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Target, distance, and valence: Unpacking the effects of 
normative feedback☆ 
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A B S T R A C T   

People constantly receive information about their performance relative to others. Estimating these effects is 
complicated because, as we show, normative feedback includes several dimensions: Target (e.g., a reference 
group of average versus exemplary performers), Distance (e.g., being near versus far from a benchmark), and 
Valence (e.g., being better or worse than the benchmark). In Study 1, we randomly assign households to receive 
no feedback or feedback comparing their energy consumption to either their average or most efficient neighbors. 
Households compared to average neighbors decreased electricity usage by 6%, but those compared to efficient 
neighbors increased consumption by 4%. We decompose these effects into the separate influences of Target, 
Distance, and Valence. In Studies 2 and 3a-c, we randomly assign normative feedback to isolate the independent 
effects of Distance and Valence. Additionally, we find evidence for the mediating effect of motivation: The more 
dispiriting the feedback, the worse the subsequent performance.   

1. Introduction 

Suppose you are a manager wanting to motivate your employees to 
work harder. You have heard from your colleagues at other firms that 
they use a quarterly leaderboard to motivate their staff through peer 
comparisons, so you decide to do the same. Along with providing indi-
vidual performance feedback in a report to each employee, the report 
also compares the employee’s performance relative to their peers. But 
which peers should you choose for this report? For example, should you 
compare each employee to the median team performance? Or should 
you compare each employee to a group of high performers from the 
team, such as the top 20%? If you provided the median comparison, 
someone in the 52nd percentile would be two points ahead of the 
reference group. But if you provided the top-performer comparison, that 
very same person would be 28 percentile points behind the reference 
group. How will your selection influence how employees regard the 
feedback, and how will it influence their motivation and subsequent 
performance? Which target is going to be most effective at increasing 

performance next quarter? 
In this paper, we take up the question of how normative feedback 

influences subsequent motivation and performance. We study this across 
multiple domains. Our first experiment was a field study that utilized 
appliance-level household energy consumption feedback wherein par-
ticipants were randomly assigned to receive no normative feedback or 
true normative feedback comparing them to either their average or their 
most efficient neighbors. The second field experiment provided false 
feedback to participants who had downloaded a pedometer application 
on their cell phones, randomly assigning participants to receive feed-
back that they were either very close to or very far behind the top per-
formers in their demographic cohort. In the final set of three 
experiments, using the same pedometer domain as well as a word-search 
task and a typing test, we randomly assigned participants to receive 
feedback that they had performed either better or worse than a reference 
group, and measured subsequent motivation and performance. The 
purpose of the current investigation is to demonstrate the independent 
effects of the previously-hard-to-disentangle distinct elements of 
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normative feedback: the choice of reference group (e.g., average versus 
exemplary performers; “Target”), the impact of being near versus far 
from a reference group (“Distance”), and being better or worse than the 
reference group (“Valence”). 

2. Social norms feedback 

People are generally poor at estimating their relative standing in a 
variety of performance domains (e.g., Burson, 2007). Perhaps for this 
reason, social norms feedback—information about one’s attitudes or 
behaviors relative to those of a relevant social group—has gained 
particular interest (e.g., Bollinger & Gillingham, 2012; Cialdini & 
Goldstein, 2004; Cialdini & Trost, 1998; Schultz, 1999; Schultz et al., 
2007). Normative information has been shown to powerfully shape 
behavior (Berkowitz, 1972; Goldstein et al., 2008; Sherif, 1936), even 
when people believe these comparisons have little impact on their per-
sonal choices (Cialdini et al., 1991; Nolan et al., 2008). Social compar-
ison theory suggests that norms are powerful because comparing oneself 
to the norm establishes the appropriate level of that behavior (Festinger, 
1954). 

Large-scale field studies of thousands of households demonstrate the 
effectiveness of normative feedback in reducing household energy 
consumption (Allcott, 2011; Allcott & Rogers, 2014). In these studies, 
residents receive feedback about their consumption relative to both the 
average and the most efficient 20% of consumers. This combination 
provides residents both a benchmark of how their neighbors are doing 
overall with the average reference group, and a more high-performing 
goal to strive toward with the efficient reference group. Their findings 
show that this combined approach is effective, but they do not allow us 
to isolate the individual impact of each reference group. That is, we do 
not know how results might differ if residents only see feedback relative 
to their average neighbors or their highest-performing neighbors. 
Further, previous studies are limited in testing the independent ways 
that the valence of the feedback and the distance from the reference 
group separately impact behavior. Thus, we set out to investigate the 
independent effects of Target, Distance, and Valence in contributing to 
the overall influence of normative feedback. 

2.1. Target 

Based on past findings, highlighting a high-performing reference 
group (e.g., efficient neighbors) could have clear advantages. Much of 
the goal-setting literature suggests that setting harder to reach 
(“stretch”) goals results in greater and more sustained behavior change 
toward that goal (Kerr & Landauer, 2004; Locke & Latham, 2006). 
Notably, stretch goals have been recommended specifically in the 
domain of sustainability (Manning et al., 2006), although they have not 
yet been tested empirically. If being compared to the most efficient 
neighbors is similarly aspirational, we would expect that a higher- 
performing Target should be more effective. However, the opposite 
relationship between Target and subsequent performance is also plau-
sible. For instance, response to normative feedback is shown to depend 
on people’s attitudes toward (Göckeritz et al., 2010; Neighbors et al., 
2010) and beliefs about (Jachimowicz et al., 2018) the reference group. 
If people do not admire or identify with the higher-performing reference 
group, or if they believe the high-performing group is exceptional and 
therefore less relevant to themselves (Alicke et al., 1997), a social 
comparison against a high-performing reference group may have little 
influence on them, and thus they may not increase subsequent effort. On 
the contrary, if people are motivated to match (or even exceed) the 
average group, we would expect those compared to an average reference 
group to improve subsequent performance more than those compared to 
top performers. Thus, we might expect that the effect of Target group 
will depend critically on people’s attitudes toward the specific high- 
performing group to which they are being compared. For these rea-
sons, we expected the selection of a Target group to exert an 

independent influence on performance but, depending on individual 
differences, it was less clear which of the following two competing hy-
potheses was more likely: 

H1a. People who receive normative feedback compared to average- 
performing peers will improve subsequent performance more than 
those compared to high-performing peers. 

H1b. People who receive normative feedback compared to average- 
performing peers will improve subsequent performance less than those 
compared to high-performing peers. 

We test these hypotheses specifically in our study of household en-
ergy consumption in Study1. 

2.2. Distance 

In a natural experiment involving students in a Massive Open Online 
Class, Rogers and Feller (2016) find that the further behind a person’s 
essay score is from the score of a high-performing peer whose essay they 
graded, the lower that person’s course performance. This suggests that 
being further behind a benchmark will result in worse subsequent per-
formance. Other work has shown that comparisons to reference groups 
that are seen as unattainable are demoralizing and thwart effort 
(Lockwood & Kunda, 1997). Lockwood and Kunda elsewhere found that 
superior role models can be demotivating when individuals are 
reminded that even their personal best falls short of the role model’s 
achievement; in such cases there is little incentive to exert effort toward 
those achievements (Lockwood & Kunda, 1999). Additionally, research 
has demonstrated that motivation increases as one advances close to 
goal attainment (Heath et al., 1999; Kivetz et al., 2006; Liberman & 
Förster, 2008). Thus, a reference group that lies closer to one’s current 
performance may be more motivating than a reference group that is 
farther away. Given this, in the present experiment we hypothesize that: 

H2. People who receive normative feedback that they are closer behind 
a high-performing reference group will improve subsequent perfor-
mance more than those who receive normative feedback that they are 
further behind a high-performing reference group. 

We test this hypothesis both in the context of true feedback of 
household energy consumption (Study 1) and with false feedback 
regarding the number of steps taken in a week (Study 2). 

2.3. Valence 

It is an open question whether being told that one overperformed or 
underperformed relative to a reference group would lead to greater 
subsequent performance. On the one hand, there is reason to think that 
positively valenced normative feedback will lead to considerable per-
formance improvement. For instance, labelling people as top performers 
relative to peers has been demonstrated to increase doctors’ adherence 
to medical guidelines (Meeker et al., 2016) and the chances that 
someone votes in an upcoming election (Tybout & Yalch, 1980). In the 
current research, we pair descriptive feedback with an injunctive norm, 
which has been shown to also improve performance among those who 
perform comparatively well (Schultz et al., 2007). This leads us to the 
following hypothesis: 

H3. People who receive positively valenced normative feedback will 
improve subsequent performance more than those who receive no 
normative feedback. 

It is noteworthy that Schultz et al. (2007) found an overall backfiring 
effect of positively valenced normative feedback in the absence of an 
injunctive norm, but no such backfiring when an injunctive norm was 
included. In each study of the current investigation, there is either an 
explicit (Study 1) or more implicit (Study 2 and Study 3a-c) injunctive 
norm present to mitigate such a backfiring (Asensio & Delmas, 2015). 
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Coupling injunctive and descriptive norms messaging has been shown 
(e.g., Cialdini et al., 1991) to be more effective than either in isolation. 

