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Abstract

This dissertation contributes to this theoretical and experimental literature by

identifying three settings where efficiency can be improved.

By conducting a local and global public goods experiment, Chapter 2 studies the

effects of endowment heterogeneity by comparing a setting where two localities have the

same income (homogeneous treatment) with a setting where the localities differ in income

(heterogeneous treatment). We find that: 1) social efficiency is lower in the heterogeneous

treatment; 2) the efficiency difference comes from two aspects: a shift from global to lo-

cal public good contribution and a lower total public goods provision; and 3) inequality

aversion and reciprocity both play a role in contribution behavior; however the former

does not fully counter efficiency reduction, and the latter manifests an undesirable side

effect: people reduce global public goods contributions to reciprocate on local public good

contributions.

Chapter 3 explores the causal mechanisms through which real-time information

affects energy consumption by conducting a randomized-control trial with residential house-

holds. The experiment disentangles two competing mechanisms: (i) learning about energy

use via real-time feedback is sufficient to sustain energy conservation, or (ii) having a con-

stant reminder of energy use is necessary for energy conservation. We have two main

results. First, we find a statistically significant treatment effect from receiving an in-home

display. Second, we find that learning plays a more prominent role than saliency in driving

energy conservation. This finding supports the use of energy conservation programs that

enhance consumers’ learning about energy use.

Chapter 4 studies mechanisms that incentivize agents to contribute their time to

the level that generates the maximal profit for the society at the Nash equilibrium (we call

this efficiency). We focus on the case of bilateral projects, that is when every project re-

quires time allocation only from two agents. Our main result is the characterization of all

the mechanisms that satisfy efficiency for any set of production functions. Furthermore,
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we characterize efficient mechanisms that satisfy other desirable properties such as mono-

tonicity in the payoffs, strong Nash equilibrium of the efficient outcome, or consistency in

the number of participating agents.
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Chapter 1

Introduction

Efficiency is arguably the main concern of economists. The literature has widely

studied the efficient use of resources, such as time, effort or human capital in different

settings. This dissertation contributes to this theoretical and experimental literature by

identifying three settings where efficiency can be improved. In particular, in Chapter 2 we

show that efficiency could be improved in a multiple public good settings by reducing the

economic inequality of the participants. In chapter 3, we see that more information can

decrease the energy consumption, which in turn might lead to a more efficient allocation

of energy across consumers. Finally, in Chapter 4, we study profit-sharing mechanisms

that will incentivize agents to allocate their time more efficiently in companies.

There are many public goods in the real world. For example, climate change is

considered a public good (bad), because it affects people in multiple regions. While mit-

igating climate change would be efficient, how to achieve this outcome is a controversial

issue. Income heterogeneity per locality may make the climate change problem more dif-

ficult. In Chapter 2, we study the effects of endowment heterogeneity on the provision

of public good (such as climate change mitigation) by comparing a setting where two lo-

calities have the same income (homogeneous treatment) with a setting where the localities

differ in income (heterogeneous treatment). We find that: 1) social efficiency is lower in the

heterogeneous treatment; 2) the efficiency difference comes from two aspects: a shift from

global to local public good contribution and a lower total public goods provision; and 3)

inequality aversion and reciprocity both play a role in contribution behavior; however the

former does not fully counter efficiency reduction, and the latter manifests an undesirable

side effect: people reduce global public goods contributions to reciprocate on local public

good contributions.
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Motivated by climate change mitigation problems, we look at the solutions that

incentivize people to reduce energy consumption. In Chapter 3, we present an experiment

study, where we conduct a randomized-control field experiment. A number of studies

have estimated how much energy conservation is achieved by providing households with

real-time information via in-home displays. However, none of these studies tell us why in-

home displays change energy-use behavior. We explore the causal mechanisms through

which real-time information affects energy consumption. The experiment disentangles

two competing mechanisms: (i) whether learning about energy use via real-time feedback

is sufficient to sustain energy conservation, or (ii) whether having a constant reminder of

energy use is necessary for energy conservation. We have two main results. First, we find a

statistically significant treatment effect from receiving an in-home display. Second, we find

that learning plays a more prominent role than saliency in driving energy conservation.

This finding supports the use of energy conservation programs that enhance consumers’

learning about energy use.

In Chapter 4, we provide a theoretical analysis of bilateral networks. Here, we

consider the problem of efficiently allocating benefits among agents. Agents are endowed

with time and contribute it to different projects. Projects generate money depending on

the time allocation of different agents. A mechanism divides the money generated by the

projects among the agents. We study mechanisms that incentivize agents to contribute

their time to the level that generates the maximal profit for the society at the Nash equi-

librium (we call this efficiency). We focus on the case of bilateral projects, that is when

every project requires time allocation only from two agents. Our main result is the charac-

terization of all the mechanisms that satisfy efficiency for any set of production functions.

Furthermore, we characterize efficient mechanisms that satisfy other desirable properties

such as monotonicity in the payoffs, strong Nash equilibrium of the efficient outcome, or

consistency in the number of participating agents.
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Chapter 2

The Effect of Income Heterogeneity in

An Experiment with Global and Local

Public Goods

2.1 Introduction

Many researchers have studied public good provision using laboratory experi-

ments. [56] surveys experimental research on public goods. Robust findings are that sub-

jects contribute partial, but not insignificant amounts to public goods, and the amount of

their contributions decreases over time if subjects play the game repeatedly. Most studies

consider a single public good provision. In the real world, however, people usually belong

to multiple groups, and receive the benefits of multiple public goods at the same time. A

small (local) public good, such as a local park, often tends to give higher marginal benefits

only for its group’s members due to physical limitations. In comparison, a large (global)

public good, such as a national park, provides benefits more efficiently and extensively, but

also more anonymously. Since people have budget limitations, each person has to decide

to which public goods they should contribute and how much, considering factors such as

marginal (individual) benefits, social efficiency, and anonymity.

One example of this dilemma is the trade-off between the emission control of

greenhouse gases (GHG) and the economic growth of individual countries. The Intergov-

ernmental Panel on Climate Change reported that if society does not reduce emissions of

GHG, it will likely face significant climate change through global warming [48]. The re-
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duction of GHG benefits everyone by mitigating climate change, thus providing a global

public good. On the other hand, a policy such as promoting an individual country’s eco-

nomic growth (e.g., building a highway) may require a large amount of carbon emissions,

and benefit people mainly in that country. In the sense that the benefits may be limited to

residents, the policy would work as a local public good. Therefore, the best strategy for

each country is to pursue the economic growth while enjoying emission reduction of oth-

ers. However, if everyone adopts the same strategy, climate change will be unavoidable.

Moreover, differences in income level between countries make this issue more challenging.

That is, people in the developing countries are likely to invest in economic growth, while

people in developed countries may consider climate change more seriously.

To provide a deeper insight into the settings where multiple public goods exist,

we study a linear public goods game, where subjects can allocate their endowments not

only into a global public good, but also into a local public good which only benefits the

group members in their own locality. Further, we study the effect of income heterogeneity

between localities on the provision of public goods.

There are several studies that deal with multiple public goods under a voluntary

contribution mechanism.1 A common setting is a design with a local public good (rela-

tively high marginal benefit) and a global public good (socially optimal choice), instead of

a single standard public good. [13] and [36] investigate the relationship of marginal per

capita return (MPCR) to the contributions to local and global public goods. Both stud-

ies find that when the global public good is more socially efficient, subjects increase their

global public good contributions. As the contributions to the global public good increase,

[13] find that subjects keep the same levels of local public good contribution, while [36]

find that subjects shift from local public good contribution to the global public good con-

tribution.2 However, income heterogeneity has not been addressed in this context. In this

paper, we investigate how income heterogeneity among localities affects subjects’ alloca-

tion decisions in the setting with local and global public goods.

1There are some studies which use “multiple” public goods settings that are different from this paper.
For example, [12] study the effects of the identical “unpacked” public goods, where a public good account is
divided into two accounts identically. They find that total public good contribution is higher in the case of two
accounts than in the case of one public good account. See, also, [24] for the multiple threshold public goods,
and [31] for the effects of social interaction.

2See also, [77] for a study of group interaction (by communication), [17] for a study of the effects of global-
ization, and [14] for the effects of cultural differences.
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In terms of heterogeneity in a linear public goods game, [18] study the effect of in-

come and wealth heterogeneities in a single public good setting. They find that richer sub-

jects contribute a smaller percentage of their endowment to the public goods than poorer

subjects. Similarly, [4] show that asymmetric show-up fees result in lower contributions

to the public good. [66] find that endowment heterogeneity leads to less contributions to

the public good in a one-shot game.3 [41] and [35] introduce heterogeneity into MPCRs of

a public good, and find high MPCR-type subjects contribute more than low MPCR-type

subjects. These existing studies, however, have not addressed the effects of endowment

heterogeneity with multiple public goods. With multiple public goods, endowment het-

erogeneity between localities may cause a different pattern of contributions to local and

global public goods. These different patterns may increase or decrease overall efficiency.

To explore these issues and to find whether public goods may be provided efficiently in

such settings, we need to understand how people allocate their heterogeneous incomes

between local and global public goods.

In this paper, we introduce heterogeneous endowments between local groups. In

our experiment, the subjects can contribute not only to a local but also to a global public

good. By comparing homogeneous treatment (the same endowment between localities)

with heterogeneous treatment (different endowments in two localities), we identify the ef-

fects of endowment heterogeneity. Furthermore, we examine whether social preferences

can explain the contribution behavior. The main findings are: 1) the heterogeneous treat-

ment results in lower social efficiency (or total earnings) as compared with the homoge-

neous treatments; 2) the efficiency difference comes from two aspects: the shift from global

to local public good contribution and lower total public goods provision in the heteroge-

neous treatment; and 3) inequality aversion and reciprocity play a role in contribution

behavior in the heterogeneous treatment; however these social preferences do not fully

counter the efficiency loss caused by the endowment heterogeneity.

Our findings not only contribute to the academic literature, but may also help

policymakers when they design regulatory policies under income heterogeneity. In par-

ticular, we demonstrate that to increase social efficiency, it may not be enough to rely on

social preferences.

3For the case of threshold on public goods, [10] and [69] show less contributions to public goods under
inequality settings. By using a non-linear utility function, [19] show that subjects in the low income condition
over-contributed to the public good as compared to the theoretically predicted amount.
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Figure 2.1: A global group has two local groups.

The content of this paper is as follows. In Section 2.2, we describe the exper-

imental design and procedures. In Section 2.3, we report on the overall results of this

experiment. In Section 2.4, we elaborate on the individual contribution behaviors in de-

tail. In Section 2.5, we discuss social preferences. We summarize this study, and state open

questions for future research in Section 2.6.

2.2 Experimental Design and Procedures

We investigate the effects of asymmetric endowments between experimental groups

in local and global public good provision. This section provides the experimental design

and procedures.

2.2.1 Experimental Design

The experiment is similar to a standard, linear public good game except for the

addition of local and global public good provision. There are 8 subjects in each global

group, divided into two local groups of 4 subjects each. See Figure 2.1 for illustration. In

the figure, capital letters index each subject in the experiment. At the beginning of each

period, each subject receives tokens as an endowment. The amount of tokens depends on

the treatment and their local group membership. In every period, each subject decides

how to allocate their endowments between a private good, a local public good, and a

global public good.

The benefit of one unit of private good is 1 for the subject who consumes this

private good. On the other hand, a local public good provides benefits to all of its lo-

cal group members, while the global public good provides benefits to all members in the

global group. In the real world, people receive benefits more directly from a local public

good than from a global public good. Reflecting this fact, we assume that the marginal per

capita return (MPCR) to the local public good, α ∈ (0, 1), is higher than the MPCR to the

6



global public good, β ∈ (0, 1).4 The following equation describes the payoff function of

subject i in period t:

Πi,t = Ei,t − li,t − gi,t + α
∑

j∈Local
lj,t + β

∑
k∈Global

gk,t, where 1 > α > β > 0,

where Ei,t is the endowment of subject i at period t (the amount is fixed throughout the

experiment), li,t is the amount of local public good contribution by subject i at period t,

and gi,t is the amount of global public good contribution by subject i at period t.

The most efficient allocation depends on the number of local and global group

members (we denote n as the number of local group members and N as the number of

global group members), and the relationship between the MPCRs of the local and the

global public goods. For our experiment, we impose the assumption that nα < Nβ. In

this case, the most efficient allocation is for every subject to contribute their entire endow-

ment into the global public good. If a subject cares about social efficiency, then the subject

should contribute to the global public good.5 Alternatively, the Nash equilibrium (assum-

ing individual payoff maximization) is for none of the subjects to contribute to either local

or global public goods (i.e., everyone puts all tokens into the private good).

The information structure and feedback are as follows. At the end of each period,

each subject knows its own allocation and their own local group members’ contributions

to the local public good. However, the subjects only know the aggregate level of global

public good contribution by each local group, not the individual level of contribution.6

Our experiment has two treatments: homogeneous treatment and heterogeneous

treatment.

Homogeneous treatment: Each subject in each of the two local groups receives

30 tokens as an endowment at the beginning of each period. The sum of all subjects’

endowments in each period is 240 tokens.

Heterogeneous treatment: Subjects receive different endowments based on which

local group they are in. The subjects who belong to the High local group receive 40 tokens

each as an endowment while the subjects who belong to the Low local group receive 20

tokens each. The sum of all subjects’ endowments is 240 tokens, which is the same as in

4Previous studies assume similar relationship between MPCRs of local and global public goods.
5If a subject tries to maximize the social efficiency of the local group that the subject belongs to, then the

subject will contribute to its local public good.
6See Figure A.2 in A.1 for the snapshot of result screen.
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Table 2.1: Experimental Design – Local and Global Public Goods Game

Treatments

Homogeneous Heterogeneous

Settings

Number of Periods 15 15

Local: Group Size and MPCR 4-subject, α = 0.4 4-subject, α = 0.4

Global: Group Size and MPCR 8-subject, β = 0.3 8-subject, β = 0.3

Endowment 30 20 or 40

Number of Participants 32 32

Number of Sessions 4 4

Note: “Endowment” in the heterogeneous treatment depends on

which local group subjects are assigned to.

the homogeneous treatment. This endowment structure stays the same throughout the

session.

The subjects participate in this local-global public goods game for 15 periods in

each session, where the MPCR of a local public good is α = 0.4 and the MPCR of a global

public good β = 0.3. Each session has one global group divided into two local groups, so

that the number of subjects in the global group is 8. The local group assignment remains

fixed till the end of the session. Every subject is allowed to participate in only one session,

so that there is no subject who experiences more than one treatment. Table 2.1 summaries

the experimental design.

2.2.2 Experimental Procedures

This experiment was conducted on the University of Hawaii at Manoa campus

from July 2011 to October 2011. For this laboratory experiment, the subjects were recruited

by a mailing list, a poster, and an announcement in some undergraduate classes during

summer sessions. The experiment was programmed in z-Tree, [37].

Subjects were seated separately in the laboratory room. Before starting the exper-

iment, we distributed a copy of instructions which explained the procedure, the informa-
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tion structure, the number of periods, and the payoff scheme of each session. After we read

the instructions aloud, we gave a review exercise. Throughout the instructions, we made

sure the rules of each treatment were understood by all our subjects.7 Each session had

one practice period which did not count towards their final earnings, and 15 paid periods.

We did not allow the subjects to communicate with each other during the session. Each

session took one to two hours.

2.3 Experimental Results

The total of 64 subjects participated in the experiment, with 8 subject per session.

The average earning of subjects was $16.10 (standard deviation is $2.69) including a $5

show-up fee.8 There were 42 males and 22 females. The range of subjects’ age was from 18

to 64 years old with an average age of 25.1.

The structure of this section is as follows. First, we overview the experimental re-

sults. Next, we perform statistical analyses to test if an effect of endowment heterogeneity

exists. In subsection 2.3.2, we compare the homogeneous treatment with the heteroge-

neous treatment. In subsection 2.3.3, we compare the High local group behavior with the

Low local group behavior in the heterogeneous treatment.

2.3.1 Overview of the experimental results

Table 2.2 shows the overview of our experimental results. The average payments

are measured per subject at the end of each session. The average contributions to the local

and the global public good, and the private good are measured in tokens per period per

subject. From Table 2.2, the average contribution to the global public good appears larger

in the homogeneous treatment than in the heterogeneous treatment. It also shows that

the average contribution to the local public good is slightly higher in the heterogeneous

treatment than in the homogeneous treatment.9

7The instruction is shown in A.2. The screens of allocation-decision shows subjects’ ID number, and the
own local group number on the top. The left hand side of this screen is a “calculator” which subjects may
use before making a decision. The right hand side displays the actual decision. The result screen shows the
allocations and the earnings by its period as well as cumulative earnings. These snapshots are Figures A.1 and
A.2 in A.1.

8Figure A.3 in A.1 shows the distribution of payments.
9More detailed information on each session is provided in A.1: Table A.1, Figure A.4, and A.5.
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Table 2.2: Average token contribution per period per subject, and payment per subject

Mean (stdv) Local PG Global PG Private G Payment ($)

Overall 5.35 (8.17) 8.00 (9.98) 16.65 (12.25) 16.10 (2.69)

Homogeneous Treat., All 4.72 (7.46) 10.91 (10.72) 14.37 (11.16) 17.03 (2.01)

– Early (1 – 5) periods 5.35 (7.67) 14.58 (10.90) 10.07 (10.01) –

– Middle (6 – 10) periods 4.58 (7.13) 10.80 (10.73) 14.62 (10.91) –

– Late (11 – 15) periods 4.24 (7.57) 7.34 (9.25) 18.42 (10.99) –

Heterogeneous Treat., All 5.98 (8.79) 5.09 (8.22) 18.93 (12.87) 15.18 (2.99)

– Early (1 – 5) periods 5.69 (8.20) 8.68 (10.80) 15.64 (11.94) –

– Middle (6 – 10) periods 8.57 (10.70) 4.04 (6.48) 17.39 (12.82) –

– Late (11 – 15) periods 3.67 (6.23) 2.57 (4.94) 23.76 (12.47) –

High (40 End.) Group 8.19 (10.95) 6.29 (10.04) 25.52 (13.96) 17.71 (1.88)

Low (20 End.) Group 3.77 (5.02) 3.90 (5.64) 12.34 (7.07) 12.65 (1.14)

2.3.2 The comparison of the homogeneous and the heterogeneous treatments

We focus on the effects of endowment heterogeneity. First, we consider social effi-

ciency per period per treatment. The efficiency is measured as the ratio between the actual

total earned tokens by all subjects and the maximal possible tokens. In our experiment,

the case of minimum social efficiency is when all subjects allocate all of their endowment

into their private good. The total earned tokens in this case are equal to 240 tokens. On

the other hand, the case of the maximum social efficiency is when all subjects allocate all

of their endowment into the global public good. Since the global public good multiples

allocated tokens by 2.4,10 the total earned tokens are equal to 576 tokens. Here, we define

normalized efficiency. As is standard, we normalize the efficiency by setting the minimum

social efficiency to zero and the maximum social efficiency to 100:

Normalized efficiency (%) =
Actual total earned tokens−Minimum tokens

Maximum tokens−Minimum tokens
× 100.

10MPCR of the global public good is 0.3, and the size of the global group is 8 subjects.
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Figure 2.2: Normalized efficiency per treatment

Figure 2.2 displays the dynamics of the average normalized efficiency by period

by treatment. The figure also displays the benchmarks where all subjects put all tokens

into the private good (0% line), into the local public good (42.9% line), and into the global

public good (100% line). We observe that the average normalized efficiency is higher in

the homogeneous treatment than in the heterogeneous treatment in every period.

Given that the total endowments per period are the same in both treatments (240

tokens), then if there is no effect of endowment heterogeneity, social efficiencies should

be the same across treatments. The null hypothesis of no difference between treatments

is rejected by Wilcoxon-Mann-Whitney rank sum test (two-tailed, p = 0.030) when we use

overall averages per session as units of observation (8 observations). On average, the het-

erogeneous treatment achieves a normalized efficiency of 25.5%, while the homogeneous

treatment achieves a normalized efficiency of 43.1%.11

11We test the same hypothesis by using Early-period (1-5 periods) averages, Middle-period (6-10 periods)
averages, and Late-period (11-15 periods) averages, respectively. In Early-periods, the null hypothesis is not
rejected (p = 0.112), where the average efficiencies are 56.3% for the homogeneous treatment and 37.0% for
the heterogeneous treatment. In Middle-periods, the null hypothesis is rejected (p = 0.030), where the average
efficiencies are 42.5% for the homogeneous treatment and 25.7% for the heterogeneous treatment. In Late-
periods, the null hypothesis is marginally rejected (p = 0.061), where the average efficiencies are 30.5% for the
homogeneous treatment and 13.8% for the heterogeneous treatment.
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(a) Local Public Good (b) Global Public Good

Figure 2.3: Allocations per treatment (token-wise)

Finding 1 (Efficiency). The efficiency is higher in the homogeneous treatment than in the hetero-

geneous treatment.

It is natural to ask the following question: what differences in allocation patterns

drive the efficiency difference? We investigate the effects of the endowment heterogeneity

on the local and the global public goods’ contributions.

