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Doug Arent:

– Doug Arent.  I'm the Executive Director of the Joint Institute for Strategic Energy Analysis. Thank you for joining us on this afternoon's webinar.  Very, very great pleasure to welcome and have Carrie Armel present to us the depth and breadth of the research that she's associated with at Stanford University where she provides and oversees a significant portfolio in behavioral analysis associated with ARPA-E, and of course Stanford's preeminent work at the Precourt Energy Efficiency Center.  
Hopefully you've been able to read a bit more of her background.  She's a research associate there, deep knowledge of the behavioral principles across energy efficiency as well as demand, management, etc.  She's been deeply involved in the behavior, energy, and climate change conferences over the last number of years and it's really a great pleasure to have a Ph.D. in cognitive neuroscience speak to us today, which hopefully is a new set of perspectives to those that have been deeply involved in the energy space and wanting to learn more about really this very, very important aspect of how people's behavior influences their decisions.  
So at this stage, I think I'll turn it over to Carrie.  Hopefully everyone has been able to log in.  Let us also do this just for a little logistics.  I know you're in listen-only mode at this stage.  If you have questions as Carrie goes through her brief initial set of presentation slides, please feel free to enter those into the chat box where we will collect them.  
We will then have an amount of time afterwards for both audio as well as responding to the typed in questions and discussion, and Carrie has offered that she's got some additional detailed work that she could share with us if time allows and it is of interest to everyone on the phone.  So Carrie, if you would, I'll turn it over to you at this stage. 
Carrie Armel:

Great, thanks so much, Doug.  All right, so Doug – 

[Next Slide]
– covered quite a bit in the intro.  I think I'll jump into, first, just a quick background on what I mean by energy efficiency or energy-saving actions or behaviors to set the scene before we get too far into this.  So sometimes people think that I refer, that I mean habits when I say this, like shutting off the lights, but I wanna clarify that our project addresses a variety of actions.  For example, the purchase and installation of energy-efficient technologies, the reduction of waste, for example, unplugging extra fridges, TiVos, etc., shifting settings and installing controls such as adjusting fridge temperature or pool pump cycles, etc., repairing items or performing maintenance, repairing malfunctioning or inefficient items, all as well as adjusting patterns of use and habits. 

[Next Slide]
Okay, so, you know what?  I just realized I have two presentations up on my screen, and I'm displaying the wrong one. 

[Next Slide]
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So I'm gonna exit out for just a second.  Bear with me here. 

[Next Slide]
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Okay.  All right, here we go.  So, our funding is from the Advanced Research Projects Agency for Energy at DOE, and our initiative has about 20 different projects.  Our team includes 15 faculty from 10 departments ranging from computer science, electrical engineering, civil and environmental engineering, economics, sort of on the one hand, and on the other, psychology, communications, education, and behavioral epidemiology at the School of Medicine, so it's really quite an interdisciplinary project.  The projects all center around how we can leverage smart meter or other sensor data with behavioral techniques to achieve energy efficiency savings.  In addition to being Project Director, I'm also researcher on about a third of the projects, and so if you have specific questions, hopefully – 
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– I can delve into some of those details for you.

[Next Slide]
Okay.  So our initiative attempts to address the following problems.  First, billions are being spent to produce a smart infrastructure with most of Texas and California IOU territory having smart meters, and an estimated half of the U.S. by 2020, yet the energy savings potential of this infrastructure, without careful consideration of the human element – 
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– will not reach its full potential.  Second, energy efficiency is difficult.  Figuring out what to do and how to do it is difficult – 

[Next Slide]
– and boring. So how can we address both of these issues?  How can we leverage smart – 
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– infrastructure to maximize energy savings.  

[Next Slide]
So our solution is that a smart infrastructure enables quantification which in turn enables ways – 

[Next Slide]
– to reduce energies. For one, it enables diagnostics or personalized recommendations so that people aren't left guessing what they should do. 

[Next Slide]

Second, quantification enables a variety of motivational techniques that were difficult to implement before.  For example, feedback, incentives, markets, competitions – 
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–data visualization, etc. Third, quantification allows us to create the best programs with increased speed, ease, cost, and scale, in part through objective evaluation of program energy savings. 