The outcome of negative feedback for underperformers may be 
harder to predict. For instance, Schultz et al. (2007) found that under-
performers receiving negatively valenced feedback had an overall 
improvement in their energy conservation. However, there is other 
research suggesting that the opposite pattern may emerge: Receiving 
negatively valenced peer comparison feedback can be demoralizing and 
hence lead to diminished performance. For example, the Self-Evaluation 
Maintenance model posits that when people find out that others are 
performing better than they are on a given task, they start to view the 
task as less important to their self-definition, which in turn causes them 
to exert less effort in that domain (Tesser, 1988, 1991; Tesser & 
Campbell, 1983). Moreover, just as internalizing a positive identity as an 
overperformer can lead to increased effort in that domain (as in Meeker 
et al., 2016), internalizing an identity as an underperformer could 
similarly lead to lower subsequent effort and thus worse performance. 
Given these conflicted findings, it is an open question how those who 
receive negatively valenced normative feedback will perform in 
response to that feedback, setting up two competing hypotheses: 

H4a. People who receive negatively valenced normative feedback will 
improve subsequent performance more than those who receive no 
normative feedback. 

H4b. People who receive negatively valenced normative feedback will 
improve subsequent performance less than those who receive no 
normative feedback. 

We test the effect of Valence both in the context of household energy 
consumption (Study 1) and in several other domains (Studies 3a-c). 

3. Contribution of the present investigation 

Using normative feedback that is true (Study 1) and false (Study 2 
and Studies 3a-c), we begin to establish three distinct factors often 
confounded when considering the effects of social comparison feedback: 
Target reference group (average versus top performers), Distance (how 
far one is from the Target), and Valence (whether one has over- or under- 
performed relative to the Target). In Study 1, we provide true feedback 
compared against randomly assigned Targets in a field study of house-
hold energy consumption. Additional analyses show associations with 
Distance and Valence of feedback. Then in Study 2 and Studies 3a-c, 
respectively, we randomly assign Distance and Valence feedback to 
establish their independent effects. We consider the effects of normative 
feedback in light of explicit (Study 1) and implicit (Study 2 and Studies 
3a-c) injunctive norm messages. Altogether, the purpose of the current 
investigation is to establish the existence of three separate dimensions of 
normative feedback. In drawing out the independent effects of each of 
these factors, we move toward helping managers, organizations, and 
policymakers optimize their use of normative feedback by understand-
ing how the impact of these comparisons varies depending on the re-
cipients’ placement within the distribution as well as their individual 
characteristics. 

4. Study 1: household energy consumption and peer comparison 
feedback, main effects of target 

Recent studies suggest that providing people with better information 
about their energy consumption can induce energy conservation 
(Asensio & Delmas, 2015; Chen, Delmas, Locke, & Singh, 2017; Delmas, 
Fischlein, & Asensio, 2013; Delmas & Lessem, 2014; Gillingham & 
Palmery, 2014; Karlin, Zinger, & Ford, 2015). In Study 1, we randomly 
assigned households to receive normative feedback relative to either 
their average or their most efficient neighbors. This allows us to measure 
how the choice of Target reference group for social comparison affects 
subsequent performance. However, in selecting different Targets, we 

also created natural variation in both the Valence of the feedback and 
the Distance from the benchmark. For instance, two households both 
compared to their average neighbors were technically in the same 
experimental condition but, depending on performance, one might have 
been slightly below the average whereas the other might have been 
considerably above the average. Put differently, consider two house-
holds, both in the 75th percentile of all homes, that were assigned to 
different experimental arms in our study. Beyond being compared to 
different Targets, they also received very different Valence and Distance 
feedback, one household being considerably ahead of the (average) 
benchmark and the other being slightly behind the (top-performing) 
benchmark. This natural variation enabled us to measure the associa-
tions with Valence and Distance in randomizing participants to different 
Target comparisons. 

4.1. Methods 

We built an intelligent wireless sensor network to provide house-
holds with real-time access to detailed, appliance-level information 
about their home electricity consumption (Chen et al., 2015). We 
experimentally manipulated normative messages that different house-
holds saw, comparing them to different reference groups (average vs. 
efficient) or a no-feedback control. 

Our sample consisted of 101 households in a 1102-household 
graduate-student family housing community in Los Angeles, Califor-
nia. The occupancy of each household ranged from 1 to 6, with the 
number of children per household ranging from 0 to 4. Household size 
ranged from 1 to 3 bedrooms. Descriptive statistics are listed in Table 1. 

Participating households did not differ significantly from other 
households in the housing community in terms of average daily elec-
tricity consumption, square footage, what floor they lived on, or number 
of children (all ps greater than 0.2) as described in Table 1. The housing 
characteristics of our sample were also generally typical of the broader 
population. For a more thorough treatment of the generalizability of our 
sample, see the Appendix note N1. Despite the similarities on observed 
characteristics, we cannot rule out that there are differences on unob-
served dimensions with those who did not volunteer to participate, 
raising the possibility of selection-into-sample bias. 

4.2. Procedure and timeline 

Average daily temperature over the course of the field experiment, 
which ran from September to April, was 60.5 degrees Fahrenheit (SD =
6.8). For approximately two months prior to the start of the experiment, 
as a baseline, we observed households’ 30-second kilowatt-hour (kWh) 
electricity consumption but did not provide energy use information or 
any messaging. Households were then randomly assigned to a condition 
of (a) no-treatment control, (b) Average Reference Group treatment, or 
(c) Efficient Reference Group treatment. 

The treatment started on September 30 and lasted until April 16. 
During the treatment period, the control households continued to have 
their consumption tracked but did not receive any messaging, as before. 
In contrast, the Average Reference Group treatment and Efficient 
Reference Group treatment households continued to have consumption 
tracked but also gained access to a personal web dashboard and received 
weekly email reminders to visit the dashboard. In both treatment con-
ditions, residents received feedback on their total electricity consump-
tion by month, day, hour, and 30-second snapshot. Additionly, residents 
could view a pie chart, updated weekly, demonstrating the proportion of 
total energy used by each appliance category (heating and cooling, 
lighting, plug load, dishwasher, refrigerator, and other kitchen elec-
tricity use; see Appendix Fig. 1 for a screenshot of the weekly email and 
the website dashboard). This appliance-level information, which was 
available to both treatment groups but not the control, may represent a 
considerable improvement upon an aggregate monthly bill; such highly 
granular feedback may enhance the efficacy of normative feedback, 

J.E. Bogard et al.                                                                                                                                                                                                                               



Organizational Behavior and Human Decision Processes 161 (2020) 61–73

64

offering clear priorities to those who are motivated to improve their 
conservation. 

Finally, residents in both treatment conditions received feedback 
about their energy consumption over the past week relative to their 
neighbors. This is where the manipulation took place. This feedback was 
sent by email and was also available on each participant’s personal 
dashboard. In both treatments, residents were told that they consumed a 
certain percentage more than or less than the neighbors in their refer-
ence group. This feedback was accompanied by an environmental and 
children’s health message: Residents were told how many pounds of 
pollutants they contributed to or avoided over the past week (depending 
on Valence of feedback) relative to the neighbors in their reference 
group, citing the relationship of these pollutants with health impacts 
such as childhood asthma and cancer. This injunctive message was 
selected based on pre-testing that showed environmental and childhood 
health messaging, especially among parents, to be the most compelling 
reasons for conservation. Equivalent pounds of air pollutant emissions 
were calculated using emission factors from the Emissions and Gener-
ation Resource Integrated Database (eGRID), maintained by the United 
States Environmental Protection Agency, based on the Los Angeles 
Department of Water and Power electricity fuel mix. 

In the Average Reference Group treatment, personal feedback was 
provided relative to the mean total consumption across all neighbors in 
the sample during the week prior. In the Efficient Reference Group 
treatment, personal feedback was provided relative to the 20th 
percentile of total consumption (i.e., the 80th percentile of conserva-
tion) across all neighbors in the sample during the week prior. In pre- 
testing, a focus group of participants indicated that comparisons to the 
90th percentile felt unattainably efficient. We instead chose the 80th 
percentile to match the cutoff used by OPower, a utility company that 
reports customers’ energy consumption using social comparisons to the 
80th percentile. Each week, residents could check their performance 
compared to the reference group to which they were randomly assigned. 
Participants in the Efficient [Average] Reference Group condition read: 

“Last week you used X% more/less electricity than your efficient 
[average] neighbors. 
Over one year, you are adding/avoiding Y pounds of air pollutants 
which contribute to health impacts such as childhood asthma and 
cancer.” 

In addition, definitions of the respective reference groups were 
provided below each of the messages. An efficient neighbor was defined 
as the “20% most energy efficient neighbors in similar-sized apart-
ments,” whereas an average neighbor was defined as the “average usage 
in similar-sized apartments.” Participants in the control condition 
received no feedback messages at all. 