Figure 2.3 displays the dynamics of average contributions to the local and the

global public goods per treatment. We observe that the average contribution to the local

public good is higher in the heterogeneous treatment than in the homogeneous treatment

around the middle periods. Also, we observe that the average contribution to the global

public good is higher in the homogeneous treatment than in the heterogeneous treatment

in every period.

We perform OLS regressions on the local and the global public good contribu-

tions, using individual decisions per period as units of observation. The dependent vari-

able is either Local or Global public good contribution given by percentage of subjects’ en-

dowments contributed. Independent variables are Period and Period2 variables, which

are commonly used as trend variables. Further, to investigate the effects of endowment

heterogeneity, we introduce a Heterogeneous dummy and its interaction terms with trend
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variables. The Heterogeneous dummy takes the value of 1 if the subject participates in a

heterogeneous session, otherwise it takes the value of 0. This variable allows us to see

whether subjects in the heterogeneous treatment have a difference in their contributions by

a constant amount, as compared with the subjects in the homogeneous treatment. The in-

teraction terms, Period*Heterogeneous and Period2*Heterogeneous dummies, tell us whether

subjects in the heterogeneous treatment engage in different contribution dynamics. All

OLS regression include Session dummies and Local-Group dummies to control fixed effects.

Table 2.3 shows the statistical results.12 For the contribution to the local public

good, our preferred model is Model 4, which allows for differences in non-linear trends

between the homogeneous and the heterogeneous treatments. The coefficient of the Het-

erogeneous dummy is positive and highly significant (p < 0.01). This indicates that the

percentage-wise contribution to the local public good is higher in the heterogeneous treat-

ment than in the homogeneous treatment. The coefficient of Period*Heterogeneous dummy

is positive and highly significant (p < 0.01), and the coefficient of Period2*Heterogeneous

dummy is negative and highly significant (p < 0.01). Model 4 also shows that the coeffi-

cients of Period and Period2 are not statistically significant. These results tell us that there

exists a trend difference: the contribution in the heterogeneous treatment is hill-shaped,

while there is no significant trend in the homogeneous treatment.

For the contribution to the global public good, our preferred model is Model 8,

which allows for differences in linear trends between the homogeneous and the hetero-

geneous treatments.13 The coefficient of Heterogeneous dummy is negative and highly sig-

nificant (p < 0.01). This result implies the percentage-wise contribution is lower in the

heterogeneous treatment than in the homogeneous treatment. In terms of the trend dif-

ference, the coefficient of Period*Heterogeneous dummy is insignificant. This indicates no

trend difference in the contribution to the global public good.

12We check whether our experimental results are consistent with the previous findings on public goods.
Previous studies of a VCM experiment report that 1) subjects do not completely free-ride, and contribute a
certain amount to the public good, and 2) the contribution decreases over time. In Table 2.3, the amounts of
contributions towards both public goods are positive and highly significant (p < 0.01). See the constant terms
of Models 1 and 2 for the local public good, and the constant terms of Models 5 and 6 for the global public
good. Further, the coefficients of Period are negative and highly significant (p < 0.01). See Model 1 for the
local public good, and Models 5 and 6 for the global public good. These findings are consistent with previous
experimental work.

13Since we find no effects of quadratic trend on the contribution to the global public good, we do not choose
Model 9 as the preferred model.
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Table 2.3: OLS estimations of Local and Global Public Good Contribution

Local Public Good Cont. (% given) Global Public Good Cont. (% given)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9

Intercept 41.51∗∗∗ 34.37∗∗∗ -0.22 7.03 33.15∗∗∗ 33.93∗∗∗ 49.51∗∗∗ 51.03∗∗∗ 48.00∗∗∗

(3.30) (3.86) (3.86) (4.54) (4.21) (4.95) (4.21) (4.56) (5.87)

Hetero. Dummy 34.58∗∗∗ 20.09∗∗∗ -16.36∗∗∗ -19.40∗∗∗ -11.79

(4.21) (6.43) (5.40) (6.45) (8.30)

Period -0.55∗∗∗ 1.97∗∗∗ 1.97∗∗∗ -0.69 -2.11∗∗∗ -2.39∗∗ -2.11∗∗∗ -2.30∗∗∗ -1.23

(0.17) (0.74) (0.74) (1.04) (0.22) (0.95) (0.22) (0.31) (1.34)

Period2 -0.16∗∗∗ -0.16∗∗∗ 0.01 0.02 -0.07

(0.04) (0.04) (0.06) (0.06) (0.08)

Period*Hetero.D 5.32∗∗∗ 0.38 -2.30

(1.47) (0.44) (1.89)

Period2*Hetero.D -0.34∗∗∗ 0.17

(0.09) (0.12)

Adj. R2 0.1811 0.1909 0.1909 0.2016 0.192 0.1912 0.192 0.1918 0.192

Num. obs. 960 960 960 960 960 960 960 960 960

Standard error in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1
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Figure 2.4: Allocation to the Private Good per treatment (token-wise)

Finding 2 (Composition of public good contributions). Endowment heterogeneity leads to

significantly higher contributions to local public goods, while it leads to significantly lower contri-

butions to global public goods. In terms of dynamics, the contribution to local public goods increases

at the beginning in the heterogeneous treatment, then decreases toward the end (a hill-shaped trend),

while there is no trend in the homogeneous treatment. There is no trend difference in global public

good contributions, as the contributions in both treatments decline at around the same rate.

To further elaborate on what drives the efficiency difference, we also investigate

the Private good allocation. The amount of the Private good allocation is the endowment mi-

nus the sum of contributions to the local and the global public goods. If subjects have

a higher Private good allocation in the heterogeneous treatment than in the homogeneous

treatment, this would indicate that the subjects contribute less to the “total” public goods

in the heterogeneous treatment than in the homogeneous treatments.

To see this graphically, Figure 2.4 displays the dynamics of the average allocation

to the Private good by period by treatment. We observe that the allocation to the Private

good is lower in the homogeneous treatment than in the heterogeneous treatment in every

period, although the amounts are close in the middle periods.

We test the observation statistically. When we use overall averages per session

as units of observations (N = 8), the null hypothesis of no difference in the private good

allocation between treatments is sustained, but marginally, by Wilcoxon-Mann-Whitney
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Table 2.4: OLS estimations of Private Goods (Session based)

Private Good Allocation (Token given)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Intercept 15.06∗∗∗ 8.38∗∗∗ 13.35∗∗∗ 8.34∗∗∗ 16.11∗∗∗ 9.08∗∗∗

(1.23) (0.92) (1.05) (1.05) (1.45) (1.45)

Hetero. Dummy 4.93∗∗∗ 4.92∗∗∗ 5.01∗∗∗ 7.03∗∗∗

(1.74) (1.08) (1.48) (2.05)

Period 0.83∗∗∗ 0.84∗∗∗ 0.84∗∗∗ 0.58 0.58

(0.06) (0.09) (0.09) (0.37) (0.37)

Period*Hetero.D -0.01 -0.01 -0.72 -0.72

(0.13) (0.13) (0.53) (0.53)

Period2 0.02 0.02

(0.02) (0.02)

Period2*Hetero.D 0.04 0.04

(0.03) (0.03)

Adj. R2 0.32 0.73 0.73 0.73 0.75 0.75

Num. obs. 120 120 120 120 120 120

Standard error in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1

rank sum test (two-tailed, p = 0.1143). On average, the subjects in the heterogeneous treat-

ment allocate 18.93 tokens of their endowment, while the subjects in the homogeneous

treatment allocate 14.37 tokens of their endowment.

Table 2.4 shows OLS regression results for the private good allocation, using av-

erage allocation per session per period as units of observation. The dependent variable

is Private good allocation measured in tokens. Independent variables are Period, Period2,

the Heterogeneous dummy, the Period*Heterogeneous dummy, and the Period2*Heterogeneous

dummy variables. All OLS regressions include Session dummies to control for fixed effects.

Our preferred model is Model 4, which allows for differences in linear trends between the

two treatments. The coefficient of the Heterogeneous dummy is positive and highly signif-

icant (p < 0.01). This result tell us that the allocation is higher in the heterogeneous treat-
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ment than in the homogeneous treatment. In terms of the trend difference, the coefficient

of Period*Heterogeneous dummy is insignificant, while the coefficient of Period is positive

and highly significant (p < 0.01). These results tell us that there is no trend difference in

the private good allocation.

Finding 3 (Level of public good contributions). Subjects allocate significantly more to the pri-

vate goods, and therefore significantly less to the total public goods in the heterogeneous treatment

than in the homogeneous treatment. In both treatments, private good allocation is increasing over

time.

Combining Findings 2 and 3, we find that the efficiency difference comes from

two aspects: the pattern difference of allocations (i.e., substitution between public goods)

and the different amount of total public goods provision. In the homogeneous treatment,

the subjects contributed more to the global public good than to the local public goods.

On the other hands, in the heterogeneous treatment, the subjects contributed more to the

local public goods than to the global public goods. (In fact, in one session of the heteroge-

neous treatment, no subject contributed to the global public good after period 7; instead,

they contributed to the local public good.) Furthermore, the subjects in the heterogeneous

treatment contributed less to the public goods overall.

2.3.3 Comparison of the High and the Low local groups in the heterogeneous

treatment

We continue to study the effects of the endowment heterogeneity in the hetero-

geneous treatment by investigating the contribution to public goods by the High and Low

local groups. As we observed that overall efficiency is lower in the heterogeneous treat-

ment than in the homogeneous treatment, looking closely into the differences between the

High and the Low local groups may provide clues for this lower efficiency.

Figure 2.5 displays the dynamics of the average contribution to the local and the

global public goods per endowment group (percentage of endowment). We observe that

the average contribution to the local public good looks the same except for periods 3 to 7,

where the low-endowed subjects contribute less percentage-wise. On the other hand, we

observe that the average percentage-wise contribution to the global public good appears

higher for the high-endowed subjects in early periods, and higher for the low-endowed

subjects in middle periods.

17



(a) Local Public Good (b) Global Public Good

Figure 2.5: Allocations per endowment (percentage-wise)

We perform OLS regression for the heterogeneous treatment. Similar to the above

analysis, the dependent variable is either Local or Global public good contribution given by

percentage of endowment for comparability between differently endowed subjects. Inde-

pendent variables include Period and Period2 variables. Instead of Heterogeneous dummy,

we introduce a High dummy for high-endowed subjects, which takes the value of 1 if a

subject is endowed with 40 tokens, otherwise it takes the value of 0. We also introduce a

Period*High dummy and a Period2*High dummy for trend differences. All OLS regressions

include Session dummies and Local-Group dummies to control for fixed effects.

Table 2.5 shows the results. For the contribution to the local public good, our

preferred model is Model 4, which allows for differences in non-linear trends between the

High and the Low local groups. The coefficient of the High dummy is positive and highly

significant (p < 0.01). This result tells us that the high-endowed subjects contribute higher

percentage-wise than the low-endowed subjects. In terms of the trend difference, both the

coefficients of the Period*High dummy and the Period2*High dummy are insignificant. The

coefficient of Period is positive and significant (p < 0.05), and The coefficient of Period2

is negative and highly significant (p < 0.01). These results tell us that there is no trend

difference, and the contributions by both the high- and low-endowed subjects are hill-

shaped.
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Table 2.5: OLS estimations of Local and Global Public Good Contribution in Heterogeneous treatment

Local Public Good Cont. (% of end.) Global Public Good Cont. (% of end.)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8

Intercept 41.97∗∗∗ 27.12∗∗∗ 0.04 1.62 31.63∗∗∗ 36.21∗∗∗ 24.74∗∗∗ 21.76∗∗∗

(3.60) (4.50) (4.50) (5.63) (3.82) (4.91) (4.36) (6.13)

High Dummy 27.08∗∗∗ 23.91∗∗∗ 9.61 24.74∗∗∗

(4.14) (7.97) (6.16) (8.67)

Period -0.61∗∗ 4.63∗∗∗ 4.63∗∗∗ 3.42∗∗ -1.92∗∗∗ -3.54∗∗∗ -1.58∗∗∗ -0.53

(0.25) (1.03) (1.03) (1.45) (0.26) (1.12) (0.37) (1.57)

Period2 -0.33∗∗∗ -0.33∗∗∗ -0.23∗∗∗ 0.10 -0.07

(0.06) (0.06) (0.09) (0.07) (0.10)

Period*HighD 2.42 -0.68 -6.02∗∗∗

(2.05) (0.52) (2.23)

Period2*HighD -0.20 0.33∗∗

(0.12) (0.14)

Adj. R2 0.211 0.2531 0.2531 0.2574 0.1427 0.1406 0.1418 0.1532

Num. obs. 480 480 480 480 480 480 480 480

Standard error in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1
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For the contribution to the global public good, our preferred model is Model 8,

which allows for differences in non-linear trends between the High and the Low local

groups. The coefficient of the High dummy is positive and highly significant (p < 0.01).

The percentage-wise contribution by the high-endowed subjects is higher in the initial pe-

riod than by the low-endowed subjects. In terms of the trend difference, the coefficient of

the Period*High dummy is negative and highly significant (p < 0.01), and the coefficient of

the Period2*High dummy is positive and significant (p < 0.05). The coefficients of Period

and Period2 are insignificant. These results tell us that there is a trend difference: the con-

tribution by the high-endowed subjects is U-shaped, and decreases faster than it does for

the low-endowed subjects.

Finding 4 (Comparison of the High and the Low local groups). For the local public good, the

high-endowed subjects contribute a higher percentage of their endowment to the local public good

than the low-endowed subjects, where the dynamics of contributions by both groups are hill-shaped.

For the global public good, the high-endowed subjects also contribute a higher percentage of their

endowment to the global public good in the early periods, but their contributions decrease faster

than those of the low-endowed subjects.

In summary, we observed that the High and Low local groups in the heteroge-

neous treatment displayed different contribution behaviors. The high-endowed subjects

contribute more to the local and global public goods percentage-wise at the beginning

than the low-endowed subjects, but their contributions to the global public good decreased

faster. In Section 2.5, we will use theories of social preferences to explain the difference in

the starting level and the dynamics of contributions, and discuss why these could lead to

lower overall efficiency.

2.4 Analysis of Individual Behavior

In this section, we look for the effects of endowment heterogeneity, while allow-

ing for differences in individual behavior. We classify the subjects into two types, free-rider

and cooperator, based on their contribution to the public goods. Through the analysis of

individual behavior, we aim to provide more detailed insights into the differences in the

homogeneous and the heterogeneous treatments, and see whether contribution behaviors

of free-rider and cooperator types differ across treatments.
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Figure 2.6: Number of Cooperators by period per Treatments

First, we look at a simple classification of subjects into free-riders and coopera-

tors in each period. [49] define cooperators as those who contribute more than 50% of

their endowment to public goods, and free-riders as those who contribute less than 50% of

their endowment to public goods.14 We adopt a similar criterion for cooperators and free-

riders. Cooperators are those who contribute more than 50% of their endowment to the

total public goods (sum of the local and global public goods), while free-riders are those

who contribute less than 50% of their endowment to total public goods. cite

Figure 2.6 shows the result of this classification. The number of cooperators is

decreasing toward later periods in both treatments. Thus, the number of free-riders is

increasing. Further, the number of cooperators is smaller in the heterogeneous treatment

than in the homogeneous treatment in every period.

Next, we consider how frequently subjects switch between cooperator and free-

rider types from period to period. Table 2.6 reports the average transition probabilities

by treatment. In the table, rows Cooperator and Free-rider represent the individual clas-

sifications in the previous period (Period t − 1), and columns Cooperator and Free-rider

represent the classifications in the next period (Period t).

We observe that overall, both cooperators and free-riders are more likely to keep

their own type than switch types from one period to the next. Further, we observe that

14Other papers adopt different criteria for investigating individual behaviors; see, for example, [55], [43],
and [64].
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Table 2.6: Average Transition Probability (Percentage) across Periods, by Treatment

(a) Homogeneous Treatment

Cooperatort Free-ridert

Cooperatort−1 79.4 20.6

Free-ridert−1 20.4 79.6

(b) Heterogeneous Treatment

Cooperatort Free-ridert

Cooperatort−1 69.5 30.5

Free-ridert−1 14.8 85.2

subjects classified as cooperators are more likely to stay cooperators in the homogeneous

treatment than in the heterogeneous treatment, and that subjects classified as free-riders

are more likely to switch to cooperators in the homogeneous treatment than in the hetero-

geneous treatment.

We next look for statistical support for the above observations. We perform Pro-

bit regressions estimating the probability of being a cooperator. The dependent variable

is a dummy variable which takes the value of 1 if a subject is classified as a cooperator,

otherwise it takes the value of 0 (which means the subject is a free-rider). The independent

variables are Period, and the Heterogeneous dummy. We introduce the Previous Cooperator

dummy, which takes the value of 1 if a subject is classified as cooperator in the previous

period, otherwise it takes the value of 0 (which means the subject was a free-rider in the

previous period).

The results are given in Table 2.7. The coefficient of Period is negative and highly

significant (p < 0.01). The coefficient of the Heterogeneous dummy is negative and highly

significant in Model 1 (p < 0.01) and significant in Model 2 (p < 0.05). The coefficient of

the Previous Cooperator dummy is positive and highly significant (p < 0.01). These results

tell us that a subject in the heterogeneous treatment is 6.6 percent more likely to free-ride

than a subject in the homogeneous treatment, that subjects are more likely to keep their

types, and that the probability of being a cooperator is decreasing overtime.

Finding 5 (Number of Cooperators and Free-Riders). The number of individuals classified as

cooperators is significantly higher in the homogeneous treatment than in the heterogeneous treat-

ment in all periods, and the number of cooperators is decreasing with time in both treatments. The

probability of being a cooperator is significantly higher in the homogeneous treatment both uncon-

ditionally and conditionally on being a cooperator in the previous period.
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Table 2.7: Probit estimations: Probabilities of Being Cooperator (reporting marginal effects)

Model 1 Model 2

Period -0.033∗∗∗ -0.015∗∗∗

(0.005) (0.005)

Heterogeneous Dummy -0.144∗∗∗ -0.066∗∗

(0.034) (0.031)

Previous Cooperator Dummy 0.434∗∗∗

(0.107)

Log Likelihood -612.21 -428.30

Num. obs. 960 896

Standard error in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1

The above analysis also shows that subjects are likely to maintain their types

across periods. Based on this observation, we now track the dynamics of contributions

of individuals classified as free-riders or cooperators in period 1. There are 16 subjects

classified as free-riders (7 in the homogeneous, and 9 in the heterogeneous treatment), and

48 subjects classified as cooperators (25 in the homogeneous, and 23 in the heterogeneous

treatment). Figure 2.7 shows the dynamics of the total public good contributions by free-

riders and cooperators.

For free-riders, total public good contribution is higher in the homogeneous treat-

ment than in the heterogeneous treatment (Figure 2.7a). This observation is confirmed by

the Wilcoxon-Mann-Whitney rank sum test. In period 1, the percentage contributions to

total public goods are 26.2% in the homogeneous treatment and 8.3% in the heterogeneous

treatment (two-tailed, p = 0.013). Similarly, in periods 2-8, the percentage contributions

to total public goods are 36.6% in the homogeneous treatment and 13.6% in the heteroge-

neous treatment (p = 0.031), and in periods 9-15, 30.6% in the homogeneous treatment and

11.4% in the heterogeneous treatment (p = 0.044).15 Further, we test the same hypothesis

in terms of global and local public goods. We find that free-riders contribute more to the

15For these tests, the observations in periods 2-8 and in periods 9-15 are calculated as averages per
individual.
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(a) 16 Free-riders (7 in Homo. and 9 in Hetero.) (b) 48 Cooperators (25 in Homo. and 23 in Hetero.)

Figure 2.7: Dynamics of Total Public Good Contributions by Treatments

global public good in the homogeneous treatment than in the heterogeneous treatment (p

= 0.030 in period 1, p = 0.019 in periods 2-8 , and p = 0.055 in periods 9-15). As for the local

public good, we find there is no significant difference (p = 0.140 in period 1, p = 0.166 in

periods 2-8 , and p = 0.462 in periods 9-15).

In addition, for free-riders, the levels of total public good contributions appear

not to change from period to period in both treatments. To test this observation, we run

on the Wilcoxon Signed Rank test of the total public good contribution for free-riders. The

observations in periods 2-8 and in periods 9-15 are calculated as averages per individual.

Since the null hypothesis of no difference between periods 2-8 and periods 9-15 is not

rejected (p = 0.286), we confirm that the total public good contribution of free-riders does

not change with time.16

Finding 6 (Differences in Free-rider Behavior between treatments). Free-riders contribute

more to the total public goods in the homogeneous treatment than the heterogeneous treatment. The

difference comes from the contributions to the global public good. The amount of total public good

contributions by free-riders does not change with time in either treatment.

Second, we consider the contributions of cooperators. Figure 2.7b suggests that

the amount of total public goods contribution by cooperators is decreasing in both treat-
16This observation is also supported by a simple regression with period as an independent variable.
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(a) Homogeneous Treatment (b) Heterogeneous Treatment

Figure 2.8: Cooperator’s Dynamics of Total Public good per Treatments

ments. As is apparent from Finding 6, the dynamics of public good contributions are

driven by cooperators and not free-riders. Therefore, we focus on the behavior of cooper-

ators in more detail. Figure 2.8 shows the changes in allocations to the local public, global

public, and private goods by cooperators. The figure indicates that the contributions to the

local public good are relatively stable, but the contributions to the global public good are

decreasing and the amount allocated to the private good is increasing.

