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ABSTRACT 
This paper outlines an idea of creatively incentivizing 

home-owners to conserve electricity through a socially 

competitive lottery-based rewards system. The core idea of this 

work is in leveraging the power of social network influence to 

make consumers participate and compete in a lottery so that 

the resulting engagement consistently enhances the 

population’s energy spending awareness. The potential value of 

such a system in generating energy and monetary 

savings/revenue is investigated via simulation of social 

influence processes in an agent based simulation framework. 

The study encompasses three analysis cases: a lottery system 

with no communication between consumers, a system with the 

added social influence, and a “fall-back” scenario where 

people may return to their old habits of not conserving 

electricity while still communicating among themselves. To 

model these analysis cases, a standard independent cascade 

model is employed with influence success thresholds varied 

between 1% and 10%. The paper concludes by summarizing the 

simulation results. Pertinent aspects such as generation of 

lottery prize money, and expected impact on energy savings is 

also discussed. 

1. INTRODUCTION 
 Consumer behavior researchers have generated a growing 

body of literature on analysis of environmentally conscious 

behavior. In fact, one of the earliest investigations in energy 

consumption behavior analysis was done over 35 years ago [1-

3].  It is generally agreed that the consumption of energy in the 

industrialized nations of the world has reached unsustainable 

levels. The problems caused by high levels of energy 

consumption can be approached in two ways: (a) by exploring 

new sources of energy, e.g., through technological design, and 

(b) by altering population’s consumption habits. The research 

presented in this paper focuses on the latter approach.  

There is a great potential for limiting the production of the 

greenhouse gases and energy savings by motivating people to 

lean towards energy efficient behavior. The impending energy 

crisis is at least partially a behavioral problem [4]. It is argued 

that consumer behavior is the single most important factor in 

energy management. However, research has shown that only 

about 20 percent of people are willing to change their spending 

habits voluntarily, i.e., without a significant push from the 

market [5]. Creatively engaging the other 80 percent of the 

population in conserving energy is a challenge.  

In 2010, Microsoft Corporation created Hohm service that 

provided consumers with an opportunity to closely track their 

energy usage. Hohm service also offered recommendations for 

decreasing energy consumption, and enabled tools for 

comparing people’s energy usage levels against those of their 

neighbors [6]. In a similar attempt, Google created the Google 

PowerMeter as a free energy monitoring tool to raise awareness 

about the importance of giving people access to their energy 

information. Both these software ventures included features 

such as visualizations of one’s energy usage pattern and the 

ability to share this information [7]. Although, due to the slow 

overall market adoption these services were eventually shut 
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down [8], they were successful in building a momentum 

towards making energy information more readily accessible.  

This paper investigates how the described early work on 

increasing consumer spending awareness can be creatively put 

to use. This paper introduces the idea of a socially competitive 

lottery based rewards system to incentivize energy efficient 

consumer behavior. While in the past, a number of studies have 

demonstrated that giving monetary means as an incentive may 

lead to a reduction in energy consumption [4], these studies 

have not incorporated an explicit mechanism of social 

influence. We argue that the fundamental problem with these 

previous methods is that monetary incentives may not become a 

super attractive reason to make people change their energy 

conservation habits unless these monetary incentives are 

significant enough to make the average consumer take notice. 

The paper is structured as follows. Section 2 discusses the 

relevant research and similar work in the field of energy 

conservation to date. Section 3 provides a conceptual 

description of an incentive strategy model based on the core 

idea of the paper. Section 4 details the simulation setup for the 

model analysis and reports the obtained computational results 

for three hypothetical case studies. Section 5 discusses the 

implications of the results from the cost analysis perspective. 

Section 6 discusses implementation challenges and 

opportunities. Section 7 offers concluding remarks and outlines 

the scope of future work. 