4.3. Results: main effect of target 

We were first interested in investigating the effect of our two 
messaging treatments on 15-min-interval household energy consump-
tion, in τ = E[Yit(1) − Yit(0)], where Yit(1) and Yit(0) represent house-
hold i’s electricity use at time t if the households were treated and were 
not treated, respectively (Rubin, 1974). We chose to use 15-min 

consumption because it allows us to control for important differences in 
time-of-day use. We employed a difference-in-difference estimator, 
which models energy use conditional on post-treatment dummy (P), a 
messaging treatment dummy (Teff and Tavg for those in the Efficient and 
Average Reference Group, respectively), and their interaction (P*Tavg, 
P*Teff). Hence, we estimate the following model: 

y = β0 + β1P + β2Tavg + β3Teff + β4
(
P*Tavg

)
+ β5

(
P*Teff

)
+ v + ε 

We were chiefly interested in the interaction terms, β4 and β5, esti-
mating the effects of each treatment on energy consumption compared 
to the no-feedback control. Note that we also incorporated a standard set 
of controls (υ) to account for cyclical time and weather factors, along 
with demographic factors, gathered through a survey before the start of 
the experiment, that can greatly impact energy consumption (Grønhøj & 
Thøgersen, 2011). These factors included: number of children, apart-
ment square footage, floor within building, membership in an environ-
mental organization, hourly temperature, presence of daylight savings 
time, week in the study, day of the week, and hour of the day. With this 
estimation strategy, we compare the effect of messaging on change from 
baseline for the treatment (Average Reference Group or Efficient 
Reference Group) versus control groups. 

Because we had substantially more time periods than individual 
households, rather than using an ordinary least squares estimator with 
standard errors clustered at the household level, we used the more 
efficient feasible generalized least squares (fGLS) estimator (Cameron & 
Trivedi, 2009). This technique is useful for cross-sectional time-series 
data because it estimates a GLS random-effects model with a weighted 
average of the between-subject (cross-section) and within-subject 
(fixed) effects (Lee, 2003). This is also a more conservative estimate in 
comparison with standard OLS or simple weighted least squares, which 
may result in downward-biased standard errors (Delmas et al., 2013). 
The standard errors are robust to within-panel heteroskedasticity as well 
as autocorrelation across time. Household effects are accounted for with 
fixed effects by unit. 

The results reported in Table 2 (Model 1) show that treated house-
holds (i.e., households receiving reference group feedback) decreased 
their electricity usage from baseline overall (β = − 0.0017, z = − 2.58, p 
= 0.010), corresponding to a 1.5% decrease in consumption from 
baseline compared to control. Decomposing this effect by specific 
reference group, as shown in Model 2, the Average Reference Group 
treatment performed significantly better than control, leading to a 
greater decrease in 15-min energy consumption from baseline compared 
to control (β = − 0.0076, z = − 9.48, p < 0.001). However, the Efficient 
Reference Group treatment performed significantly worse than control 
with increases in 15-minute energy consumption from baseline (β =
0.0039, z = 5.13, p < 0.001).1 To put these findings in perspective, the 

Table 1 
Descriptive statistics.   

Experiment Participants Population  

Mean Std. Dev. Min Max Mean Std. Dev. p-diff 

Hourly kWh 8.75 5.55 3.66 47.23 8.28 3.62 0.24 
Square feet 859.24 109.88 595 1035 868.72 98.40 0.36 
Floor 2.14 0.78 1 3 2.08 0.79 0.46 
# of children 0.57 0.89 0 4 0.51 0.76 0.43 
Environmental Organization 0.07 0.26 0 1 NA NA NA 
Observations 101 households 1102 households  

1 Note that some of the participants in this study were also participants in 
another study related to energy consumption the previous year conducted in the 
same residential facility. A regression that also includes a variable coding for 
participation in the prior study reveals a significant effect of prior participation 
but no substantive impact on the interpretation of the focal variables of this 
study. For full results, see Table A6 in the Appendix. 
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treatment effect for the Average Reference Group corresponds to a 6.4% 
decrease in consumption from baseline compared to control, while the 
treatment effect for the Efficient Reference Group corresponds to a 3.7% 
increase in consumption from baseline compared to control. In practical 
terms, a 3.7% increase would represent an increase of 11.15 kWh/ 
month, which equates to watching television for 110 h (~4.5 days), 
working on a laptop for 223 h (~9.3 days), or leaving on ten 100-W light 
bulbs for 11 h. A 6.4% decrease would represent a decrease of 19.11 
kWh/month, which equates to watching television for 190 h (~8 days), 
working on a laptop for 382 h (~16 days), or leaving on ten 100 W light 
bulbs for 19 h. 

In order to test whether the average group performed significantly 
better than the efficient group, we estimated an additional model, this 
time using the Efficient Reference Group treatment—not the no- 
treatment control—as the reference group. This model confirmed that 
the Average Reference Group treatment performed significantly better 
than the Efficient Reference Group treatment (β = − 0.0115, z = − 13.11, 
p < 0.001). Thus, we can conclude from Study 1 that providing 
normative feedback lowered energy consumption overall, but that this 
drop is attributable exclusively to those compared to their average 
neighbors while those compared to their most efficient neighbors in fact 
increased energy consumption. 

4.4. Target effects: heterogeneous treatment effects depending on 
characteristics 

We next examine heterogenous responses to the Average and Effi-
cient Reference Group treatments for (a) households with children and 
(b) those belonging to an environment group. We sought to assess 
whether these subgroups responded differently to each intervention 
compared to the rest of the sample. Recall that in Study 1, alongside the 
descriptive social comparison, participants also saw an injunctive social 
norm message regarding the negative consequences of energy con-
sumption on both the environment and childhood asthma and cancer. 
We selected these messages based on pre-testing, finding that these two 

reasons for conservation were the most compelling to the building’s 
residents. We were interested to see whether our main findings about 
normative feedback (i.e., that Average Reference Group comparisons 
cause consumption decreases while Efficient Reference Group compar-
isons cause consumption increases) might vary across critical individual 
differences between participants. Specifically, we wanted to see if the 
overall effect of normative comparisons was even stronger among en-
vironmentalists who were compared to the (more relevant) top- 
performing Target, and if the injunctive social norm regarding chil-
dren’s health was particularly effective for parents. 

Given the mention of both children and the environment in the 
injunctive message, we expected this to hold particular meaning to 
households with children and those with particularly strong environ-
mental concerns. We expected that those with relatively strong envi-
ronmental concerns might be especially moved by comparisons to the 
Efficient Reference Group, and we expected that households with chil-
dren would be especially moved by the injunctive message about chil-
dren’s health. To test these ideas, we looked at the interaction between 
our prior terms of interest (i.e., Post Treatment*Average, Post Treat-
ment*Efficient) and key demographic variables: whether each house-
hold belonged to an environmental organization and whether each 
household had children. These results are reported in Table 3. Con-
trolling for Distance and Valence (as we discuss in Sections 5.2 and 5.3; 
see Table 4), we can begin to explore the independent effects of different 
Target comparison groups above and beyond the effects of Distance and 
Valence. 

The first model of Table 3 reveals that households with members who 
belong to an environmental organization did not reduce consumption 
from baseline in response to the Average Reference Group treatment 
more than control (β = − 0.0017, z = − 0.94, p = 0.347, NS). In contrast, 

Table 2 
Average treatment effects.   

(1) (2) (3) 
VARIABLES 15-min kWh 15-min kWh 15-min kWh 

Post treatment*Treated − 0.0017***    
(0.0006)   

Post treatment*Average  − 0.0076***    
(0.0008)  

Post treatment*Efficient  0.0039***    
(0.0008)  

Post treatment − 0.0093*** − 0.0094***   
(0.0013) (0.0013)  

In a treatment group 0.0015***    
(0.0006)   

Average reference group  0.0047***    
(0.0007)  

Efficient reference group  − 0.0013*    
(0.0007)  

Children 0.0005** 0.0004* 0.0005***  
(0.0002) (0.0002) (0.0002) 

Square feet 0.0001*** 0.0001*** 0.0001***  
(0.0000) (0.0000) (0.0000) 

Floor 0.0097*** 0.0094*** 0.0097***  
(0.0002) (0.0002) (0.0002) 

Env org member − 0.0147*** − 0.0151*** − 0.0145***  
(0.0005) (0.0005) (0.0005) 

Constant − 0.0099*** − 0.0108*** − 0.0110***  
(0.0019) (0.0019) (0.0018) 

Observations 1,297,780 1,297,780 1,297,780 
Number of households 101 101 101 

Standard errors in parentheses. 
* p < 0.1, ** p < 0.05, *** p < 0.01. 
Not reported: Controls for temperature, daylight savings, day of week, week in 
study, hour in day. 

Table 3 
Interactions with demographics.   