[Next Slide]

So let's look at how we can achieve these things with the smart infrastructure. So here's an overview of our project. 
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We're at a unique point in history and have a great opportunity on our hands – 
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– because first, wireless sensors such as smart meters, home area networks, gas, transportation, hot water sensors – 
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– are becoming more pervasive, enabling quantification of energy information.  

[Next Slide]

And web-enabled devices are already pervasive, so that computers and phones can deliver programs – 
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– to help individuals reduce energies.  

[Next Slide]

To address this, in the middle we have Stanford's engine – 
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– which links the pervasive sensors and the web-enabled devices.
[Next Slide]

Our engine includes three buckets. 

[Next Slide]

– each of which uses quantification and sensor data in a different way.  So the first bucket in red is the technology platform and that includes projects that use sensor data to perform analytics like diagnostics on where a given individual should save energy. The technology platform also supports data capture and storage and includes some communication protocol development work.  

The second bucket in green includes our programs and interventions.  These live on top of the technology platform.  Here, quantification enables a variety of behavioral techniques to be used that were difficult to use previously, like I mentioned on the previous slide.  

And third, in the blue, this bucket includes modeling and evaluation.  So here, quantification allows us to quantify program savings and inform policy that enables the third point on the last slide, to improve programs and quantify deemed energy savings so that utilities can get funding back from the Public Utilities Commissions, etc.  

So all the projects center around how we can leverage smart meter or other sensor data with behavioral approaches to achieve energy savings.  Currently, the projects have been operating independently, until quite recently.  Most of these projects are in wrap-up mode with data analysis and write-ups going on, and some work's been published to date, and the past few months I've been working on integrating the different pieces of the project, and so I'll give you a flavor of that towards the end of the talk, but most of it will be about the independent projects to date.  

[Next Slide]

So this is a landing page from which we can get to five of the seven intervention projects.  I show seven here just to help you visualize.  A bit of an aside that may be interesting is that on the previous slide I mentioned that in that programmatic bucket we have several different types of intervention, and we focused on those types specifically because we drew from a model called the Socio-ecological Model of Public Health in which an approach of developing interventions at multiple levels, when combined, is much more effective than focusing on an individual level.  

So let me just clarify that.  So the different levels in the socio-ecological model are the policy or incentive level, the technology or built environment level, the media level, media and marketing, and also the community program level.  And so you can imagine if you make a city walkable, but you don't institute walking clubs or you don't use marketing techniques around it, you're gonna get a lot less use of the walkable spaces than if you really facilitate that.  So we took that same approach here and we have programs at different levels, and again, at the end of the talk I'll show how these interface and complement one another.  

So I'm gonna go through several of these projects right now in a little more depth to give you some flavor, and I'll start with Professor Greg Walton's Power Down Project in the upper left-hand corner.  This is the most basic interface and looks at feedback and norming.  It looks like – 
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Okay, so here the data is graphed compared to one's baseline in the past, compared to one's neighbor's energy use, and the user is also given recommendations in a sent email at strategic times.  All of our projects are set up so we can easily change the features displayed and track their effectiveness in reducing energy on consumers.  

So this project in particular looks at the impact of how we organize recommendations on the right – sorry, this was a generic interface before it populated it with text – but on the right you would see tips that are generated in different orders, possibly by theme, etc.,, and it also looks at the impact of using message framing about one's community versus individual action.  There's a bunch of elements in the interface that do this.  All the projects I'll discuss today also use web collector technology, so that we can get utility smart meter data into these programs.  

That is, a homeowner simply provides their online utility user name and password, so the owners opt in, and direct interfacing with utilities is not necessary.  This is a standard technology that's used in Mint.com for finances, as well as EarthAid.net in the energy space, etc.  In addition to utility data, we can take in data from other sensors like TED devices, home area networks, etc.  

