Pareto

frontier by defining

F = Au i + (1 - )Y



where 1 > k > 0. The offering agent i's solution to the group problem is the utopia point

of his Pareto frontier.

(4-4) Proposal Reactions

After the offering agent makes a proposal, the receiving agents have two available

options:

A) Accept the proposal

B) Reject the proposal and make a counterproposal

A) Agents will accept the offering agent's proposal, x, if uij (x) e . Here x

becomes agent j's ideal point used in negotiation unless a better proposal is made

by another agent.

B) Agents will reject the offer agents proposal if ui, (x) < e .

In the case of rejection, agent j updates his belief regarding i's ideal point - the

belief becomes the offering agent's proposal, x. Agent j then makes a counterproposal

using the updated information.

Agents make counterproposals in exactly the same way as (3-4) above. In other
-W

words, their counterproposal is their utopia point for F. The only difference is that with

each subsequent round of the game agents use updated information based on previous "

offers made by other agents when they make counter proposals.



(4-5) Coalition Dynamics

When a group of agents accept a proposal, they form a coalition. They all adopt

the proposer's proposal as their temporary ideal point in the simulation (until and unless

an offer that is closer to their true ideal point comes along.). As more agents join a

coalition, it becomes more difficult for agents outside the coalition to influence the

outcome. The outside agent must make offers further way from his ideal point in order to

influence the outcome. We represent this in figure 4.3.

Figure 4.3: Effect of Coalition Formation on Proposals

We see above that in Case 1 when there are no coalitions, that agent 1 makes a

proposal x to build a coalition with the agent that is closest to his ideal point. In Case 2, a

dominant coalition has already formed. In order for agent 1 to influence the outcome, he

must make a greater concession than he did in the first case. Thus, the proposal x in Case

2 is further from agent l's ideal point than in Case 1.
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Membership in a coalition is not static, it can change over time. Whenever an

agent makes a proposal, all other agents - including members of a coalition - determine

if the new offer is better than the current ideal point of a coalition, xc. If agent i's

proposal x to agent j is such that

uj (x) > u (xc)

Then agent j leaves the coalition and forms a new coalition with agent i.

(4-6) Updating Agent Beliefs

As agents continue to interact they obtain better insight as to the true utilities of

other agents. By this we mean that through repeated interaction, agent beliefs become

correlated with true knowledge3 9. Suppose that agents i and j interact regarding an issue.

During this interaction agent i conveys information to agent j regarding his preferred

alternative (and vice versa). This takes the form of a two component signal (a, o) that

is exchanged between the agents. If there are N agents in the group, then agent i receives

N-1 signals (one for every other agent in the group). The components of the signal can

vary from 0 to 1.

Component a,j is a probability distribution on a. The value of ajm represents the

probability that agents i can correctly infer agent j's ideal point. We represent this as a

uniform distribution in the simulation where the median point is centered on j's ideal

point. The perceived ideal point is chosen as a random draw from this uniform

39 The implication here is that when utilities are common knowledge then there is no incentive for agents to
behave strategically. As a result, they focus on problem solving and more truthfully reveal their preferences
as to the best solution to a group decision problem.



distribution. When agent i is skilled at interpreting signals sent by agent j then he has a

high likelihood of determining j's true ideal point. We model this in the simulation by

making the bounds of the uniform distribution smaller as an agent's skill at interpretation

increases. Thus, when beliefs are highly correlated for agent i, he can predict j's ideal

point a higher percentage of the time (and the degree to which his guess is off decreases

as well). This is represented in figure 4.4.

Figure 4.4: Dispersion of Possible Ideal Points Based on Belief

Ideal point
0
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Agent i's



The component o-i calculates the disagreement values (upper and lower bounds
Ilr~ IVIIIVIL~LL 1,1

of their utility functions) in the same way as am. We assume a uniform distribution

centered on the lower bound and another one centered on the upper bound. Both aij

andi• are used to define a distribution pi,j(a, o) through which agent i's belief

regarding agent j's utility function is updated. We define the process of updating using

the following equation:

U i,j(t) = Pij (Uj I ~) U i,j(t-I ) + Uij(tl)

where ui,(,) (x)is agent i's current belief regarding agent j's utility function at time t,

ui,ij(,- is agent i's previous belief regarding agent j's utility function at time t-l, qS is a

signal composed of the pair (am (x ), oj (x )) where xj is agent j's previous proposal,

and u, is agent j's true utility function. As an agent becomes more skilled at interpreting

signals sent by others, they have a higher likelihood of determining the upper and lower

bounds for the utility functions of other agents. The values for m and ai, are

considered to be inputs to the simulation.

One fine point that needs to be discussed further is that skill in interpreting signals

and determining the ideal points need not be universally shared. In other words, some

agents have more skill than others. Furthermore, in cases where agents interact repeatedly

there is a high likelihood that the utility functions of agents will be common knowledge

to all agents. In groups where this is not true (and some agents are more skilled than



others), a state of informational asymmetry exists. Agents who know the true ideal points

and utilities of others may have a distinct advantage when negotiating4 .

Another assumption that we can make concerns the rate at which agents learn to

infer this information through repeated interactions with others. We can assume that

agents may learn information about others at different rates. So if there are N agents in a

group, each agent will have N-1 rates for each ai and o .We can define the rate at

which the bargaining process becomes efficient for a, and as:

(1 - a• (0) e A' () = a,, (t)

where Aam and A•a are the rates and which agent i learns a and a for agent j and

t is frequency of interaction between any two agents. As one may see, if agents interact

repeatedly or over a long period of time then agents begin to better predict the ideal

points of others. However, this does not guarantee that these ideal points are the best

decision alternatives. We discuss this point in section 4-8.

(4-7) The Winning Coalition, the Group Decision Outcome, and

Extending the Approach

Let N be the minimum number of agents required to agree on an alternative in

order to create a decision outcome. When the size of the dominant coalition reaches N

40 Under the non-cooperative framework agents believe that they have the best solution to a problem and
they negotiate in such a way to bring about an outcome that is close to their favored solution. However,
when we implement the effects of learning and reputation we see that the emphasis shifts to finding the best
solution to a group decision problem.
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and membership is stable - members are no longer enticed to leave the coalition - then

the ideal point x C of this coalition becomes the decision outcome.

The choice of N represents the group decision rule. For example, under majority

rule N = H + 1 where H is equal to half the number of members in a group. Under

unanimous rule everyone must be in the winning coalition.

The possibility of a winning coalition forming is subject to a limiting condition.

Namely, the disagreement values, r, of N agents must be overlapping (the utility

functions must not be disjoint). If this doesn't occur, then there will never be enough

members to form a winning coalition 41

If the utility functions are not disjoint, then we can guarantee that a decision

outcome will be generated during some future state of the game. In other words, the

decision outcome will converge. However, if the utility functions are disjoint then we

cannot guarantee convergence 42. This is fundamentally different than the results of

[Black 1948] who predicts convergence so long as the utility functions are single-peaked,

only a single issue is considered, and alternatives are chosen through pairwise

comparisons. Using the framework proposed in this chapter, alternatives are chosen

through negotiation and bargaining. Hence, Black's work does not apply to our

discussion (even for a single dimension). Furthermore, the model presented in this

chapter is not limited by McKelvey's theorem43

41 That is unless the effects of learning and reputation are incorporated. This cooperative aspects of Type 2
Group decisions lead agents to shift their ideal points; thus, leading to consensus.
42 Furthermore, the time required to reach an outcome depends on the dispersion of ideal points and the
level of information that agents have about one another. If the ideal points are greatly dispersed, then it
may take some time to reach consensus on a decision outcome.
43 For a good description of McKelvey's theorem see [Saari 2003].
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McKelvey's theorem only applies to cases where pairwise comparisons are made

between alternatives, and outcomes on an alternative bundle are decided by majority rule.

