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Abstract

As shown in past studies, providing household residents with information
about their electricity usage can prompt reductions. However, some questions
remain regarding how such feedback needs to be designed to prompt the
largest possible reductions. Using a testbed in New York City, we monitored
the electricity consumption in 36 apartments whose residents were sent 14
feedback messages over the course of 2 months. Using techniques akin to
Natural Language Processing, the feedback messages were automatically
generated to comprise 10 features in random combinations (e.g., with or
without graph, with or without peer comparison). As a novelty vis-a-vis
previous studies, each resident was sent different message types over the
course of the experiment (instead of pre-partitioning the residents into sub-
cohort who would henceforth receive the same message type throughout). In
504 observations, the feedback scheme prompted average reductions in
electricity consumption of 11+3%, compared to 89 apartments which were
monitored as a control group. Feedback elements that were particularly
effective in prompting reductions were self-comparisons with one’s own
recent consumption (average 14%). Messages of high variety from one
feedback to the next also prompted large reductions (average 16%). In
contrast, feedback messages that included comparisons to neighbors did not
prompt higher or lower reductions on average — but this average masked
dispersion amongst residents: High baseline users tended to decrease their
consumption in response to peer comparisons, and vice versa (boomerang
effect). This behavior was consistent for all residents and could be explained
by a simple mean reversion of each individual resident’s use over time that
was amplified by comparisons to neighbors. We discuss how the observed
behavior represents norm-conformity rather than the anti-conformity
previously invoked in similar contexts. We further discuss how our findings
can be used to optimize feedback messages in large scale field applications,
for example with utilities.



Project: Multiple types of experiments over several years
Note: Following slides will focus only on one such exp.
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Step 1: Measure apt. Step 6: Augment feedback

level loads at 10-sec.
(real & reactive power)
in ~400 apartments

messages with behavioral tips
customized to their home, e.g.:
"Did you know that cleaning the
fridge grill can save substantial
electricity."

"Remember to turn off lights
and unplug un-used electronics."

Step 2: Break down
to appliance level
- ldentify consumption
hotspots (e.g., fridge) = Step 5: Use NLP to mine online
expert forums for electricity

saving and load shifting tips

Step 3: Determine
other characteristics,
e.g. phantom loads
from electronic devices

Step 4: Generate personalized
feedback, e.g.:

"Your fridge consumed 50%
above average for your building."
"Your electricity consumption
never went below 120 Watt,
causing $20 of your monthly bill."
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Feedbacks comprised 10 randomly selected “features”

Your Electricity Consumption

Sentiment - Positive
B vYou

Average

/ Equivalent cons. unit— CO, Emissions

Graph - True

Money Spent - False

Electricity consumption in kWh

Comparison With Peers (power) - True

Comparison With Self (power) - True
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Comparison With Peers ($) - False

This feedback cycle (Monday-Friday), you used electricity that caused 4.33 kg of /
CO2 emissions. That's on a daily basis 22.04% less than your previous feedback

Comparison With Self ($) - True

cycle and 32.81% less than your peers' average, with the highest usage during the
night-time. Great job! :) Peak time information - True

For the month, you would be spending an estimated $5.02 less than your previous

News Articles - False
feedback cycle.

so that the same resident received different message
types from one feedback round to the next
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We sent 14 feedbacks to 36 residents each ... and their
electricity use dropped 11% vs. a control group
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In-treatment persistence: Response relapsed substantially
from third day on

Figure 1. Response-relapse. Electricity usage 20%

reductions on specific days (Ruat, net; 0-24h local T

time; see Methods) averaged across all 36 - T .

residents in the treatment group as a function 15% 12% 12% 14%

of the time passed since the most recent ceccced®®® A

feedback (feedbacks were sent at 10 a.m.). . cemet e ed e ==11.1% ==
Error bars show +1 SEM, accounting for the . 10% .

varying sample size. The reduction for the “+3 2 %

] ° 0
days” group is statistically significantly lower t% 5% .. ilf’
than for the 3 earlier days combined (p<0.05). XA A
Grey dashed line shows average Ruiat, net across 3%
all 52 days of the feedback period. 0%

-5%

Dayof +l1day +2days +3days +4days
feedback (n=14) (n=14) (n=8) (n=2)
(n=14)

yielding a dataset of 36*14=504 independent observations
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Self-comparisons and message variation improved feedback
efficacy substantially

Reduction vs. baseline

Figure 1. Efficacy of (a) : Comparison with own previous: no (n=139) —2%———— 1I
feedback types. Average LComparison with own previous: yes (n=365) 14% —_— :
electricity usage reductions e e e e e e e o o e o e 2 e e o o o ] e o e e e e e e
as % of the control group I Message novelty vs. previous: low (n=232) 6% ——— 1
(R, 5, see Methods) as 1 Message novelty vs. previous: high (n=236) = 16% i :
function of feedback type e e e e e e e b el el il el ke
(average across all 504 R.fis Day vs. night info included: no (n=273) 18% —