[Next Slide]

Okay, Professor Byron Reeves is the PI on the project Power House which these game images correspond to.  It's an online game that incorporates real-world energy data into some of the game play.  So for example, on the graph page presented here on the right, one can challenge their friends to a lights-out night, etc. and then see who won based on the actual data.  The game play in this background game – that predominately takes up the left-hand side of the screen – trains people in a short amount of time to turn off appliances when not in use by providing points, in other words, reinforcement in a sped-up timeframe, and the points correspond to actual accumulating wattage data.  
So some eye-opening facts about games.  The audience of this genre is big, it's as many as 400 million people worldwide that operate avatars in virtual environments.  It's also surprisingly diverse given that these homes average 33 years old, and there's more of them 40s and 50s than in their teens, and the majority of them have full-time jobs and kids with the gender ratio equal to about 3 to 1 depending on the genre.  Furthermore, people are coming to expect engagement in the workplace.  For example, IBM and other corporations incorporate game-like elements and virtual meetings into work tasks.  

So the game here, regarding experimentation and results, it's been evaluated in a laboratory setting in which it was found that individuals turn off more electronics in the room when leaving if they played this game compared to a control-conditioned game.  And then there was a second study where individuals played the game in their homes over a ten-week period and that also seemed to reduce energy slightly during the game play period, but then it went back up to what it was prior to the game after – 
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– the game period was over. 

[Next Slide]

So that raises the issue of persistence, and – 
[Next Slide]

– that's often a question I get.  We could cover that during the Q&A.  The next set of projects is led by Professor Banny Banerjee, so he's created three Facebook apps.  One is a simple feedback interface that I'm not showing here.  Kidogo on the left allows one to compute players' or users' real-world energy savings, and then microfinance individuals in developing countries based on their savings.  A premise behind this is that the monetary savings that Americans get from reducing energy is relatively small, so that micro financing stretches the perceived value of that money. 

On the right-hand side, PowerTower is a Tetris-like energy saving game. So individuals gets blocks based on how much energy they save, and if you don't have electricity to input into the game, then you blocks from behavior commitments and reported changes.  You can also create a team and compete with other teams building your blocks and towers to see who can get the highest. And these apps are in the process of being released and tested on Facebook.  

[Next Slide]

Then our next project is called insinc, and Professor Balaji Prabhakar is the lead faculty on this one.  Here, participants get credits that correspond to cash for shifting to off-peak travel, so this is one of our few – I should've mentioned in the beginning, most of our projects are residential energy use oriented.  We have a couple of projects that are small and medium business oriented, and then I think this is the only transportation oriented project.  And the idea of this one, we were hoping to transition it to a utility project but we were not able to get a workable collaboration, so this was tested in a couple of different transportation settings.  
So also, the participants get credits that correspond to cash for shifting to off-peak travel or for mode-shifting, i.e. from private to public transit.  Then individuals can choose to participate in a simple game of chance that looks a bit likes Chutes & Ladders, in the upper right-hand corner, to win a shot at a larger amount of money.  Individuals are poor at assessing probability and also erroneously sense that their strategy can influence outcomes, and they are very <unintelligible> in these larger sums of money.  So insinc was launched in January 2012 in Singapore and in six months exceeded their goal of 20,000 users.  

<Unintelligible> less than .05 levels, significance was observed for utilization of public transit and shifting time of use and optimal direction.  10 to 12 percent of users in Singapore shifted to off-peak.  Men tended to shift later.  Women generally shifted earlier.  The effect size is comparable to those observed in Bangalore, India where a related study is done, and apparently the team is replicating a third time actually on Stanford campus.  The end of the pilot in Singapore was in July of 2012, and the Singapore Transit Authority appointed Transit Link as their operating agent to continue the insinc study for another 18 months, so that's going on now.  

And this works in places where, due to congestion, an entity such as a subsidiary university has to pay a certain amount of money, for example, to the county if they exceed a certain amount of congestion or commutes in a certain time period.  And you can see the analogy for demand response or shifting in the electro studies space. 
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So the next project is headed up by Professor Sam McClure, and they're calling this the Appliance Calculator, which allows folks to compare their current appliance's consumption to any new appliance on the market in terms of energy costs, and then click through to buy the new appliance.  So you can see here there's two steps.  The first step, describe your current refrigerator.  There's drop-downs in the box where it says, "Please select options above."  Once you select some of the drop-downs, it calculates your energy consumption as well as cost. 