(1) (2) 
VARIABLES 15-min kWh 15-min kWh 

Post treatment*Average*Env org member − 0.0017   
(0.0018)  

Post treatment*Efficient*Env org member − 0.0042***   
(0.0015)  

Post treatment*Average*Children (binary)  − 0.0166***   
(0.0008) 

Post treatment*Efficient*Children (binary)  − 0.0271***   
(0.0008) 

Post treatment*Average − 0.0070*** − 0.0026***  
(0.0008) (0.0008) 

Post treatment*Efficient 0.0045*** 0.0126***  
(0.0008) (0.0008) 

Children (binary)  0.0089***   
(0.0004) 

Post treatment − 0.0098*** − 0.0091***  
(0.0013) (0.0013) 

Average reference group 0.0043*** 0.0056***  
(0.0007) (0.0007) 

Efficient reference group − 0.0012* − 0.0014**  
(0.0007) (0.0007) 

Children 0.0002   
(0.0002)  

Square feet 0.0001*** 0.0001***  
(0.0000) (0.0000) 

Floor 0.0094*** 0.0105***  
(0.0002) (0.0002) 

Environmental organization member − 0.0138*** − 0.0136***  
(0.0006) (0.0005) 

Constant − 0.0120*** − 0.0169***  
(0.0019) (0.0019) 

Observations 1,297,780 1,297,780 
Number of households 101 101 

Standard errors in parentheses. 
* p < 0.1, ** p < 0.05, *** p < 0.01. 
Not reported: Controls for temperature, daylight savings, day of week, week in 
study, hour in day. 
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households with members who belong to an environmental organization 
did reduce consumption from baseline in response to the Efficient 
Reference Group treatment compared to control (β = − 0.0042, z =
− 2.72, p = 0.007). It seems as if the Efficient Reference Group may 
actually have been effective for those with a stronger environmental 
identity—even if it is not effective overall—but the Average Reference 
Group may not have been an effective Target for environmentally 
conscious households. This provisional analysis suggests an important 
boundary condition: Normative comparisons may only be meaningful to 
people if the Target itself is personally meaningful. This is in line with 
previous work showing that group identification can moderate the effect 
of social comparisons for a given reference group (Göckeritz et al., 2010; 
Neighbors et al., 2010). 

The second model in Table 3 reveals that households with children, in 
line with our main findings, reduced their consumption from baseline in 
response to the Average Reference Group treatment more than control (β 
= − 0.017, z = − 21.19, p < 0.001). However, contrary to our main find-
ings, households with children also reduced their consumption from base-
line in response to the Efficient Reference Group treatment compared to 
control (β = − 0.027, z = 35.96, p < 0.001). The fact that households with 
children reduced consumption in response to both treatments suggests that 
the injunctive health message may have been more salient than the specific 
reference group for this segment of residents. Moreover, because this 
reduction from baseline is compared to a no-feedback control, this effect is 
not likely due simply to regression toward the mean. 

While the Average Reference Group treatment in Study 1 was a more 
effective Target overall, these preliminary results suggest that this effect 
may be moderated by particular features of each household such as the 
presence of children or involvement in environmental organizations. Of 
course, because concern for the environment and having children was not 
randomly assigned, further research is needed to independently establish 
these findings. More generally, though, the significance of these modera-
tors reveals that the particularities of the context of normative feedback 
may play an outsize role in determining its impact. When considering the 
independent impact of Target, one must also consider the values of the 

recipients of the feedback and their relationship to each of those Target 
groups—a topic for future research to address. 

4.5. Discussion 

Overall, we find a 2% decrease in electricity usage from providing 
normative feedback. However, this result is driven wholly by those who 
are compared to average neighbors—as opposed to the most efficient 
neighbors—who decreased their electricity usage by 6%. Those 
compared to the most efficient neighbors increased their electricity 
usage by about 4%. These findings are consistent with the claim that, 
ceteris paribus, people respond very differently to comparisons against 
average versus aspirational benchmarks. However, a second explanation 
of the results could be that the Valence of the feedback that most par-
ticipants received was different between conditions. By definition, 
approximately 80% of participants in the Efficient Reference Group 
treatment underperformed the benchmark and thus received negatively 
valenced feedback. However, only about 50% of those in the Average 
Reference Group treatment were given negatively valenced feedback. It 
is possible that the pattern of results described above is at least partially 
driven by this Valence effect. As yet another possible explanation, 
perhaps these data resulted partially from the fact that, even among 
underperformers, more people were closer to the benchmark in the 
Average Reference Group treatment than the Efficient Reference Group 
treatment. For instance, someone in the 49th percentile of conservation 
would receive feedback that they were very close to the reference group 
if in the Average Reference Group treatment, but this same person would 
receive feedback that they were very far from the reference group if they 
were in the Efficient Reference Group treatment. Next, as best as these 
data will allow, we try to disentangle the distinct effects of Target, 
Valence, and Distance. 

5. Decomposing target, valence, and distance effects on 
household energy consumption 

To better understand the mechanisms that drive the observed results, 
we estimated the impact of (a) the Valence of the feedback, and (b) the 
Distance to the reference group for each of the two treatments while 
controlling for Target. Although related to our randomly assigned Target 
treatments, both Valence and Distance may affect energy consumption 
in their own right. To test this possibility, we modeled Valence and 
Distance separately to isolate their effects from the independent effect of 
Target. In other words, we estimated the effects of Valence and Distance 
over and above the effect of Target. Then, controlling for these factors, 
we can also begin to further understand the independent contribution of 
Target. 

It is important to treat the following results with due caution. Given 
the mechanical relationship between the (randomly assigned) Target 
and the resulting Valence and Distance feedback as described above, 
there are concerns of endogeneity. That is, because Valence and Distance 
were truthfully reported and not randomly assigned, participants’ 
response to these separate factors may be related to their response to the 
randomly assigned Target. For corroborating evidence, we experimen-
tally manipulate these factors in Studies 2 and 3. With that caveat, we 
offer the following analyses. 

5.1. Valence effects 

To assess the effect of feedback Valence on energy consumption, we 
created weekly dummy variables for whether each treatment household 
received favorable (i.e., better than the reference group) or unfavorable 
(i.e., worse than the reference group) feedback. We found that 56% of 
weekly observations in the Average Reference Group treatment reflected 
favorable feedback, whereas 16% of weekly observations in the Efficient 
Reference Group treatment reflected favorable feedback. We used these 
variables to create cumulative feedback measures indicating (a) the 

Table 4 
Valence and distance effects.   

(1) (2) 
VARIABLES 15-min kWh 15-min kWh 

Favorable valence − 0.0002***   
(0.0000)  

Unfavorable valence 0.0002***   
(0.0000)  

Favorable distance  − 0.0007***   
(0.0000) 

Unfavorable distance  0.0003***   
(0.0000) 

Post treatment − 0.0106*** − 0.0107***  
(0.0013) (0.0013) 

Average reference group 0.0051*** 0.0060***  
(0.0006) (0.0004) 

Efficient reference group − 0.0060*** − 0.0139***  
(0.0006) (0.0004) 

Children 0.0016*** 0.0016***  
(0.0002) (0.0002) 

Square feet 0.0001*** 0.0001***  
(0.0000) (0.0000) 

Floor 0.0085*** 0.0068***  
(0.0002) (0.0002) 

Environmental organization member − 0.0148*** − 0.0148***  
(0.0005) (0.0005) 

Constant 0.0047** 0.0349***  
(0.0019) (0.0020) 

Observations 1,146,345 1,146,345 
Number of households 98 98 

Standard errors in parentheses. 
*** p < 0.01, ** p < 0.05, * p < 0.1. 
Not reported: Controls for temperature, daylight savings, day of week, week in 
study, hour in day. 
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cumulative proportion of favorable feedback messages that treatment 
households had received to date, and (b) the cumulative proportion of 
unfavorable feedback messages that treatment households had received 
to date. Finally, we used a negative exponential weighting function to 
weight more recent weeks of feedback more heavily than less recent 
weeks of feedback, assuming that more recent feedback may be more 
salient and thus may have a larger impact on consumption behavior. 

Our results, reported in Table 4 (Model 1) reveal that receiving 
favorable feedback is associated with significant decreases in consump-
tion above and beyond the effect of assignment to Average or Efficient 
Reference Group treatment (β = − 0.00025, z = − 34.71, p < 0.001). This 
equates to a predicted 22% reduction from baseline relative to control 
for a household receiving exclusively favorable feedback throughout the 
entire treatment period. In contrast, receiving unfavorable feedback was 
associated with significant increases in consumption above and beyond 
the effect of assignment to Average or Efficient Reference Group treat-
ment (β = 0.00017, z = 25.86, p < 0.001). This equates to a predicted 
15% increase in consumption from baseline relative to control for a 
household receiving exclusively unfavorable feedback throughout the 
entire treatment period. 

Overall, we see preliminary evidence that the Valence of feed-
back—independent of the specific Target or the Distance of that feed-
back—may play a significant role in shaping future behavior. The more 
positive feedback that people receive, the more likely they may be to 
continue cutting energy usage. 

