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Introduction

� Multiattribute decision analysis useful for

– Complex decision problems

– Multiple conflicting objectives

� Value Trees 
– Help identify, organize, prioritize objectives

– Used to structure weight elicitation in value    

function assessment

– But assessed weights are prone to biases

Value Tree Splitting Bias

� Nonhierarchically assessed weights flatter than 
hierarchical weights

Stillwell, W.G., D. von Winterfeldt, R.S. John. 1987. Comparing hierarchical and nonhierarchical weighting methods for 
eliciting multiattribute value models. Management. Sci. 33(4) 442-450.
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What May Cause Bias?

Anchor and Adjust Heuristic

Step 1: Determine
Anchor – split weights

W1,1
split = 0.33   W2,1

split = 0.33   W3,1
split = 0.33 W1,2

split = 0.5  

W2,2
split = 0.25       W3,2

split = 0.25

W2&3,2
split = 0.5  

What May Cause Bias?

Anchor and Adjust Heuristic

Step 1: Determine
Anchor – split weights

Step 2: Adjust 
Weight To Reflect 

Preferences

Result –
Nonhierarchical  Weights

More Similar

W1,1 = 0.33       W2,1 = 0.33       W3,1 = 0.33 
=   0.32            =   0.30            =   0.38

W1,2 = 0.5

=  0.4  

W2,2 = 0.25            W3,2 = 0.25

= 0.25                   =  0.35

W2&3,2 = 0.5  =  0.6

But adjustment is insufficient.  So…
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Estimate Bias with Model

Subject’s 
Expressed WeightSplit Weights

Wi,k
split

,
ˆ
i kW

Split Weights – found by dividing weight equally among 
attributes at each node in the tree

i = attribute
k = hierarchy

Estimate Bias with Model

Subject’s 
Expressed Weight

Random
Errors

εi,k

Split Weights

Wi,k
split

“True” Weights

Wi
true

Splitting Bias

λ

,
ˆ
i kW

i = attribute
k = hierarchy
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Model Formulation
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i = 1,2,…,I (attribute)

k = 1,2,…,K (hierarchy)
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Model is run once for each subject:
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Case Study

� Multicriteria planning exercise

� 11 planners & mid-level executives from 
Centerior Energy of Ohio 

� Used MCDM to
� quantify environmental externalities and economic 
objectives 

� multi-decade electricity generation and 
conservation planning

15 Alternatives 

� Demand Side Management (DSM)

� Generation Unit Life Extension Planning

� New Generation Types

� Reserve Margin

� Dispatching Methods
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Two Example Alternatives Developed by 
Decision Makers

All CT/CCAll CT/CCNew Capacity (Type)

1020Reserve Margin (%)

EconEconDispatching Method

1111Life Extension (# units)

-360-360DSM (MW)

Ref + 10% reserveReferenceDescription

BRef

Note:  Each alternative is nondominated

Attributes

Economic Attributes

� x
1
:= Levelized annual 

revenue requirements 

� x
2
:= Average Capital 

Expenditures

� x
3
:= Short-term 

Levelized rates

� x
4
:= Long-term Levelized 

rates

Other Attributes

� x
12
:= Job Loss

� x
13
:= Emergency Power
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Environmental Attributes

� Air

� x
5
:= Average SO2

emissions

� x
6
:= Average CO2

emissions

� x
7 
:= Average NOx

emissions

� Other

� x
8
:= Number of new 

sites for coal ash 
disposal 

� x
9 
:= Land needed for 

new generation

� x
10 
:= Remotely sited 

new generation 
capacity

� x
11 
:= Nuclear Power

Value Trees
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Value Functions

� Single Attribute value functions vi(xi)

� Rescale attribute between 0 and 1

� Best attribute value = 1

� Worst attribute value = 0

� Value of Alternative j = ( )i i ij

i

w v x∗∑
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Does bias exist in case study?
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Nonhierarchical Weights
Hierarchical Weights

Do hierarchical weights have higher standard deviation?

p-value < 0.05
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Splitting Biases Estimated with Model

0

0.2

0.4
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Subject

Avg Bias = 0.31
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Do Ranks of Alternatives Change?

211414781551091213613Model

114612541571011813932Hierarchical

211712541568913141013Nonhierarchical

RefNMLKJIHGFEDCBASubject 3

� 6 of 11 subjects have different top ranked 
alternative

� Other rankings don’t always match
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Value Losses

Value Loss = 

Value(Top Alternative under incorrect weights) –

Value(Best Alternative under correct weights)

Alternative

Value of Alternative Example:

Correct

Incorrect

200800Model

1000500Hierarchical

RefBWeight Set

Value Loss from using Hierarchical weights 
= 200 – 800 
= -600

Value Losses in Dollar Terms

� Express value loss in terms of easy to interpret 
attribute 

– x1 levelized revenue requirements ($M/yr)

� Find change in revenue to make alternatives 
equally desirable

)()( 11*

1

worstbestloss xx
W

V
revenue −=∆

W1
* = correct weight of x1
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Value Losses

Low

Average

High

NH = nonhierarchical
H    = hierarchical

Summary

� Splitting bias exists in value trees

� Models quantify bias

� Different weights → different rankings

� Using “incorrect” weights → value losses



13

Future Work

� Conduct interviews in attempt to determine 
decision maker’s preferred weights

� Include other biases – carryover bias

� Compare impact of various biases

Questions?
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