We also are working on a version where we take in disaggregated information through some analytics so that we can prepopulate that rather than having the user need to do the drop-downs. And in Step 2, you specify your attributes, and then at the bottom of the page it will pull up refrigerator models out of the full current set on the market, so we pull from HIs like through Sears, etc., so we have the full set of refrigerators on the market, and it will pull up the ones that meet your criteria in Step 2, and then perform various calculations to help you make a decision on whether to replace your current refrigerator.  

So we've run four experiments to date using this, testing different ways of framing information.  For example, by using behavioral economic nudges.  The first experiment we did – so we had more than 60,000 online shoppers who have come to this study through Google Ads, and in our first experiment we manipulated the key words used in the Google Ad and found that more people came to the site when we used environmentally-related key words.  The second most number of users came when we used money key words, and the smallest number of users came, actually, when we used energy key words. 

The second experiment that we did looked at how we can manipulate information down here at the bottom of the screen in an attempt to address the first cost bias.  So people tend to pay more attention to the upfront cost of an appliance instead of the total cost taking into consideration the energy savings over the lifetime of the appliances, and so we did some computations at the bottom to attempt to address that and show people these calculations.  Interestingly, that had no significant effect.  

We tried a third experiment where we used several very simple, but powerful, behavioral economic and psychological approaches, so for example, we changed the sort order at the bottom, instead of being random, to always pull up the most efficient appliances at the top, and so they were sorted in descending order from most efficient to least efficient and made some other simple changes, like having a couple of default options in Step 2, etc., and amazingly, we got for that – so we record people who click through to Sears to see particular appliances, and in the condition where we did the kitchen sink approach with various manipulations, we found that people clicked through to refrigerators that on average had 20 percent less kilowatt hour consumption than in the control condition.  

So that's pretty intriguing that when we compute out the cost savings over time that didn't have a significant impact whereas changing some simple things like sort order, etc., had a quite large effect.  That large effect is actually fairly consistent with a lot of literature that's out there showing that if you set default options for people, that default options has one of the largest effects out there. 

When we looked at just sort order results, and didn't have any of the pre-settings in Step 2 or were making a couple of other things salient, so it was just the sort order results, we got a 3 percent difference in kilowatt hours overall, and an 8 percent difference in kilowatt hours for people who saved the items to a list, so those may have been more serious shoppers. 
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Okay, so moving on.  We went through some media programs and we went through some incentive-related programs.  This program is our community-based program, so Professors Tom Robinson and Nicole Ardoin are the faculty heading up this project.  the Girl Scouts were selected because they have high penetration, so about 1 in 2 women in the U.S. have either been a Girl Scout or currently are a Girl Scout.  And I can't do it here because I won't see your hands, but typically when I give talks, I ask how many people have been purchased Girl Scout cookies in the last few years and typically I get a show of hands between 30 to 100 percent.  So they have very high penetration in a couple of different ways.  

So here you can see a screen shot of the landing page for the website for the program, and on the right you can see badges that we designed for the program.  So we tested, we created two programs, actually one for homeowners' use and the other half for transport and food-related energy use, and each of those programs had five in-person sessions and we delivered the program in 30 tips, so 15 with the homeowners and 15 in food and transport, included in each of those groups so it doesn't <unintelligible> to the other.  So the sessions were composed of a bunch of fun activities to help the girls specifically learn about actions that they and their family can take to reduce energies.  It was very informed by behavioral science theory and findings about which approaches worked on how to increase motivation for that feedback goal setting, process, a bunch of other things.  

Throughout the program, we brought families to the website to compute their energy savings.  The girls acted as recorders and created a video telling others how to reduce energy, and their families could view their videos online on the website, which drew them there to the additional resources.  Preliminary results, because currently, we are analyzing the data now, the results indicate that significant changes in reported energy saving behaviors by children were significant in both interventions, and that there are stronger effects in the home energy curriculum base. 
[Next Slide]

Okay.  So are we doing okay as far as audio and everything?  Can I keep going? 