5.2. Distance effects 

We were interested not only in whether receiving favorable or un-
favorable feedback had an impact on consumption but also in whether 
receiving highly favorable or highly unfavorable feedback (e.g., 200% 
better or worse than the reference group) impacts residents differently 
than receiving slightly favorable or slightly unfavorable feedback (e.g., 
2% better or worse than the reference group). To this end, we examined 
the cumulative average feedback percentages that residents received (i. 
e., the cumulative average distance from the reference group of favor-
able and unfavorable feedback), again using a negative exponential 
weighting function to give more weight to more recent feedback. 

Our estimation, reported in Table 4 (Model 2), reveals that energy 
consumption was significantly lower for larger distances of favorable 
feedback (β = − 0.00075, z = − 45.10, p < 0.001). This association 
corresponds to approximately a 7% reduction in consumption for every 
10% better than the reference group that a household performed. In 
contrast, consumption was significantly higher for larger distances of 
unfavorable feedback (β = 0.00033, z = 56.68, p < 0.001). This corre-
sponds to approximately a 3% increase in consumption for every 10% 
worse than the reference group that a household performed. Thus, 
Distance may act as an amplifier—the directional response to favorable 
and unfavorable feedback is preserved, and the resulting change in 
consumption is magnified with a greater distance from the reference 
group. Because these factors were not randomly assigned, however, the 
true interaction between Distance and Valence is uncertain. For a test of 
the robustness of these results, see Appendix note N2. 

5.3. Discussion 

Taken together, our results suggest that peer comparisons may have 
a favorable impact when the feedback itself is favorable but a backfiring 
effect whenever this feedback is unfavorable. Moreover, this effect may 
be amplified by the Distance by which a person overperforms or 
underperforms relative to the reference group. 

While Study 1 offered important clues about the effects of normative 
feedback, there are a few crucial limitations of the study. First, while 
Target was randomly assigned, the resulting Valence and Distance 
feedback was not randomly assigned. Instead, performance during week 
W was endogenous with feedback at the end of week W and thus 

potentially related to subsequent response in week W + 1. This leaves 
open the concern that, for instance, people who are better at conserva-
tion respond differently to normative feedback regarding their con-
sumption than those who are worse. A second limitation is that the 
selection of Target is not wholly orthogonal to the feedback regarding 
Distance and Valence. This means that we cannot fully disaggregate 
their independent contribution. Rather than being randomly assigned, 
Distance and Valence were mechanically determined by the random 
assignment to Target for a given level of conservation. Finally, we have 
estimated the cumulative effects of repeated treatment from normative 
Distance and Valence feedback, but not the independent effect of single- 
shot normative feedback. There are at least three concerns with this. 
First, there might be a difference between repeated versus one-off 
normative feedback. Second, we do not experimentally control—and 
thus cannot causally estimate—the effect of differences in the amount of 
exposure to treatment. Some participants checked their bills only 
monthly, whereas others voluntarily checked the web dashboard daily. 
Last, using a negative exponential weighting function, we have made 
assumptions about the effect of receiving mixed-valence feedback across 
many different exposures to normative comparisons (i.e., the effect of 
receiving positively valenced feedback some weeks and negatively 
valenced feedback other weeks), but these assumptions may not turn out 
to be correct. There could be order effects, dosage effects, contrast ef-
fects, or other interactions associated with multiple exposures to feed-
back that we could not observe in our analysis. Therefore, we randomly 
assign Distance and Valence feedback in Study 2 and Studies 3a-c, 
respectively, to address some of these limitations in Study 1. 

6. Study 2: daily step count and the independent effects of 
distance 

We believe one of the central reasons for the backfire effect associated 
with the Efficient Reference Group condition observed in Study 1 is that, by 
definition, (a) a far larger percentage of households received negatively 
valenced feedback, and (b) the households receiving negative feedback 
were at a greater Distance behind the reference group compared to those in 
the Average Reference Group condition. Study 2 was designed to further 
explore the effect of Distance in another domain of societal importance: 
personal health. In Study 2, we encourage people to walk more using 
normative feedback based on step-count data provided by a smartphone 
pedometer application. Study 2 seeks to address some of the limitations of 
Study 1. First, feedback was randomly assigned, which helps resolve some 
of the endogeneity concerns described above. Second, all participants were 
given feedback relative to the top performers (thus holding Target fixed) 
and were told that they underperformed compared to this benchmark (thus 
holding Valence fixed). Because Study 1 revealed backfiring effects of 
comparing households against top performers, in Study 2 we wanted to 
decompose the extent to which this was driven by the comparison against 
this specific Target group versus the extent to which it was driven by being 
a greater Distance from the benchmark. This design enabled us to cleanly 
establish the independent effect of Distance. Feedback was given only 
once, with a baseline observation period before the feedback was randomly 
assigned, and a treatment observation period after the feedback. The study 
therefore looks at the effects of a single instance of social comparison 
feedback, similar to an analysis of household energy consumption in the 
week immediately after the first round of feedback in Study 1 (see Ap-
pendix Table A5 for this analysis). Beyond this, our goal for Study 2 was to 
understand the mechanism driving the response to normative feedback 
observed in Study 1. Feeling relatively far from some benchmark has been 
shown to be demotivating (Rogers & Feller, 2016), especially when a 
distant comparison leads people to believe that their best effort will not be 
enough to match the benchmark (Lockwood & Kunda, 1999). We therefore 
hypothesized that informing participants that they were very far behind 
some normative benchmark, compared to informing people that they were 
very close to the benchmark, leads to lowered subsequent performance 
because it lowers self-perceived ability to reach that benchmark. Hence, in 
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Study 2 we measured participants’ perceived self-efficacy to match or 
outperform the Target group in the post-feedback observation period. 

6.1. Methods 

In Study 2, based on power calculations and a pre-test to estimate 
attrition, we sought a final sample of 650 participants but, because of 
higher-than-expected attrition, we ended up with only 434 participants 
(Mage = 36.2, SDage = 10.8, 60% female) recruited via Amazon’s Me-
chanical Turk platform. Study 2 was conducted in three parts, with each 
part separated by a week in between: (1) initial recruitment, (2) random 
assignment to treatment, then (3) data upload and survey follow-up. 
Participants were paid at market rate for the platform as compensa-
tion for their time, and all participants were offered a $2 bonus if they 
completed all three parts. Initially we recruited 967 participants in part 
1, but 306 participants (32%) failed to log in for part 2. Of the 661 
participants who participated in part 2, an additional 227 (31%) failed 
to log in for Wave 3. A chi square test of independence finds that there 
was no significant differential attrition by condition (χ2 (1, 208) =
0.012, p = 0.912). 

In part 1, participants answered a set of screener questions to 
determine eligibility for participation in the study. These questions 
included whether they had an iPhone or Android smart phone, if they 
agreed to download an app and leave it on their phone for the duration 
of the study, and whether they had any physical limitations hindering 
their ability to walk. Participants who qualified were given instructions 
to download and set up a specific pedometer application, tested to 
ensure that the settings were correct, and verified that they were able to 
upload the app’s data export. Finally, participants were reminded of the 
timeline and incentives of the study. 

A week later, when participants logged in to participate in part 2, 
they uploaded their data and were briefly shown a “pinwheel” icon 
suggesting that calculations were being performed. Participants were 
then told, “Your performance was compared to the highest performers 
(the top 20%) of [participant’s self-reported gender] aged [participant’s 
age ± 5 years] who participated in a previous version of this study.” 
Participants were randomly assigned to either the “near” or “far” con-
dition and, depending on condition, told, “According to these analyses, 
you were 4 [39] percentage points behind the highest performers.” The 
specific values for the number of percentage points behind the bench-
mark were decided upon after out-of-sample pre-testing in this setting. 

Finally, in part 3, participants logged in once again and immediately 
uploaded their step-count data. Participants then answered some survey 
questions designed to assess the hypothesized psychological mechanism, 
motivation going into the next round (i.e., In Week 2, whether partici-
pants thought they could match the top performers from Week 1; − 3 =
definitely could not, +3 = definitely could). Finally, participants were 
debriefed on the false feedback that they received using both process 
and outcome debriefing (Ross et al., 1975). Analyses and methods were 
pre-registered and all materials for Study 2 can be found online. 

6.2. Results and discussion 

Given the questions left open by Study 1, Study 2 was designed to 
isolate the effects of Distance by providing randomly assigned normative 
feedback. Moreover, Study 2 offered the chance to test the generaliz-
ability of the findings from Study 1 in an entirely new domain. Finally, 
most importantly, Study 2 enabled us to test for a psychological mech-
anism via survey measures that were administered in Study 2 but were 
not feasible to ask of participants in Study 1. We predicted that, 
compared to telling participants that they were close to the top- 
performers, telling participants that they were far from the top- 
performers would result in worse subsequent performance, as 
measured by the number of steps taken in the following week, mediated 
by their lowered perceived ability to match the Target group. 