11.1%). Error bars show Day vs. night info included: yes (n=231) 3% ———

+1 SEM, accounting for the

varying sample size. Results (b) Graph included: no (n=256) [10% —————

are shown in two tiers: (a)

Graph included: yes (n=248) | 12% e
Types that had a (weakly)
statistically significant effect Cost info: no (n=269) 12% .
on the observed reductions Cost info: yes (n=235) "10% +———
(p<0.10); (b) Types whose
effect was directionally as Usage metric: GHG emissions (n=112) 6%
expected based on previous Usage metric: Miles driven (n=84) —7%
literature, however not Usage metric: kWh (n=86) [11%
statistically significant given Usage metric: Trees (n=131) [14%

the sample size Usage metric: CO2 emissions (n=91) = 17%

Message length: short (n=210) = 15% A
Message length: long (n=294) | 8% F————
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.. but the effect of peer comparisons was more complex,
(consistent with previously observed boomerang effect)

ALL consumers, ALL feedbacks (n=504)

ALL consumers, feedbacks WITH peer comp. (n=407)
ALL consumers, feedbacks W/OUT peer comp. (n=97)

-I_5VT/-baseIinelconsumers, all feedbacks (n=322)
|

HIGH baselirle_:consumers, all feedbacks (n=182)

LOW baseline cons., feedbacks WITH peer comp. (n=264)
LOW baseline cons., feedbacks W/OUT peer comp. (n=58)
HIGH baseline cons., feedbacks W/OUT peer comp. (n=39)
HIGH baseline cons., feedbacks WITH peer comp. (n=143)

—i-13%

— 15% |

-3%

Reduction vs. baseline

11% 1

12%+—

54% —
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35%
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In a departure from previous work, we then tracked each
resident’s usage as a function of his/her most recent usage

(instead of wvs.

Use vs. peers

75%

50%

-50%

-75%

their baseline)

Expl.: The 4th feedback to resident r included a peer com-
parison ("Your usage was ..., 47% more than your peers.").
In the following days, resident r reduced use from 43%
above to 37% below control (i.e., by 80 perc. points).

L
() ey
\q I
P 2
S
| S
Q.
| I
I~
1 o
1 <
T T T I 9 T T T T
P P
1
X
I o
I <

4 5 6 7 8 9 10 11 12 13 14
Feedback

CJMeinrenken | BECC 2021



A use vs. peers

Ap r.f

Paired t-test for 36 residents showed that peer-comparisons
amplified a naturally expected mean reversion effect (p<0.05)
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Expl.: The 4th feedback to resident r LJ © o
included a peer comparison ("Your usage o
was ..., 47% more than your peers."). 5 ®
During the next cycle, resident r reduced :0'. o,
usage from 43% above control to 37% ) © =t
below control (i.e., by 80 perc. points).
o
-75% -50% -25% 0% 25% 50% 75% 100%
below peers recent usage before latest feedback above peers
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Focusing on (recent) low consumers, positive sentiment
mitigated the boomerang effect ..

Increase vs. peers

W/OUT peer comp. (n=57) —-0.4% +—
. . -
WITH peer comp. | positive sentiment (n=95) ¥ 5% %—l
. B o, y
WITH peer comp. | other sentiment (n=186) , 11% ;—|

.. but simply avoiding the peer comparison was more
effective still

CJMeinrenken | BECC 2021



Summary and discussion

= 11.143.1% in line with Delmas et al. 2013 meta study
— But what about 1.4-3.3% in O-Power experiments (Allcott 2011)°?
— Our 11% was measured only for the 42% residents who had opted in
- (11.14£3.1%) -42% = 4.611.3%

Because of the specific experimental design of our study, novel results:

" Strategies for large scale field applications
— Feedbacks with deliberate variation from one feedback to next

— For residents with low recent usage .. simply skip peer comparison

" Ts it an anti-conform effect OR simply conformity?

— Brehm and Brehm’s (1981) have been summarized as:
“psychological reactance — that people act to protect their sense of
freedom - 1is supported by experiments showing that attempts to
restrict a person’s freedom often produce an anti-conformity
‘boomerang effect’”” (Myer’s 2010)

— Wesley Schultz describes it as a “magnet” effect to both sides

— However, our observations are remarkably well explained by
a simple random walk with mean reversion .. implying that
the observed boomerang effect was NOT born out of
anti-conformity or even defiance. Instead: Every study
participants simply wanted to conform to the average

— Average acted like a “magnet”, as postulated by e.g.
Schultz et al, Psych. Sci. 18 (2007)
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