Doug Arent: 
Sometimes you're just a little bit muffled, Carrie, but I hope that people are listening carefully, so yeah.   
Carrie Armel:

So I'll try to speak more closely into the mic.  So for the most part, the projects have been pursued independently to date.  To tie things together for you, this is a diagram that illustrates one way that the projects may be integrated.  We've made a lot of progress since this diagram, but I think conceptually this is fairly helpful.  
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And the other is more of a specific instantiation.  So at the top we have engagement channels.  We know from other efforts that only about zero to 4 percent of utility customers, etc. actually go to an energy website that the utility has advertised.  That's just some stats from word of mouth talking to utilities as well as the companies that create these interfaces.  On the other hand, environmental community-based programs sometimes get as high as around 85 percent participation in communities, so thus we see community programs like the Girl Scouts as well as online social networking sites like Facebook – 
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– playing a strategic role in channeling people to a web-based recommendation system which provides diagnostics that, while they are really in particular, can get a retrofit, replace specific appliances because they're inefficient or malfunctioning, etc.  And I'll describe those analytics a little bit more in a second. 
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And then these diagnostics evolve to change into specific programs or perhaps small applications or applets, but make it easier to take action, and there may be incentives on – 
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– this layer as well.  And then motivation can be increased if you visit the system for more recommendations, to model incentives, and media that makes specific use of the data.  For example, some of the programs that I showed you today.  And then finally, changes in energy use data – 
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– may be used to evaluate and improve programs, improve targeted marketing, and improve program evaluation for utility credits.  

[Next Slide]

So a key piece of that evaluation or analytics diagnostics piece in the middle of the last slide, a key piece is to be able to perform the diagnostics and recommendations automatically and at scale.  So we think energy disaggregation using smart meter data could achieve this.  So disaggregation allows us to take a whole building or aggregate energy signal and separate it into appliance-specific data, in other words, plug level or end use level data.  So some statistical approaches are applied to accomplish this.  
So you can see on this graph, this is the whole home signal and when things are turned on or off there are specific characteristics that correspond to the specific appliance, and so we can use algorithms or statistical approaches to extract out when an appliance goes on by looking at the jump in energy use how much additional energy's been used.  There's often around 100 end uses uses of energy in the home, so there's types and principles to determine the base you use.  <Unintelligible> like there's 200 to 300 percent differences in energy use in identical housing units, so you <unintelligible> people should be doing to reduce energy use that warrants some amount of that <unintelligible>.  

<Unintelligible> can accomplish disaggregation <unintelligible> people on the Precourt Energy Efficiency Center website and click on the Behavior tab, there's a detailed presentation.  But the take home is that with all of the smart meter data, we can only disaggregate a very gross level based on the variable load of maybe one or two appliances.  If we use the homeowner network data which is more like  6 ½ to 10 seconds, then we can get between eight and ten appliances out and that's why the current smart meters have been installed in IOU territories in California as well as Texas.  
We can get much better than that if we increase the frequency of the data by putting more smart meters, but it would be difficult to do that.  There's different scenarios.  Some scenarios we just can't get it all; some we could but we'd have to upgrade the firmware and do some other things.  And then as a second piece of analytics that we're doing, so this is the energy disaggregation piece, we have another group with Martin Fischer and Ram Rajagopal who are also using smart meter data to develop analytics. 

And just as a quick summary, one of the things that they're doing is looking at the hourly energy use pattern over time to segment the population into, for example, who's using high amounts of energy during the weekdays week time periods versus in the evenings, versus on the weekends, etc., and then within those segments characterizing a range of users--high energy users, low energy users--and determining what differentiates those and can we develop learnings from the low energy users and make recommendations to the high energy users.  And they're also doing that for small and medium business as well. 
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We're nearing the end.  For all of these projects we had to develop a computational platform.  I won't go into this, but we have actually four different platforms that we're going to be working on interfacing over the next year, and the idea is to make at least some of those available to third party entities to use, so if you have an interest in that, feel free to contact me and I can tell you more about that.  And finally, just recognition of our absolutely fantastic team, we have many faculty, post-docs, graduate students working on this project and they've all been outstanding and a pleasure to work with, so thank you.  