 

2. MOTIVATION & RELATED WORK 
Understanding what drives people’s desire or consent to 

conserve electricity is a complex task that requires input from 

multiple scientific disciplines including psychology, sociology, 

economics, social network behavior analysis, operations 

research and public policy, among others [9].  In 2002 alone, 

US energy utility companies invested over $2 Billion in 

promoting energy conservation behaviors [10]. 

In apartment buildings and residential complexes, tenants’ 

habits and behaviors may influence electricity consumption 

levels [11]. An energy consumption study discovered a 5-to-1 

variation in energy usage across identical buildings attributed to 

the difference in the residents’ behavior [12]. Research studies 

conducted in commercial [13] and residential buildings [14, 15-

17] reported that energy savings resulting from behavior change 

can even exceed those associated with more conventional 

energy conservation measures (i.e., improved boilers, added 

insulation) [9]. 

Prior research clearly indicates that information feedback 

can stimulate resource conservation by inducing behavioral 

changes. Studies conclude that real-time electricity consumption 

displays in households can significantly affect energy 

conservation [19-21]. Recent developments in remote 

monitoring, smart meters, data logging and information sharing 

systems on the Internet can easily enable new conduits for this 

kind of social feedback [7, 22 and 23]. More importantly, 

investigations reveal that peer pressure can steer people towards 

more energy efficient behaviors [9, 24]. 

Operations research/management methodologies coupled 

with advances in mechanical engineering and social science can 

be used to enhance energy utilization strategies via targeted 

spread of environmentally conscious consumer behavior. As 

such, organized competition between individuals or groups has 

a great potential to motivate action, particularly when supported 

by real-time participant feedback [25]. Social network analytics 

can help enable such social comparison in a form of a game or a 

lottery, which can be viewed as a non-invasive, peer-pressure 

supporting solution [9]. 

 

3. THE VISION OF THE INCENTIVE STRATEGY 
 

The key idea presented in this paper lies in the introduction of 

an energy consumption based rewards system. The system 

offers people an opportunity to engage in energy saving 

behavior by participating in multi-level competitions in their 

friend-circles/neighborhoods/cities/state levels. This system 

uses a lottery based methodology to give monetary incentives, 

i.e., distribute monetary prizes depending on the competitors’ 

energy conservation habits. Consumers will be incentivized to 

conserve electricity by either reducing their electrical usage or 

by shifting their electric usage to off peak hours. Every 

household is given an opportunity to participate in the incentive 

system. Households’ electricity bills serve as an indication of 

the participants’ effort, and hence, the chance for securing the 

monetary prizes. While any consumer will be able to 

participate, the participation of customers enrolled in monthly-

flat-rate (budget) plans deserves particular interest. Such plans 

ensure that the energy grid companies can collect guaranteed 

revenue; more importantly, they can collect the same revenue 

even when such consumers reduce their electrical usage, thus 

accruing higher profits. A part of this increased profit can be 

used as automatic bets the company can make on behalf of the 

savings-generating consumers, thereby fueling the interest and 

engagement of the population in both the budget plans and 

savings-oriented behavior. 

         The households entering the competition would 

simultaneously compete with friend in their friend-circles and at 

the neighborhood, zip-code, city, and state levels. For each 

household, the electrical usage would be recorded by a smart 

meter and uploaded to an Internet database. The participants 

will thus be able to monitor their usage online and compare 

their own performance against that of their friends, neighbors, 

etc. Since the households can themselves decide whom they 

want to play against, one can visualize a competition structure 

as a league of friendly households, neighboring households, etc. 

This format will be quite similar to the one that are offered to 

users of fantasy sports leagues. Simply put, the consumers 

would be able to customize their engagement in the lottery and 

decide whether they want to compete with their 

friends/neighbors, etc. 

        Further, each league or a sub league could be of specific 

size. For example, a sub-league could comprise of as few as 20 

households. In this sub-league, the 20 households would then 
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compete against each other on a local level, and additionally, as 

a unit against all the other such units in a larger neighborhood, 

city, state, etc. Such a mechanism would tap into the power of 

social influence: within their groups, consumers can pull each 

other into calculated electricity usage savings. 