As anticipated, telling participants that they were relatively far from 

the benchmark resulted in substantially fewer steps the following 
week—an average of nearly 1500 fewer steps—compared to those who 
were told they were relatively close. Analysis reveals that this total effect 
of condition, controlling for prior step-count, was considerable (β =
− 1497.14, t = − 1.95, p = 0.052).2 

Our results further show that the relationship between Distance and 
subsequent performance was significantly mediated by perceived ability 
to match the Target group. As Fig. 1 illustrates, the regression coefficient 
between Distance and perceived ability to match the reference group 
was statistically significant (β = − 0.79, t = − 5.09, p < 0.001), as was the 
regression coefficient relating perceived ability to match the reference 
group and subsequent performance (β = 824.45, t = 3.37, p < 0.001). 
The estimate of the indirect effect was − 652.98 steps. 

We tested the significance of this indirect effect using bootstrapping 
procedures. Unstandardized indirect effects were computed for each of 
10,000 bootstrapped samples, and the 95% confidence interval was 
estimated. The bootstrapped unstandardized indirect effect of − 652.98 
had a 95% confidence interval of [− 1190.31, − 235.62], thus the indi-
rect effect through the perceived ability to match Target was statistically 
significant. The estimated average treatment effect suggests that the 
indirect effect of being relatively far from the benchmark via its negative 
impact on perceived ability to match the Target is associated with taking 
about 650 fewer steps the following week. Considering these results 
alongside the findings from Study 1, we conclude that receiving negative 
social comparison information reduces people’s sense of their ability to 
match the Target benchmark, which in turn reduces their post-feedback 
performance. This finding is consistent with the pattern reported by 
Rogers and Feller (2016), who found that students who observed the 
work of very high-performing peers felt that this level of achievement 
was not personally attainable and thus were more likely to perform 
worse in an online course. 

7. Study 3: three experiments testing the independent effects of 
valence 

As discussed in Section 2.3, it is an open question how the Valence of 
feedback might affect performance. On the one hand, our provisional 
decomposition results of Study 1, in line with others (e.g., Tybout & Yalch, 
1980), showed that positively valenced feedback engenders higher subse-
quent performance than negatively valenced feedback. On the other hand, 
however, past research (e.g., Schultz et al., 2007) has shown that nega-
tively valenced feedback can cause performance improvement and, at least 
in the absence of an injunctive norm, positively valenced feedback can 
cause performance reductions. Relatedly, Berger and Pope (2011) find that 
basketball teams who are losing by one point at halftime are more likely to 
win than the team who is ahead. Together, the experiments in Study 3 
sought to determine the impact of the Valence of normative feedback while 
holding constant the effects of Distance and Target. Moreover, we sought to 
investigate this phenomenon in additional domains of task performance. 
Our goal for Study 3a was to investigate how Valence impacts motivation 
toward future performance in a word-search task. Then, in a design similar 
to Study 2, in Study 3b we tested an indirect effect of Valence on step-count 
through the measures of motivation used in Study 3a. Finally, in Study 3c 
we tested how receiving negatively valenced feedback on a typing test 
impacts performance compared to receiving positively valenced feedback. 
Analyses and methods were all pre-registered, and all materials can be 

2 Not having technical issues in our pre-test, we did not pre-register that 
analyses would exclude participants whose pedometer app reported them 
having taken 0 steps in Week 1 or Week 2, presumably the result of a technical 
glitch. Removing all participants whose data reported 0 steps in either wave, as 
well as one participant whose data reported only having taken 15 steps all 
week, left a sample with no one taking<100 steps in the week. Estimating the 
effects after dropping these three participants yielded a similar, significant ef-
fect of condition on increased step-count (β = 1514.91, t = − 1.96, p = 0.050). 
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found online. 

7.1. Study 3a: word search and the motivational impact of valence 

After receiving normative feedback, people make meaning of this 
feedback in ways that affect their future performance. We were inter-
ested in determining whether negatively valenced feedback (compared 
to positively valenced feedback) is dispiriting, causing people to feel 
demotivated and demoralized, or if it is instead encouraging, inspiring 
feelings of motivation to strive to match the Target. Thus, in Study 3a we 
randomly assigned positively or negatively valenced feedback, holding 
Distance and Target constant, and measured participants’ reactions to 
the feedback and plans for subsequent effort toward a similar task. 

7.1.1. Study 3a methods 
In Study 3a, we recruited a sample of 436 participants from Amazon’s 

Mechanical Turk platform who passed our attention checks. After 
excluding participants based on our pre-registered exclusion criter-
ia—those who failed a manipulation check asking them to recall the 
Valence of their feedback and those who reported not believing the feed-
back in an open-response question—we were left with 305 participants 
(Mage = 38.8, SDage = 12.2, 50% female). There was no significant dif-
ferential attrition by condition for failure on the Valence manipulation 
check (χ2 (1, 436) = 0.659, p = 0.417) nor for failure on the open-response 
mentions of false feedback (χ2 (1, 436) = 0.108, p = 0.742). After an initial 
attention screener, participants were informed that they would participate 
in two rounds of a word-search task in which their job was to find as many 
words as possible in a 20 × 30 array of letters. They were informed that 
they would receive peer-comparison feedback in between rounds, and then 
they began the Round 1 word-search task lasting three minutes. At the end 
of Round 1, participants were (truthfully) told the number of words they 
found and were randomly assigned to be informed that they performed 
either 59% better or 59% worse than the average of the top 20 participants 
who had previously completed the word-search task. 

After receiving this feedback, participants were asked a series of 
three questions designed to understand how the feedback impacted their 
motivation going into Round 2. Participants were asked, in a random 
order, how discouraged or encouraged they felt about their word-search 
abilities (-4 = Extremely discouraged, +4 = Extremely encouraged), 
how motivated or demotivated they were feeling going into Round 2 
(− 4 = Extremely demotivated, +4 = Extremely motivated), and how 
well they expected to do in Round 2 (1 = Terrible, 5 = Excellent). This 
final question was rescaled in our analysis to match the range of the 
other two measures. 

Per our pre-registration plan, Cronbach’s alpha was calculated for 
the three questions that participants were asked after receiving the 
(false) feedback. This test showed an acceptable reliability of the three 
items (α = 0.85), with no improvements to reliability resulting from 
excluding any of the measures. Thus, an index of motivation was con-
structed by averaging the scores on the three items for each participant, 
forming the key dependent measure of interest in Study 3a. 

7.1.2. Study 3a results and discussion 
The central purpose of Study 3a was to explore how the Valence of 

feedback impacted participants’ motivation going into the next round of 
the task. We wanted to test whether negative feedback was discouraging or 
encouraging of planned effort for subsequent performance. Of course, 
planned effort is a noisy measure of actual effort expended in later rounds, 
and performance on this task is itself only partially related to pure effort (i. 
e., simply trying harder may not be enough to actually find more words in a 
word-search task just as wanting to conserve more energy may not actually 
result in greater conservation). Nonetheless, how feelings, motivation, and 
planned effort shift in response to positive versus negative feedback is an 
important first insight to understanding the effects of Valence. 

On a 9-point motivation scale centered at zero, the average score for 
participants who were told that they performed better than the Target 
was 1.83 (SDpositive = 1.14). However, as predicted, telling participants 
that they performed worse than the Target resulted in significantly 
lower motivation (Mneg = − 0.46, SDneg = 1.53; β = − 2.29, t = − 14.81, 
p < 0.001). Because this feedback was randomly assigned, we take this 
as evidence that receiving negative social comparison information—at 
least when comparing a Distance of 59% ahead of or behind a Target of 
top performers—reduces people’s sense of their abilities and motivation 
to perform well in later rounds. Of note, we do not find evidence that the 
impact of negatively valenced feedback varies systematically with ab-
solute performance during Round 1 (βinteraction = − 0.12, t = − 0.39, p =
0.700). Thus, it seems, ceteris paribus, that positively valenced feedback 
leads to higher motivation compared to negatively valenced feedback. 

7.2. Study 3b: daily step count and the effect of valence 

Study 3a demonstrated that positively valenced feedback engenders 
greater motivation compared to negatively valenced feedback. In Study 
3b we wanted to see whether this motivating effect of positive Valence 
would in turn result in more improved performance compared to 
negatively valenced feedback. To study this, we replicated the crucial 
elements of Study 2′s design using a pedometer smartphone application, 
this time testing the independent effect of Valence. 

7.2.1. Study 3b methods 
Study 3b was a replication of Study 2 with a few critical changes. 

First, each wave of observation lasted only one day rather than six. 
Second, the feedback that was randomly assigned to participants be-
tween Wave 1 and Wave 2 manipulated the Valence of the normative 
comparison, not the Distance. After uploading their Wave 1 data, par-
ticipants were told that they performed either 39% better or 39% worse 
than the highest performers participating in the study. The top- 
performing group was once again defined as the top 20% of partici-
pants, but this time we did not indicate that participants were only being 
compared to members of their age and gender bracket. 