Doug Arent: 

That's fantastic.  Thank you so much for the great overview.  A lot of richness there and I think if we can go ahead and open it up to the audio, as well as any written-in comments, I think we've got about 20 minutes or so to have questions and answers and/or discussion, and I don't have visibility to seeing the screen, so I apologize.  Mary, if you have full visibility it might be easier if you were to help navigate this section and/or Carrie if you've got full visibility maybe you could just respond as you would prefer.  

Carrie Armel:

Sounds good. 

Doug Arent:

Mary, do we have the line open for audio input?  Uh-oh, I don't hear her. 

Mary Lukkonen:

Yes, I'm here.  People should be able to use their audio.  

Doug Arent:

Okay, folks, so we're open at this stage.  If you've got questions for Carrie.  Very quiet audience this afternoon. 
Carrie Armel:

Yeah. 

Doug Arent:

Were there any that came in over the web as she was presenting? 

Mary Lukkonen: 

One question that came through is, "Are there specific reports the speaker mentioned or recommends around energy games affecting consumer behavior? 

Carrie Armel:

Specific reports?  I'm thinking that they mean papers that we've published.  Let's see, so Byron Reeves is the faculty PI on that, and they've written up and submitted the paper.  I don't believe that that paper is public yet.  I think they'll need to wait until it's accepted at the journal, so probably a few months from now.  There's also a paper where we did a virtual reality study that I didn't talk about, but which is rather interesting, where we played around with different metaphors and looked at whether vivid visualizations could motivate people to save energy use more, and we did some of the manipulations in virtual reality.  And that also is under review and so probably won't be available for a few months. 

If you go to, like I mentioned earlier, if you go to the Precourt Energy Efficiency Center website, and you click on the Behavior tab and then the Library tab, there are publications associated with this project as well as some others, like we did a high school intervention and some other work that are posted there.  Also on that website, you could click on the foundational readings tab, that has a link to related work, and then there's also a Database tab where we have, I think about 1,000, maybe 1,200 citations in the database.  Many of them have links out to the actual publications, and so all of that may be helpful. 

And then in addition, we're currently working on a website.  We have an internal one, but we haven't externalized it.  That's what we're working on now with all of the ARPA-E publications.  So check back on the Precourt website within the next few months and hopefully we'll have a link there to our overall APRA-E site with all the publications on the various projects.  

Doug Arent:
Thank you.  Mary, any other questions that were typed in? 

Mary Lukkonen:
Yes.  Next one is, "On the Appliance Calculator, how are you estimating savings?  Are you using manufacturers' estimates or lab test results?" 

Carrie Armel:
That's a good question.  I'm guessing manufacturers' estimates, but I need to check back with the graduate student that gave me the numbers after he did the analysis.  And if that person, it sounds like that was a fairly detailed question, if that person is particularly interested in that and wants to shoot me an email, I can give them more details on the Appliance Calculator and also put them in touch with the grad student.  

Mary Lukkonen:

And another question – 
Doug Arent: 

Another one, Mary? 

Mary Lukkonen:
Yep, "Can Carrie speak a little more about the disaggregation work?  I couldn't hear her, but I'd like to know what sort of accuracy they saw and how they tested it." 

Carrie Armel: 

Okay.  So let's see.  I'm trying to think.  Were there additional questions 'cause I could potentially bring up some stuff along these lines.  Well, I'll start with a short answer.  If the person wants to know more then we can decide to go more into it.  So let's see, so in the paper that I mentioned that's on the Precourt website, there's a table at the end of it where we reviewed all of the studies that have been published in the academic space, so there's probably around 25 or 30 studies that have been published from the late '70s through now.  

Those studies range in the accuracies reported, and I'd say probably the best accuracies that people reported were about 85 to 90 percent accuracy.  The problem with that number is that almost every paper defined accuracy differently, so it's probably unsatisfying to have me just throw out the number 85 to 90 percent without an explanation of what that means, but it's, like I said, pretty much every paper defined it differently.  