We provide statistical tests for the treatment differences in contributions by coop-

erators to the total, global and local public goods. In period 1, we find there is no effect

of endowment heterogeneity among cooperators by WMW tests. The percentages of to-

tal, global, and local public goods are not statistically different between the two treatments

(two-tailed, p = 0.128 for total, p = 0.406 for global, p = 0.314 for local). Further, we consider

similar tests for the periods 2-8 and periods 9-15. For the total public good, the amount of

contributions is not significantly different between the two treatments (p = 0.105 in periods

2-8, p = 0.364 in periods 9-15); for the global public good, the amount of contributions is

larger in the homogeneous treatment than in the heterogeneous treatment (p = 0.015 in pe-

riods 2-8, p = 0.025 in periods 9-15); for the local public good, the amount of contributions

is smaller in the homogeneous treatment than in the heterogeneous treatment (p = 0.024 in

periods 2-8, p = 0.097 in periods 9-15).
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Table 2.8: OLS estimations of Total, Global and Local PG Contribution by Cooperators

Total PG Global PG Local PG

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Intercept 72.89∗∗∗ 72.47∗∗∗ 65.40∗∗∗ 63.14∗∗∗ 7.48∗ 9.33∗

(5.30) (6.76) (5.20) (6.65) (4.35) (5.46)

Heterogeneous Dummy 8.02 -1.97 -27.86∗∗∗ -17.77∗ 35.87∗∗∗ 15.80∗∗

(7.21) (9.42) (7.07) (9.26) (5.91) (7.61)

Period -3.41∗∗∗ -3.26∗∗ -2.84∗∗∗ -2.04 -0.57∗ -1.22

(0.36) (1.53) (0.35) (1.50) (0.29) (1.24)

Period2 -0.01 -0.05 0.04

(0.09) (0.09) (0.08)

Period*Hetero.D -0.04 3.49 0.18 -3.38 -0.22 6.87∗∗∗

(0.52) (2.21) (0.51) (2.17) (0.42) (1.79)

Period2*Hetero.D -0.22 0.22∗ -0.44∗∗∗

(0.13) (0.13) (0.11)

Adj. R2 0.33 0.33 0.29 0.29 0.20 0.23

Num. obs. 720 720 720 720 720 720

Standard error in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1

These analyses tell us that there is no difference between treatments in period 1

contributions of cooperators. But after period 1, while there is still no or little difference

in the total public goods, there is a difference in the allocation between the local and the

global public goods. Cooperators in the homogeneous treatment contribute more to the

global public good, and those in the heterogeneous treatment contribute more to the local

public good.

The OLS regression supports these findings as well, as indicated by Table 2.8. The

dependent variable is either Total, Global or Local public good contribution given by percent-

age of subjects’ endowments. The independent variables are Period, Period2, the Hetero-

geneous dummy, the Period*Heterogeneous dummy and the Period2*Heterogeneous dummy.

26



All OLS regressions include Session dummies and Local-Group dummies to control for fixed

effects.

In terms of the level of contributions, although there is no significant difference

for total public goods, we find a significant effect of endowment heterogeneity for the

global public good (p < 0.01 in Model 3 and p < 0.1 in Model 4), and for the local public

good (p < 0.01 in Model 5, p < 0.05 in Model 6). In terms of the dynamics of contributions,

the coefficients of Period are negative and significant for the total and the global public

goods (p < 0.01 in Model 1, p < 0.05 in Model 2, p < 0.01 in Model 3). In the local public

good, the coefficient of the Period2*Heterogeneous dummy is negative and highly significant

(p < 0.01), while the coefficients of Period and Period2 are not statistically significant (in

Model 6).

These results tell us that total public good contribution by cooperators is decreas-

ing over time. Cooperators contribute less to the global public good in the heterogeneous

treatment than in the homogeneous treatment, and the contribution to the global public

good is decreasing in both treatments. Cooperators contribute more to the local public

good in the heterogeneous treatment than in the homogeneous treatment, and the contri-

bution to the local public good in the heterogeneous treatment is hill-shaped.

Finding 7 (Differences in Cooperator Behavior between treatments). For cooperators, overall,

there is little or no difference between treatments in terms of total public good contribution, and the

amounts are decreasing overtime. In period 1, cooperators in both treatments contribute to public

goods in the same way. In later periods, however, the cooperators in the homogeneous treatment

contribute more to the global public good, while the cooperators in the heterogeneous treatment

contribute more to the local public good.

In summary, the analysis in this section helps us further understand the difference

between the homogeneous and the heterogeneous treatments. We find that cooperators in

the homogeneous treatment contribute more to the global public good, while cooperators

in the heterogeneous treatment contribute more to the local public good. Further, we ob-

serve the effects of endowment heterogeneity among free-riders: total and global public

good contributions are larger in the homogeneous treatment than in the heterogeneous

treatment. These findings suggest that the lower efficiency in the heterogeneous treatment

comes from cooperators shifting their contribution from the global to the local public good,

and from free-riders contributing less to the global public goods. In addition, our findings
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6 and 7 indicate that the decline in overall contributions in both treatments is driven by

cooperators, not free-riders.17

2.5 Testing For Social Preferences

In this section, we aim to explain why the subjects in the heterogeneous treatment

behaved differently (in comparison with the homogeneous treatment) using theories of

social preferences. Social preferences are used to supplement the rationality assumption

in explaining people’s contribution behavior (see, [33], [15], [20], and [6]).18 We consider

if subjects in the heterogeneous treatment exhibit inequality aversion preference, and/or

reciprocity preference. One question is whether theories of social preferences can explain

the differences between the High and the Low local groups observed in Section 2.3.

2.5.1 Inequality aversion hypothesis

One of the popular social preference hypotheses is inequality aversion: a subject

dislikes wealth inequality between subjects (see [33] and [15], for example). With different

endowments, inequality aversion may lead to different contributions to public goods. In

order to test this hypothesis, we use individual-level data in the heterogeneous treatment

in period 1 only. The rationale is that if we use the observations after period 2 for the

test, the subjects difference (if any) might come from other explanations, such as response

to previous history. In period 1, however, the subjects differ only in their endowments

and there is no difference in observed history. This allows us to investigate the inequality

aversion hypothesis. We expect that if subjects dislike inequality which comes from the

endowment heterogeneity, the subjects in the High local group contribute more to the

global public good in period 1 than those in the Low local group.

To discuss inequality aversion in detail, we introduce the following two concepts,

weak and strong inequality aversion. “Weak inequality aversion” states that subjects in

the High local group contribute more to the global public good token-wise (not necessary

percentage-wise). In terms of the amount of the endowment, a subject in the High local

group has 20 tokens more than a subject in the Low local group. Therefore, a subject

17[43] showed a similar result. They found that the amount of contributions to public goods is decreasing
due to the decrease by cooperators.

18For alternative explanations for the contribution behavior, see, [5], and [67].
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with weak inequality aversion in the High local group may want to give some of these 20

tokens to the global public good. On the other hand, “strong inequality aversion” states

that subjects in the High local group contribute more to the global public good both token-

and percentage-wise. If a subject in the Low local group contributes 10 tokens to the global

public good, 20 tokens contributed to the global public good by a subject in the the High

local group is not enough for strong inequality aversion. In this case, they contribute the

same proportion to their endowment, 50%, which will not eliminate the inequality caused

by the endowment heterogeneity. Therefore, the subjects with strong inequality aversion

in the High local group should contribute more to the global public good, even percentage-

wise.19

To see if the inequality aversion hypothesis is supported, we perform the Wilcoxon-

Mann-Whitney rank sum test by using individual contributions in period 1 as units of ob-

servations. The null hypothesis of no differences between the High and Low local groups

is rejected token-wise (two-tailed, p = 0.006), and is marginally rejected percentage-wise (p

= 0.072). On average, the amount of the global public good contribution by the High local

group was 17.5 tokens, which is 43.75% of their endowment, while the amount contributed

by the Low local group was 5.12 tokens, which is 25.62% of their endowment (see period

1 in Figure 2.5).

Next, we perform OLS regressions for period 1 contributions. Table 2.9 shows

the results. The dependent variable is Global public good contribution both in absolute terms

(tokens) and in percentage terms (of the endowment). The independent variable is a High

dummy. For the contribution to the global public good, the coefficient of the High dummy

is positive and highly significant in absolute terms (p < 0.01), although it is not significant

in percentage terms. We also perform the same OLS regressions, using cooperators data

only. Table 2.9 shows the results of this as well. For the contribution to the global public

good, the coefficient of the High dummy is positive and highly significant in absolute terms

(p < 0.01), although it is not significant in percentage terms.

Finding 8 (Inequality Aversion). Weak inequality aversion hypothesis is supported by our data:

in period 1, High local group members contribute more tokens to the global public good than Low

local group members.
19One exception is only when both the High and the Low local groups contribute all of their endowment

into the global public good. In this case, the inequality is eliminated.
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Table 2.9: Inequality aversion: Global Public Good Contribution in Heterogeneous Treat-

ment

All Subjects Cooperator Only

Token Percentage Token Percentage

Intercept 5.12∗∗ 25.62∗∗∗ 8.00∗∗ 40.00∗∗∗

(2.51) (7.60) (2.97) (8.80)

High Dummy 12.37∗∗∗ 18.13 13.15∗∗∗ 12.88

(3.55) (10.75) (3.95) (11.70)

Adj. R2 0.26 0.06 0.31 0.01

Num. obs. 32 32 23 23

Standard error in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1

Finding 8 suggests that the weak inequality aversion hypothesis is supported

in period 1. Since the High local group has double endowment of the Low local group,

the token-based difference is not surprising. In terms of percentage of endowment, the

result of the WMW test is only marginally significant (p < 0.1), and the result of the OLS

regressions is statistically insignificant. One explanation of low significance percentage-

wise inequality aversion is that the efficiency motive overrules inequality aversion. This

motive encourages the subjects in the Low local group to contribute to the global public

good as much as the ones in the High local group do, especially for cooperators.

Now, we compare period 1 global public good contributions to the homogeneous

treatment. In period 1, the High local group in the heterogeneous treatment contributes

more token-wise to the global public good than the homogeneous treatment (on average,

17.5 tokens for the High local group, as compared to 13.9 tokens for the homogeneous

treatment), but not percentage-wise (43.8% for the High local group, and 46.3% for the

homogeneous treatment). The global public good contribution by the High local group is

not enough to compensate the lower contribution by the Low local group (25.6%). There-

fore, the starting level of global public good contribution is lower in the heterogeneous

treatment than in the homogeneous treatment. Hence, inequality aversion motives are not
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strong enough to compensate overall global public good contribution decrease compared

to the homogeneous treatment.

2.5.2 Reciprocity hypothesis

Another often discussed type of social preference is reciprocity. The reciprocity

hypothesis states that if subject i observes the other subjects’ contribution to a public good,

then subject i contributes to the public good as well.20 Here, we investigate if a subject

contributes to public goods, depending on the other subjects’ contributions.21

By using individual-level data excluding period 1, we perform OLS regressions

for each public good contribution. Similar to the above analysis, the dependent variable

is either Local or Global public good contribution given by token. The independent variables

are again Period and Period2 variables; to test the reciprocity hypothesis, we introduce new

variables, which indicate how much the other subjects contribute to the public good in the

previous period. Previous Period Local Public Good By Own Local Members takes the average

local public good contribution by other members of the same local group in the previous

period. Previous Period Global Public Good By Own Local Members takes the average global

public good contribution by other members of the same local group in the previous period,

and Previous Period Global Public Good By Other Group Members takes the average global

public good contribution by other members of the other local group in the previous period.

All OLS regressions include Session dummies, and also include Local-Group dummies in the

homogeneous treatment to control for fixed effects.

Table 2.10 shows the results for both the High and the Low local groups in the

heterogeneous treatment, as well as the Equal (endowment) group in the homogeneous

treatment. In terms of reciprocity for local public good contribution, the coefficients of Pre-

vious Period Local Public Good By Own Local Members are positive and marginally significant

for the Low local group in LPG 3 (p < 0.1), but not for the High local and Equal (endow-

ment) groups. This tells us that if other subjects in the same Low local group contribute to

the local public good in the previous period, then the subjects also contribute to the local

20[75] provides a theory of reciprocity in voluntary contributions.
21In the literature, this reciprocal behavior is a variation of “conditional cooperators.” See [21] for a survey

of conditional cooperator in public goods experiments. There are two approaches to investigate conditional
cooperators. One is a direct approach, where subjects directly show their conditional contributions based
on the others’ contributions. See, for example, [39], [53], and [59]. The other is an indirect approach, where
subjects decide the contribution to a public good by observing others’ contributions. See for example, [74],
[52], and [16]. This study is classified as an indirect approach.
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Table 2.10: Reciprocity Models by endowment group excluding Period 1 (Token-wise)

All Subjects Cooperator Only

High End. Low End. Equal End. High End. Low End. Equal End.

LPG 1 GPG 2 LPG 3 GPG 4 LPG 5 GPG 6 LPG 7 GPG 8 LPG 9 GPG 10 LPG 11 GPG 12

Intercept 19.53∗∗∗ 14.04∗∗∗ 1.24 4.61∗∗∗ -0.01 31.68∗∗∗ 14.20∗∗∗ 13.31∗∗∗ 3.83 6.82∗∗∗ -1.50 35.86∗∗∗

(4.12) (3.39) (1.80) (1.52) (2.81) (3.39) (4.40) (3.66) (2.56) (2.15) (3.51) (4.07)

Period 1.54∗ -0.67∗∗∗ 0.73∗ -0.25∗∗ 0.02 -1.45∗∗∗ 1.18 -0.61∗∗∗ 0.71 -0.36∗∗ -0.08 -1.62∗∗∗

(0.86) (0.19) (0.38) (0.11) (0.40) (0.16) (0.93) (0.20) (0.51) (0.14) (0.49) (0.19)

Period2 -0.15∗∗∗ -0.05∗∗ -0.01 -0.12∗∗ -0.06∗∗ 0.01

(0.05) (0.02) (0.02) (0.05) (0.03) (0.03)

Prev.Period Local PG

- Own Local -0.02 -0.08∗∗ 0.06∗ -0.09∗ 0.01 -0.20∗∗∗ 0.10∗∗ -0.10∗∗ 0.13∗∗∗ -0.06 0.02 -0.22∗∗∗

(0.04) (0.03) (0.04) (0.05) (0.03) (0.04) (0.05) (0.04) (0.05) (0.05) (0.04) (0.05)

Prev.Period Global PG

- Own Local -0.13∗∗∗ 0.00 -0.06∗ -0.07∗ 0.01 -0.34∗∗∗ -0.12∗∗∗ 0.04 -0.06 0.05 0.04 -0.30∗∗∗

(0.04) (0.03) (0.03) (0.04) (0.03) (0.04) (0.04) (0.04) (0.05) (0.05) (0.03) (0.04)

- Other G. -0.07 0.11∗ -0.02 0.04∗∗ 0.01 0.02 -0.04 0.15∗∗ -0.03∗ 0.05∗∗∗ 0.02 -0.02

(0.07) (0.06) (0.01) (0.02) (0.02) (0.03) (0.07) (0.06) (0.02) (0.02) (0.03) (0.04)

Adj. R2 0.32 0.19 0.31 0.15 0.13 0.27 0.39 0.24 0.38 0.38 0.13 0.29

Num. obs. 224 224 224 224 448 448 182 182 140 140 350 350

Standard error in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1
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public good.

In terms of reciprocity for global public good contribution, the coefficients of Pre-

vious Period Global Public Good By Other Group Members are positive and marginally signifi-

cant for the High local group in GPG 2 (p < 0.1), and positive and significant for the Low

local group in GPG 4 (p < 0.05), but not for the Equal endowment group. This tells us

that in the heterogeneous treatment, if subjects in one group contribute to the global pub-

lic good in the previous period, then subjects in the other group contribute to the global

public good. We do not observe similar effects in the homogeneous treatment.

We also perform the same OLS regressions by using cooperators data only, and

the results are strengthened (see, LPG 7 - GPG 12 in Table 2.10). Both the High and the

Low local groups reciprocate to own local group members by contributing more to the

local public good (when the other members in the same local group contribute to the local

public good), and also reciprocate to the other group members by contributing more to

the global public good (when the other group members contribute to the global public

good). However, we found no reciprocal behavior by the subjects in the homogeneous

treatment.22

Finding 9 (Reciprocity). In the heterogeneous treatment, reciprocity for global public good con-

tribution exists for the subjects in both High and Low local groups. Reciprocity for local public good

contribution appears in the Low local group, and in the High local group only among cooperators.

In comparison, in the homogeneous treatment, subjects do not reciprocate to the same extent.

Finding 9 states that the reciprocity hypothesis is supported after period 1 for

the heterogeneous treatment. For the global public good contributions, the subjects in the

High local group reciprocate more than the subjects in the Low local group. For local

public good contribution, the subjects in the Low local group have stronger reciprocity

than subjects in the High local group.23

These findings also suggest that reciprocal behavior is not enough to overcome

the efficiency difference caused by the endowment heterogeneity, even though it is signif-

icant in the heterogeneous treatment. In fact, subjects contribute less to the global public

good in the heterogeneous treatment than in the homogeneous treatment. These results

22Additionally, we perform the same OLS regression on either Local or Global public good contribution
percentage-wise. The results are the same, in terms of the sign and significance of each coefficient.

23But the amount of reciprocal contribution is less than the others’ contributions in both global and local
public goods. This is consistent with previous results: see, [39] and [38].
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may indicate that endowment heterogeneities create stronger local group identities.24 That

is, subjects in the heterogeneous treatment may identify with local groups more due to the

endowment differences between localities. On the other hand, subjects in the homoge-

neous treatment may not identify with local groups as strongly and care more about the

global group identities. To enhance social efficiency under endowment heterogeneities,

policies to induce global identity could be useful.

Further, reciprocity has been well-documented. However, we observe new effects

because of the local and global public goods trade off. There are some undesirable “side

effects” of reciprocity on global public good contributions. For example, in Table 2.10, the

coefficients of Previous Period Local Public Good By Own Local Members are positive in LPG 3

and negative in GPG 4 (p < 0.1, each). This result tell us that if own local group members

contribute to the local public good in the previous period, a subject contributes to the local

public good (by means of reciprocity) but reduces their contribution to the global public

good. It appears that the local public good contributions crowd out the global public good

contributions by means of reciprocity.

We now return to the question why the High and the Low local groups behave

differently in the heterogeneous treatment. At the beginning, the High local group con-

tributes more to the global public good than the Low local group does (Finding 4), which

may be attributed to inequality aversion (Finding 8). But, the subjects in the High local

group do not compensate enough for lower contribution by those in the Low local group.

This causes the lower starting level of global public good contribution compared to the ho-

mogeneous treatment. Moreover, since the subjects in the High local group observe very

low global public good contribution by the subjects in the Low local group, the subjects in

the High local group reduce their global public good contribution faster than those in the

Low local group (Finding 9). This apparently caused a chain reaction and led to a reduc-

tion of the global public good contributions and to crowding out of the global public good

contributions by the local public good contributions in the heterogeneous treatment. This

leads the local public good contributions initially increase in the heterogeneous treatment.

However, as the local public good contributions in the heterogeneous treatment were hill-

shaped (Findings 2 and 4), we observe that such initial increase was not sustainable till the

end, and the local public good contributions eventually decreased toward to the end due

to the usual incentive to free-ride.
24For a study of group identity, see [23].
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2.6 Concluding Remarks

In this paper, we have examined the effects of endowment heterogeneity by using

a multiple public goods experiment. In our experiment, subjects are randomly assigned

to the homogeneous or the heterogeneous treatments, and they repeatedly allocate their

endowment to local public, global public, and private goods. Based on the results of the

experiment, we have analyzed the effects of endowment heterogeneity.

The key finding is that social efficiency is higher in the homogeneous treatment

than in the heterogeneous treatment. As we explore what factors drive this efficiency dif-

ference, we find that the efficiency difference comes from two aspects: the pattern differ-

ence of subjects’ allocations, and the different amounts of total public goods contribution.

The pattern difference is that the subjects in the homogeneous treatment contribute more

to the global public good, while subjects in the heterogeneous treatment contribute more

to the local public good (substitution between public goods). At the same time, overall,

subjects contribute to the public goods significantly less in the heterogeneous treatment

than in the homogeneous treatment. Further, through the analysis of individual behav-

iors, we identify that cooperators cause the pattern differences, and free-riders cause the

difference in contribution levels.

We also employ theories of social preferences to explain why these behavioral

differences occurred. We introduce weak (token-wise) and strong (percentage-wise) in-

equality aversion hypotheses, and find evidence to support the weak inequality aversion

hypothesis. Our experimental results provide evidence to support the reciprocity hypoth-

esis on local and global public good contributions, but only for the subjects in the hetero-

geneous treatment. These findings indicate that inequality aversion cannot compensate

for the efficiency difference caused by income heterogeneity, and that reciprocity leads to

more local public good contribution, reducing the global public good contribution. More-

over, we observe a new and undesirable side effect of reciprocity: subjects may reduce

their global public goods contribution to reciprocate on local public good contributions.