In a multi-issue problem, preference orderings can lead to intransitivity and a top cycle

can result only when pairwise comparisons are used. The model proposed in this chapter

uses negotiation and bargaining, not pairwise comparisons. In this model, an agent

proposes an alternative and then they negotiate with the group. The question becomes

how to extend the derivation of this one dimensional model to multiple dimensions.

If we assume that the issues in the issue-space are linearly independent then the

extension is straightforward44. In other words, if the set of alternatives is multi-

dimensional and each issue can be considered separately then the decision outcome is a

vector instead of a scalar45. The utility functions likewise become multi-dimensional, but

the return to utility (for each agent) from all the considered issues will still be a scalar (by

definition). Agents may also place different weights on issues (some may be more

important than others) in their utility functions. Thus, they want to return utility more on

issues that are most important to them.

When agents compromise (i.e. bargain), they trade-off votes across multi-

dimensional issues in order to maximize their utility. What this means is that the

Lagrange multipliers for an agent's utility function will be more sensitive to changes in

highly weighted issues and less sensitive to lowly weighted ones. These sensitivities will

be reflected in the selection of the utopia point in the multi-dimensional Pareto frontier.

For instance, if all agents in a group are uniquely concerned with independent issues then

44 Even if the issues are not completely independent one can aggregate dependant issues into larger sets of
mega-issues that can be treated as independent. As [Slantchev 2005] found empirically this is often what
happened in 'real world' group decision making. That is, agents try to simplify issues as much as possible.
45 In chapter 6 we discuss empirical issues associated with this approach.
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they can maximize without constraint. When this is not the case, then they make

concessions, first on issues where the Lagrange multipliers indicate less sensitivity, and

then on issues with greater sensitivity.

The mechanics of selecting the utopia point does not change due to the

dimensionality of the set of alternatives. All that changes is the computational

complexity. Thus, the model developed in this chapter will likewise apply when the issue

space is multi-dimensional. However, like the one dimensional case, convergence is not

necessarily assured. Furthermore, we cannot guarantee that chaotic voting is avoided in

all cases. We conjecture necessary and sufficient conditions to assure that chaotic voting

is avoided. While we do not provide a formal proof, the intuitive reasoning for these

conditions is provided below.

The necessary condition is that agents are allowed to form coalitions as the

decision process unfolds. As more agents join coalitions the feasible set of alternatives

shrinks. When a winning coalition is formed then the feasible set converges to the

decision outcome. The sufficient condition to avoid chaotic voting is that in a multi-

dimensional case enough agents must receive sufficient return to utility in order to

endorse an alternative bundle. In other words, the utility functions must not overlap over

a minimal number of issue dimensions in order to assure that each and every agent -

receives their minimum return of utility.

What this means is that there is more incentive for agents to endorse an alternative

bundle that gives them some utility than to continue negotiating without resolution. This

requires that agents be indifferent to some issues. When decisions are based on returns to

utility rather than strict preference orderings, then there is incentive to join the core and
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avoid a top cycle (Legislative voting is a very good example of this. Please refer to

[Snyder 2007]).

Cooperative Aspects of Type 2 Group Decisions

The non-cooperative framework discussed in sections (4-1) through (4-7)

addresses consensus building without learning and reputation. In sections (4-8) and (4-9)

we add these cooperative effects. Expertise is defined as the ability to repeatedly predict

the best solution to a group decision problem 46. When expertise can be measured, group

learning occurs. Furthermore, when expertise is acknowledged by the group, members

gain reputations. Members learn to value the proposed solutions of high reputation

agents. As a result, members shift their ideal points based on the reputation levels of

expert members.

The addition of cooperative effects should not suggest that non-cooperative

effects are absent. Negotiation is still present in the consensus building process when

learning and reputation are incorporated. However, the strategic effects of non-

cooperative behavior may be curbed when the opinions of expert agents are highly

regarded. As we show in chapter 5, when the information ambiguity 47 surrounding an

FOMC decision is low then cooperative effects are dominant. However, when

information ambiguity is high then non-cooperative factors have much more influence

(i.e. there is more competition between members).

46 As defined through ex post analysis.
47 We define information ambiguity in the case of the FOMC is Chapter 3 (i.e. inflation forecast
uncertainty). In chapter 6 we discuss a generalization of this finding.
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(4-8) Agent Expertise

While the basic model that we described in (4-2) to (4-7) is suitable to examine a

range of decision making groups, it is limited in that it focuses on non-cooperative

phenomena. In this section we begin to extend this approach by considering the

cooperative elements of group decision making vis a vis agent expertise. We continue in

section 4-9 by considering reputation effects. Expertise is intrinsically linked to the

ability to choose the best decision alternative. Reputation is group recognition of member

expertise.

We begin first by considering feedback. By feedback we mean a signal received

from the external operating environment regarding a decision alternative. This signal

indicates that a particular alternative may be better than others. An agent's ability to

correctly infer the best decision alternative from such a signal is indicative of agent

expertise. By a signal we mean informational input that informs decision making.

For instance, architects of a new internet protocol may collect data and observe

the impact of past decisions in order to judge the efficacy of future design alternatives.

Members of the Federal Reserve Open Market (FOMC) committee examine economic

forecasts citing the impact of previous target fund rate decisions, before making new fund

rate decisions. They also can examine data above and beyond what the Fed staff supply

to them as part of the process and they can make their own analyses or use their own

heuristics. In general, they look for some signal in the external operating environment in

selecting the best possible decision alternative.

We begin by defining x* as the best decision alternative; x* can either be defined a

priori are defined as scalar taken from a random draw of a distribution P(x*). When x* is
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selected, a signal epi is sent to each of the i agents. If x* and Pi are highly correlated, then

an agent has a high level probability of selecting x*. Conversely, when x* and pi are

minimally correlated, then an agent has a low level of probability of selecting x*.

To capture this, we return to the utility functions uiij = Vlj. When corr(x*, pi)

1 we expect to see that x - x* and a -+ 0. In other words, when an agent can correctly

determine the best decision alternative the only viable ideal point becomes x*. We use

two functions to capture this.

The first captures how close u(x) will shift to u(x*) as corr(x*, qi) -+ 1 by looking

at how x - x*. We denote this function as Si(corr) = x. An example is given below in

figure 4.5.

Figure 4.5: Ideal Point Shifting and Efficiency of External Signaling
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X

corr (x*,qp)
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Similarly we can capture how the bounds of the distribution about the ideal point

S= [Xmin , Xmax] shrinks as corr(x*, qpi) - 1. In order to avoid a discontinuity, we use a

minimum value for o - that we label as amin = 0.001. The function S2(corr) = a denotes

changes in ai as a function of corr(x*, •i). An example is depicted in figure 4.6.