Every household that enters this socially competitive 

lottery system (in the group) in any given state in the US will 

have to reduce its monthly electric usage by a certain amount or 

divert a given amount of electric usage to off peak hours (e.g., 

100 kWh per month).  The households will then be ranked in 

every group, and will be able to see how much electricity their 

peers conserved in competing against them. Households which 

save more electricity or divert more of their usage to the off 

peak hours will be ranked higher, i.e., securing a greater 

probability of winning, and vice versa. 

Every household which has been successful in saving this 

fixed amount of electricity will then be eligible for a lucky draw 

in the lottery and can win a big cash prize every month, 

irrespective of its rank in the group. However, a household 

which is ranked higher in its group, i.e., having conserved more 

electricity, will have a higher probability of winning, compared 

to a household which is ranked lower in the group. Meanwhile, 

some competing groups of households will manage to conserve 

more electricity than others: therefore, they will be favored in 

the state level competitions, where larger amounts of prize 

money are at stake. Again, note that any household or group can 

come out as a winner: the winner selection remains a 

probabilistic process at all competition levels. 

In order to maximize the awareness about the system in 

the population, multiple policy-making (i.e., strategy-defining) 

solutions can be investigated, mainly regarding the optimal 

distribution of the prize money. The proposed system will be 

effective only if the consumer adoption has a snowball effect: as 

more people will be tempted to participate, the prize pool will 

expand, leading to a greater number of winners, and hence, 

generating a growing exposure of the program through word-of-

mouth. The prize amounts should be significant enough to fuel 

the “rumor spread”: we argue that they should start around a 

few thousand dollars, so that relatives/friends/neighbors would 

take notice, and grow to hundreds of thousands to make the 

national news. The described engagement process will be 

continued, with prizes distributed periodically, e.g., every 

quarter of a year. 

 

4. AGENT BASED SIMULATION OF THE ABOVE 

MODEL: A CASE STUDY 
In order to understand the potential benefits of the 

described lottery based incentive system, we analyze a number 

of hypothetical scenarios using agent-based simulation. The 

objective of these simulated experiments is to evaluate the 

effects of social influence in a connected group of households in 

a city, and thereby, help explore optimal strategy 

implementation parameters. Our main premise is that a lottery 

based rewards system can give away large but carefully 

calculated amounts of money to households, thereby 

accelerating the word-of-mouth spread of awareness of the 

opportunity of receiving reward for being environmentally 

conscious. Agent based modeling is a suitable paradigm for 

helping visualize the energy conservation habits of people 

affected by such incentives. To model the behavior spread, the 

independent cascade model is employed [28] to obtain the 

results for the following scenarios: a lottery system with no 

communication between consumers (see Section 4.2), a system 

with the added social influence (see Section 4.3), and a “fall-

back” scenario where people may return to their old habits of 

not conserving electricity (see Section 4.4).  

Before the proposed simulation studies can be presented, a 

discussion of key model assumptions is in order. 

 

4.1. Model Assumptions 
 This section introduces the terminology necessary for 

technically describing the presented models and states key 

assumptions. We partition consumers into two groups, (1) 

Potential Energy Savers and (2) Active Energy Savers, which 

can also be viewed as the states of a discrete (periodic) 

stochastic process. Figure 1 helps us visualize this by showing 

an example of a social network with the Potential Energy Savers 

(labeled as ‘P’ – shown in blue) and the Active Energy Savers 

(labeled as ‘A’ – shown in green). 

 

 
Figure 1. An example of a social network with ‘Active’ and ‘Potential’ Energy 

Savers 

 

As suggested in Section 3, all the consumers can automatically 

enter the lottery based incentive program. However, those in the 

potential energy saver state can be viewed as dormant players, 

not interested in changing their consumption habits, while those 

in the active state make an effort to save electricity to give them 

a better chance at winning in the lottery.  