For policy makers, our findings may be used to inform design of better policies

regarding multiple public goods with different income levels. Even though our subjects

exhibit social preferences, the social efficiency is lower in the heterogeneous treatment.

This suggests that to increase social efficiency, it may not be enough to rely on social pref-

erences; it may be important to create an incentive for or a commitment to the global public
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goods contribution. To enhance social efficiency under endowment heterogeneities, poli-

cies to induce global identity could be useful.25

Finally, we discuss future research questions. [13] found that when global public

goods become more socially efficient, subjects increase their global public good contribu-

tions, keeping their contributions to local public good fixed. Our finding seems to contra-

dict this. One explanation is that the findings in [13] are for the case of the homogeneous

endowments, while our findings of shifting from global to local public good contribution

were identified when subjects have heterogeneous endowments. Another explanation is

that subjects may have stronger local group identities in our experiment due to the endow-

ment heterogeneity between localities. Further, we argue that even though people exhibit

social preferences, social efficiency may decrease under income heterogeneity. What con-

tribution mechanism should be used under income heterogeneity to enhance efficiency of

public good provision? We leave these issues for future research.

25[2] show that the larger is the ethnic fragmentation, the smaller is the public good supplied.
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Chapter 3

Why does real-time information

reduce energy consumption?

3.1 Introduction

Reducing energy use is now a major policy goal in most developed and many de-

veloping countries. Smart meters have received increasing attention as an effective tool to

encourage energy conservation. The meters are designed to give electricity consumers de-

tailed, real-time information about electricity use and cost via in-home displays (IHDs). A

number of studies have estimated how much energy conservation is achieved by providing

households with IHDs (as opposed to monthly electricity bills, which provide informa-

tion about aggregate usage and charges). However, none of these studies tell us why IHDs

change energy-use behavior. In other words, what are the causal mechanisms through which

these devices are working? Is it because the devises update consumers’ beliefs about how

much power different appliances use? Is it because the devices make energy use more

salient as residents are constantly reminded of their energy consumption? While the first

hypothesis implies the presence of a “learning effect,” the last hypothesis implies the pres-

ence of a “saliency effect.”

This paper represents the first attempt to disentangle the mechanisms through

which real-time information affects energy consumption behavior by conducting a field

experiment. The goal is to push the research agenda on real-time information beyond

reduced-form questions of “Does the device have any effect?” towards a deeper structural

understanding of “Why is this device affecting behavior?” The answer for the question

This chapter is based on the manuscript co-authored with John Lynham, Tatsuyoshi Saijo, and Nori Tarui.
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may have critical policy implications. For example, if learning about the energy consump-

tion of various household devices is the reason why real-time information induces energy

conservation, then this advocates for a particular suite of energy efficiency policies (e.g.

educational outreach, labeling electronic appliances with their energy consumption, etc.).

On the other hand, if the real benefit of having IHDs is as a “nudge” or reminder, then this

suggests a very different set of energy efficiency policies (e.g. finding the best methods

and timing to remind consumers about their energy consumption). Finally, understanding

why IHDs work in a real field setting should help in the design of even better displays in

the future.

In this paper, we present the results of a randomized-control experiment with 65

residential households in the same condominium complex in a large US city. In the exper-

iment, we randomly assign households into one control and two treatment groups. After

installing data collecting devices for each household, the control group has their energy

consumption monitored but does not receive an IHD during the whole experimental pe-

riod. The two treatment groups have data collecting devices installed, and then receive

IHDs but with one critical difference in terms of time periods. The “Saliency” treatment

group has access to the IHDs for the entire duration of the experiment, while the “Learn-

ing” treatment group loses access to IHDs in the last 1 month of the experimental period.

By comparing how electricity use changes over time and across the three groups, we are

able to (i) estimate the amount of electricity conservation attributable to IHDs, (ii) test our

hypotheses on the causal mechanisms whether learning about energy use is sufficient to

sustain energy conservation or whether having a constant reminder of energy use is nec-

essary for energy conservation.

Although our sample size is small, our simple experimental design illustrates

lessons that are extremely relevant to the introduction of IHDs. In line with previous stud-

ies, we observe an average energy reduction between 0 and 11%, depending on the time

of day. The effect gets weaker over time (again in line with previous studies) and the

reductions appear to be driven primarily by learning and not by saliency effects.

The rest of this paper is organized as follows: Section 3.2 provides a brief lit-

erature review, Section 3.3 explains the conceptual framework, Section 3.4 presents the

experimental design, Section 3.5 summarizes our main findings and Section 3.6 concludes.
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3.2 Literature Review

Many studies using experiments have addressed energy conservations (see [1] as

a review). Among several ways to achieve energy conservation,2 several empirical stud-

ies have estimated how much detailed information on power use can contribute to energy

conservation in households (e.g. [72] and [80]).3 Building on [72], [61] measured the effect

of information, which is provided by a continuous-display, electricity-use monitoring de-

vice, on residential electricity demand. The data came from a Japanese field experiment

with 319 randomly selected households in 1998. The subjects were randomly assigned to

be in a control group or in a treatment group. Only the treatment group members had free

provision and installation of monitors. Results showed that monitor usage contributed to

a modest reduction in electricity consumption. In terms of possible causes for the “mod-

est” effect, the author argues that the subjects might have found the monitors difficult to

operate and that updates in electricity use were not frequent enough (subjects received

hourly not real-time information).

[32] reviewed a number of pilot programs worldwide that focus on energy con-

servation impacts of IHDs as well as alternative electricity rate structures. Among the

programs that tested the effect of IHDs on electricity consumption (where the test period

ranged from three months to two and a half years), the average reduction in energy use was

7%, and the largest reduction observed was 13%. [40] reviewed studies on IHDs mainly

published in the psychology literature. IHDs achieve energy conservation gains between

5 and 12%. Overall, the common finding in the literature is that smart meters encourage

people to reduce their energy consumptions. [45] find average reductions of 5.7% but this

only lasts for four weeks.

As [42] explain, the literature on energy efficiency has debated the existence and

extent of the “energy efficiency gap,” i.e. a “significant difference between observed lev-

els of energy efficiency and some notion of optimal energy use” (p.602). Consumers’ lack

of information about energy efficiency and “behavioral failures” – systematic biases in

consumer decision making that lead to underinvestment in energy efficiency (or energy

overuse) – are the identified factors behind the energy efficiency gap. Consumers often lack

2For example, providing economics incentives for energy conservation is one of direct solutions. [63] found
that such economics incentives are effective to reduce energy consumption. See also [79], [62], and [68].

3[26] conducted meta-analysis of information related to energy conservation by using published prior ex-
perimental studies.
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sufficient information about how much energy different appliances use and how much

they pay to use it.4 Even when information is available, processing detailed information

about the energy prices of each appliance and figuring out optimal electricity use would

be challenging and costly for consumers. As for behavioral failures, bounded rationality

(cognitive constraints in processing information to optimize consumers’ energy use) and

heuristic decision-making (i.e. non-optimal decision making that reduces the cognitive

burden of decision making) have been discussed in the literature as reasons behind the

energy efficiency gap. All of these hypotheses could explain why energy over-use may

result when residents have access to only aggregate, monthly electricity use data. Intro-

ducing IHDs may enable consumers to make more optimal energy use decisions; a com-

mon assumption in the literature is that optimal energy use implies less energy use, i.e.

behavioral biases are unidirectional. There is some evidence to support this assumption:

a recent study ([8]) of an Internet-based survey finds that people tend to underestimate

the energy used by household appliances (e.g. air conditioners) and the amount of energy

savings from efficiency-enhancing activities (e.g. switching to high-efficiency light bulbs).

[81] found that consumers attach disproportionate weight to the most psycho-

logically vivid and observable factors, often called the saliency effect. [40] reviews IHD

projects that vary the frequency with which consumers receive information about electric-

ity use; she finds that more frequent feedback results in higher energy savings. This is

suggestive of a saliency effect but could also be explained by learning.5

There has been little work to distinguish whether one hypothesis is more plausi-

ble than another. [27] argues that “many [policies] to promote household energy efficiency

are not based on an understanding of how residents think about and make decisions re-

garding energy efficiency.” As [42] review, “the empirical literature testing [such] behav-

ioral failures specifically in the context of energy decision making is very limited.” In the

context of energy conservation, the mechanism through which consumers reduce energy

4[65] examined the effect of labeling in energy conservation when households purchase electric devices.
They found that the information on the devices’ costs was more effective on energy efficiency investments
than the other information such as energy use in kWh or carbon emissions.

5By conducting a field experiment, [25] examined the effects of the information, the Home Energy Reports,
as nudge: monthly or quarterly electric data which shows on own current month and previous year’s month
electric usage (as marked if the current consumption level is less than before), and their similar (in terms of
units) neighbors’ consumption level. Also, the report was provided some tips for energy conservation. They
found that the effects of nudges are different between subjects: liberals make more energy conservations than
conservatives.
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use when extra information is available has not been explored in the literature.6 This paper

is a first step in that exploration.

3.3 A Model of Energy Use with Learning and Salience

[42] list prospect theory, bounded rationality, and heuristic decision making as

the three primary themes applied in the context of energy efficiency. The following model

incorporates bounded rationality as the basis for real-time information to induce energy

conservation. In particular, it describes residential energy users’ decisions when there are

costs of collecting information about energy use and of implementing energy efficiency

improvement for utility maximization. This framework allows us to analyze the role of

saliency and learning in the effect of real-time information on household energy conserva-

tion.

3.3.1 Assumptions

For simplicity, we take a household as a single decision maker who makes energy-

use decisions for T rounds over a typical utility billing period (say a month). Let xt ≥ 0 be

the household’s consumption of “energy service” in round t. Let y ≥ 0 be the consumption

of the numeraire over a month. The household faces a flat energy charge of p > 0 per

unit, and allocates its given monthly income I > 0 over the consumption of “energy”

et ≥ 0, t = 1, 2, . . . , T and the numeraire.7 Energy service xt and the purchase of energy et

have the following relationship:

et = βtxt,

where βt > 0 represents the units of energy that the household requires to realize a unit of

energy service.

6In a recent experimental paper, [50] explore how households with IHDs respond to electricity price
changes relative to households without. Households with IHDs are more responsive to price changes and
survey evidence suggests that this is due to learning and not saliency. The focus of [50] is on differential
price responses and not on why IHDs change behavior. Our experimental design is unique in that we observe
behavior after IHDs are removed. Reassuringly, both studies suggest that learning is more important than
saliency.

7We abstract away from the block rate structure typically observed with utility pricing.
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Though T could be large (it includes the sum of the number of times each appli-

ance is turned on and off each day), for simplicity let T = 2. The household’s utility u is a

function of its consumption of energy service and the numeraire:

u(x1, x2, y) = v(x1) + v(x2) + y, ∀(x1, x2, y) ≥ 0.

The specification of a quasilinear utility allows us to abstract away from the income effect

on energy service consumption. We assume no discounting within a billing period. Let

v(x) = x1−γ

1−γ , with γ = 2 for a concrete illustration.8 If the household is informed of the

relationship between xt and et, then the household’s utility-maximizing problem over a

billing period is given by

max
x≥0,y

v(x1) + v(x2) + y

subject to p(e1 + e2) + y ≤ I, et = βtxt, t = 1, 2.

With v(xt) = −x−1t , the demand for energy service is given by x∗t (p) =
(

1
pβt

) 1
2 while the

demand for energy is e∗t (p) =
(
βt
p

) 1
2 : the demand for energy is increasing in the energy

requirement parameter βt. The maximized value satisfies

u∗ ≡
(

1

pβ1

) 1
2

+

(
1

pβ2

) 1
2

+ I − (pβ1)
1
2 − (pβ2)

1
2 .

Suppose now that the household is not informed of the value of βt. As argued in

the literature (e.g. [73], [42]), we assume that it is costly for the household to (i) collect in-

formation about βt and then (ii) attempt to improve energy efficiency by applying βt to the

utility maximization. Let CI be the cost of identifying βt, and CP be the cost of processing

the information for utility maximization. While CI would include the opportunity cost of

going over the monthly energy bill in detail and conducting research to check the power

usage of each appliance in the house, CP would include the cognitive cost of remembering

this information and using it to implement an optimal energy use plan.

Suppose that, without knowing the values of βt, the household uses βh units of

energy to derive a unit of energy service in each round. We assume βh > βt for all t: the

household consumes more units of energy to drive a unit of energy service. Furthermore,

8Existing estimates of the price elasticity of residential electricity consumption (i.e. 1/γ) fall below 1; see,
e.g., [29] and [34].
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in the absence of real-time information (i.e. every round in the model’s context) about

the energy requirement, it is assumed that the requirement parameter is the same across

rounds. The uninformed household without information acquisition then solves:

max
x≥0,y

v(x1) + v(x2) + y

subject to pe+ y ≤ I, e = βh(x1 + x2).

The demand for energy satisfies e0t (p) =
(
βh
p

) 1
2 , which is larger than e∗t (p) in all rounds

given any price level. The value is given by

u0 ≡ 2

(
1

pβh

) 1
2

+ I − 2(pβh)
1
2 .

Note that u∗ − u0 ≥ 0. The household will not acquire information and implement energy

conservation if the gains are smaller than the cost: u∗ − u0 < CI + CP .

3.3.2 Learning and saliency

When real-time information is given free of charge, the household does not have

to pay for CI to realize the values of βt, and can now realize energy efficiency if u∗ − u0 >
CP . Furthermore, the cognitive cost required to remember information and how to use it

is lowered from CP to CP ′ so energy efficiency is realized if u∗ − u0 > CP ′ . The process

of learning allows the household to continue to optimize consumption when access to

real-time information is terminated. After being exposed to real-time information (and

losing access to it), the cost of information acquisition becomes smaller, with CI′ < CI . In

addition, CP ′ returns toCP . Let α ∈ [0, 1] represent the extent (or productivity) of learning.

Assume the household’s energy requirement after the learning process is:

βt(α) ≡ αβt + (1− α)βh.

When α = 1, learning allows the household to implement the energy requirement in the

case of full information; with α = 0, learning is not effective. Let

uL(α) ≡
(

1

pβ1(α)

) 1
2

+

(
1

pβ2(α)

) 1
2

+ I − (pβ1(α))
1
2 − (pβ2(α))

1
2

be the maximum value upon learning with productivity α. The household makes use of

learning and conserves energy if uL(α)CI′−CP > u0. The higher the learning productivity
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α and the lower the cost of collecting information under learning CI′ , the more likely this

inequality holds.

The above conceptual framework reveals that whether learning or saliency ef-

fect prevails depends on each household’s characteristics regarding energy efficiency de-

cisions: the costs of information acquisition (CI , CI′), the cost of information processing

(CP , CP ′) and the extent of learning (α). If α is large and CI′ is small enough, then the

household would continue conserving energy after losing access to real-time information

(because of learning). If CP ′ is close enough to CP , then the household would continue

conserving energy, because saliency is not that important. However, if CI′ is close to CI

and α is small (it is hard to acquire information and learning is weak), then households

will return to their old habits after losing their IHDs. Likewise, if CP ′ is small, households

with IHDs will continue to have lower levels of electricity use relative to those who had

them removed, even if learning is strong.

3.4 Experimental Design

3.4.1 Hypothesis Tests

This research aims to identify the mechanisms through which real-time informa-

tion reduces energy consumption. The experiment consists of three periods: Periods 0, 1,

and 2, each lasting for about 30 days. Electricity measurement (and recording) devices are

installed in all apartments at the beginning of Period 0. Period 0 is the baseline period

with no IHDs for all groups. Our experimental design has one control and two treatment

groups: the control group has no real-time information about their energy consumption

during the experimental period, whereas the households of the two treatment groups re-

ceive IHDs (i.e. real-time information) at the beginning of Period 1.9 Period 1, which lasts

for about 30 days, should be enough time for any learning to occur in the treatment groups.

At the beginning of Period 2, IHDs are then removed from the Learning treatment group,

while the other treatment group, the Saliency treatment group, continues to have IHDs

for the duration of Period 2. Energy consumption information for all groups is still being

recorded in each period by the recording devices, not the IHDs.

9Households in the control group have information only through their regular monthly bill, in terms
of their electric consumption. The learning and saliency treatment groups have same information by their
monthly bill as well.
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Table 3.1: Experimental Design and Potential Effects

Treatment Name Period 0 Period 1 Period 2

Control No Information No Information No Information

(No Effect) (No Effect) (No Effect)

Learning No Information Receive Information No Information

(No Effect) (L1 + S) (RL1)

Saliency No Information Receive Information Receive Information

(No Effect) (L1 + S) (RL1 + L2 + S)

Notes: “No Information” means that the residents in the corresponding group receive no informa-

tion beyond their monthly electricity bills. “Receive information” means that they receive in-home

displays, which provide additional real-time information. The potential treatment effects are in

parentheses. “L1” means the learning effect occurring in Period 1, “S” means the saliency effect,

“L2” means the learning effect occurring in Period 2, “RL1” means the remaining learning effect

from Period 1.

This experimental design allows us to identify the primary effect of receiving

real-time information. Since there is existing evidence of people reducing their energy

consumption if they receive real-time information, our first testable hypothesis is the fol-

lowing:

Hypothesis 1. Real-time information reduces residential households’ energy consumption.

We will test Hypothesis 1 by comparing the control group and the treatment

groups’ electricity use before and after receiving the devices, i.e. Period 0 and Periods 1 and

2 (see Table 3.1). The econometric model follows the preferred specification in [45]. Next,

we move to identify why people reduce their energy consumption. To test this deeper

question, we examine behaviors over three experimental periods. Our second testable hy-

pothesis is the following:

Hypothesis 2. Real-time information induces energy savings by causing households to learn more

about their individual energy use.

In order to test Hypothesis 2, we will examine if the Learning group’s electric-

ity consumption in Period 2 is the same as the control group’s electricity consumption in
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Period 2. If there is a difference between the control group and the learning treatment

group, then the difference comes from their changed behavior caused by the knowledge

through the IHDs in Period 1. We denote this the remaining learning effect (RL1) but this

may also be due to the formation of good habits. We will use results from an exit survey

to determine whether RL1 is due to learning or habit formation. In particular, we test if

households in the Learning group are still just as informed as the Saliency group about

the energy consumption of various appliances, even though households in the Learning

group have not had access to an IHD for a month. No difference indicates no remaining

learning effect (RL1 in Table 3.1).

Our third testable hypothesis is the following:

Hypothesis 3. Real-time information induces energy savings by making energy use more salient.

In Period 2, the households who belong to the Learning group do not have IHDs,

which means they do not receive any real-time information. That is, they are not constantly

reminded of their electricity consumption by the IHD. In order to test Hypothesis 3, we

will examine if the Learning group’s electricity consumption in Period 2 is equal to the

Saliency group’s electricity consumption in Period 2. If there is no difference, Hypothesis

3 is rejected (L2 = S2 = 0 in Table 3.1). That is, saliency does not matter for reducing

energy consumption in Period 2. Furthermore, this also says there is no learning effect in

Period 2.10

3.4.2 Experiment procedure

In order to conduct the proposed field experiment, we recruited households at

a condominium complex to voluntarily participate in the experiment. In order to give

the residents incentives to participate in the experiment, the residents were notified in

advance that they would be able to keep the installed IHDs free of charge after the end

of the experiment. Eventually, 65 households voluntarily participated. Unfortunately, the

devices only recorded accurate data over the entire experimental period in 58 out of the

65 households.11 In terms of housing units, they are all fairly homogeneous: virtually all

units have an identical, 2-bedroom floor plan, identical room designs, electricity circuits,

10Note that, based on the existing literature and our theoretical setup, we are assuming that the learning
and saliency effects are negative (< 0), i.e. they reduce energy consumption if they have any effect.

11One household in the saliency treatment group moved out during the experiment – around the end of
Period 1 – so that we used this household only for the test of Hypothesis 1.
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and lighting structures. All households have same instruments: oven, refrigerator, water

heater and etc. Based on our survey, we found that almost of all households have a TV

set, lump and desktop computer. Households pay their electricity bills by themselves. We

randomly assigned households to three groups: one control and two treatments.

Table 3.2 summarizes the description of our subject households by our surveys.

The average age in a household was 33.53, where each household had an average 2.69

people (including 0.86 children). In each household, there were 1.48 income earners on

average.12 Each household was occupied approximately 16.19 hours per day at home on

weekdays, and 17.79 hours per day on weekends. There were no statistical differences be-

tween treatment groups in terms of these important determinants of energy use. However,

to control for unobserved differences between households, all of our regression models in-

clude household fixed effects.

We used two main devices for this experiment: an electricity measurement device

and an IHD. The electricity measurement device was installed in each unit’s circuit breaker

panel at the beginning of this experiment, and we also conducted pre-questionnaire for

collecting household’s demographic.13 As we confirmed that the recording devises work

well, we distributed IHDs to the two treatment groups. IHDs provide users with real-time

information about their energy consumption (in both kWh and in dollars).14 The IHD

is portable, so that households using it can easily walk around, switch various devices

on and off, and identify how much electricity various devices consume.15 Overall, the

experiment lasted for approximately 90 days. There was minimal temperature, climatic or

precipitation changes over the experiment.

3.5 Analysis and Results

Figure 3.1a shows the daily average electricity consumption (per hour) by treat-

ment by period, where we normalize it at Period 0. In the control group, the average

hourly consumption increases from Period 0 to Period 1, and then decreases from Period 1

12In the questionnaire, we did not ask the income level. However, we believe that households’ income levels
have no distribution difference between experimental groups.