Figure 4.6: Limit Shifting and Efficiency of External Signaling
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Similar to the skill to infer the ideal points of other agents, the ability to choose

the best decision alternative may not be ubiquitous. When it is ubiquitous (or near

ubiquitous)-the signal from the external environment is unambiguous as to which

alternative should be chosen-then all group members will adopt the same ideal point;

the solution to the group problem is obvious to all. When this ability is held by only a

few agents, then the dispersion of ideal points may still be great. Hence, the best decision

alternative may not be obvious to the group and it may become more difficult to reach a

decision outcome. Furthermore, unless expertise is not acknowledged in the group then

the resolution this ambiguity is not clearly defined.
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(4-9) Reputation Effects

Reputation is recognition that an agent is able to accurately predict the best

decision alternative. Reputations are built through repeated interaction. Hence, an agent

who repeatedly predicts the best decision alternative should have a higher reputation than

one who does not.

The organizational learning literature states that agents tend to defer to those with

high reputations within a group when solving problems. In order to model this we

develop a very simple scoring metric. Let xi be the ideal point of agent i and let x* be the

best decision alternative for a single decision. The accuracy score for a single decision is

given as: E= l-x' *-xj

We define an evaluation period A, during which an agent builds a preliminary

reputation. A, is defined as a number of decision meetings. The average E during this

time period is defined as the initial reputation of the agent. Until the evaluation period is

complete an agent is treated as having some initial value for reputation Rini,,a. This is an

input to the simulation. The reputation of an agent is a cumulative function of E.

R if E<O then R=O0

if E O 0 then R=E

When agent i announces an offer xi, the degree to which a responding agent j will shift

their ideal point is given as:

cjRx, + R,.x.
if R -R >O then ' Ri +

S3  i ( (cR + Rthen j
if Ri - R, 0 R then x,

108



Where cj is agent j's level of responsiveness to reputation. We do a similar procedure

with the o's:

c Ro i + Rif R - R > 0 then +
S4 _ i (c R, + Rj)

if Ri - R <R 0 then o7

One can see that when reputation is asymmetrically distributed in a group - for

example when one agent has a much higher reputation than all others in the group - then

the group decision outcome will most likely be the ideal point of the high reputation

agent. If all agents have a high reputation, then we would expect their ideal points to be

highly clustered, since they all have a high probability of predicting the best decision

alternative 48. However, if reputation is distributed in a group then the effect of reputation

will depend on the responsiveness to reputation in a group, the c value. If c decreases as a

function of information ambiguity then reputation and learning have a diminishing effect

in a group decision. As a result the consistency in which the best decision alternative is

chosen may be affected.

Creating the Simulation

(4-10) Implementation of the Agent Based Model

We implement the agent based model that was discussed in (4-1) - (4-9) in the

MATLAB software development package. Sections (4-1)-(4-9) represent a specific

module of the agent based simulation. The base simulation consists of modules 1-7. The

architecture for this simulation is depicted in the figure 4.7.

48 However, if there is ambiguity in the information inputs used by the agents then we expect to see a wider
dispersion in ideal points.
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Figure 4.7: Base Model
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As stated previously, the base model is sufficient to examine decision problems

where reputation does not impact agent interactions. Specifically, reputation has no

effect on agent beliefs. The refined model for group decision making incorporates

reputation effects.

The refined group decision making model extends the basic model by including

material developed in (4-8) and (4-9). These capture the ability to distill the best decision

alternative from information inputs and the resulting reputation effects. In order for

reputation effects to have an impact, reputations need to be established prior to agent

interactions 49. This also means that we need to create signal generators that will randomly

choose a new best decision alternative each time a new game is played, unless these are

known a priori (as is the case when performing an analysis using historical data). In the

49 In the model reputation levels can either be determined a priori or as a product of repeated interaction
between agents.
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former case, we proceed by using a random signal generator that is included in the

MATLAB statistical toolbox.

Agent expertise is subsumed in the Reputational Effects (8) module. In order to

allow agents to interact over many meetings we have to create two separate time scales

for the simulation. The first time scale focuses on single meeting interactions. This

consists of the rounds where agents interact in a given meeting. The second time scale is

the sequence of group meetings themselves. In other words, the first time agents come

together to make a decision is ti for this second time scale. The second meeting is t2 , and

soon. The program architecture for this simulation is depicted in the figure 4.8.

Figure 4.8: Refined Model
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As one may readily note, the refined model presented in illustration 4.8 contains

both the cooperative element of reputation effects (8) and the non-cooperative element of

coalition dynamics (6). The reputation effects cause some shifts in agent ideal points

during a given meeting and are a direct consequence of modeling cooperative behavior.

Incorporating both cooperative and non-cooperative behavior is essential to modeling

Type 2 Group Decision problems.

(4-11) Chapter 4 Summary

In this chapter, we develop an agent based simulation that can be used to examine

group decision making. We first focused on the purely non-cooperative aspects of Type

2 Group Decisions. We then proceeded to incorporate both non-cooperative and

cooperative phenomena. In chapter 5 we will examine both the non-cooperative

representation, as well as the refined model, as we apply them to study a representative

Type 2 case example: FOMC decision making.
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Chapter 5: Applying the Agent Based Simulation to
FOMC Decision Making

(5-0) Introduction to ABM Application

This chapter uses the agent based simulation developed in Chapter 4 to predict

elements of FOMC group decision making. Namely, the simulation is used to predict:

1. Members of the winning coalition

2. Number of bargaining rounds

3. Decision outcomes

4. The Number of Starting Bids

This process compares the historical results of committee decision making in the Federal

Open Market Committee (FOMC) to the predictions made using the simulation. We limit

the number of historical cases to the forty-two FOMC decisions where a winning

coalition did not exist at the beginning of the meeting.

In order to apply the agent based model we must derive a number of parameters to

be used as inputs. These requires us to:

1. Create utility functions for each of the FOMC members

2. Make assumptions as to how well these utility functions are common

knowledge to all FOMC members

3. Calculate the effect of reputation on FOMC member preferences
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We will discuss these issues in section (5-1) through (5-4).

In order to evaluate historical FOMC decisions we define inputs that are used in

the model. Namely, we use reaction functions determined by [MacGregor, et al. 2005] to

derive utility functions for FOMC members. We assume that information contained in

these utility functions is available to all FOMC members. Secondly, we empirically

determine reputations from the FOMC data and use them in the refined model.

This chapter concludes by making predictions regarding 1) members of the

winning coalition, 2) number of bargaining rounds, 3) decision outcomes, and 4) the

number of starting bids. Decision outcomes predicted by the simulation are compared to

both historical data and existing models in the rational choice literature. These are the

mean and median voter hypothesis (please see chapter 2). These models are not

predictive; they can only be applied ex post and do not account for the effect of coalition

building on decision outcomes. Nonetheless, it is worthwhile to see how they compare to

the results of the agent based model.

We introduce a simple ex post model, in addition to the simulation, that takes the

mean preference as the outcome. This simple model--while not predictive-illustrates

conclusively that coalition formation affects group decision outcomes. The agent based

simulation takes this farther by offering the ability to actually predict the group decision

outcomes.

(5-1) Deriving Utility Functions

The first step in our approach requires that we define triangular utility functions

for each of the FOMC members. We begin by using the reaction functions derived by
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[MacGregor et al. 2005] to determine the ideal points of FOMC members for each

meeting5o. We derive utility functions using incorporating the uncertainty in the FOMC

inflation forecasts to define the width of the triangular utility functions. Based on the

range of uncertainty, FOMC members will consider a range of possible target fund

rates . However, the utility of a target fund rate will diminish as it moves further away

from the ideal point of an FOMC member. This information can be extracted from

forecast data constructed by the FOMC staff. Each forecast has an associated error in the

prediction of the decision variable.