The two major ways that they defined it were one was percent of total energy use correctly identified, and so that would just be if you identified the handful of largest appliances you could get up to the 85 to 90 percent number, but other people actually had the percent of appliances correctly identified and then in some studies they had quite a significant number of appliances, and so those algorithms with that definition, I'd say, seemed like they were more accurate. 

Let's see, what else to say about that.  We also talked to a number of companies working in this space, and there are a bunch of companies working at different frequency ranges, so the lowest frequency range is the hourly smart meter data, and then the highest frequency range goes all the way up to megahertz data.  And then the megahertz data, that's Shwetak Patel's group at University of Washington, and they're able to actually discriminate between two cell phone chargers.  So if there's a whole household full of various appliances, etc., they can actually discriminate between two cell phone chargers or two laptops, etc.. 

But realistically, we're never gonna get that megahertz data at scale in a consumer setting, so personally I don't even think that's even worth considering.  So anyhow, in the paper, there's a table of the different frequency ranges, the different numbers of appliances that can be identified at those frequency ranges.  In the appendix, there's a discussion of the accuracy, and then the paper also spends a significant amount of time talking about smart meters and their constraints, and as a result of their constraints what frequencies we can expect and what level of disaggregation we can expect. 

And that's where I came up with the couple of statements that I said when I was presenting this slide, which is that for hourly we can base load, variable load, maybe one or two other appliances disaggregated <unintelligible> Texas and California, and so we can get between roughly 6 ½ and 10 second data there.  There, we can disaggregate about eight to ten appliances.  And just one more statement on the accuracy which is, I feel like the levels of accuracy we get are good enough to help guide people and give them recommendations on what they personally should be doing to reduce energy use.  

I don't think the disaggregation is good enough to use, for example, for billing type purposes.  It's not that accurate because for that you would really need a very high degree of certainty.  Let me know if that person – my email address is kcarmel@stanford.edu, and if you have more questions on that, feel free to ping me and I can share the information with you and answer any more questions.  

We also, along the lines of the disaggregation, one of our teams has developed some algorithms, and then a third project we have on disaggregation is a data set that we've collected where we have about 40 homes where we have about 10 kilohertz whole-home data in those homes and as well as lower frequency circuit level data as well as appliance level data, so we have a very detailed data set in about 40 homes.  Some of those are in the Boston area, and the rest of them are in the San Francisco Bay area, but we're in the process of making that data publically available for disaggregation developers and others.  

Doug Arent:
Fantastic, thank you.  Mary, other things that have come in? 

Mary Lukkonen:

Yes, there are a few more.  The next one is, "Where did you get a significant amount of the consumer behavior data from smart meters?" 

Carrie Armel:

I'm not sure what the question means, but my interpretation is how did we get a lot of users' smart meter data because it's hard to get directly from the utilities.  So we implemented a web collector so that users could give us their utility user name and password and then we could act as them to go retrieve the data and pull it into our interfaces.  So in the experiments, there were a couple of experiments that were reported that had quite large numbers, like between 10 and 60,000 users over the past year.  

Those experiments did not incorporate smart meter data.  Those were the insinc program and the transportation in Singapore and also the Google Ad Words, the Appliance Calculator.  The other projects have had more on the order of a couple hundred participants total, and for those studies the users gave us their utility user name and password and we're hoping to scale that out larger, but that's how we got that data, that's what we've done to date.  

Mary Lukkonen:

Thanks, Carrie.  We have two more questions, but they're related, so I'll ask them both right now.  "Could you speak a little more about which interventions led to a more persistent behavior change," and "You mentioned the issue of persistence.  Can you talk more about that?"  

Carrie Armel:

Yeah, sure.  So I'll start by saying, so there's two – pulling from other literature, there's two interesting bits of information out there on persistence, so one, there's a white paper by Neenan and Robinson that is linked on our Precourt, the behavior part of our website under Foundational Work.  If you scroll down to Feedback, there's a paper by Neenan and Robinson, and that study, they did a review and they looked at persistence and they reported, I think, around 12 studies that had looked at persistence over – it was either over greater than a year or greater than a two-year period, and there were some difference scenarios, and so in some of the studies, feedback had been stopped and then they looked at persistence after feedback.  