13We received the aid of a certified electrician for the installation.
14The IHD we used is marketed as the “TED 5000” by The Energy Detective

(http://www.theenergydetective.com/).
15The cost of using a IHD itself is extremely small ($0.08 per months), so we assume that there is no signifi-

cant difference between the control and treatments groups from this IHD usage.
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Table 3.2: Characteristics of Household Participants

Variable Name Overall Control Learning Saliency

Age of Each Household 33.53 35.51 31.68 33.58

(1.39) (2.95) (2.34) (1.97)

Number of People 2.69 2.33 3.09 2.64

(0.15) (0.25) (0.30) (0.22)

Number of Children (under 18 years old) 0.86 0.60 1.27 0.68

(0.12) (0.17) (0.23) (0.17)

Number of Income Earners 1.48 1.40 1.41 1.64

(0.07) (0.11) (0.11) (0.14)

Hours at Home on Weekdays 16.19 14.64 16.25 17.61

(0.51) (0.89) (0.91) (0.80)

Hours at Home on Weekends 17.79 16.76 17.80 18.75

(0.54) (1.04) (0.97) (0.76)

Observations 58 21 22 22

Notes: Standard errors in parentheses.
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(a) Daily (per hour) (b) Morning (6-9am, per hour) (c) Evening (6-9pm, per hour)

Figure 3.1: Average electricity consumption By treatment and By period

to Period 2. In the Learning and the Saliency groups, the average consumption decreases

over time, but the reduction mainly occurs in Period 1 for the Saliency group. Overall, both

treatment groups reduce their consumption from Period 0 to Period 2 (8% for Learning and

4% for Saliency).

Electricity consumption behaviors could differ in the times of the day. To see this,

we calculate average hourly consumption in kWh by each treatment group in each period

at different times of the day. For the analysis later on in this section, we focus on 4 time

periods: morning (6-9am), daytime (10am-5pm), evening (6-9pm), and night (10pm-5am).

Table 3.3 shows the average electricity consumption (per hour) by treatment by period,

dividing the above four time periods (and daily average).

Most of the interesting changes in behavior occur when people are at home so

we focus on those time periods. We start with the morning, 6-9am (Figure 3.1b). In the

control group, the average consumption decreases slightly from Period 0 to Period 1, then

increases from Period 1 to Period 2, which is a higher level than Period 0. In the Learn-

ing group, the average consumption decreases noticeably from Period 0 to Period 1, then

increases from Period 1 to Period 2. In the Saliency group the trend is the same as the

Learning group: the average consumption drops dramatically from Period 0 to Period 1,

then rebounds from Period 1 to Period 2.

Next, we look at 6-9pm (Figure 3.1c). In the control group, the average consump-

tion increases from Period 0 to Period 1, and then decreases from Period 1 to Period 2.

In contrast, in the Learning group, the average consumption decreases from Period 0 to
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Table 3.3: Average Electricity Consumption per hour (in kWh)

Control Learning Saliency

Period 0 1 2 0 1 2 0 1 2

6am-9am 0.585 0.580 0.588 0.500 0.473 0.492 0.619 0.556 0.610

s.e. (.061) (.056) (.059) (.051) (.037) (.043) (.074) (.062) (.061)

10am-5pm 0.401 0.404 0.390 0.385 0.389 0.342 0.401 0.404 0.391

s.e. (.042) (.042) (.043) (.035) (.037) (.030) (.039) (.038) (.035)

6pm-9pm 0.671 0.682 0.644 0.791 0.743 0.723 0.663 0.648 0.604

s.e. (.074) (.072) (.071) (.093) (.084) (.082) (.066) (.051) (.044)

10pm-5am 0.286 0.296 0.299 0.243 0.251 0.243 0.264 0.257 0.262

s.e. (.032 ) (.032 ) (.035 ) (.025 ) (.021 ) (.021 ) (.022 ) (.018 ) (.020)

Daily 0.442 0.443 0.437 0.432 0.418 0.398 0.438 0.421 0.420

s.e. (.039 ) (.038 ) (.040 ) (.035 ) (.034 ) (.032 ) (.037 ) (.031 ) (.031)

# Households 17 18 18 13 18 19 17 20 20
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Period 1, and then decreases again from Period 1 to Period 2. In the Saliency group, the

average consumption decreases slightly from Period 0 to Period 1, and then decreases

again from Period 1 to Period 2. Overall, both treatment groups reduce their consumption

from Period 0 to Period 1, whereas the control group increases.

These observations of Figure 3.1b and 3.1c suggest that the effect of having an

IHD is a stronger and more persistent in the evening than the morning. One explanation

could be that people have more flexibility to change their behavior in the evening com-

pared to the morning – ready for work and school.

Figures 3.1 strongly suggest the effect of having IHDs on behavior. To test this, we

use regression analysis to estimate the effect of having an IHD on electricity consumption.

Table 4 presents the results from OLS estimating the following specification:

logConsumptioni,t = α+ βIHDi,t + γi + ηt + εi,t,

where logConsumptioni,t is the log of average hourly electricity usage on each day for

householdi and the dummy IHDi,t takes the value 0 for those who do not have IHDs and

the value 1 for those who have IHDs on that day. The other variables are household fixed

effects (γi), day fixed effects (ηt) and a standard error term. This specification is the same as

the most preferred specification in [45].16 As for the time horizon, we consider all Periods

and then just Periods 0 and 1. Using the four different time periods of the day and for the

whole day, we estimate our specification separately.

Table 3.4 shows the results, where the coefficient on the IHD effect, β, is presented.

It is negative and statistically significant for 6-9am (all Periods and Period 0 & 1), and for

the 6-9pm measurement (All periods). The rest of the coefficients is insignificant. These

results are almost the same as the results from [45].17

Additionally, we also estimate the IHD effect by using Difference-In-Differences.18

Table 3.5 and 3.6 presents the results from OLS estimating the following specification:

logConsumptioni,t = αTreatmenti,t + βPeriodi,t + γTreatmenti,t ∗ Periodi,t + ηt + εi,t.

16Because all subjects in our sample live in the same area, the weather variables used in [45] are not consid-
ered here; the time fixed effect captures any weather differences across days.

17We also ran the above regressions without household fixed effects but including a suite of controls. Our
main results are unchanged. The only controls that turn out to be statistically significant are the number of
people in a household (which is positively correlated with energy consumption) and a dummy variable for
having a water hear timer (which is negatively correlated with energy consumption).

18In the regressions, we drop the household fixed effects.
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Table 3.4: OLS Results of IHD effect

Observations 6-9AM 10AM-5PM 6-9PM 10PM-5AM Daily

All Periods -0.0461∗ 0.0116 -0.0730∗∗ 0.00850 -0.0189

(0.0278) (0.0249) (0.0301) (0.0193) (0.0145)

Periods 0 & 1 -0.112∗∗∗ 0.0102 -0.0567 0.0131 -0.0254

(0.0425) (0.0372) (0.0448) (0.0289) (0.0222)

Standard error in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1

Table 3.5 show the result by using all groups, but only in Period 0 and 1. Table 3.6 show

the result by using only the control and Saliency groups, but in all experimental periods.

The dummy Treatmenti,t takes the value 1 for those who belong to treatment groups,

otherwise takes the value 0. The dummy Periodi,t takes the value 1 for Period 1 in Table

3.5 and for Period 1 and 2 in Table 3.6, otherwise takes the value 0. The interaction term

Treatmenti,t ∗ Periodi,t the value 1 for those who belong to treatment groups and for

Period 1 in Table 3.5 and for Period 1 and 2 in Table 3.6, otherwise takes the value 0.

The coefficient on the interaction term, γ, is negative and statistically significant

for 6-9am (in Table 3.5 and 3.6), and for the whole day (in Table 3.6). The rest of the

coefficients is insignificant. For the whole day, the significances of the results are mixed.

One explanation could be that the overall daily effect is the average effects of the different

time of the day. Therefore, by the daytime and night time, the daily effect may become

weaker compared to the morning and evening.

Finding 10. Receiving real-time information leads to energy conservation during peak load hours

(6-9am and 6-9pm).

The interpretation of these results is as follows: through having IHDs, households

were able to adjust their consumption down during times of the day when they were at

home and using a large amount of electricity. In contrast, the results of the 10pm-5am

and the 10am-5pm measurements imply that households did not change (or might have

even slightly increased) their consumption when they were out of the house or asleep.

Therefore, we conclude that having an IHD has an effect on electricity usage in the morning

and the evening.
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Table 3.5: DID estimation: IHD effect for Periods 0 & 1

6-9AM 10AM-5PM 6-9PM 10PM-5AM Daily

Treatment -0.0102 -0.0189 0.122 -0.114 -0.0175

(0.146) (0.134) (0.135) (0.117) (0.104)

Period -0.0349 -0.0150 0.0954 0.117 0.0362

(0.118) (0.105) (0.127) (0.0804) (0.0629)

Treat*Period -0.108∗∗ 0.0111 -0.0667 -0.000214 -0.0294

(0.0442) (0.0388) (0.0468) (0.0301) (0.0231)

Constant -0.0884 -0.614∗∗∗ -0.890∗∗∗ -1.706∗∗∗ -0.652∗∗∗

(0.519) (0.184) (0.161) (0.357) (0.104)

# of Households 56 56 56 56 56

Standard error in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1

Table 3.6: DID estimation: IHD effect for All Periods

6-9AM 10AM-5PM 6-9PM 10PM-5AM Daily

Treatment 0.0809 0.0312 0.0993 -0.0631 0.0168

(0.179) (0.133) (0.157) (0.121) (0.129)

Period -0.0478 0.0103 0.229 0.253∗∗∗ 0.0996

(0.134) (0.122) (0.151) (0.0924) (0.0705)

Treat*Period -0.0947∗∗ -0.0271 -0.0724 -0.0212 -0.0451∗

(0.0457) (0.0412) (0.0508) (0.0316) (0.0237)

Constant -0.105 -0.542∗∗∗ -0.808∗∗∗ -1.705∗∗∗ -0.686∗∗∗

(0.505) (0.205) (0.185) (0.349) (0.116)

# of Households 38 38 38 38 38

Standard error in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1
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Table 3.7: OLS Results of IHD effect with a Time Trade

6-9AM 10AM-5PM 6-9PM 10PM-5AM Daily

All Periods:

IHD -0.104∗∗ 0.0245 -0.0462 0.0103 -0.0123

(0.0427) (0.0384) (0.0467) (0.0297) (0.0225)

IHD * Expday 0.00173∗ -0.000383 -0.000801 -0.0000541 -0.000198

(0.000963) (0.000868) (0.00107) (0.000670) (0.000514)

Periods 0 & 1:

IHD -0.108∗ 0.0354 0.0321 0.0350 0.0135

(0.0572) (0.0503) (0.0608) (0.0389) (0.0301)

IHD * Expday -0.000269 -0.00144 -0.00506∗∗ -0.00125 -0.00222∗

(0.00219) (0.00193) (0.00234) (0.00149) (0.00116)

Standard error in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1

One of the most striking findings in [45] is that the effect of having an IHD de-

clines rapidly over time. To estimate whether we also observe a “decreasing IHD effect”,

we estimate the following model:

logConsumptioni,t = α+ βIHDi,t + γIHDi,t ∗ Expdayt + θi + ηt + εi,t.

where the coefficients and variables have the same interpretation as before with Expday

representing a daily time trend starting on the first day that households received an IHD.

The results are presented in Table 3.7. We see that, just like [45], the effect of the IHD in the

morning is getting weaker over time. With each additional day, the reduction in energy

use gets smaller and smaller. Interestingly, we also observe a time trend at 6-9pm but in

the opposite direction: the effect of the IHD appears to get stronger over time. Both sets

of results strongly suggest that there is a temporal component to the ways in which IHDs

change behavior. The various effects gradually build up or fade away over time.

Next, we move to the deeper investigation. Based on the previous literature

([45]), we test for both constant learning (and saliency) effects and declining learning (and
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Table 3.8: Results of Constant Learning and Saliency effects

Comparison

groups (Period) 6-9AM 10AM-5PM 6-9PM 10PM-5AM Daily

Control & Learning RL1 -0.0655 0.00161 0.0641 -0.0158 -0.002

(Period 0 and 2) (0.0539) (0.0473) (0.0592) (0.0392) (0.0255)

Learning & Saliency (L2+S) 0.0173 -0.0306 -0.1000∗ 0.00325 -0.0288

(Period 0 and 2) (0.0496) (0.0477) (0.0544) (0.0368) (0.0245)

All groups (L1+S) -0.126∗∗∗ -0.00209 -0.0594 0.00288 -0.0354∗

(Period 0, 1 & 2) (0.0408) (0.0364) (0.0438) (0.0284) (0.0211)

RL1 -0.0623 -0.0198 0.0467 -0.00217 -0.00983

(0.0487) (0.0436) (0.0527) (0.0339) (0.0254)

(L2+S) 0.0345 0.0235 -0.0787∗ 0.0147 -0.000938

(0.0387) (0.0349) (0.0425) (0.0270) (0.0204)

Standard error in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1

saliency) effects. Before trying to identify the causal mechanisms, we review our two hy-

potheses. The learning hypothesis is that people reduce their energy usage when they

receive real-time information due to better knowledge of how different devices consume

electricity. On the other hand, the saliency hypothesis is that people reduce their energy

usage due to being constantly reminded about their consumption.

We start by assuming that the learning and saliency effects are constant. Table 3.8

shows a series of estimations based on this assumption. The first panel of Table 3.8 shows

the OLS results of estimating the following specification:

logConsumptioni,t = α+ βRL1i,t + γi + ηt + εi,t,

where the dummy RL1i,t takes the value 1 for those who had an IHD in Period 1 and are

currently in Period 2. We test the remaining learning effect in Period 2 (RL1) by comparing

the control group with the Learning group in Period 0 and Period 2. In First panel of Table

3.8, all coefficients of the remaining learning effect are not statistically significant. These

results suggest that there is no evidence to support a constant remaining learning effect.
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The second panel of Table 3.8 shows the OLS results of estimating the following

specification:

logConsumptioni,t = α+ β(L2 + S)i,t + γi + ηt + εi,t,

where the dummy (L2+S)i,t takes the value 1 for those who had an IHD in Period 2, which

is the Saliency group. The other variables are the same interpretation as before. We test

the saliency effect in Period 2 (L2 +S) by comparing the Learning group with the Saliency

group in Period 0 and Period 2. In second panel of Table 3.8, all coefficients of the saliency

effect are not statistically significant except for 6-9pm (significant at 10% level).

The third panel of Table 3.8 shows the OLS results of estimating the following

specification:

logConsumptioni,t = α+ β(L1 + S)i,t + δRL1i,t + η(L2 + S)i,t + γi + ηt + εi,t,

where the dummy (L1+S)i,t takes the value 1 for those who belong to the treatment groups

and are currently in Period 1. The dummy RL1i,t takes the value 1 for those who had an

IHD in Period 1 (which means those who belong to treatment groups) and are currently in

Period 2. The dummy (L2 + S)i,t takes the value 1 for those who had an IHD in Period 2

and are currently in Period 2. The results confirm our early findings, but cannot identify

the separated effects.

Finding 11. There is no strong constant RL1 or (L2+S) effect.

So far, we have assumed time-invariant behavioral effects. However, such effects

might decrease over time. This is supported by our previous analysis and by [45]. In order

to test these decreasing learning and/or saliency hypotheses, we conducted a series of

regressions with time interactions. Table 3.9 summarizes the results. The specification of

the first panel in Table 3.9 is as follows:

logConsumptioni,t = α+ βRL1i,t + δExpdays ∗RL1i,t + γi + ηt + εi,t,

where the dummy RL1i,t takes the value 1 for those who had an IHD in Period 1, and are

currently in Period 2. The Expdays represents a daily time tread starting from the first day

of receiving an IHD. The Expdays ∗RL1i,t is an interaction term, which takes the values 1

for the Learning and Saliency groups in Period 2. A positive coefficient on the interaction

term indicates a declining remaining learning effect.
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Table 3.9: Results of Declining Learning and Saliency effects

Comparison

groups (Period) 6-9AM 10AM-5PM 6-9PM 10PM-5AM Daily

Control RL1 -0.170∗∗ 0.0326 0.0824 -0.0852 -0.0383

& Learning (0.0754) (0.0665) (0.0839) (0.0548) (0.0361)

(Period 0 and 2) RL1*Exp 0.00724∗∗ -0.00217 -0.00131 0.00481∗ 0.00259

(0.00366) (0.00328) (0.00423) (0.00266) (0.00182)

Learning (L2+S) 0.0999 -0.0503 -0.0927 0.0331 0.00662

& Saliency (0.0691) (0.0668) (0.0768) (0.0512) (0.0346)

(Period 0 and 2) (L2+S)*Exp -0.00556∗ 0.00135 -0.000498 -0.00201 -0.00243

(0.00324) (0.00319) (0.00372) (0.00239) (0.00168)

All groups (L1+S) -0.116∗∗ 0.0254 0.0166 0.0235 0.00209

(Period 0, 1 & 2) (0.0551) (0.0494) (0.0597) (0.0384) (0.0287)

(L1+S)*Exp -0.000586 -0.00151 -0.00422∗ -0.00118 -0.00209∗

(0.00207) (0.00186) (0.00225) (0.00144) (0.00109)

RL1 -0.164∗∗ 0.0192 0.0452 -0.0770 -0.0488

(0.0720) (0.0648) (0.0789) (0.0501) (0.0380)

RL1*Exp 0.00702∗ -0.00293 -0.000453 0.00505∗∗ 0.00251

(0.00368) (0.00335) (0.00417) (0.00255) (0.00201)

(L2+S)*Exp 0.122∗ 0.0102 -0.0591 0.0495 0.0413

(0.0659) (0.0595) (0.0727) (0.0458) (0.0350)

(L2+S)*Exp -0.00607∗ 0.00107 -0.00111 -0.00241 -0.00286

(0.00364) (0.00333) (0.00412) (0.00253) (0.00198)

Standard error in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1
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In the first panel of Table 3.9, all coefficients of the declining remaining learning

effect are not statistically significant except for 6-9am measurement (constant part is neg-

ative and time trend part is positive), and for 10pm-5am measurement (only time trend

part is positive). In summary, we could find evidence for a learning effect that is decreas-

ing over time.

The specification of the second panel in Table 3.9 is as follows:

logConsumptioni,t = α+ β(L2 + S)i,t + δExpdays ∗ (L2 + S)i,t + γi + ηt + εi,t,

where the variables are the same interpretation as before. We are testing the existence of

a saliency effect in Period 2 by comparing the learning group with the saliency group in

Period 0 and Period 2. We do not observe a very strong effect, either in terms of magnitude

or statistical significance.

The specification of the third panel in Table 3.9 is as follows:

logConsumptioni,t = α+ β1(L1 + S)i,t + β2Expdays ∗ (L1 + S)i,t

+δ1RL1i,t + δ2Expdays ∗RL1i,t

+η1(L2 + S)i,t + η2Expdays ∗ (L2 + S)i,t + γi + ηt + εi,t,

where the variables are the same interpretation as before. We test for these effects by com-

paring all groups in Periods 0, 1 and 2. We find all three effects ((L1+S), RL1 and (L2+S))

are statistically significant but the saliency effects in period 2 actually increases energy

consumption. In summary, we find weak evidence for a learning effect that is decreasing

over time. We fail to find strong support for the saliency hypothesis, especially after a few

weeks of having the IHD. In fact, we find (L2 + S) > 0. Our results are therefore roughly

consistent with RL1 < 0 but not S < 0.

Finding 12. We observe a declining learning effect but no saliency effect.

As a further test of the learning effect, at the end of the experiment, we surveyed

households about the electricity consumption of various devices. on each device. Fig-

ure 3.2 summarizes the results of the survey. Note that the Learning group households

have not had access to an IHD for over a month at this point and control households have

not received their IHD yet. The figure clearly demonstrates that households have learnt

something relative to the control group and there does not appear to be any differences be-

tween the beliefs of the Saliency group and the beliefs of the Learning group. For three out
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(a) Lamp (b) Stovetop

(c) TVset (d) Water-heater

Figure 3.2: Average Estimation In kWh

of the four devices, the Learning group is actually closer to the actual energy consumption

compared to the Saliency group. Although this represents stated beliefs and not actual

behavior, it strongly corroborates our earlier findings that the learning effect appears to be

stronger than the saliency effect. Furthermore, one obvious confound in our experimental

design is that we cannot strictly disentangle learning (updating beliefs) from habit forma-

tion (changing behavior and then sticking with it) but there is little support in our data for

habit formation. As evidence of this, energy-saving behavior does not persist over time

but accumulated knowledge does appear to persist.
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3.6 Conclusion

Building on the existing literature that studies whether IHDs reduce residential

electricity consumption, this paper explored the causal mechanism behind the effect of

real-time information on electricity consumption. In particular, we investigated whether

the effect is because information enables households to learn about their energy consump-

tion or if it is because IHDs make energy-use salient by constantly reminding households

of their energy consumption.

The result of our randomized-control field experiment reveals that those who

had IHDs which gave real-time information about their electricity consumption reduced

their consumption in the morning and the evening but not at other times of the day. Fur-

thermore, the effect appears to diminish over time (within the 90-day experiment period).