In examining the input variables, it was found that dI forecast uncertainty results

in the greatest range of target fund rate preferences for each member (this is discussed in

more detail in chapter 3). Thus, we will use this to create the utility function

representation, U FR(dl), of the reaction functions. The values for dl are estimates with

an associated uncertainty that is normally distributed about the mean value. This data is

available through the Livingston survey for the time period 1970-199452. Using this data,

the target fund rate set of alternatives for each FOMC member is given as:

UTFR = CPFR + Cdl - N(pu,a) +C 3dE + C4dMI + CdGDP

A utility function is created for each and every FOMC member for every meeting in

which a member may participate. The target fund rate that is calculated using the mean of

the inflation forecast, dl, gives a member's ideal point (most preferred target fund rate

preference for that meeting). The target fund rates arising from calculation of the - la

and + la limits of the inflation forecast give the lower and upper bounds of the utility

5o Please refer to chapter 1 for a more complete discussion of MacGregor's reaction functions.
51 The size of these ranges, and hence the width of utility functions are similar for members in a single
meeting. However, they are not similar between meetings.
52 This information can be found at http://www.philadelphiafed.org/econ/liv/index.cfm
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function. We assign a utility value of 1 for an FOMC member's ideal point. For the upper

and lower bounds we assign a utility of 0. Thus the triangular utility functions for FOMC

members become:

ui (TFR) = ideal(TFR)- UTFR I; I UTFR 1< ideal(TFR)
0

and UTFRlow < UTFR UTFRup

We illustrate this by showing Greenspan's utility function for an FOMC meeting in

March 1992. This is represented in figure 5.1.

Figure 5.1: Example of Greenspan Triangular Utility Function
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In order for agents in the simulation to interact with others we have to make

assumptions regarding how much they know about the ideal points and utility functions
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of others. In other words, each FOMC member has a belief regarding the ideal points and

utility functions of all other players. While it is impossible to empirically predict the

degree to which these utility functions are common knowledge, much work in the

literature suggests that this information is widely known to FOMC members. Therefore,

in order to simplify the approach we will assume that the true utility functions of FOMC

members is common knowledge to the group.

(5-2) Defining FOMC Member Reputation

Some FOMC members have demonstrated repeated ability to correctly infer the

best decision alternative (optimal target fund rate) using forecast information. Many

works have inferred that individuals who demonstrate high levels of expertise will also

tend to have high reputations within the FOMC. Furthermore, members who demonstrate

low levels of expertise will have low reputations. In the case of the FOMC we can assess

reputation empirically.

One difficulty in this assessment is that the quality and accuracy of forecast

information available to FOMC members has changed over time. In other words, new

metrics and forecasts have been developed for use in FOMC decision making. Therefore,

in order to accurately compare reputations across FOMC eras, we have to normalize the

results.

We begin by using the Taylor rate (please refer to Chapter 1) and then normalize

the results for each meeting. This is accomplished by choosing the member whose ideal

point is closest to the Taylor Rate. We then calculate the absolute percent difference of
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other members' ideal points to this ideal point. We use this to represent the reputation of

a member for a single meeting (the E score that we developed in chapter 3).

Furthermore, when we calculate a reputation score, we do so for every meeting

that an FOMC member attended (not just the 42 historical cases that we consider in this

analysis). Since, reputations are built through repeated interaction we need to incorporate

the effects of repeated interaction on reputation as we investigate the 42 historical cases

of most interest. We assume that the preliminary assessment period for calculation of

reputation is 10 meetings. The reputation of an agent is a cumulative function of E,

defined as:

R =ifE<O then R=0
if E 2 0 then R=E

We set the initial reputation for each agent equal to 0.5 during the assessment phase. R is

then calculated for each FOMC member between 1970-1994 dynamically in the

simulation. These values are updated in the simulation as they change in time.

(5-3) Additional Empirical Findings

Before diving deeper into the development of the simulation it is worthy to note

that there are several interesting empirical observations that arise from measuring FOMC

member reputation. The first follows when we produce a scatter plot of the reputations

for FOMC members. We include both the set of 42 FOMC meetings where a winning

coalition does not exist at the beginning of the meeting as well as a 42 meeting random

sample of the remaining FOMC meetings. This combines to for the same set of 84 FOMC

meetings that we examined in detail in Chapter 3. Each line on the y-axis represents an
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individual FOMC meeting ranked according to inflation forecast uncertainty. The x-axis

is the reputation ranking of each member. A red cross represents an FOMC member who

is part of the majority (winning coalition), while a blue circle shows a member who is

not. This is depicted in figure 5.2.

Figure 5.2: Reputation Range for Winning Coalition Members versus Inflation Forecast
Uncertainty
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Examination of figure 5.2 reveals two additional empirical findings. These are formally

Empirical Findings 6 and 7. We state Empirical Findings 6 and Empirical Finding 7

below.
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Empirical Finding 6: At inflation uncertainty < - 1.5%, the higher reputation members

are dominant in the "winning coalition" and the lowest reputation members are only

rarely in the majority (or winning coalition)

Empirical Finding 7: The reputations of all FOMC members decrease as inflation

forecast uncertainty increases.

The second set of empirical observations arises when we plot the mean reputation

of the wining coalition for FOMC meetings against inflation forecast uncertainty. We

calculate the mean reputation of the winning coalition using the same data used to

produce figure 5.2. We depict this as a scatter plot in figure 5.3.

Figure 5.3: Mean
Uncertainty

Reputation of the Winning Coalition versus Inflation Forecast

Examination of figure 5.3 reveals an additional empirical finding. This is formally

Empirical Finding 8. We list Empirical Finding 8 below.
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Empirical Finding 8: The mean reputation of the winning coalition decreases as

inflation forecast uncertainty increases.

(5-4) Incorporating Reputation Effects

One thing we have not yet considered is an agent's level of responsiveness to

reputation, c. By responsiveness to reputation we mean how far members are willing to

slide their preferences based on the reputation of other members. In other words, if a

member is very responsive to reputation then they will be swayed to shift their ideal point

to a greater degree by higher reputation members. We only allow the case of higher

reputation members influencing lower reputation members.

We incorporate reputation effects by creating a bidding response, B, for

interactions between a single FOMC member and the collective group53. We define this

as:

B =Rc (1 P - f)

Ri Pi
Where,

Rwc is the mean reputation of the winning coalition

Ri is the reputation of a given member

Pg1  is the target fund rate decision of the group

P1  is the final bid proposed by a given member

Pi is the initial target fund rate bid proposed by a given member

53 A bidding response is a measure of how far an agent will shift their target fund rate preference based on
the proposals of other agents with higher reputation.
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In the next step we take the average of all bidding responses, as defined above, for each

and every meeting and plot these as a function of inflation forecast uncertainty. This is

accomplished by binning the results in 0.1 intervals of Inflation Forecast Uncertainty. An

average bidding response is created by fitting this data with a linear interpolation. This is

represented in figure 5.4.