In Study 3b, based on the assumption that attrition rates and the 
effect size would be similar to those observed in Study 2, we sought to 
recruit a sample of 1500 participants to the initial screener with a goal of 
a final sample of about 800 participants. Unfortunately, we were only 

Fig. 1. Regression coefficients for the relationships between distance and subsequent steps as mediated by perceived ability to match the target. The coefficient of the 
direct effect of distance on subsequent number of steps walked, controlling for perceived ability to match, is in parentheses. ‘p < 0.06, *p < 0.05, **p < 0.01, ***p 
< 0.001. 

J.E. Bogard et al.                                                                                                                                                                                                                               



Organizational Behavior and Human Decision Processes 161 (2020) 61–73

70

able to recruit 1069 participants to the initial screener. Of them, only 
195 qualified to participate in the study based on possessing either an 
iPhone or Android-based smartphone, willingness to download the 
pedometer app and share data with us, self-report of having minimal to 
no physical limitations on their ability to walk, and passing our attention 
checks. Of them, 72 participants (37%, similar to Study 2) did not log in 
for the part 2 data upload and experimental manipulation of feedback. 
Of the 123 participants who uploaded their data and received feedback 
at this mid-point (the experimental manipulation), only two did not log 
in two days later for the final data upload. In the end, we had a final 
sample of 121 participants (Mage = 36.1, SDage = 10.6, 41% female) of 
Amazon Mechanical Turk workers. Of them, 61 participants were 
randomly assigned to receive negatively valenced feedback and the 
other 60 participants received positively valenced feedback. 

There were two critical measures of interest in Study 3b. First, we 
measured Wave 2 step-count after receiving the randomly assigned 
Valence feedback. Second, we constructed a “Wave 2 Motivation” index 
similar to the dependent measure used in Study 3a. We wanted to see if 
this Wave 2 Motivation index mediated the effect of feedback Valence on 
Wave 2 step-count. 

7.2.2. Study 3b results and discussion 
Our results show, as predicted, a significant indirect effect of Valence 

on subsequent step-count through the Wave 2 Motivation index. 
Receiving positive feedback significantly increased Wave 2 motivation 
(i.e., the a-path) compared to negative feedback (Mnegative = − 0.35, 
Mpositive = 2.57; β = 2.92, t = 7. 24, p < 0.001). The association between 
motivation and Wave 2 step-count while controlling for Wave 1 step- 
count (i.e., the b-path) was nearly statistically significant (β = 205.4, 
t = 1.97, p = 0.051). Together, the estimated indirect effect was 584.22 
steps. We tested the significance of this indirect effect again using 
10,000 bootstrapped samples to compute the 95% confidence interval. 
The bootstrapped indirect effect had a 95% confidence interval of 
[47.66, 1156.74], thus the effect of feedback Valence on subsequent 
step-count was significantly mediated by the Wave 2 Motivation index. 
In sum, we find evidence consistent with the hypothesis that, compared 
to negatively valenced feedback, positively valenced feedback encour-
ages motivation and results in improved performance. 

We note that we did not observe a statistically significant total (un-
mediated) effect on step-count the day after receiving feedback. The 
average number of steps during the one-day observation period 
increased from Wave 1 to Wave 2 for both groups, with those receiving 
positively valenced feedback (Mgrowth = 426.3, SDgrowth = 2839.2) 
improving by over three times as many steps as those receiving nega-
tively valenced feedback (Mgrowth = 122.3, SDgrowth = 2472.3). None-
theless, this difference of more than 300 steps did not approach 
statistical significance (β = 382.7, t = 0.82, p = 0.41), perhaps due to the 
drastically smaller-than-anticipated sample size and extremely large 
standard errors that resulted. 

7.3. Study 3c: feedback valence and typing speed 

The goal of Study 3c was to weave together our findings from Study 
3a and Study 3b to establish an effect of feedback Valence on subsequent 
performance. To do this, we moved into the domain of typing perfor-
mance, one that is largely though not wholly influenced by effort. That 
is, while some amount of typing performance is determined by skill and 
practice, some degree of typing performance can be explained simply in 
terms of in-the-moment effort and care. Moreover, there is an implicit 
injunctive social norm of “more is better.” For this reason, we tested the 
effect of randomly assigned Valence of normative feedback on typing 
performance. Further, to test the generalizability of the effect of 
Valence, in Study 3c we randomly assigned positively or negatively 
valenced feedback compared to a Target of average performers (unlike 
Studies 2, 3a, and 3b, in which we used a Target of top performers). 

7.3.1. Study 3c methods 
In Study 3c, we recruited a sample of 597 participants from Prolific 

who passed our attention checks (Mage = 34.5, SDage = 12.3, 46% fe-
male). As pre-registered, we also conducted all analyses described below 
after excluding participants who indicated that they did not believe that 
the feedback they received between Round 1 and Round 2 was an ac-
curate report of their performance compared to others. This left a sample 
of 439 participants (Mage = 33.9, SDage = 12.0, 46% female). It is 
noteworthy that, unlike in other studies, there were different rates of 
disbelieving the veracity of the feedback between conditions with this 
study design (χ2 (1, 597) = 19.661, p < 0.001). 

Study 3c took place in three critical phases. In part 1, after an intro-
duction, participants were informed that they would have 30 s to tran-
scribe as much of a block of text as they could. Participants were told to 
move as quickly as possible but informed that they would be judged based 
only on the number of correctly typed words, so performance was measured 
as accurate typing. Then in part 2, after the first typing test, participants 
were informed of their (true) number of words typed in Round 1, and were 
randomly assigned to be told that they had performed either 39% better or 
39% worse than the average participants in the study. They were then told, 
“Remember to type quickly, but your words only count if there are no 
typos.” Finally, in part 3, participants had six minutes to type as much as 
they could as accurately as they could. We made Round 2 considerably 
longer than Round 1 because we speculated that any differences in moti-
vation caused by the Valence of feedback would be amplified if partici-
pants were given a longer time in Round 2. 

Our critical dependent measures of interest were captured in Round 2: 
accuracy and total wordcount. First, we counted the total number of words 
typed during Round 2 of the typing test. Then, we used these words that 
participants typed to construct a measure of typing performance: how 
accurately participants transcribed the text. We wanted to see if those who 
were given positively valenced feedback would be more accurate in the 
text that they transcribed than those who were given negatively valenced 
feedback. To measure this, we calculated a similarity score using the 
Optimal String Alignment (“OSA”) method, a method similar to the 
Damerau-Levenshtein Distance calculation. The OSA compares the text 
that was inputted with the part of the original text that was transcribed, 
allowing for transposition of adjacent characters. These scores, based on 
the number of changes that would be required to make the inputted text 
match the original, represent the similarity of the inputted text to the 
original. OSA scores range from 0 to 1, where a score of 1 means that the 
inputted text perfectly matches the original text. We chose to measure 
these two dimensions of speed and accuracy separately in order to both 
have a finer resolution for detecting differences on each individual 
dimension, and also to separately capture the effects for these two di-
mensions on which participants could trade off. 

7.3.2. Study 3c results and discussion 
In Study 3c, we were interested in the effect of feedback Valence on 

typing test performance. First, we find no significant effect when using 
the full sample of participants. Including those who rejected the veracity 
of our feedback—a full 26% of participants—was enough to eliminate 
any effect of condition.3 Turning toward the pre-registered analysis of 

3 As one might expect, participants who did not believe our feedback were 
less impacted by it. For those receiving negative feedback, participants who did 
not believe the negative feedback were more motivated and performed better 
than those who did believe the negative feedback (Motivation: Mbelieved=0.8 vs. 
Mdisbelieved=1.1; Performance: Mbelieved=0.95 vs. Mdisbelieved=0.97; Wordcount: 
Mbelieved=237 vs. Mdisbelieved=312). The opposite pattern held for those who 
received positive feedback and did not believe it: Participants who did not 
believe the positive feedback were less motivated and performed worse than 
those who did believe the positive feedback (Motivation: Mbelieved= 1.8 vs. 
Mdisbelieved=1.1; Performance: Mbelieved=0.97 vs. Mdisbelieved=0.95; Wordcount: 
Mbelieved=267 vs. Mdisbelieved=247). 
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those participants who did not report disbelieving the accuracy of the 
feedback, we find the predicted positive effect of positively valenced 
feedback (see Tables Tables 5a and 5b). In the typing test, positively 
valenced feedback caused an improvement in typing performance dur-
ing Round 2 (β = 0.018, t = 2.20, p < 0.05). This relationship is similar 
even when controlling for Round 1 performance (β = 0.015, t = 2.14, p 
< 0.05). 

In addition to examining the effect of positively or negatively 
valenced feedback on typing performance, we also examined whether 
valence of feedback had an impact on the total number of words that 
participants typed. As with typing performance, the number of total 
words typed during Round 2 increased from receiving positively 
valenced feedback (β = 29.8, t = 10.01, p < 0.004). However, this 
relationship was no longer statistically significant once controlling for 
the number of words typed during Round 1.4 

These results, when joined with Study 3a, Study 3b, and the 
decomposition analyses of Study 1, suggest an independent effect of the 
Valence of normative comparisons. While normative comparison feed-
back may in aggregate improve performance, we show that this effect is 
not uniform across those receiving favorable versus unfavorable 
comparisons. 