These findings are consistent with what existing studies find (e.g. [45]). We found weak

support that this is being driven by learning effects and not by saliency effects. This find-

ing suggests that energy-conservation policies that target learning (e.g. educational out-

reach, labeling electronic appliances with their energy consumption) might be more cost-

effective. Our research, however, does not deny the existence of the saliency effect but we

do not confirm it by our experiment. For example, the saliency effect might be effective for

shorter period than the learning effect.

To the extent that households in the condominium complex respond to IHDs dif-

ferently from the average US household, a simple extrapolation of the findings from this

study to wider contexts may be misleading. The sample size constrained the number of

treatments that we could implement without making the size of each treatment group too

small. Introducing further variations in the kinds of information that each target group

receives would make for an interesting follow-up. One drawback to the current design is

that we cannot disentangle learning from habit formation but there is little support in our

data for habit formation (for example, energy-saving behavior does not persist over time).
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Chapter 4

Implement efficient allocations in

bilateral networks

4.1 Introduction

We study the problem of profit sharing in companies. Agents collectively own

a company and are endowed with a fixed amount of time that they invest into different

projects that generate revenue. We study the case where each project only requires time

contributions by a pair of agents, we call this a bilateral project. Every project could have

different production functions in the way that they generate profit. We focus on the case

where a planner does not know the production functions and he must divide the profit

generated by all projects only depending on the final profit generated by each project and

the time allocation of the agents. Examples of this problem include law firms, cooperative

ventures or division of end of year surplus at companies.

The central issue is that although the planner tries to maximize the total profit of

the company, the planner might or might not know the production functions. Therefore,

the planner’s goal is to find a mechanism which implements the efficient time allocation at

the Nash equilibrium for any set of production functions. We call this property efficiency.

For instance, consider the mechanisms that divide the total profit of the agents

in proportion to the time allocated to different projects. This mechanism is not efficient

because agents have the incentive to put more time in the projects that generate the largest

profit in order to get larger share of the profit, whereas that might not be the most efficient

way to allocate the project to the society. On the other hand, consider the average profit

mechanism, where agents get a fix share of the total profit generated by the society. This
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mechanism is efficient because if agents deviate from the equilibrium that generates the

maximum total profit, then the total profit of the society will not increase and neither does

the payment of an individual agent.

More generally, consider a mechanism where the payoff of an agent only depends

on the total profit generated by the projects in which the agent belongs, as well as the time

contributions and profit generated by the projects in which the agent does not belong.

We call these separable mechanisms. Separable mechanisms are efficient because if an agent

decides to change his time allocation, then his payoff can only influence the total output of

his projects. If the total output of his projects decreases, so is the total profit generated by

the society, and thus the agent is worse off.

The main result of the paper is the characterization of all the mechanisms that

satisfy efficiency. The class of efficient mechanisms coincide exactly with the class of sepa-

rable mechanisms (Proposition 1).

We also look at mechanisms that satisfy other desirable properties such as strong

monotonicity at the efficient equilibrium (SMEQ) and strong efficiency (SE). To understand

SMEQ, suppose that the technology of a project becomes more productive. Then no agent

should be harmed by that. That is, the payoff at the equilibrium by all the agents should

not decrease. Under SE, agents cannot gain by jointly coordinating on their time alloca-

tions. That is, the efficient equilibrium should be a Strong Nash equilibrium (see, [9]).

Proposition 2 characterizes all the mechanisms that are strongly efficient, or strongly

monotonic at equilibrium and efficiency. These mechanisms take the shape similar to the av-

erage profit function, where the payoff of the agents only depends on the total profit gen-

erated by the society. That is, these mechanisms disregard any information on the time

contributions of the agents or the profits generated by specific projects.

Finally, we explore the efficient mechanisms that are consistent (see, [76]). Consis-

tency explores issues related to agents leaving the society. In particular, suppose that an

agent i leaves the society with his time allocation. Then, the payoff of the rest of the agents

should not change if they continue allocating the same output to the projects in which

agent i does not belong. The class of efficient mechanisms are described in Proposition 3.

These mechanisms take the form of a seniority mechanism, where agents get a constant

share of the profit generated by their projects and the reminder of the profit is split be-

tween the agents with some arbitrary increasing function that depends only on the total

output.
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The rest of the paper is as follows: Section 4.2 surveys the relevant literature. Sec-

tion 4.3 describes the model and the main result of the paper. In Section 4.4, we explore the

efficient mechanisms that are consistent. Finally, we conclude and mention future works

in Section 4.5.

4.2 Related Literature

The traditional approach to the study of time allocation in teams usually deals

with the problem of moral hazard (see, [44], [30], [70], [57], [58], [78], [11]). Although some

papers have tried to address budget balance, implementing an efficient allocation along

with budget balance is typically difficult at Nash equilibrium. This paper does not study

moral hazard issues because we assume that agents have a fixed amount of time which

they must spend into the different projects.

The concept of implementation of the efficient allocation in a Nash equilibrium

has been explored widely in the literature. [60] survey full implementation of efficient

outcome in different production functions. Unfortunately, the literature in these models

typically arrives to impossibilities.

A closely related work have been studied in cost sharing allocations of the cost

minimizing network. For instance, [51] focus on implementing the efficient allocation in

connection network, where agents should be provided with the incentive to select the cost

minimizing network and this equilibrium should Pareto dominate all the other equilibri-

ums. Furthermore, the class of mechanisms characterizes in [51] are closely related to the

mechanisms characterizes in Proposition 2. In a related work, [47] characterize truthfully

implementing cost minimizing networks by changing the announcement rule. The rest of

the literature in connection networks has been focused in studying the performance of dif-

ferent mechanisms, rather than studying the implementation of efficient mechanisms. In

particular, the performance of the Shapley value and other related mechanisms has been

studied in multiple papers, for instance [7], [22], [28], [3] and [46].

As a selection rule of social choice function, [71] investigate secure implementa-

tion which needs double implementation in dominant strategies and Nash equilibrium.

They find that such social choice function can implement Pareto efficient outcome under a

quasi-linear environment. [54] discusses this secure implementation in a general environ-

ment.
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Our work is the first to introduce the implementation of efficient time allocation

for any production functions.

4.3 Bilateral network model

Through this paper, we investigate a mechanism in a bilateral network. Each pair

of agents has a project which generates a profit depending on their time allocation. Let

N = {1, 2, . . . , n} be the set of agents and L = {(1, 2), (1, 3), (1, 4), . . . , (n− 1, n)} be the set

of links (or projects) by each pair of agents, where the number of links is l = 1
2(n − 1)n.

Furthermore, let Li be the set of links in which agent i belongs to, and L−i be the set of

links in which agent i does not belong to. Let T i be the time resource of agent i. Every

project generates profit depending on the time allocated by the agents associated to that

project. The total profit of the society is the sum of the profit generated at every project.

Let (tij , t
j
i , F

ij) be a vector, where tij is the time resource allocated by agent i to the project

with agent j, tji is the time resource allocated by agent j to the project with agent i, and

F ij is the profit generated at the project. Let ×(i,j)∈L(tij , t
j
i , F

ij) be the concatenation of all

these vectors.1

Definition 1. A mechanism in a bilateral network is a function ϕ : (R2 × R)k → Rn such that:

n∑
i=1

ϕi

(
×(i,j)∈L(tij , t

j
i , F

ij)
)

=
∑

(i,j)∈L

F ij ,

where F ij (∈ R+) represents a profit produced by tij and tji through the production function f ij .

The equation means that the sum of payoffs of individual agents equals the sum

of generated profits.

Example:

1. Average profit mechanism: the final profit of the entire society is divided equally

among all members. That is,

ϕi(t, f) =
1

n

∑
(i,j)∈L

F ij ∀t, f.

1For instance,

×(i,j)∈{(1,2),(2,3),(1,3)}(t
i
j , t

j
i , F

ij) = (t12, t
2
1, F

12)× (t13, t
3
1, F

13)× (t23, t
3
2, F

23).
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2. Shapley mechanism: the final profit produced by the project of agents i and j is

shared equally between i and j. The total share of every agent is the sum of his

shares in the projects. That is,

ϕi(t, f) =
1

2

∑
(i,j)∈Li

F ij .

3. Proportional sharing mechanism: the final profit produced by the project of agents i

and j is shared between them, depending on the proportion of their contribution of

time. That is,

ϕi(t, f) =


∑

(i,j)∈Li Pr
i
j(t

i
j , t

j
i )F

ij if tij > 0;

0 otherwise,

where the proportion of agent i with agent j is Prij(t
i
j , t

j
i ) =

tij

tij+t
j
i

.

Notice that average profit and Shapley mechanisms are independent of time allo-

cation, but proportional sharing mechanism depends it on the time allocation.

4.3.1 Efficiency and other desirable properties

The strategy of agent i is an allocation of his time resource between different

projects to which he belongs, where the sum of all his time allocations is not larger than

his total time resource T i. Let f = (f ij)i 6=j be the vector of production functions, where f ij

is a continuous non-decreasing function on both coordinates f ij : R2
+ → R+ of agent i and

j. Let F be the set of vectors of production function, and vi = (tij)j 6=i where
∑

j 6=i t
i
j = T i.

Definition 2. Subject i’s strategy profile, Si is

Si : (F)→ vi.

The strategy of agent i is such that for every set of production function, it assigns

a time allocation to different projects.

Definition 3. For the mechanism ϕ and the vector of production functions f , the payoff function

of agent i at the vector of strategies (Si, S−i) is:

πi(Si, S−i, f, ϕ) = ϕi

(
×(i,j)∈L

(
tij , t

j
i , f

ij(tij , t
j
i )
))

, where Si = (tij)j 6=i.
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The payoff of an agent depends on its own and others time allocations, produc-

tion functions and the outcome given by the mechanism. Therefore, the payoff function of

agent i depends on ϕi and ×(i,j)∈L(tij , t
j
i , F

ij).

Next, we define a Nash equilibrium: for the other agents’ strategies fixed, there

is no agent who can increase its payoff by deviating the strategy at a Nash equilibrium.

Definition 4. Given a production function f and a mechanismϕ, a strategy profile (S∗1, S∗2, . . . , S∗n)

is a Nash equilibrium if:

πi(S∗i, S−∗i, f, ϕ) ≥ πi(Si, S−∗i, f, ϕ) ∀Si.

Under a production function, a set of strategies generates the output, F . In terms

of output, an efficient strategy dominates the other strategy under any production func-

tion.

Definition 5. A set of strategies (S1, . . . , Sn) is efficient if for any f , for any S̃∑
(i,j)∈L

f ij(tij , t
j
i ) ≥

∑
(i,j)∈L

f ij(t̃ij , t̃
j
i ), where (tij)j 6=i = Si(f) and (t̃ij)j 6=i = S̃i(f).

Also, we define the efficiency on a mechanism, where the mechanism can imple-

ment the set of efficient strategy as a Nash equilibrium.

Definition 6. A mechanism is efficient if the set of efficient strategies is a Nash equilibrium.

Notice that the Shapley and the average profit mechanisms are efficient, but pro-

portional sharing mechanism is not.

4.3.2 Separable mechanism and main result: implementing the efficient time

allocation

In this section, we characterize the mechanisms that are efficient. There are many

conditions for a mechanism to be efficient. First, it does not depend on the time allocation

of the agent. Second, the payoff of agent i depends on the sum of profits generated by the

agent. These conditions are expressed below in the definition of separability.

Definition 7. A mechanism is separable if there exist functions g1, g2, . . . , gn non-decreasing in

the first coordinate such that:

ϕi

(
×(i,j)∈L(tkl , t

l
k, F

kl)
)

= gi

 ∑
(i,j)∈Li

F ij ,×(i,j)∈L−i(t
k
l , t

l
k, F

lk)

 , ∀i.
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A mechanism is separable if the payoff of agent i only depends on the total ag-

gregated profit generated by his projects (denoting Li), and the profits generated by the

projects that do not contain agent i (denoting L−i).

Notice that separable mechanism does not depend on its own time allocation.

Also, notice that the Shapley and average profit mechanisms are separable mechanisms.

However the proportional sharing mechanism is not separable, because it depends on the

time allocation by each agent.

Proposition 1. A mechanism is efficient if and only if it is separable.

Proof. First, we show that if a mechanism is separable, then the mechanism is efficient.

Suppose that an agent, say agent i, deviates from an efficient strategy under a

separable mechanism. Then, the deviation by agent i does not lead to an increase in total

profit of his projects in any production functions due to the definition of efficient strategy.

Thus, agent i cannot increase his payoff because gi is a non-decreasing function in the first

coordinate. This is a contradiction.

Next, we show that if a mechanism is efficient, then the mechanism is separable

for any set of production function.

Step 1: We show that if a mechanism is efficient, then the payoff of agent i does

not depend on his time allocation. That is,

ϕi
(
ti, t−i, F

)
= hi

(
t−i, F

)
,

where ti = (ti1, t
i
2, . . . , t

i
i−1, t

i
i+1, . . . , t

i
n), and t−i = (t1, t2, . . . , ti−1, ti+1, . . . , tn), that is, the

time allocation vector in which agent i does not belong to.

First, consider the following production functions:

fi1(t
i
1, t

1
i ) = ci1 + ε

(
ti1 + t1i

)
;

fi2(t
i
2, t

2
i ) = ci2 + ε

(
ti2 + t2i

)
;

...

fi(n−1)(t
i
n−1, t

n−1
i ) = ci(n−1) + ε

(
tin−1 + tn−1i

)
;

fin(tin, t
n
i ) = cin + 2εtin + εtni ;

fjk(t
j
k, t

k
j ) = cjk + ε

(
tjk + tkj

)
, ∀j, k 6= i,

where cij(∈ R+) is constant for all (i, j).
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By definition of efficient strategy, agent i allocates his resource for ti = (0, 0, . . . , 0, T i).

Then, for all t̃i(∈ Rn−1+ ),

ϕi
(
(0, 0, . . . , 0, T i), t−i, ci1 + ε(0 + t1i ), ci2 + ε

(
0 + t2i

)
, . . . , cin + 2εT i + εtni , F

−i)
≥ ϕi

(
(t̃i1, t̃

i
2, . . . , t̃

i
n), t−i, ci1 + ε(t̃i1 + t1i ), ci2 + ε

(
t̃i2 + t2i

)
, . . . , cin + 2εt̃in + εtni , F

−i
)
,

where ε(∈ R++) is small enough, letting F−i be the output vector which agent i does not

belong to. Notice that the inequality above comes from the definition of efficiency. As ε

goes to 0, then

ϕi
(
(0, 0, . . . , 0, T i), t−i, ci1, ci2, . . . , cin, F

−i) ≥ ϕi ((t̃i1, t̃
i
2, . . . , t̃

i
n), t−i, ci1, ci2, . . . , cin, F

−i
)
.

(4.3.1)

Given t̃i(∈ Rn−1+ ) which is a fixed vector and
∑
t̃i = T i, we consider the produc-

tion functions as follows.

fi1(t
i
1, t

1
i ) = ci1 + ε

(
min{t̃i1, t

i
1}+ t1i

)
;

fi2(t
i
2, t

2
i ) = ci2 + ε

(
min{t̃i2, t

i
2}+ t2i

)
;

...

fi(n−1)(t
i
n−1, t

n−1
i ) = ci(n−1) + ε

(
min{ ˜tin−1, t

i
n−1}+ tn−1i

)
;

fin(tin, t
n
i ) = cin + ε

(
min{t̃in, tin}+ tni

)
;

fjk(t
j
k, t

k
j ) = cjk + ε

(
tjk + tkj

)
, where j, k 6= i.

Notice that at the optimal, agent i allocates his resource as t̃i = (t̃i1, t̃
i
2, . . . , t̃

i
n). The mecha-

nism ϕi is efficient, then we have

ϕi

(
(t̃i1, t̃

i
2, . . . , t̃

i
n), t−i, ci1 + ε(t̃i1 + t1i ), ci2 + ε(t̃i2 + t2i ), . . . , cin + ε(t̃in + tni ), F−i

)
≥ ϕi

(
(0, 0, . . . , 0, T i), t−i, ci1, ci2, . . . , cin + ε(t̃in + tni ), F−i

)
,

where ε(∈ R++) is small enough. As ε goes to 0, then

ϕi

(
(t̃i1, t̃

i
2, . . . , t̃

i
n), t−i, ci1, ci2, . . . , cin, F

−i
)
≥ ϕi

(
(0, 0, . . . , 0, T i), t−i, ci1, ci2, . . . , cin, F

−i) .
(4.3.2)

By Equations (4.3.1) and (4.3.2), we have

ϕi
(
(0, 0, . . . , 0, T i), t−i, ci1, ci2, . . . , cin, F

−i) = ϕi

(
(t̃i1, t̃

i
2, . . . , t̃

i
n), t−i, ci1, ci2, . . . , cin, F

−i
)
.
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Thus, the payoff of agent i is independent of his allocation. Similarly, the payoffs of the

other agents are also independent of its allocations.

Step 2: We show that if a mechanism is efficient, then for any small δ > 0,

ϕi
(
ci1, . . . , cin, F

−i, t−i
)

= ϕi
(
ci1 − δ, . . . , cin + δ, F−i, t−i

)
.

Consider the following production functions:

fi1(t
i
1, t

1
i ) = ci1 + ti1 + γt1i ;

fi2(t
i
2, t

2
i ) = ci2 + γ

(
ti2 + t2i

)
;

...

fi(n−1)(t
i
n−1, t

n−1
i ) = ci(n−1) + γ

(
tin−1 + tn−1i

)
;

fin(tin, t
n
i ) = cin + γ

(
tin + tni

)
;

fjk(t
j
k, t

k
j ) = cjk + γ

(
tjk + tkj

)
, where j, k 6= i.

where γ < 1. By efficiency, for all ti(∈ Rn−1+ ),

ϕi
(
(T i, 0, . . . , 0), ci1 + (T i + t1i ), ci2 + γt22, . . . , cin + γtni , F

−i, t−i
)

≥ ϕi
(
(ti1, t

i
2, . . . , t

i
n), ci1 + (ti1 + t1i ), ci2 + γ(ti2 + t2i ), . . . , cin + γ

(
tin + tni

)
, F−i, t−i

)
.

As γ goes to 1, then

ϕi
(
(T i, 0, . . . , 0), ci1 + (T i + t1i ), ci2 + t2i , . . . , cin + tni , F

−i, t−i
)

≥ ϕi
(
(ti1, t

i
2, . . . , t

i
n), ci1 + (ti1 + t1i ), ci2 + (ti2 + t2i ), . . . , cin + (tin + tni ), F−i, t−i

)
.(4.3.3)

By doing the opposite argument, consider the following production functions,

fi1(t
i
1, t

1
i ) = ci1 + min{t̃i1, t

i
1}+ γti1 + t1i

fi2(t
i
2, t

2
i ) = ci2 + min{t̃i2, t

i
2}+ t2i

...

fi(n−1)(t
i
n−1, t

n−1
i ) = ci(n−1) + min{ ˜tin−1, t

i
n−1}+ tn−1i

fin(tin, t
n
i ) = cin + min{t̃in, tin}+ γtni ;

fjk(t
j
k, t

k
j ) = cjk +

(
tjk + tkj

)
, where j, k 6= i.
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At the optimal profile ti = (t̃i1, t̃
i
2, . . . , t̃

i
n), comparing this with the profile ti =

(T i, 0, . . . , 0),

ϕi

(
(t̃i1, t̃

i
2, . . . , t̃

i
n), ci1 + t̃i1 + γt̃i1 + t1i1, ci2 + t̃i1 + t2i2, . . . , cin + t̃i1 + tnin, F

−i, t−i
)

≥ ϕi
(
(T i, 0, . . . , 0), ci1 + T i + γT i + t1i1, ci2 + t2i2, . . . , cin + γtnin, F

−i, t−i
)
.

As γ goes to 1, then

ϕi

(
(t̃i1, t̃

i
2, . . . , t̃

i
n), ci1 + 2t̃i1 + t1i1, ci2 + t̃i1 + t2i2, . . . , cin + t̃i1 + tnin, F

−i, t−i
)

≥ ϕi
(
(T i, 0, . . . , 0), ci1 + 2T i + t1i1, ci2 + t2i2, . . . , cin + tnin, F

−i, t−i
)
.(4.3.4)

By Equations (4.3.3) and (4.3.4), we have

ϕi
(
ci1, ci2, . . . , cin, F

−i, t−i
)

= ϕi
(
ci1 − δ, ci2, . . . , cin + δ, F−i, t−i

)
.

Therefore, the mechanism ϕ is not affected by the transfer between its own projects, which

indicates the mechanism ϕ depends on the total profits of its own projects and the others’

time allocations and profits.

Step 3: We show that a mechanism is non-decreasing function on the total output

of its own projects.