Figure 5.4: Average Bidding Response Function
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The average bidding response in figure 5.4 shows the responsiveness of FOMC

members to the final FOMC decision outcome. By this we mean the degree to which they

shift their ideal point towards the group decision outcome. As chart 5.3 illustrates,

members are much more receptive to bidding shifts when inflation forecast uncertainty is

low. The remarkable aspect of this function is that with a minor modification it can be

used to account for how far an agent is willing to shift their ideal point when interacting

with another FOMC member who has a higher reputation.
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This is accomplished by using the average bidding response to determine a

modifier as to how much impetus agents place on the proposed target fund rate bids of

higher reputation members (responsiveness to reputation c). We use the equation below

to determine c.

R
c = •B( Inflation)

Ri

Where,

Rs  is the reputation of a bid proposing member

Ri is the reputation of a bid receiving given member

B('r,,,,ion)  is the average bidding response function as a function of inflation forecast

uncertainty

In the equation above, c represents the percent difference that an agent is willing

to shift their ideal point in order to accept a bid from a proposing agent and join his

coalition. In order to verify that c accurately represents reputational effects we compare

theoretical predicted shifts in FOMC bargaining to actual shifts observable in the meeting

notes. That is, we compute the predictive accuracy of c.

We use the 84 meeting data set that was specified earlier in this chapter. Using the

FOMC meeting notes for each of these meetings we constructed a data base of all pair-

wise interactions between FOMC members. Specifically, the shifting of target fund rate

preferences was captured. These shifts were then compared to the calculated c values. In

figure 5.5 we compare the c values to actual shifts. In this chart, accuracy is represented
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as one minus the percent error between the two measures. Hence, values close to one

represent very accurate predictions.

Figure 5.5: Predictive Accuracy of the Reputation Modifier
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The red line in the chart represents the average prediction accuracy of c, which was found

to -0.93. Hence, c is reasonably predictive of the degree to which agents are willing to

shift their bidding preferences as a function of reputation.

(5-5) Model Prediction Results

In this section we discuss the predictive accuracy of the agent based model both

with and without reputation effects. The ABM uniquely allows one to predict which

FOMC members are in the winning coalition. Since this is therefore a critical test, it is the

first element that we test. In figure 5.6 we show the accuracy of the ABM without

reputation effects. The y-axis represents the percent accuracy of predicting members of
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the winning coalition. For instance if six out of seven members are predicted then the

accuracy is 85.7% accurate.

Figure 5.6: Predicting Members of the Winning Coalition without Reputation Effects
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As figure 5.6 shows, the ABM without reputation effects is 99.3% accurate in predicting

members of the winning coalition and is exactly correct for all but 4 meetings. In table

5.1 we list the inflation forecast uncertainty for each of these for meetings and all exceed

the high value of 2%.

Table 5.1: Inflation forecast Uncertainty for Four Meetings

Meeting 7 19 21 29
Number
Inflation 2.05 2.11 2.13 2.32
Forecast
Uncertainty
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In the four meetings where the ABM without reputation effects was not accurate, the size

of the winning coalition was always seven members. Hence, six out of seven members

were correctly predicted. In figure 5.7 we show the accuracy of the ABM with reputation

effects in predicting members of the winning coalition.

Figure 5.7: Predicting Members of the Winning Coalition with Reputation Effects

As one can see, the ABM with reputation effects is accurate 100% of the time for all

meetings. In cases of moderately high inflation forecast uncertainty, this ABM is better at

predicting members of the winning coalition. While both versions of the ABM give good

results, by including reputation effects we predicted the correct members of the winning

coalition every time. Thus, learning from higher reputation members appears to occur on

the FOMC.

The second element of FOMC decision making that we test is the number of

bargaining rounds required to reach a decision outcome. One of the difficulties is

defining a bargaining round. We define a bargaining round as an event where all
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members begin by expressing their current target fund rate preferences and ends when a

member(s) adopts the fund rate bid of another member(s). The total number of bargaining

rounds is defined the number of bargaining rounds required to form a winning coalition.

Hence, we measure only one bargaining round for the forty-two FOMC decisions where a

winning coalition exists at beginning of the FOMC meeting54

We capture the number of bargaining rounds for all forty two meetings where a

winning coalition does not exist at the beginning of the meeting. In order to more clearly

show the effect we bin the results in 0.025 increments of inflation forecast uncertainty.

This data is then compared to the predicted number of bargaining rounds using the ABM

without and with reputation effects. The predictions are made using the average of a 30

run Monte Carlo experiment from each ABM. This information is presented as a scatter

chart. The comparison between the actual number of bargaining rounds and the predicted

number of bargaining rounds without reputation effects is shown in figure 5.8.

54 The reason we see an increase in deliberation time when there is technically only one bargaining round is
that there is an institutional bias in the FOMC to let all members express their opinions and target fund rate
preferences. This occurs even when a winning coalition exists at the beginning of an FOMC meeting.
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Figure 5.8: Predicted Number of Bargaining Rounds without Reputation Effects
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As one can see the accuracy of the ABM without reputation effects is again high. The

model prediction closely matches historical data. We next use the chi-square metric to

measure the goodness of fit between the ABM without reputation effects and the

historical data. The Pearson coefficient is calculated to be 0.92 which indicates a

moderate level of predictive accuracy for the ABM without reputation.

We next consider the ABM with reputation effects. The same methodology is

used in this case. Namely, the ABM predictions are determined through Monte Carlo

runs and then compared to historical data. This is shown in figure 5.9.

128

* Model Prediction

N Actual Number of Bargaining
Rounds

7·---··--·-----·-------------------·----
17



Figure 5.9: Predicted Number of Bargaining Rounds with Reputation Effects
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As chart 5.8 shows, the accuracy of the ABM with reputation effects is also high. Again,

we use the chi-square metric to measure the goodness of fit between the ABM with

reputation effects and the historical data. The Pearson coefficient is calculated to be 0.98

which indicates a high level of predictive accuracy for the ABM with reputation

Furthermore, this model also offers better predictions than those made without

incorporating reputation effects. The final result is produced by using the ABM (both

without and with reputation effects) to predict historical FOMC decision outcomes. The

predictions of the ABM are compared against the mean of the winning coalition, mean

voter, and median voter hypotheses. In the later three models results are generated ex
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post-after a decision has already taken place. In contrast, the ABM can be used a priori

to determine decision outcomes. In order to test these various competing hypotheses we

need to adopt a two pronged approach. In computing the results of the three ex post

methods we use MacGregor's research design. This design uses the decimal

representation of target fund rates instead of basis points.

The accuracy of a model is measured as one minus the percent error of the

predictions to the actual outcomes. Hence, scores that are close to one indicate very

accurate predictions. This scoring mechanism is applied to the 42 FOMC decisions where

a winning coalition did not exist at the beginning of a meeting. Figure 5.10 illustrates the

predictive power of the ABM without reputation effects.

Figure 5.10: Predicting FOMC Decision Outcomes without Reputation Effects

The Pearson coefficient for the ABM without reputation effects is 0.94. Hence,

predictive accuracy of the ABM without reputation is very high. Since the Pearson
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coefficient is very high we accept the model as an adequate predictor of FOMC decision

outcomes. We next examine the predictive accuracy of the ABM with reputation effects.

Figure 5.11 illustrates the predictive power of the ABM without reputation effects.

Figure 5.11: Prediction of FOMC Decision Outcomes with Reputation Effects

The Pearson coefficient for the ABM with reputation effects is 0.98. Hence, predictive

accuracy of the ABM without reputation is very high. Since the Pearson coefficient is

very high we accept the model as an adequate predictor of FOMC decision outcomes.

While the ABM both without and with reputation effects offer reasonable predictions, the

inclusion of reputation effects leads to a measurable improvement in predictive accuracy.