 We choose to model the dynamics of consumers’ changing 

states in a city similar to Buffalo, New York. As of 2011, the 

reported population size of Buffalo was 261,025 [27], so our 

hypothetical set-up describes a city of 300,000 of dormant 

consumers (i.e., those not conserving electricity or using it 

during the peak hours). We explore how a lottery based reward 

system, word of mouth and social competition/influence will 

eventually make this population to change their spending habits 

(i.e., by minimizing waste or diverting usage to off-peak hours). 

To keep our simulations simple, we assume that a social 
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network of a given, small-world structure connects the 

individual households in the modeled city and that the number 

of nodes stays the same throughout this time period [12].   

Also, we assume that a behavior change can have a lasting 

effect, i.e., if a participant starts conserving electricity by 

changing their electricity usage habits due to the 

implementation of the lottery based rewards system, but is not 

able to immediately win, they are likely to sustain their saving 

efforts to give themselves a chance to win in the subsequent 

lottery rounds. However, there is also a chance that an active 

energy saver may eventually give up energy conservation habits 

and become a potential energy saver again, as there will be 

some tendency or temptation in him to go back to his old habits 

of not caring about energy conservation. 

 

 
Figure 2. The Energy Consumption Rewards System Model Structure.  

 

We implemented a model of the studied program in software 

AnyLogic 6 that enables agent-based simulation [29]. For 

simulation purposes, time is assumed to be continuous and the 

lottery startup date for all the cases is taken to be December 16, 

2012. Note that even though we choose to run the simulation for 

a city similar to Buffalo, New York, the same experimental 

logic can be extended for an entire state or country. Finally, it is 

assumed that during our entire modeling lifespan, it costs less to 

use electricity during off peak hours then during peak hours. We 

now proceed with a detailed discussion of the execution and 

results pertaining to the three scenarios outlined. 

 

4.2. A lottery system with no communication between 

consumers  
This section presents the analysis and provides a visualization 

of the total consumer spending dynamics under a lottery system 

with no communication between consumers. This scenario 

assumes that consumers make their decisions independently of 

each other, i.e., disregarding any word of mouth effects, and 

peer pressure. The fall-backs to old habits is not modeled in this 

scenario. 

The simulation is initialized in the city where no consumers 

are making an effort of conserving electricity but have some 

probability of becoming environmentally conscious (by using 

electricity during off peak hours and reducing the energy 

wastage) after they learn about an implemented lottery based 

rewards system (e.g., through mailed advertisements by a utility 

company).  

As consumers learn about the lottery system, they start 

changing their habits, and the percentage of potential users that 

begin to change their habit during a week is regulated by the 

parameter “Lottery System News Spread Effectiveness 

(LSNSE)”. The LSNSE defines the percentage of potential 

energy savers that become ready to change their electricity 

usage habits because of the news that the money was being 

given away for changing the electricity usage habits. We assume 

an average of 1% of users change their habits during a month, 

and specify 0.01/month as the news spread effectiveness: this is 

one of the model’s parameters (see Table 1). It should be noted 

that even though we set a value of 1% for this parameter, the 

model’s logic randomly draws a person from the potential 

energy saver pool, according to an exponential distribution. As 

such, each person’s habit change time differs from that of other 

consumers because of the news spread. The simulation output is 

a generated state transition graph showing the transition 

dynamics. 

The model keeps track of the number of people who are in 

the energy saver state and the number of people who are 

potential energy savers, as a function of time. AnyLogic 

generates the time stack color chart to visualize the dynamics of 

the energy savers and potential energy savers over time. This 

was done for the 1% probability case and the 10% probability 

case of our independent cascade model (0.10/month as the 

LSNSE parameter). The plot generated after performing the 

simulations as discussed above for the 1% and 10% probability 

values using the independent cascade approach are shown 

below in Figure 3 

 

 
(a)                                                         (b) 

Figure 3. A comparison between the two different independent cascade models 

in Scenario 1 (a) Independent cascade model with probability 1%, and (b) 

Independent cascade model with probability 10%. 