Consider the following production functions:

fi1(t
i
1, t

1
i ) = ci1 + (γ + δ)ti1 + γt1i ;

fi2(t
i
2, t

2
i ) = ci2 + γ(ti2 + t2i );

...

fi(n−1)(t
i
n−1, t

n−1
i ) = ci(n−1) + γ(tin−1 + tn−1i );

fin(tin, t
n
i ) = cin + γ

(
tin + tni

)
;

fjk(t
j
k, t

k
j ) = cjk + γ

(
tjk + tkj

)
, where j, k 6= i.

where γ < 1, δ > 0. At optimal profile,

ϕi
(
ci1 + (γ + δ)T i + γt1i + ci2 + γt2i + · · ·+ cin + γtni , F

−i, t−i
)

≥ ϕi
(
ci1 + (γ + δ)ti + γt1i + ci2 + γ(ti2 + t2i ) + · · ·+ cin + γ(tin + tni ), F−i, t−i

)
.

As γ goes to 0, then

ϕi

∑
j 6=i

cij + δT i, F−i, t−i

 ≥ ϕi
∑
j 6=i

cij + δti1, F
−i, t−i

 .
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Notice that this is not only the pairs of agents i and 1, and agents i and n, but the

same argument can be applied for any pairs of agents.

4.3.3 Strong Nash Implementation

In this section, we consider the case where agents can coordinate with other

agents. In particular, we look at mechanisms where agents have no incentive to form coali-

tions. That is if a group of agents jointly coordinate their time and at least one of the agents

of the group strictly increases his payoff, then it must be that another agent of the group

strictly decreases his payoff. This is captured in our definition of Strong Nash equilibrium.

Definition 8 (Strong Nash Equilibrium). Given a production function f and a mechanism ϕ,

a strategy profile S∗ is a strong Nash Equilibrium if ∀T ⊂ N and for any strategy profile, ST , if

∃i ∈ T such that

πi
(
(ST , S∗−T ), f, ϕ

)
> πi

(
(S∗T , S∗−T ), f, ϕ

)
,

then ∃j ∈ T such that

πj
(
(ST , S∗−T ), f, ϕ

)
< πj

(
(S∗T , S∗−T ), f, ϕ

)
.

Definition 9. A mechanism is strongly efficient if the set of efficient strategies is a strong Nash

equilibrium.

In order to introduce the next definition, consider the case where there is a change

in the technology used by one of the projects. In particular, suppose that the technology

used by the project with agent i and j increases the profit at any level of time allocations.

In this case, the definition of strong monotonicity at equilibrium discussed below requires

that the payoff of all the agents in the society at equilibrium should not decrease.2 In other

words, improvements in the quality of the projects should not harm any agents in the

society.

Definition 10 (Strong Monotonicity at Equilibrium). Suppose the production function f̃ ij such

that f̃ ij(sij , s
j
i ) ≥ f ij(sij , s

j
i ),∀(sij , s

j
i ). Let f̃ = (f−ij ∪ f̃ ij). Consider the equilibrium strategies{

(tij , t
j
i )
}
(i,j)

under f and
{

(t̃ij , t̃
j
i )
}
(i,j)

under f̃ . Then, a mechanism is strong monotonic at

equilibrium if:

ϕk

(
×(i,j)∈L

(
t̃ij , t̃

j
i , f̃

ij(t̃ij , t̃
j
i )
))
≥ ϕk

(
×(i,j)∈L

(
tij , t

j
i , f

ij(tij , t
j
i )
))

, ∀k.

2[76] defines very similar concept, which is called “strictly resource monotonic.”
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The next proposition characterizes all mechanisms that meet Strong Nash Equi-

librium, or Strong Monotonicity at Equilibrium. Surprisingly, these mechanisms only de-

pend on the sum of profits generated by all projects in the society.

Proposition 2. The following three properties are equivalent for the mechanism ϕi.

(i) ϕ satisfies strongly efficient

(ii) ϕ satisfies Strong Monotonicity at equilibrium and efficiency

(iii) there exists non-decreasing functions: gi : R+ → R+ for i = 1, . . . , n such that∑
i

gi(A) = A ∀A ∈ R+

and

ϕ(t, F ) =

g1
 ∑

(i,j)∈L

F ij

 , . . . , gn

 ∑
(i,j)∈L

F ij

 ∀F and t.

Proof. Property (iii) ⇒ Property (i) is clear because under such a function g, every agent

allocates their time resources to achieve the maximum (efficient) level of the total profit in

the society. In other words, even if some agents form a coalition, they cannot increase their

payoff due to fewer their total profits by changing their allocations.

We prove that Property (i)⇒ Property (iii).

Step A1: Show ϕi is independent of time allocations, ti and t−i.

By Proposition 1, ϕ is such that

ϕi(F, t) = ϕi

∑
j 6=i

F ij ,
(
F l,k

)
k,l 6=i

, t−i

 , ∀i.

Consider the following production function:

f ij(tij , t
j
i ) = cij , ∀i.

Suppose that ϕi depend on t−i. Then, one of agents, j, can help agent i to receive

higher payoff by changing his time allocation, as the other allocations are constant. This is

a violation to the definition of strong efficiency. Therefore, we have

ϕi(t, F ) = ϕi

∑
j 6=i

F ij ,
(
F l,k

)
k,l 6=i

 , ∀i.
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Step A2: Show ϕi depends on
∑

j 6=k F
kj ∀k, j 6= i.

Consider the following production function: f ij(tij , t
j
i ) = tij .

Without loss of generality, we focus on agent 1. Then, the payoff is:

ϕ1(t, F ) = ϕ1

∑
j 6=i

F ij , F 23, F 24, F 25, · · · , Fn−1,n


= ϕ1

∑
j 6=i

F ij , F 23 + F 24, 0, F 25 · · · , Fn−1,n


= · · ·

= ϕ1

∑
j 6=i

F ij ,
∑
k,l 6=i

F kl, 0, 0 · · · , 0

 .

At the end, the payoff of agent 1 only depends on the sum of its own outputs and the other

pairs’ outputs. We can apply this argument to any other agents. Therefore, we have

ϕi

∑
j 6=i

F ij ,
(
F l,k

)
k,l 6=i

 = ϕi

∑
j 6=i

F ij ,
∑
k,l 6=i

F kl

 , ∀i.

Step A3: Show ϕi depends on
∑

ij F
ij , ∀i, j

Consider the following production function: f ij(tij , t
j
i ) = tij . By Proposition 1, we

have

ϕi

∑
j 6=i

F ij ,
∑
k,l 6=i

F kl

 = ϕi

∑
j 6=i

F ij + x,
∑
k,l 6=i

F kl − x


Therefore, we have

ϕi

∑
j 6=i

F ij ,
∑
k,l 6=i

F kl

 = ϕi

∑
ij

F ij



Proof. Property (iii)⇒ Property (ii) is obvious.

Property (ii)⇒ Property (iii)

By Proposition 1, the payoff of agent i, depending only on the time allocations of

others, the total profit of the projects in which agent i belongs to, and the total profit of the

projects in which agent i does not belong to. That is,

ϕi(F, t) = ϕi

∑
j 6=i

F ij ,
∑
l,k 6=i

F l,k, t−i

 , ∀i.
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Now, we show ϕi is independent of the other’s time allocations t−i.

Consider the following production function:

f ij(tij , t
j
i ) = cij , ∀i.

Suppose that the technology in the project with agent i and j has been improved.

f ij(tij , t
j
i ) = cij + ε.

Then, by Strong monotonicity,

ϕi
(
F ij + ε, F−ij ; t̃−i

)
≥ ϕi

(
F ij , F−ij ; t−i

)
, ∀i and t−i.

As ε→ 0,

ϕi
(
F ij , F−ij ; t̃−i

)
≥ ϕi

(
F ij , F−ij ; t−i

)
, ∀i and t−i.

By doing the opposite argument, consider the above production functions. Then, by Strong

monotonicity,

ϕi
(
F ij + ε, F−ij ; t̄−i

)
≥ ϕi

(
F ij , F−ij ; t−i

)
, ∀i and t−i.

As ε→ 0,

ϕi
(
F ij , F−ij ; t̄−i

)
≥ ϕi

(
F ij , F−ij ; t−i

)
, ∀i and t−i.

Therefore, we have

ϕi

(
F ij ,

(
F l,k

)
k,l 6=i

)
= ϕi

∑
j 6=i

F ij ,
(
F l,k

)
k,l 6=i

 , ∀i.

The following steps, B1 to B3, show that ϕi only depends on the time allocations

by the other agents, and
∑

ij F
ij , ∀i, j. In the proof, we use 4 agents case for simplic-

ity. But, we can easily generalize this to n agents case by applying the following Step 1

repeatedly.

Step B1: Pick agent 4, and consider that agent 2 transfers the profit within the

projects which agent 4 does not belong to. That is, agent 2 transfers some from project 23

to project 12. Consider the following production functions:

f12(t
1
2, t

2
1) = t12 + t21;

f23(t
2
3, t

3
2) = t23 + t32;

flm(tlm, t
m
l ) = clm, ∀l,m 6= (1, 2), (2, 3)
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Further, consider the following production functions:

f̃12(t
1
2, t

2
1) = (1 + ε)(t12 + t21);

f̃23(t
2
3, t

3
2) = t23 + t32;

f̃lm(tlm, t
m
l ) = clm, ∀l,m 6= (1, 2), (2, 3)

By efficiency, ∀ε ∈ R+, agent 4’s payoff is: ∀t2,

ϕ4(t−4;F
14+F 24+F 34, F 12, F 13, F 23+t2) ≤ ϕ4(t̃−4;F

14+F 24+F 34, F 12+(1+ε)t2, F 13, F 23).

As ε→ 0, then we have

ϕ4(t−4;F
14 + F 24 + F 34, F 12, F 13, F 23 + t2) ≤ ϕ4(t̃−4;F

14 + F 24 + F 34, F 12 + t2, F 13, F 23).

By reversing production function, then we have

ϕ4(t−4;F
14 + F 24 + F 34, F 12, F 13, F 23 + t2) ≥ ϕ4(t̃−4;F

14 + F 24 + F 34, F 12 + t2, F 13, F 23).

These lead that

ϕ4(t−4;F
14 + F 24 + F 34, F 12, F 13, F 23 + t2) = ϕ4(t̃−4;F

14 + F 24 + F 34, F 12 + t2, F 13, F 23).

Similarly, we can do it for projects 23 and 13 by agent 3. Hence, we have

ϕ4(t−4;F
14 + F 24 + F 34, F 12, F 13, F 23) = ϕ4(t−4;F

14 + F 24 + F 34, F 12 + F 13 + F 23).

Similar to Step A3, we have

ϕ4(t−4;F
14 + F 24 + F 34, F 12, F 13, F 23) = ϕ4(t−4;F

14 + F 24 + F 34 + F 12 + F 13 + F 23).

Step B2: Pick agent 3, and consider that agent 2 transfers the profit from the

projects to which agent 3 belongs, to the projects which agent 3 does not belong to. That

is, agent 2 transfers some from project 23 to project 12. Consider the following production

functions:

f12(t
1
2, t

2
1) = t12 + t21;

f23(t
2
3, t

3
2) = t23 + t32;

flm(tlm, t
m
l ) = clm, ∀l,m 6= (1, 2), (2, 3)
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Further, consider the following production functions:

f̃12(t
1
2, t

2
1) = (1 + ε)(t12 + t21);

f̃23(t
2
3, t

3
2) = t23 + t32;

f̃lm(tlm, t
m
l ) = clm, ∀l,m 6= (1, 2), (2, 3)

By strong monotonicity and efficiency, ∀ε ∈ R+, agent 3’s payoff is: ∀t2,

ϕ3(t−3;F
13+F 23+t2+F 34, F 12, F 14, F 24) ≤ ϕ3(t̃−3;F

13+F 23+F 34, F 12+(1+ε)t2, F 14, F 24).

As ε→ 0, then we have

ϕ3(t−3;F
13 + F 23 + t2 + F 34, F 12, F 14, F 24) ≤ ϕ3(t̃−3;F

13 + F 23 + F 34, F 12 + t2, F 14, F 24).

By reversing production function, then we have

ϕ3(t−3;F
13 + F 23 + t2 + F 34, F 12, F 14, F 24) ≥ ϕ3(t̃−3;F

13 + F 23 + F 34, F 12 + t2, F 14, F 24).

These lead that

ϕ3(t−3;F
13 + F 23 + t2 + F 34, F 12, F 14, F 24) = ϕ3(t̃−3;F

13 + F 23 + F 34, F 12 + t2, F 14, F 24).

By repeating the argument for every outside project, we have

ϕ3(t−3;F
13 +F 23 + t2 +F 34, F 12, F 14, F 24) = ϕ3(t−3;F

13 +F 23 +F 34 +F 12 +F 14 +F 24).

Step B3: Pick agent 1, and consider that agent 2 transfers the profit from the

projects to which agent 1 does not belong, to the projects which agent 1 belongs to. That

is, agent 2 transfers some from project 23 to project 12.

By efficiency, ∀ε ∈ R+, agent 1’s payoff is: ∀t2,

ϕ1(t−1;F
13+F 12+F 13, F 23+t2, F 24, F 34) ≤ ϕ1(t̃−1;F

13+F 12+(1+ε)t2+F 13, F 23, F 24, F 34).

As ε→ 0, then we have

ϕ1(t−1;F
13 + F 12 + F 13, F 23 + t2, F 24, F 34) ≤ ϕ1(t̃−1;F

13 + F 12 + t2 + F 13, F 23, F 24, F 34).

By reversing production function, then we have

ϕ1(t−1;F
13 + F 12 + F 13, F 23 + t2, F 24, F 34) ≥ ϕ1(t̃−1;F

13 + F 12 + t2 + F 13, F 23, F 24, F 34).
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These lead that

ϕ1(t−1;F
13 + F 12 + F 13, F 23 + t2, F 24, F 34) = ϕ1(t̃−1;F

13 + F 12 + t2 + F 13, F 23, F 24, F 34).

By repeating the argument for every outside project, we have

ϕ1(t−1;F
13 + F 12 + F 13, F 23, F 24, F 34) = ϕ1(t−1;F

13 + F 12 + F 13 + F 23 + F 24 + F 34).

Finally, since agent 2 gets the rest, we have

ϕ2(t, F ) =
∑

F − ϕ1(t, F )− ϕ3(t, F )− ϕ4(t, F ).

Hence, we have

ϕi(F, t) = ϕi

∑
ij

F ij , t−i

 , ∀i.

Step B4: Show that ϕi only depends on
∑

ij F
ij , ∀i, j. Suppose that ϕi depends

on the time allocations by the other agents, t−i. Then, when a technology improvement

is occurred in a project, there exists an agent which the agent’s time allocation affects the

agent i’s payoff. However, by efficiency (or strong monotonicity at equilibrium), ...

4.4 Seniority Mechanism

In many firms, agents get different levels of compensation depending on multiple

factors. One of these factors can be seniority (or loyalty), where agents who have worked

longer receives a larger share of the profit generated by the company. An example of this

is a payment scheme in a lawyer firm, where a partner receives higher salary than an

associate. In this section, we introduce a class of mechanisms that capture these features

similar to seniority, where the sharing mechanism does not treat agents symmetrically.

We define Seniority mechanism in a bilateral network. A seniority mechanism

distribute the payoffs to the agents based on the profits generated by their own projects and

the profits generated by the projects in which the agent does not belong to. In particular,

each agent has a common share rate to the outputs generated by his own projects. We
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denote by si(∈ [0, 1]) the share of the profits in which agent i belongs to. Since the share si

is common for every project which agent i belongs to, we have that:

si + sj ≤ 1, ∀i, j.

Secondly, each agent can also receive a payoff from projects in which he does not belong

to.

Definition 11 (Seniority Mechanism). Consider the vector (s1, s2, . . . , sn). A Seniority Mech-

anism is:

ϕi (t, F ) =

 ∑
(i,j)∈Li

F ij

 ∗ si + gi

(
×(i,j)∈L−i

(
tjk, t

k
j , F

j,k
))

,

where gi : [R3]
n−2n−3

2 → R+ and∑
i 6=j,k

gi = (1− sj − sk) ∗ F jk 6=i.

Note that by the definition, Seniority mechanism is a budget balance mechanism.

To characterize Seniority mechanism, we introduce a property of Consistency.3

The idea is that Consistency separates a problem into two parts depending on whether an

agent belongs to a project or not.

Definition 12 (Consistency). Consider the following problem:

A =
{(
t̃ij , t̃

j
i , F̃

ij
)}

i 6=j
.

Let k ∈ N and

B =
{(
tkj , t

j
k, F̃

kj
)}

j 6=k
∪ {(0, 0, 0)}j,l 6=k ,

C =
{(
tlj , t

j
l , F̃

lj
)}

j,l 6=k
∪ {(0, 0, 0)}j 6=k .

Note that
∑

j 6=k t
k
j (B) +

∑
j 6=k t

k
j (C) =

∑
j 6=k t

k
j (A). Then,

ϕ (A) = ϕ (B) + ϕ (C) .

To understand Consistency, we illustrate the 4 agents case in a bilateral network

(see Figure 4.1). Given a problem A, at an efficient allocation,

3See, [76].
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(a) A bilateral network of 4 agents

(b) Only belong to Agent 1 (c) Not belong to Agent 1

Figure 4.1: Consistency: 4 agents case

ϕ (A) = ϕ
(
(t12, t

2
1, F

12), (t13, t
3
1, F

13), (t14, t
4
1, F

14), (t23, t
3
2, F

23), (t24, t
4
2, F

24), (t34, t
4
3, F

34)
)
.

Pick agent 1, for example. Consistency divides a problem (called A) into two parts: each

project to which agent 1 does not belong cannot produce anything (called B) and each

project to which agent 1 belongs cannot produce anything (called C). Therefore, the prob-

lem A can be decomposed as follows: at an efficient allocation,

ϕ (B) = ϕ
(
(t12, t

2
1, F

12), (t13, t
3
1, F

13), (t14, t
4
1, F

14), (0, 0, 0), (0, 0, 0), (0, 0, 0)
)
,

ϕ (C) = ϕ
(
(0, 0, 0), (0, 0, 0), (0, 0, 0), (t23, t

3
2, F

23), (t24, t
4
2, F

24), (t34, t
4
3, F

34)
)
.

Proposition 3. An efficient mechanism is consistent if and only if it is a Seniority mechanism:

ϕi (A) = si
∑

(i,j)∈Li
F ij +

∑
l,m6=i

glmi

(
tlm, t

m
l , (1− sl − sm)F lm

)
∀i,
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where gl,m : R3
+ → Rn−2 such that∑

k 6=l,m
gl,mk

(
tlm, t

m
l , (1− sl − sm) ∗ F lm6=k

)
=
∑
lm6=k

(1− sl − sm) ∗ F lm6=k.

Proof. Step 1: By applying consistency repeatedly, we can decompose a problem A:

ϕi (A) = ϕ
(
(ti1, t

1
i , F

i1), (ti2, t
2
i , F

i2), . . . , (tii−1, t
i−1
i , F i,i−1), (tii+1, t

i+1
i , F i,i+1), . . . , (tin, t

n
i , F

in), Zk,l 6=i
)

+ϕi

({
(tlk, t

k
l , F

kl)
}
k,l 6=i

, Zi 6=k,l

)
= ϕ

(
(ti1, t

1
i , F

i1), Z(i,s)6=(i,1), Zk,l 6=i
)

+ϕ
(
(0, 0, 0), (ti2, t

2
i , F

i2), . . . , (tii−1, t
i−1
i , F i,i−1), (tii+1, t

i+1
i , F i,i+1), . . . , (tin, t

n
i , F

in), Zk,l 6=i
)

+ϕi

(
(tl1, t

1
l , F

1l), Z(l,t)6=(l,1), Zi 6=k,l

)
+ϕi

({
(tlt, t

t
l , F

tl)
}
(t,l)6=(1,i)

, Zu6=(l,1), Zi 6=k,l

)
= · · ·

=
∑
k 6=i

ϕi

({(
tik, t

k
i , F

ik
)
, Zk,l 6=i

})
+
∑
k,l 6=i

ϕi

({(
tlk, t

k
l , F

kl
)
, Zi 6=k,l

})
,

where Z = (0, 0, 0).

Step 2: Since ϕ is efficient, by Proposition 1, ϕi does not depend on (tij , t
j
i ), ∀j 6=

i. Hence,

ϕi (A) =
∑
k 6=i

ϕi

({(
0, 0, F ik

)
, Zl,m6=i

})
+
∑
k,l 6=i

ϕi

({(
tlk, t

k
l , F

kl
)
, Zi 6=k,l

})
.

Focus on the first term.

ϕi
({

(0, 0, 0) , Z(l,m) 6=(i,k)

})
= 0. (4.4.1)

By efficiency and Proposition 1,

ϕi

({(
0, 0,

∑
k

F ik

)
, Z(l,m)6=(i,k)

})
= ϕi

({(
0, 0,

∑
k

F ik

)
, Z(l,m)6=(i,k̃)

})
.

Hence, since this happens at any level of productions,

ϕi

({
(0, 0, X) , Z(l,m)6=(i,k̃)

})
= ϕi

({
(0, 0, X) , Z(l,m) 6=(i,k)

})
.

Moreover, by Proposition 1,

ϕi
({

(0, 0, X) , Z(l,m)6=(i,k)

})
= ϕi

({
(0, 0, X − t) , Z(l,m)6=(i,k̃)

})
+ϕi

({
(0, 0, t) , Z(l,m)6=(i,k)

})
= ϕi

({
(0, 0, X − t) , Z(l,m)6=(i,k)

})
+ϕi

({
(0, 0, t) , Z(l,m)6=(i,k)

})
.
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Hence, ϕi is additive in F ik for any k 6= i. Since ϕi is continuous and Equation

(4.4.1), then ϕi is linear in F ik. Thus,∃si ∈ [0, 1] such that

ϕi


0, 0,

∑
k 6=i

F ik

 , Zk,l 6=i


 = si

∑
k 6=i

F ik, ∀
∑
k 6=i

F ik.