The ABM with reputation effects offers a more accurate method of predicting FOMC

decision outcomes.

The last prediction that we make is the number of starting bids versus the inflation

forecast uncertainty. Through examination of the FOMC voting record we are able to

compare the actual number of starting bids versus the inflation forecast uncertainty (see
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chapter 3). We found that this information is indistinguishable between chairman eras. In

order to assess the accuracy of the ABM in predicting the number of starting bids we

compare the predictions of the ABM with reputation against the average number of

starting bids for the eighty-four meetings that we discussed earlier in this section. This is

presented in figure 5.12.

Figure 5.12: Predicting the Number of Starting Bids in the FOMC Decision Process

There is no significant difference between the predicted number of starting bids and the

actual number of starting bids. Therefore, we accept the model as being accurate in

predicting the number of starting bids in FOMC decision making.
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(5-6) Chapter 5 Summary

In this chapter we applied the agent based model to the real world case of FOMC

decision making. The application of the simulation to the FOMC illustrated both the

predictive accuracy of the simulation and included additional empirical analysis.

When we examined the application of the agent based model, both without and

with reputation effects, to the FOMC, we found that both are very accurate at predicting

FOMC decision outcomes. Since FOMC decision outcomes are best predicted when

reputation effects are included, we infer that perceived expertise (reputation) has a

significant impact on the FOMC decision process.
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Chapter 6: Discussion of Results and Research
Extensions

(6-0) Discussion of Empirical Results

There are several major empirical findings that have been generated in this thesis.

To summarize, the major findings are:

* Empirical Findingl: Inflation forecast uncertainty as a single variable explains
more than 94% of variance in the number of starting bids.

* Empirical Findin2 2: The effect of inflation forecast uncertainty on the number
of starting bids is indistinguishable for the three chairman eras.

* Empirical Findin2 3: The deliberation time increases as forecast uncertainty
increases.

* Empirical Finding 4: The effect of inflation forecast uncertainty on deliberation
time is indistinguishable for the three chairman eras.

* Empirical Finding 5: The decision efficacy decreases with inflation uncertainty
in a gradual way when inflation uncertainty increases beyond 1%

* Empirical Finding 6: At inflation uncertainty < - 1.5%, the higher reputation
members are dominant in the "winning coalition" and the lowest reputation
members are only rarely in the majority

* Empirical Finding 7: At higher inflation uncertainty all reputations decrease, but
also the average reputation of the majority is less distinct than at lower inflation
uncertainty.

* Empirical Finding 8: The mean reputation of the winning coalition decreases as
inflation forecast uncertainty increases.

The key to understanding the FOMC decision process appears to be information

ambiguity. We demonstrated empirically that inflation forecast uncertainty is an excellent

metric for information ambiguity and strongly affects starting preferences (the number of

starting bids) (Finding 1). Furthermore, when information ambiguity is low, the most

efficacious decision alternative is relatively clear to a majority and highly expert

members are quite accurate and widely listened to by less accurate members. As a result,

the number of starting bids is very small (the clustering of ideal points is very tight).
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In this case, one may say that members' beliefs are strongly correlated to selecting

the most efficacious alternative--there is no incentive to deviate. However, when

information ambiguity is high, alternatives may be evaluated differently by members.

Members may therefore not agree on which alternative should be chosen at the beginning

of the meeting (the clustering of ideal points is more distributed).

When information ambiguity is high, small difference in member decision rules

lead to greater differences of opinion. The alternatives available may not clearly map to

outcomes and member beliefs and biases become more important in selecting which

outcome is the best course of action. This implies that the efficiency of the decision

making process is reduced as information ambiguity increases. In the FOMC case this is

observed when the number of starting bids and deliberation time increase as inflation

forecast uncertainty increase. Most importantly, the decision efficacy was empirically

demonstrated to fall with information ambiguity (Finding 5).

With a greater dispersion in the ideal points of FOMC members, the best decision

alternative is not ubiquitously clear to all. As a result, members negotiate which decision ,

alternative is actually best for the economy. As we saw in chapter 5, reputation affects

this process.

In Chapter 4 we defined a reputation effect as the ability to influence the ideal -

points of others. In other words, high reputation members can influence the process of

ideal point formation in other members. Thus, when expertise is recognized in a group,

members have the ability to influence decision outcomes. Reputation building is

associated with expertise, which is in turn associated with learning. This represents the
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cooperative aspect of group decision making. However, the effect of reputation is also

mitigated by information ambiguity (Finding 7).

What we have observed in this thesis is that informational ambiguity represents a

non-cooperative balancing factor to cooperation. When the impact of expertise is not

readily clear, or disregarded, in a group decision, members are divided on the best

decision alternative. As we saw in Chapter 5, the average responsiveness to reputation

diminishes as inflation forecast uncertainty increases. A result is that decision efficacy

decreases.

One may interpret this observation in the following way. When the winning

coalition is composed of high expertise (reputation) members who agree on a decision

outcome-or at least minimally disagree-then the decision tends to be more efficacious.

In contrast, when the high expertise (reputation) members are divided then the decision

outcome may or may not be efficacious. It will be efficacious if the most expert players

can reach consensus and build a winning coalition. Otherwise, the decision will be less

efficacious.

Another implication is that high reputation FOMC members may find it harder to

convince lower reputation members of the efficacy of their ideal point as inflation

forecast uncertainty increases. As a result, high reputation FOMC members may tradeoff

efficacy for consensus when inflation forecast uncertainty is high.

Since high reputation members lose the ability to influence low reputation

members as information ambiguity increases, we can assume that the FOMC decision

process is non-manipulable. The only way that a member can manipulate a group
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decision process through bargaining, according to the Gibbard-Satterthwaite theorem, is

if:

1. He has more power (votes) than other players (he is a dictator)

2. All the other players are indifferent to the decision alternatives (irrelevance of

alternatives)

3. Strategic voting is possible

Based on our empirical findings we know that FOMC members are not indifferent to the

decision alternatives. Furthermore, strategic voting can only occur if informational

asymmetry is present-one member has information that other members do not. Since all

members know the ideal and disagreement points of others, we can rule out strategic

voting. This leaves (1): agents have different levels of power. Since all agents have only

one vote we conclude that (1) does not hold. Hence, the FOMC decision process cannot

be manipulated. In this regard, our empirical findings concerning the lack of chairman

effects (Findings 2, 4 and the model results) on the process and outcomes was surprising

to us when first observed. This is because there is a large apparent style differences noted

in the meeting transcripts among the three chairmen. However, the now understood low

manipulation potential is consistent with the lack of chairman effects.

Overall, the decision process is apparently strongly driven by the members'

attempts to jointly understand the real world. However, when the information used for

understanding is very ambiguous, it appears that members have an increasing likelihood

to stay with their initial preferences rather than learn from others. Learning (and perhaps

particularly group learning) is diminished at high levels of information ambiguity.

137



In summary, there are a number of empirical observations that we have made that

are of general significance. For example, we have confirmed that March's hypothesis

regarding absolute uncertainty being the proper measure of informational ambiguity in

Type 2 Group Decision Problem cases (and the FOMC fits this typology and confirms his

hypothesis). We also empirically showed that individuals tend to shift their preferences

towards high reputation participants. While this is not surprising (it is often mention in

the organizational learning literature as we showed in chapter 2), we were able to show

this effect within the FOMC. Similarly, much work in the group decision making

literature has suggested, though not proved, that decision efficacy should fall off as a

function of information ambiguity in Type 2 Group Decisions. The fact that we were

able to show this empirically is of general significance.