 

It can be seen from Figure 3 that initially the city population 

consists of only potential energy savers and not energy savers; 

however, as time passes, these potential energy savers change 

their electricity usage habits and start converting into energy 

savers. Assuming that 1% of people adjust their habits and 

convert to the energy savers group every month, the plots imply 

that for this to happen it will take a bit more than 30 years. 

However, taking into account the higher and more lenient 

probability value of 10% for our independent cascade model, it 

is anticipated that if 10% of the people change their habits due 

to the effect of the lottery system compared to 1% of the people, 
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then this process will be completed much earlier and will take 

approximately 4 years (46 months). 

 
Table 1. Parameters used in Scenario 1 

No. Parameters  Value  

1 Lottery System News 

Spread Effectiveness 

(L) 

0.01/month-

0.10/month 

 

4.3. A lottery system with social influence effects   
This section works to visualize how energy savers who are 

the friends of the potential energy savers influenced and 

persuaded the potential energy savers to change their habits by 

contacting and competing against each other in a group.  

In order to model this phase, two assumptions are made. 

First, it is assumed that the people are able to contact and 

influence each other during the lottery based competition. This 

contact parameter is set to be 1% and 10% per month 

respectively in two independent cascade model cases. Second, it 

is assumed that the energy savers influence the potential energy 

savers through social interactions such as in person talk and 

meetings. For this to happen, two other parameters namely, 

‘Contact’ parameter, C, and ‘Adoption’ parameters, A, are 

introduced in the model that define the probability of the 

potential energy savers becoming energy savers due to this talk 

and word of mouth effect.  The Contact parameter represents 

the percentage of potential energy savers that are contacted due 

to social influence, while the Adoption parameter represents the 

percentage of potential energy users who choose to become 

active energy savers because of being contacted. The 

probability value is defined to be 0.01 or 0.10 in two cases (see 

Table 2). 

The social interaction process of talking to each other is 

modeled as a cyclic transition. Each time the transition occurs, 

an agent sends a message to another, connected agent. If the 

potential energy saver agent received the message, the agent 

becomes an energy saver with a specified probability. In the 

transition action, a habit adopter chooses another habit adopter 

– not necessarily the potential energy saver – and sends them a 

proposition to also start conserving electricity, i.e., changing 

their habits.  

In the perfect world, every contact would lead to a potential 

energy saver changing their habit and our rate value would be 

equal to the contact rate parameter. However, we know that 

many of our contacts will not convince potential energy savers 

to change their habits (as defined in step 1 of this phase), and 

hence, it makes sense to adjust a successful fraction of contacts 

by multiplying it by the probability value as defined in step two 

of this phase. 

The simulation runs of the model aim to mimic social 

interaction between people. The plots for both the independent 

cascade models for this scenario are shown in Figure 4.  

As discussed earlier, this phase takes into account the 

influence of the people on their friends and neighbors in 

communities due to social interaction, influence and 

competition. In real life, as more and more friends talk and 

come in contact with each other, they will start to persuade and 

influence their other friends to change their habits and this will 

dramatically speed up the process of converting the potential 

energy savers to the energy savers. 

As it can be seen from the plot above that for the 1% 

probability value of our independent cascade model the 

conversion is completed after approximately 21 years (254 

months). By comparing it with our phase 1 independent cascade 

model, we can clearly see that this dramatically causes the 

change to occur 9 years earlier for the 1% case.  