8. General discussion 

Taken together, the results of Studies 1–3 begin to paint a picture of 
the independent contribution of Target, Distance, and Valence in 
explaining people’s response to normative feedback. Overall, we find in 
Study 1 that receiving peer comparison feedback resulted in decreases in 
household energy consumption (− 2%). This is in line with previous 
studies on the effectiveness of peer comparison feedback (Asensio & 
Delmas, 2015; Chen et al., 2017). However, while our Average Refer-
ence Group treatment resulted in large energy consumption decreases 
(− 6%), our Efficient Reference Group treatment resulted in energy 
consumption increases (+4%). Further, we found that the effect of 
different Targets depended on household-specific characteristics. In the 
Efficient Reference Group treatment, households with members who 
belong to an environmental organization and those with children, 
decreased their consumption. In exploring these relationships, we found 
that receiving more negatively valenced feedback was associated with 
an increase in consumption (+15%), while receiving more positively 
valenced feedback was associated with decreased consumption (− 22%). 
Moreover, decomposition analyses showed that the Distance was 
correlated with the size of the response. Then, using randomized (false) 
feedback to establish the independent effect of Distance, in Study 2 we 
found that being further behind a benchmark decreases subsequent 
performance through a lowered belief in ability to match that Target. 
Finally, in Studies 3a-c, using randomized feedback to identify the in-
dependent effect of feedback Valence, we find that negatively valenced 
feedback lowers motivation and subsequent effort, which in turn is 
associated with worse subsequent performance. Our chief purpose in 
this project was to establish these three dimensions as critical elements 
of peer comparison feedback. 

8.1. Target, distance, and valence: the three elements of peer comparison 
feedback 

When considering the effects of peer comparison feedback, it is 
important to account for how the individuals receiving the feedback 
perform relative to the reference group. In the current investigation, we 
find that peer comparison feedback is not uniformly helpful but depends 
on the specific Target, Distance, and Valence for each feedback recip-
ient. Moreover, we find that individual demographic and attitudinal 
factors—in this case, whether a person has children or strong pro- 
environmental beliefs—may moderate the effect of Target. This sug-
gests that whenever choice architects intent on providing normative 
feedback have the option to select a reference group, they should do so 
carefully. In choosing a reference group, the choice architect is also 
choosing to selectively motivate some and demotivate others based on 
the proportion of people who will receive negatively valenced feedback 
and how far from the Target people will be on average. 

8.2. Future directions 

Having the framework of three separate dimensions of Target, Dis-
tance, and Valence allows for a deeper, more nuanced future study of 
normative feedback. Using these independent elements of peer com-
parison, we now turn toward insights and questions raised from our 
investigation to motivate future research. 

One avenue for further exploration relates to how different labels for 
a given reference group (i.e., Target) can influence behavior. Whereas 
Meeker and colleagues (2016) find an overall positive effect on lowering 

Table 5a 
Study 3c Results: Accuracy.   

Dependent variable:  
Round 2 Accuracy 

positive valence 0.018* 0.015*  
(0.008) (0.007) 

r1 accuracy  0.457***   
(0.063) 

intercept 0.950*** 0.521***  
(0.006) (0.060) 

Observations 439 435 
R2 0.011 0.115 
Adjusted R2 0.009 0.111 
F Statistic 4.829* (df = 1; 437) 28.062*** (df = 2; 432) 

Note: *p < 0.05 **p < 0.01 ***p < 0.001. 
The ’positive valence’ condition variable is dummy-coded. 

Table 5b 
Study 3c Results: Wordcount.   

Dependent variable:  

Round 2 Wordcount Growth 
Score 

positive 
valence 

29.803** 4.297  27.210**  

(10.077) (5.339)  (9.345) 
r1 

wordcount  
9.836*** 9.869***    

(0.290) (0.287)  
intercept 237.144*** 17.908* 19.527** 214.856***  

(7.528) (7.571) (7.296) (6.981) 
Observations 439 439 439 439 
R2 0.020 0.731 0.730 0.019 
Adjusted R2 0.017 0.730 0.730 0.017 
F Statistic 8.747** (df 

= 1; 437) 
591.848*** 
(df = 2; 436) 

1,184.003*** 
(df = 1; 437) 

8.478** (df 
= 1; 437) 

Note: *p < 0.05 **p < 0.01 ***p < 0.001. 
The ’positive valence’ condition variable is dummy-coded. 

4 Perhaps explaining this, a model predicting Round 2 wordcount just from 
Round 1 wordcount alone shows that 73% of variation in Round 2 wordcount 
can be explained simply from Round 1 wordcount (β = 9.87, t = 34.4, 
p<0.001). However, this relationship is much weaker for overall typing per-
formance, with Round 1 accuracy explaining just 10% of variation in Round 2 
accuracy (β = 0.45, t = 7.15, p<0.001). We did not anticipate Round 1 
wordcount impacting Round 2 wordcount so much. In an analysis that was not 
pre-registered, we calculated a different dependent measure by subtracting 
Round 1 wordcount from Round 2 wordcount. This “difference score” effec-
tively takes Round 1 performance into account while constraining the amount 
of variation it is able to explain in the model. On this specification, Valence is 
once again statistically significant, with positively valenced feedback leading to 
more improvement (β = 27.21, t = 2.91, p<0.004). 
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inappropriate antibiotic prescribing rates by comparing doctors against 
“top-performers,” we find an overall negative impact of comparing 
neighbors against their “most efficient” peers. One factor that could be 
driving this divergent pattern of results is a different attitude toward the 
labels themselves among the different populations. For instance, how 
doctors feel about being compared to top performers may differ from 
how homeowners feel about being compared to their most efficient 
neighbors. 

Additionally, when people have an internal reference point (Bell & 
Bucklin, 1999) of the level of performance that is judged to be accept-
able (e.g., walking 10,000 steps or consuming 2000 calories per day as a 
meaningful benchmark), this may moderate the effect of normative 
feedback. When performance standards are more uncertain or harder to 
evaluate, people may look to peers’ performance more when evaluating 
personal performance. Additionally, it is possible that there are indi-
vidual differences (e.g., growth mindset) that may explain why some 
people respond positively to positive feedback and others are more 
motivated by negative feedback. 

Further, more work is needed to identify differences and similarities 
in the effects of Target, Distance, and Valence of single-shot versus 
repeated normative messaging, as well as the effect of varying frequency 
of messages. For instance, consider someone who receives negatively 
valenced feedback after Wave 1 who then, in response, increases effort. 
Whether that person receives no more feedback, negative feedback, or 
positive feedback after Wave 2 would likely have a sizeable impact on 
continued motivation, effort, and performance. This sort of experi-
mentation and learning from feedback often, though not always, occurs 
when people receive normative comparisons. Moreover, if feedback is 
repeated, the frequency and timing of feedback could exert substantial 
influence on performance and whether an identity as a top- or low- 
performer begins to set in. Someone who constantly receives similar 
feedback may quickly develop a stable identity as an under- or top- 
performer, leading to long-run behavior change. If, however, frequent 
feedback typically vacillates between positively and negatively valenced 
messaging, this could have an overall backfiring effect if it undermines a 
person’s feelings of self-efficacy and control (Major et al., 1991). 

Last, future work should consider a fully crossed design of random-
ized Target, Distance, and Valence social comparisons in order to 
explore the possibility of various two- or three-way interactions. We 
expect that the three independent effects of Target, Distance, and 
Valence do in fact interact to shape people’s responses. It is conceivable 
that the effect that Valence has on Distance may change if people are 
compared to an average versus a top-performing Target. Perhaps, for 
instance, being a small distance behind a top-performing target is more 
motivating than being a medium distance ahead of a low-performing 
target. It is important, therefore, to separate and interact all three of 
these dimensions independently in a controlled way, accounting for the 
moderators discussed throughout. If Target, Distance, and Valence all 
interact in their combined effect on people, disentangling these forces 
may help to explain sometimes differing results observed in the litera-
ture (e.g., Meeker et al., 2016 versus Schultz et al., 2007). 

9. Conclusion 

Any time a teacher posts the results of a class test or a manager posts 
a quarterly performance report, they are giving people the chance to 
compare their performance against others. This feedback can cause 
sizeable changes in subsequent behavior depending on who the Target 
group is, how far one is from that benchmark, and whether one over-
performed or underperformed against that benchmark. Moreover, each 
of these factors can have a very different effect on motivation and per-
formance depending on a host of other moderating variables. Choosing 
to compare people against some normative benchmark necessarily 
means choosing a Target, Distance, and Valence of feedback. The would- 
be choice architect must therefore make these decisions wisely. Absent 
careful thinking, social comparison feedback can backfire significantly. 

Thus, choice architects might instead consider implementing individu-
ally tailored social comparisons whereby different people, depending on 
what they care about and what their baseline performance is, are 
compared against different benchmarks. Harnessed wisely, normative 
feedback can improve health, wellbeing, performance, and behavior 
toward the common good. 
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