Thus these three theoretical insights can be utilized in a wider range of ES

decision processes with higher confidence because of their empirical verification in this

work.

(6-1) Discussion of Modeling Results

In this thesis, we have constructed two variants of an agent based simulation that

extend our empirical observations. The first focuses on the purely non-cooperative aspect

of Type 2 Group Decisions. The second variant incorporates both non-cooperative and

cooperative aspects. The inclusion of reputation effects is an original contribution to the

agent based modeling literature.

We applied both variants of the agent based model to the real world case of

FOMC decision making. This application illustrated both the predictive accuracy of the
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simulation and included additional empirical analysis of FOMC member reputation. The

agent based models were used to predict:

- Membership in the winning coalition

- # of bargaining rounds

- Decision outcomes

- Number of Starting Bids

in the FOMC. Both models have good predictive accuracy, though the predictive

accuracy of the agent based model with reputation is clearly higher.

(6-2) Summary of Thesis Contributions

A number of contributions have been made in this thesis. We summarize these

contributions below:

Contributions of this Thesis

1. Contribution 1: Empirical assessment of the effect of information ambiguity on

group decision making process is an original contribution to group decision

making literature.

2. Contribution 2: Deriving relative decision efficacy in the FOMC is an original

contribution to the monetary policy literature as is its relationship to information

ambiguity.
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3. Contribution 3: Determination of reputations of members as a function of

information ambiguity and the effects of reputation in the FOMC decision process

are original contributions to group decision making and monetary policy

literatures.

4. Contribution 4: Agent based model of group decision making with reputation

effects is an original contribution to agent based modeling and decision theoretic

literature.

(6-3) Issues in Extension to other ES Cases

We have examined only one prototype ES in detail in this thesis. In this section

we discuss issues with extending our findings, and possibly modeling approach, to other

ES. We begin by specifying the salient elements of decision making that we observe in

the FOMC. These are:

1. Repeated Interaction: Stakeholders gather and interact in many meetings that

occur over time.

2. Diversified Expertise: Stakeholders have expertise in different knowledge

domains.

3. Review Past Decisions: Stakeholders examine the repercussions of past decision

outcomes when they evaluate current alternatives.

4. Feedback from the External Environment: Stakeholder decisions affect the

operating environment in a way that is measurable, albeit imperfectly.
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5. Forecast Information: Stakeholders make assessments as to the current and

future states of a system of interest.

6. Ouantifiable Outcome: Group decision outcomes are measurable.

7. Efficacy Measure: An external metric through which the goodness, or efficacy,

of decision outcomes can be measured.

8. Directly Measurable Reputation: The reputations of stakeholders are

measurable in some way that is directly observable (i.e. comparing stakeholder

ideal points to an efficacy measure).

9. Directly Measurable Utility Functions: The preferences of stakeholders are

directly reported or somehow captured as part of the group decision making

process.

10. A Decision Outcome is Required: There is a great degree of institutional bias

towards consensus. A decision must be made because it is in the best interest of

the nation.

To discuss applicability we consider other cases where these elements do not necessarily

apply. Namely, three specific ES: the Food and Drug Administration (FDA),

SEMATECH, and the Next Generation Air Transport System (NGATS).

The FDA focuses on approving medical devices, prescription medications, and

other pharmacological and medical treatments. Members are experts in various

knowledge domains and participate and interact repeatedly in approval committees

[Broniatowski 2008]. Broniatowski further shows that members use forecasts on the

projected impact of medical devices as information input. Thus, we surmise that
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information ambiguity will impact their decision making process. They also look at past

decisions when considering new alternatives. As a result, non-cooperative behaviors may

begin to predominate and decision efficacy may likewise diminish as information

ambiguity increases. Furthermore, preferences of members can be culled from FDA

meeting notes.

The FDA case is similar to the FOMC in almost every respect. Notably, there is

great emphasis on reaching an outcome (a decision must be made). Perhaps the only

major difference is the apparent lack of an external efficacy measure. As such, member

reputation is not directly observable. This is not to say that efficacy and reputation cannot

be measured; they simply cannot be measured directly from historical data. Such

information may be assessed through stakeholder interviews and surveys. SEMATECH

also has the same dissimilarities with the FOMC, but has an additional limitation.

SEMATECH is a non-profit consortium that conducts basic research into the

science of semi-conductors. All members of SEMATECH are at least nominally

organizationally independent, although stakeholders appear to have different levels of

influence 55. The alternatives considered by the group are which research projects to fund.

According to [Browning and Shelter 2000] SEMATECH committee members meet

repeatedly, have diversified expertise, use forecast information to determine the value of

different research proposals, and have quantifiably measurable decision outcomes (the

amount of funding a research proposal receives). Again, information ambiguity will

impact their decision making process. As a result non-cooperative behaviors may become

55 There are notable differences in power between stakeholders. IBM and Intel were driving forces-at least
initially-in the committee meetings. Furthermore, it is interesting to note that the threat of external
competition from Japanese manufacturers induced cooperative behaviors-that predominated non-
cooperative behaviors- in decision making. While this context is somewhat different than the FOMC, the
effect is similar in terms of how decision outcomes were generated [Browning and Shelter 2000].
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stronger as information ambiguity increases and decision efficacy may diminish.

Furthermore, member preferences may be distilled from committee meetings notes.

However, there is no external efficacy measure that is obvious. Decision making

efficacy is mentioned in [Browning and Shelter 2000]; however, it is not explicitly

measured. As such, there is no way to directly measure member reputation. This is

exactly the same issue as was found with the FDA case. Efficacy and reputation can be

determined through interviews and surveys; however, they do not exist as 'hard data'.

Furthermore, there is not strong impetus to reach consensus.

With the passing of the Japanese semiconductor threat, many SEMATECH

member companies promote 'home-grown' research projects. As a result there is not a

pressing need for members to render decision outcomes. Hence, there is no assurance that

an outcome will be generated. This is a considerable difference from the FOMC and FDA

cases.

Lastly, we consider the case of the NGATS. NGATS is an effort by several

federal agencies to design, assess, and implement a new air transportation architecture.

This socio-technical system was studied in detail by [Cutcher-Gershenfeld et al. 2005]. It

was found that the participating agencies are all independent and that stakeholders from

these organizations all possessed expertise in different subject areas 56. They interact

repeatedly over a period of several years. Furthermore, they incorporate elements of

56 Like the FOMC and SEMATECH, there are power differences between stakeholders in NGATS.
Notably, the Department of Defense (DOD) has the largest NGATS budget. However, they have less
influence on decision outcomes than might be expected. Decision outcomes are apparently most strongly
affected by a coalition of other stakeholders (FAA, NASA, NOAA). This coalition, in effect, balances the
influence of the DOD. In this case, non-cooperative behaviors appear to be more prevalent than cooperative
behaviors in the FOMC and SEMATECH examples. Please refer to [Cutcher-Gershenfeld, et al. 2004] for
details.
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forecast information when considering new design alternatives. While these elements are

similar to FOMC decision making there are some distinct differences.