 

 
(a) 

 
(b) 

Fig. 4: A comparison between the two different independent cascade models in 

Scenario 2. (a) Independent cascade model with probability 1%, and (b) 

Independent cascade model with probability 10%  

 

For the 10% probability value case for this independent 

cascade model, the change is even more pronounced when 

compared to the 10% probability value case of phase 1. Now 

instead of taking 46 months in section 4.2, this may happen in 

less than 8 months. This clearly shows that as the social 

competition, social influence, social persuasion and the word of 

mouth spreads, the entire city and state population may acquire 

this habit in no time at all. 

 
Table 2. Parameters used in Scenario 2 

No. Parameters  Value  

1 Lottery System News Spread 

Effectiveness (L) 

0.01/month-0.10/month 

2 Contact Parameter (C) 0.01/month-0.10/month 

3 Adoption Parameter (A)  

 

4.4. A “fall-back” scenario   
Although we believe that it is not easy to undo energy-

conserving behavior, in this phase we incorporate the dynamics 

of people who decide to revert to their old patterns of behavior 
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for some reason. For example, it is possible that some people 

may lose their habit of energy savings due to the frustration of 

not being able to win the lottery in a specified time and the 

consequent inattentiveness to their electricity consumption.  

We model the fall-back behavior by sending some adopters 

to the potential energy saver state. Since not all users would 

undo their energy conserving habits, the model admits this 

aspect by converting only a certain percentage of the energy 

saving agents into potential energy saver agents at each time 

step (by setting a probability value). The agent based simulation 

for this scenario is still similar to the scenario in Section 4.3. 

The only new addition is the inclusion of the “fall back” 

parameter (see table 3). The plot generated for this scenario is 

shown in Figure 5. As can be seen from Figure 5, after some 

time, “fall-back” agents start converting back to the potential 

energy savers category as they are no longer energy savers. 

They lose their energy saving habits for a bit of time, but 

eventually start converting to the energy savers group again.  

 

 
Figure 5. A potential “fall-back” scenario. 

 
Table 3. Parameters used in Scenario 3 

No. Parameters  Value  

1 Lottery System News Spread 

Effectiveness (L) 

0.01/month-0.10/month 

2 Contact Parameter (C) 0.01/month-0.10/month 

3 Adoption Parameter (A) 0.01/month-0.10/month 

4 Fall Back parameter (F) 0.10/month 

 

4.5. Mathematical model 
Consider a population of size N, where at time t > 0, a total 

of (Na)t individuals have adopted the environmentally conscious 

behavior. Denote the state of node i, i.e., individual i in the 

social network, at time t by 
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If the communication between individuals was occurring 

randomly, then the system dynamics equation for the most 

complex of the considered scenario (see Section 4.4) can be 

expressed as  
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   Equation above is a variation of the Bass model [30]. 

However, the presence of the nonrandom – small-world - 

network structure makes the model difficult to treat, in the exact 

mathematical sense, and justifies the use of simulation.  

 

5. COST ANALYSIS 
This section discusses the cost analysis strategy by showing 

a basic example about possible revenue generation due to this 

project. Simple calculations are performed to show the potential 

value of such a system both from the perspectives of revenue 

generation and energy conservation. 

In order to estimate how to generate money for this project, 

let’s first discuss some facts and make some assumptions. We 

know that the EIA (The Energy Information Administration) 

reported that in 2007, the average American home used 936 

kilowatt-hours of electricity each month [26] Also, from the US 

Census website the following facts were found [27]: Estimated 

population of the New York State for the year of 2011 was 

19,465,197 and the number of housing units in New York State 

was found to be 8,119,364. 

Now, for the purpose of calculations let’s make the 

following assumptions: First, assume 50% of the household’s 

participate in this program i.e. a total number of 4,059,682 

households will be enrolled in this program. Also, assume that it 

costs an average of $0.20 per kWh of electricity.  

Based on these assumptions if an average household saves 

about 100 kWh of electricity per month, then the money 

generated out of this project every month in the state of New 

York would be: 
4,059,682 × $0.20/kWh × 100 kWh = $ 81,193,640. 