I think that was the most predominant case, but there were some others where they simply looked at persistence where people continue to be exposed to the same intervention.  And my recollection was that it was roughly 10 out of the 12 studies found persistence past that one-year period.  So in our work, when we've looked at more short-term interventions, not the full-out year, if we look over a few months, what we've tended to see is that you get pretty deep energy savings, well, pretty deep, you get energy savings on the order of like 6 to 10 percent. 

I'm basing that number on a Google study that we did with Power Meter, and you get that over the first one to two months, and then after that, it tapers off and goes back closer to baseline.  It doesn't go all the way back up to baseline, but it goes back to like 2 percent energy savings after the first couple of months, and so we do see this sort of rebound.  And we only went out, I think, four to six months with the Google study, but it kind of levels off and stays consistent after that.  

And so my guess is that the studies that were reported in Neenan and Robinson, and I should confirm this, but I don't have the number on the top of my head, but my guess is that what happens is that they're looking at persistence, like at the end of the one year, you know, if they have a small amount of savings like 2 percent that it's that effect that continues into the future.  So a couple more things.  There was an analysis done with Opower where they looked at each month when people were pinged with the Opower reports they got energy savings, and similar to what I just described, they would get larger energy savings and then they would go back up towards baseline. 
But each month, that rebound back up toward baseline would get less and less dramatic so that – and I wanna be careful about how I say this – so that over time, the energy savings that they got would be greater, so they would rebound less or there'd be a bigger difference between the very initial baseline period and longer term what they got as far as energy savings.  So it looks like, with repeated pings, that they did end up getting greater energy savings over time, which is what you'd expect.  There's a lot of work in psychology and marketing showing that just repeated exposures help a lot. 

I guess the last thing that I'll say is that I think to date in the energy space, most of the programs have been pretty, not super engaging.  I think that we could do much, much better compared to what's been done so far as far as utility-type trial, Opower-type interventions, etc., and the Neenan and Robinson review was specifically on feedback studies, and the majority of those studies simply provide feedback.  Oftentimes they don't even provide recommendations to people, so it'd just be "Here's how much energy you're using today," or whatever. 

So I think by leveraging some of the more effective behavior change techniques and having a really engaging program, we could do a lot better than what's been done in the past, and so I think that the combination of some of the learnings about the repeated effects of persistence, also we encouraged people to make one-time changes, so there is, in the energy efficiency evaluation space, is something that's been known for a while.  Jane Peters and Ed Vine have talked about if we can get people to make one-time changes, like replacing light bulbs or an appliance, or fixing something that's broken or changing a setting, that those changes can persist longer, so we need the initial behavior change, but then we're not asking for a repeated behavior change.  

And also, Alan Meier at LBNL has also reported on this in the Alaska setting.  So anyhow, my point is that I think with improved behavior techniques, improved engagement, I think we can go a lot farther and get deeper savings than we've done.  I think with our focus on emphasizing things that require one-time changes or infrequent changes rather than repeated changes, I think we can get further.  And I think the continued pinging of people over time can also help to aid in the energy savings that we get.  
Doug Arent:

Great, thank you.  Mary, any others?  We're just about out of time, but maybe squeeze one more in. 

Mary Lukkonen:

That's all the questions that I got. 

Doug Arent:

Fantastic.  Perfect timing then.  Thank you so much.  So Carrie, thank you very, very much.  Thank you everyone who joined us via the web and the telephone.  Hopefully the format worked well for people, and I think we appreciate the written comments, but verbal ones are, of course, welcome as well.  The session, I believe, is being recorded, and we will do our best to post a link to it relatively quickly, and of course you can find more about Carrie, the Precourt Energy Efficiency Institute, and all of the work at Stanford upon the Stanford website there, and the relative links.  So Carrie, thank you again.  Mary, thank you for help in organizing, and enjoy the afternoon.  

Carrie Armel:

Thanks, Doug. 

Doug Arent:

Thank you.  Take care. 
[End of Audio]