For every (i, j), there exists function: glk
(
tlk, t

k
l , F

kl
)
→ RN\k,l,∑

k 6=i,j
gijk
(
tij , t

i
j , F

ij
)

= F ij , ∀F ij ≥ 0,

and consists s1, s2, . . . , sn such that

sl + sm ≤ 1, ∀(l,m) ≥ 0,

Therefore,

ϕi (A) = si
∑
j 6=i

F ij +
∑
l,m6=i

glmi

(
tlm, t

m
l , (1− sl − sm)F lm

)
∀i.

Notice that this is Shapley mechanism when s1 = s2 = · · · = sn = 1/2.

When we impose strong monotonicity in F , we have the following corollary.

Corollary 1. The following three properties are equivalent for the mechanism ϕ.

(i) ϕ satisfies Efficiency and Consistency and Strong Monotonicity at equilibrium

(ii) ϕ satisfies Consistency and strongly efficient

(iii) There exists s1, s2, . . . , sn such that
∑

i si = 1, and ϕi (F, t) = si(
∑
F kl).

Proof. Property (i) ⇐⇒ Property (ii) This is true by Proposition 1.

Proof. Property (iii)⇒ Property (i)

This is obvious.

Property (i)⇒ Property (iii)

By Proposition 3, we have

ϕi (A) = si
∑
j 6=i

F ij +
∑
l,m6=i

glmi

(
tlm, t

m
l , (1− sl − sm)F lm

)
, ∀i.
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By Proposition 3, through transferring ε from F lm to F jk which agent i does not

belong to the projects, ϕ gives the same payoff. Then, glm and gjk are linear:

ϕi (A) = si
∑
j 6=i

F ij + γi
∑
l,m6=i

F lm, ∀i.

By Proposition 3, transferring ε from the outside project to the project which agent

i belongs to, ϕ also gives the same payoff. Therefore,

si = γi, ∀i,

where
∑
si = 1 due to the fact that γi = (1−

∑
sj 6=i).

4.5 Conclusion

In this paper, we have studied the mechanisms that implement efficient alloca-

tions in a bilateral network. Proposition 1 shows that separable mechanisms, where the

payoff of an agent only depends on the total output generated by his own projects, the

time allocations and the outputs generated by which he does not belong to, are the only

efficient mechanisms . We also introduced strong monotonicity at equilibrium and strong

efficiency, and characterized all the mechanisms that satisfy them. We find that the shape

of such mechanisms look similar to the average profit mechanism, where the payoff of the

agents only depends on the total profit produced by the society (Proposition 2). Further-

more, we introduced the notion of consistency and characterize the efficient mechanisms

that are consistent (Proposition 3).

Finally, we mention some open questions. This study has focused on a bilateral

network for simplicity. More general networks should be considered to apply to several

situations in the real world. For example, it might be the lack of connections in the net-

work: agents 1 and 2 are connected, and agents 1 and 3 are connected, but agents 2 and 3

are not connected. Another open problem not tackled by this paper is the incorporation of

projects that require more than two agents. We have studied robust mechanisms that work

under any production functions. The study of mechanism that works for specific shape of

production functions such as Cobb-Douglas or Leontief are open questions.
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Chapter 5

Conclusion

We overview the findings of the three studies, and discuss the open questions

below.

In Chapter 2, we investigated the effects of endowment heterogeneity by a lab-

oratory experiment. Using a local and global public goods game, we found that endow-

ment heterogeneity led to lower social efficiency. This was caused by two reasons: a shift

from global to local public good contribution and a lower total public goods provision.

Although we confirmed that the subjects in the heterogeneous treatment had social pref-

erences, inequality aversion and reciprocity, these social presences did not compensate the

difference caused by endowment heterogeneity.

In Chapter 3, we studied why real-time information encourages people to reduce

energy consumption by conducting a randomized-control field experiment. We found the

positive effect of real-time information, which means people with IHDs achieved energy

conservation. Furthermore, we identified that the learning effects play a key role to reduce

electricity consumption.

In Chapter 4, we studied mechanisms that incentivize agents to contribute their

time to the level that generates the maximal profit for the society at the Nash equilibrium.

We characterized all efficient mechanisms and also incorporated other desirable properties

such as strong efficiency, and strong monotonicity at equilibrium.

This dissertation is the first step in a more comprehensive theoretical and applied

research agenda. From the theoretical view, we discovered some classes of mechanisms

that would align the incentives of individuals with the incentives of the society. The ex-

tension of these mechanisms to broader economies, such as those characterized in public

good economies is an open question. Similarly, we would like agents to adjust their con-
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sumption behavior to match the society optimal level of production. The study of more

general mechanisms could contribute to more general public good problems such as cli-

mate change or electricity markets.

Although the topic of efficiency connects the three studies in this dissertation,

efficiency usually does not concern with welfare distribution. We investigated the effects

of endowment heterogeneity in Chapter 2, and the mechanisms of efficient allocation in

Chapter 4. However, a mechanism which implements an efficient outcome may cause

income heterogeneity because of unequal payoff distribution. Moreover, it might have a

potential to lead a larger and wider income inequality. In the future work, we should study

the mechanisms that take into account social preferences such as equality and fairness, and

also conduct similar local and global public goods experiment where endowment is treated

as an endogenous variable.
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Appendix A

For Chapter 2

A.1 Detailed information on each session

Figure A.1: The screen of allocation-decision
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Figure A.2: The result screen
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Figure A.3: Distribution of Payments
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(a) July 1st, 2011 (Homogeneous) (b) July 8th, 2011 (Homogeneous)

(c) August 5th, 2011 (Homogeneous) (d) October 14th, 2011 (Homogeneous)

Figure A.4: Allocations per Session in Homogeneous (Average Amount contributed)

88



(a) July 14th, 2011 (Heterogeneous) (b) July 15th, 2011 (Heterogeneous)

(c) August 10th, 2011 (Heterogeneous) (d) October 11th, 2011 (Heterogeneous)

Figure A.5: Allocations per Session in Heterogeneous (Average Amount contributed)
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Table A.1: Summary of session, and average token contribution per session

Session (Date) Treatment Endowment # Subjects Local PG Global PG Private G

2011/07/01 Homogeneous 30 8 8.40 12.47 9.13

(10.96) (12.39) (11.28)

2011/07/08 Homogeneous 30 8 4.67 7.29 18.04

(5.79) (8.18) (10.56)

2011/08/05 Homogeneous 30 8 2.10 12.65 15.25

(3.69) (9.65) (9.26)

2011/10/14 Homogeneous 30 8 3.73 11.22 15.06

(5.94) (11.40) (11.57)

2011/07/14 Heterogeneous 40 or 20 8 8.43 4.05 17.52

(12.06) (9.46) (14.75)

2011/07/15 Heterogeneous 40 or 20 8 4.87 4.05 21.08

(5.20) (5.47) (13.32)

2011/08/10 Heterogeneous 40 or 20 8 2.20 7.82 19.98

(5.54) (10.35) (13.50)

2011/10/11 Heterogeneous 40 or 20 8 8.42 4.46 17.12

(8.95) (5.95) (8.85)
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A.2 Instruciton

Welcome to this experiment!

Please read and listen to the following instructions carefully. From now on, you are NOT

allowed to talk to other participants throughout the experiment. If you have any questions, please

raise your hand and the experimenter will answer your questions in private.

This is an experiment in decision making. Depending on your and other partic-

ipants’ decisions, you can make significant money. During the experiment, the units of

account will be in experimental dollars (ED). These ED will be converted to real dollars at

the rate of $1 per 60 ED. At the end of the experiment, you will receive your total earning

and $5 participation fee IN PRIVATE.

The Experiment

At the beginning of the experiment, the participants will be divided randomly

into two local groups of 4 participants. These two local groups make one global group.

That is, you belong to a local group of 4 participants and at the same time you also belong

to a global group of 8 participants (see figure). The experiment lasts 15 rounds and the

composition of groups remains the same throughout the experiment. Your ID number and

the local group number will appear in your screen.

(For Same-endowment treatment) At the beginning of each round, you receive

30 tokens, which is the same amount within all participants. In each round, your task is to

decide how many tokens to allocate to a private account, how many tokens to allocate to a

local group account, and how many tokens to allocate to a global group account.

(For Different-endowment treatment) At the beginning of each round, all mem-

bers of one local group will receive 20 tokens each. The members of the other local group
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will receive 40 tokens each. You will find out how many tokens your local group receive

at the beginning of the 1st round. The number of tokens for each local group will stay the

same in every round. In each round, your task is to decide how many tokens to allocate to

a private account, how many tokens to allocate to a local group account, and how many

tokens to allocate to a global group account.

Private account: Each token you place in the private account yields 1 ED for you

ONLY.

Local group account: Each token you place in the local group account yields 0.4

ED for each member in your local group (including you, but NOT in other local group).

In other words, the total L tokens in the local group account will be multiplied by 1.6, and

then divided within the local group members (= 4 participants) equally. IT DOES NOT

MATTER WHO PUTS TOKENS IN THE LOCAL GROUP ACCOUNTS. EVERYONE IN

THE LOCAL GROUP WILL RECEIVE AN EQUAL RETURN FROM THE LOCAL GROUP

ACCOUNT.

Global group account: Each token you place in the global group account yields

0.3 ED for EVERY member in the global group (including you). In other words, the total G

tokens in the global group account will be multiplied by 2.4, and then divided within the

global group members (= 8 participants) equally. IT DOES NOT MATTER WHO PUTS TO-

KENS IN THE GLOBAL GROUP ACCOUNT. EVERYONE WILL RECEIVE AN EQUAL

RETURN FROM THE GLOBAL GROUP ACCOUNT.

Example

The examples below are hypothetical. For the simplicity, assume each person

in both local group is given 30 tokens to allocate.

Example 1 (Private only): Suppose that everyone in a global group decides to

put no tokens in the both group accounts, and 30 tokens in the private account. Then, each

member in this group will receive 30 ED from the private account (30 tokens x 1 ED per

token).

Example 2 (Global only): Suppose that everyone in a global group decides to

put no tokens in the private, or the local group accounts, and 30 tokens in the global group

account. Then, there is a total of 240 tokens in the global group account, so that each
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member in this GLOBAL group will receive 72 ED from the global group account (240

tokens x 0.3 ED per token).

Example 3 (Local only): Suppose that everyone in a global group decides to put

no tokens in the private, or the global group accounts, and 30 tokens in the local group

account. Then, there is a total of 120 tokens in the each local group account, so that each

member in these LOCAL groups will receive 48 ED from the local group account (120

tokens x 0.4 ED per token).

Your earning for any round is then the sum of your profits from the local and

global groups accounts and private account. Your total earning is the sum of your per-

round earnings (In this experiment, there is one practice round before the 1st round. This

practice round does NOT count towards your total earning).

Finally, the results screen is displayed. In your display, you can see your alloca-

tion (your private, local group, and global group account), the list and the sum of tokens

allocated by your group members to the local group account, and the sum of tokens allo-

cated to the global group account by each local group. When everyone is ready, the next

round begins.

Are there any questions?
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Review

Suppose that you put 20 tokens in the private account, 10 tokens in the local group account

, and no tokens in the global group account. Suppose that the other three local group

members put 10 tokens in the private account, no tokens in the local group account, and

20 tokens in the global group account each. Suppose that the other four members in the

global, but different local group put no tokens in the global group account. What is:

The total number of tokens in the local group account? [Yours + Other local members]

The total number of tokens in the global group account? [Yours + Other global members]

Your earning from the local group account? [Total*0.4]

Your earning from the global group account? [Total*0.3]

Your earning from the private account?[Tokens in Private * 1.0]

Your total earning for this round? [Earning Private + Earning Group]
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Appendix B

For Chapter 4

Appendix: Proof of Proposition 1 for Three Agents case

Proof: 3 agents case. First, we show that if a mechanism is separable, then the mechanism

is efficient.

Assume that there is an efficient strategy under a separable mechanism. Suppose

that an agent, agent i, deviates from this efficient strategy. Then the deviation by agent

i leads fewer total revenue in any production functions due to the definition of efficient

strategy. The fewer total revenue cannot increase his payoff under any separable mecha-

nism. This is a contradiction.

Next, we show that if a mechanism is efficient, then the mechanism is separable.

For any combinations of production function, the only efficient mechanisms are

separable.

Figure B.1: A network of 3 agents
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Step 1: We show that if a mechanism is efficient, then the payoff of agent i (sup-

pose agent 1) doesn’t depend on his time allocation. That is,

ϕ1

(
(t12, t

1
3), t

2
1, t

2
3, t

3
1, t

3
2, F12, F13, F23)

)
= g1

(
t21, t

2
3, t

3
1, t

3
2, F12, F13, F23)

)
.

First, consider production functions:

f12(t
1
2, t

2
1) = c12 + ε

(
t12 + t21

)
;

f13(t
1
3, t

3
1) = c13 + 2ε

(
t13 + t31

)
;

f23(t
2
3, t

3
2) = c23 + εt23 + 2εt32.

By definition of efficient strategy, agent 1 allocates his resource for (t12, t
1
3) =

(0, T 1) for any strategies (S2, S3). Then, for all x(∈ R+),

ϕ1

(
(0, T 1), t21, t

2
3, t

3
1, t

3
2, c12 + ε(0 + t21), c13 + 2ε(T 1 + t31), c23 + εt23 + 2εt32

)
≥ ϕ1

(
(x, T 1 − x), t21, t

2
3, t

3
1, t

3
2, c12 + ε(x+ t21), c13 + 2ε(T 1 − x+ t31), c23 + εt23 + 2εt32

)
,

where ε(∈ R++) is small enough. As ε goes to 0, then

ϕ1

(
(0, T 1), t21, t

2
3, t

3
1, t

3
2, c12, c13, c23

)
≥ ϕ1

(
(x, T 1 − x), t21, t

2
3, t

3
1, t

3
2, c12, c13, c23

)
. (B.0.1)

Production functions are

f12(t
1
2, t

2
1) = c12 + ε

(
min{x, t12}+ t21

)
f13(t

1
3, t

3
1) = c13 + ε

(
min{T 1 − x, t13}+ t31

)
f23(t

2
3, t

3
2) = c23 + ε

(
t23 + t32

)
.

By definition of efficient strategy, agent 1 allocates his resource for (t12, t
1
3) =

(x, T 1 − x). Then, for all x(∈ R++),

ϕ1

(
(x, T 1 − x), t21, t

2
3, t

3
1, t

3
2, c12 + ε

(
x+ t21

)
, c13 + ε

(
T 1 − x+ t31

)
, c23 + ε

(
t23 + t32

))
≥ ϕ1

(
(0, T 1), t21, t

2
3, t

3
1, t

3
2, c12 + εt21, c13 + ε

(
T 1 − x+ t31

)
, c23 + ε

(
t23 + t32

))
,

where ε(∈ R++) is small enough. As ε goes to 0, then

ϕ1

(
(x, T 1 − x), t21, t

2
3, t

3
1, t

3
2, c12, c13, c23

)
≥ ϕ1

(
(0, T 1), t21, t

2
3, t

3
1, t

3
2, c12, c13, c23

)
. (B.0.2)

By Equations (B.0.1) and (B.0.2), we have

ϕ1

(
(x, T 1 − x), t21, t

2
3, t

3
1, t

3
2, c12, c13, c23

)
= ϕ1

(
(0, T 1), t21, t

2
3, t

3
1, t

3
2, c12, c13, c23

)
.
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Thus, the payoff of agent 1 is independent of his allocation. Similarly, the payoffs of the

other agents are also independent of its allocation.

Step 2 We show here that if a mechanism is efficient, then for any small δ > 0,

ϕ1

(
c12, c13, c23, t

2, t3
)

= ϕ1

(
c12 − δ, c31 + δ, c23, t

2, t3
)

Production functions are

f12(t
1
2, t

2
1) = c12 +

(
t12 + t21

)
f13(t

1
3, t

3
1) = c13 + γ

(
t13 + t31

)
f23(t

2
3, t

3
2) = c23 + t23 + γt32,

where γ < 1. By efficiency,

ϕ1

(
(T 1, 0), c12 + (T 1 + t21), c13 + γt31, c23 + t23 + γt32, t

2, t3
)

≥ ϕ1

(
(T 1 − δ, δ), c12 + (T 1 − δ + t21), c13 + γ(δ + t31), c23 + t23 + γt32, t

2, t3
)
.

As γ goes to 1, then

ϕ1

(
(T 1, 0), c12 + (T 1 + t21), c13 + t31, c23 + t23 + t32, t

2, t3
)

≥ ϕ1

(
(T 1 − δ, δ), c12 + (T 1 − δ + t21), c13 + (δ + t31), c23 + t23 + t32, t

2, t3
)
.(B.0.3)

By doing the opposite argument, consider the following production functions,

f12(t
1
2, t

2
1) = c12 + min{T 1 − δ, t12}+ γt12 + t21

f13(t
1
3, t

3
1) = c13 + min{δ, t13}+ γt31

f23(t
2
3, t

3
2) = c23 + t23 + γt32.

At the optimal profile, (t12, t
1
3) = (T 1 − δ, δ), comparing this with the profile,

(t12, t
1
3) = (0, T 1),

ϕ1

(
(T 1 − δ, δ), c12 + T 1 − δ + γ

(
T 1 − δ

)
+ t21, c13 + δ + γt31, c23 + t23 + γt32, t

2, t3
)

≥ ϕ1

(
(T 1, 0), c12 + T 1 − δ + γT 1 + t21, c13 + γt31, c23 + t23 + γt32, t

2, t3
)
.

As γ goes to 1, then

ϕ1

(
(T 1 − δ, δ), c12 + 2

(
T 1 − δ

)
+ t21, c13 + δ + t31, c23 + t23 + t32, t

2, t3
)

≥ ϕ1

(
(T 1, 0), c12 + 2T 1 − δ + t21, c13 + t31, c23 + t23 + t32, t

2, t3
)
.(B.0.4)
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By Equations (B.0.3) and (B.0.4), we have

ϕ1

(
c12, c13, c23, t

2, t3
)

= ϕ1

(
c12 − δ, c31 + δ, c23, t

2, t3
)

Step 3 We show that a mechanism is non-decreasing function on the output.

Consider that production functions are

f12(t
1
2, t

2
1) = c12 + (ε+ δ)t12 + εt21

f13(t
1
3, t

3
1) = c13 + ε(t13 + t31)

f23(t
2
3, t

3
2) = c23 + ε

(
t23 + t32

)
,

where ε < 1 and δ > 0.

At optimal,

ϕ1

(
c12 + c13 + (ε+ δ)T 1 + εt31, c23 + ε(t23 + t32), t

2, t3
)

≥ ϕ1

(
c12 + c13 + (ε+ δ)t12 + ε(t13 + t31), c23 + ε(t23 + t32), t

2, t3
)
.

As ε goes to 0, then

ϕ1

(
c12 + c13 + δT 1, c23, t

2, t3
)
≥ ϕ1

(
c12 + c13 + δt12, c23, t

2, t3
)
.
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[71] Tatsuyoshi Saijo, Tomas Sjöström, and Takehiko Yamato. Secure implementation. The-

oretical Economics, 2(3):203–229, 2007.

[72] Richard J. Sexton, Terri A. Sexton, Joyce Jong-Wen Wann, and Catherine L. Kling. The

conservation and welfare effects of information in a time-of-day pricing experiment.

Land Economics, 65(3):272–279, 1989.

[73] Herbert A. Simon. Rational choice and the structure of the environment. Psychological

Review, 63(2):129–138, March 1956.

[74] Joep Sonnemans, Arthur Schram, and Theo Offerman. Strategic behavior in public

good games: when partners drift apart. Economics Letters, 62(1):35–41, 1999.

[75] Robert Sugden. Reciprocity: The supply of public goods through voluntary contribu-

tions. Economic Journal, 94(376):772–787, 1984.

105



[76] William Thomson. On the existence of consistent rules to adjudicate conflicting

claims: a constructive geometric approach. Review of Economic Design, 11(3):225–251,

2007.

[77] Yoav Wachsman. The effects of group interaction in a public goods experiment with

two exchanges. Working Paper, January 2002.

[78] StevenR. Williams and Roy Radner. Efficiency in partnership when the joint output

is uncertain. In JohnO. Ledyard, editor, The Economics of Informational Decentralization:

Complexity, Efficiency, and Stability, pages 79–99. Springer US, 1994.

[79] Richard A. Winett, John H. Kagel, Raymond C. Battalio, and Robin C. Winkler. Ef-

fects of monetary rebates, feedback, and information on residential electricity conser-

vation. Journal of Applied Psychology, 63(1):73–80, 1978.

[80] G. Wood and M. Newborough. Dynamic energy-consumption indicators for domestic

appliances: environment, behaviour and design. Energy and Buildings, 35(8):821–841,

2003.

[81] Suzanne M. Yates and Elliot Aronson. A social psychological perspective on energy

conservation in residential buildings. American Psychologist, 38(4):435–444, April 1983.

106