Note that because the households are paying a fixed amount of 

money as discussed in the model and the rules section, the more 

they save electricity the more they generate revenue. 

Now let’s give away $10 million dollars in prize money to 

various households in the NY State every month. Assuming that 

it costs an arbitrary yet a conservative amount of $40 million 

dollars in advertising, employee salaries and setting up the 

system, then, a net amount of $ 31,993,640 could still be 

generated as a profit every month. But even more importantly, 

we are now conserving or effectively generating, 4,059,682 

×100 kWh = 405,968.2 MWh of electricity a month. 

 

6. CONCEPTUAL WEB APPLICATION BASED 

INTERFACE AND VALIDATION PLAN  
The lottery based incentive system could be implemented 

through a web and mobile application (see Figure 6). The goal 

of the application will be to create a new paradigm in residential 

energy management with real-time monitoring of electricity and 

energy usage. The designed application will learn and analyze 

energy data from millions of homes and generate appliance-

level insights for each household.  In addition the application 

will display the energy usage of friends, neighbors, and 

communities. These insights will enable households and utilities 

to realize increased energy and demand reduction through 

enhanced consumer engagement and effective utility operations.  
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The web and mobile applications will eliminate the need for 

a dedicated in-home display screen in the house, and in addition 

will make it convenient for consumers to access their and 

friends energy usage information. Such apps will directly 

collect information from smart-meter installed in the homes of 

participants. It will allow a given user to invite their friends to 

participate in competition and win the lottery. The application 

will also provide information about multiple levels of lottery 

pot that a given household is eligible to win. 

During the initial phase such a system could be tested on a 

small scale such as small residential communities (up to 100 

households). Multiple households in the community could 

participate in the lottery based incentive scheme. Learning from 

implemented prototype on a small scale could provide useful 

insights into developing the proposed web and mobile 

applications on larger scale. 

 
Figure 6. Concept of web application for the proposed lottery based 

incentive scheme 

 

7. CONCLUSION AND DISCUSSION 
The technology push driving the integration of smart 

consumer devices such as smart meters in our homes is setting 

the scene for the deployment of large-scale people-centric 

sensing applications over the next decade. Such people-centric 

sensing application combined with the ability to observe and 

generate actionable intelligence from fine-grained information 

flows in electronic data generated on internet portends a 

revolution in design and management of techno-social systems 

[9].  

Modern smart building control systems are designed to use 

technological feedback to regulate building functions with a 

minimum of occupant input. By engaging humans as key 

decision-making elements in these loops we can achieve far 

better outcomes. Such a well-designed ‘techno-social’ feedback 

system essentially allows building/residential users to teach 

themselves how to conserve resources by trial and error [18]. In 

addition to selecting an information conduit – in this case data 

from sensors processed by a computer and delivered to a web 

site on internet – choices need to be made regarding the 

incentive mechanisms that will amplify resource (energy) 

efficient behavior [9]. 

In this paper, we have tried to present a simple proposal in 

trying to save electricity by using the influencing power of the 

social network behavior analysis. As it can be seen from our 

simulations and cost benefit analysis, this idea has the potential 

to conserve a significant amount of energy and generate a 

substantial amount of revenue by engaging the energy 

consumers to become energy savers. System managers who 

harness this actionable intelligence will uncover a wealth of 

insights into performance improvement for individuals, teams, 

communities and organizations insights that will ultimately 

affect the economy as a whole [9]. 

Although, we do not rule out any quirks that may pop-up 

when applying this proposal to real life scenarios, we think that 

this idea can contribute significantly towards the conservation 

of electricity. We may need to eventually apply some retrofits to 

this approach, but once fully conceived, this may result in a 

cleaner and a greener environment while contributing 

significantly to our communities and our consumers in 

particular. Considering these goals alone, the revenue generated 

would just be a by-product of this whole project. 
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