In the case of NGATS, some aspects of the decision outcome are not entirely

measurable. In other words, some NGATS decisions focus on cultural and institutional

changes within the participating agencies. These changes, while intended to change

'standard operating procedure', cannot be measured empirically. Similar to the two

previous examples, efficacy and reputation are not directly measurable. Furthermore, the

decision committees did not test or measure the effects of their decisions on the operating

environment. To be specific, they use simulation to measure the impact of certain

technical decisions, but those decisions were not tested through experimentation. Hence,

the use of simulation falls under the category of forecasting.

The key point is that committee members in NGATS do not update their beliefs

through observing the impact of their decisions on the external operating environment.

The emphasis is placed entirely on simulating the effects of various architectural

configurations. As compared to the FDA and SEMATECH, less decision making

elements are shared between the FOMC case and NGATS. Thus, while the FOMC case

shares much in common with the FDA and SEMATECH it has less in common with

NGATS. Extension of our results to the NGATS case is not straightforward.

(6-4) Data collection and Studying Group Decision Problems

A recurring theme we find in extending our thesis findings to the cases above is

the issue of data collection. To facilitate application of both empirical results and

modeling, we are required to observe and collect metrics for the phenomenon of interest.
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In terms of modeling, a modeler must collect and analyze data as he is developing a

model. This is not a linear process, but is rather cyclical. As one analyzes data, new

insights and inspirations are generated. These translate into new modeling elements.

Such elements are then tested against data (old and new) to see how well it

explains the phenomenon. Based on a model's explanatory power it can be accepted,

modified, or discarded. After many iterations-with luck-a modeler may develop a

model that is reasonably accurate. What is presented in illustration 1.2 is the end result of

several iterations of attempting to understand and conceptualize a model for Type 2

Group Decisions. In this section, we discuss the data collection and assessment process

that was entailed in model construction.

One of the challenges to both producing and testing an agent based modeling

methodology against 'real world' group decisions is the ability to collect and incorporate

data. To apply the agent based model developed in this thesis to other Type 2 Group

Decisions one needs the following data:

1. The set of decision alternatives

2. Stakeholders' preferences regarding decision alternatives

3. The informational inputs that go into the decision making process (and measures

of their uncertainty)

4. The beliefs that group members have regarding the preferences of others

5. An efficacy measure

6. A history of decision outcomes
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The ideal approach would be to find a history of meeting notes where members express

their preferences before interacting with other members. One would then need to identify

the informational inputs that are used to construct preferences and obtain a time history

that matches this information inputs and preference selection. One could then use

regression to construct reaction functions to map the informational inputs to preferences.

If the fit is good-for the entire range of decision variable values-then one can

use the full fit reaction function to construct preference orderings. The uncertainty in a

decision variable then translates to the range in the utility function that one uses to

bargain with. However, if the fit is not good then one can attempt to construct a series of

different reaction functions for different ranges in decision input values. These are then

used for in bargaining when the corresponding range condition occurs.

If meeting notes do not exist, the next best approach would be to gain permission

to attend group meetings. One would also have to receive permission to record the

comments of members as they engage in the decision making process. However, this

would require a lengthy time commitment as the sample size required to make the

findings significant tends to be quite large. Furthermore, this approach is only useful if

members express their preferences in the meeting, preferably before they interact with

one another. If preferences are not expressed directly and quantifiably, it may be possible

to discern their preference orderings through an alternate approach.

Recent work in the field of semantic reconstruction has demonstrated the potential

to tease out preference orderings from written documents and correspondence (Yang

1999). Through examination of meeting notes, emails, and other forms of correspondence

it is possible to extrapolate preference patterns, from which, reaction functions may be
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reconstructed. However, this brings up another issue: the derived utility functions may

not be monotonic or increasing-or even linear. One may be tempted to reengineer the

agent based modeling approach to accommodate these "exotic" utility functions.

While this is certainly a possibility to consider, we submit another approach.

Namely, to first examine the underlying cause of the nonlinearity in the preference

orderings. Hypothetically speaking, a thoughtful categorization scheme-looking at data

in context-may reduce much of the nonlinearity in the preference orderings. The idea is

to keep model inputs as simple as possible so long as predictive power is not substantially

lost. Indeed, simplified assumptions and inputs can still lead to positive results that are

very accurate.

Barring first source documentation of any kind, the two remaining approaches are

member surveys and expert opinion. In the former case, one would design a survey to

unearth the preferences, beliefs, and decision outcomes of the decision process. The issue

with this approach is that much is lost to memory. In other words, unless members are

surveyed on a decision recently made, survey results are likely to be biased. Expert

opinion shares the same weakness. Furthermore, it represents only a single, possibly even

external, view on the decision process. Hence, these two alternate approaches should be

considered less attractive.

Returning to the case of agency, it is difficult to directly measure player beliefs.

Data must exist that can quantify member beliefs regarding the perceived preferences of

others. The only way to get primary source data is to survey or interview group members

after a recent decision-as we stated above. Using this data one could then forecast

possible outcomes in subsequent group meetings. In this case the forecasting accuracy
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would be greater if a researcher could survey group members before the actual meeting

takes place.

In the case where expert opinion is used, the use of the modeling methodology

becomes more of a 'policy flight simulator'. In other words, experts can test their

assumptions and beliefs as to the likely outcomes of a group decision process. Different

scenarios would be generated based on the assumptions of the expert. This approach is

what some might call quasi-positive, in that the forecasting power of the model is directly

tied to the goodness of the data. Model goodness is determined by comparing the results

of the 'policy flight simulator' against the results of actual decision outcomes. This

requires that one can actually observe-or measure in some way-the outcome of a

group decision process.

It is our belief that research in this domain can only truly progress if there is a

coupling between empirical and theoretical pursuits. There should be a constant iteration

between empirical analysis/observation and modeling. Only by being in touch with the

real world, can we hope to understand the real world.
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Glossary of Acronyms

ABM-Agent Based Model
BATNA-Best Alternative to a Negotiated Agreement
DOD-Department of Defense
ES-Engineering System
FDA-Food and Drug Administration
FOMC-Federal Open Market Committee
FRB-Federal Reserve Board
GDP-Gross Domestic Product
JSF-Joint Strike Fighter
MOE-Measure of Effectiveness
NGATS-Next Generation Air Transportation Systems
OSD-Office of Secretary of Defense
PCFA-Principle Component Factor Analysis
SDO-Standards Design Organization
SEMATECH-Semiconductor Manufacturing Technology
SRB-Standards Review Board

I-
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CInflation
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List of Notations

dE,

change in inflation

inflation forecast uncertainty

change in unemployment

unemployment forecast uncertainty

change in GDP

GDP forecast uncertainty

agent i's utility function

the set of alternatives

agent i's ideal point

utility function lower bound

utility function upper bound

agent i's proposal

perceived utility of agent j

disagreement point (BATNA)

threshold value for an agent accepting i's bid

agent utility Pareto Frontier

utility function signal from agent i to agent j

require size for the winning coalition

best possible decision alternative

aUnemployment

dGDP

(TGDP

ui (x)

Xmin

Xmax

Uij

(a M
aj ,c



E

Cj

R,

Ri

Rwc

Ri

Pgf

Pf

Pi
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efficacy score

agent j's level of responsiveness to reputation

the reputation of a bid proposing member

the reputation of a bid receiving given member

the average bidding response function as a function of inflation

forecast uncertainty

the mean reputation of the winning coalition

the reputation of a given member

the target fund rate decision of the group

the final bid proposed by a given member

the initial target fund rate bid proposed by a given member
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