
Pre-analysis plan for study “Norm-based feedback on household waste: a 
large-scale field experiment in two Swedish municipalities” 

 

1. Introduction 

Over the last decade or so, there has been a marked upsurge of research into ‘norm-based 

feedback’ interventions, which aim to reduce the consumption of some resource by providing 

users with information about their use compared to similar peers, e.g. neighbors in their 

community. Many such studies have been carried out on energy or electricity use (Schultz et 

at, 2007; Allcott, 2011; Ayres et al, 2012; Costa & Kahn, 2013; Allcott & Rogers, 2014; LaRiviere 

et al, 2014; Allcott, 2015; Dolan & Metcalfe, 2015; Alberts et al, 2016; Andor et al, 2018; 

Allcott & Kessler, 2019) and water use (Ferraro & Price, 2013; Jaime Torres & Carlsson, 2018). 

However, as far as we are aware, no published study exists on the effect of providing 

household-specific norm-based feedback within the waste domain, which is the central 

contribution of our project. 

We run separate randomized controlled trials of norm-based feedback on household residual 

waste (the unsorted waste fraction) in two municipalities in western Sweden, Partille and 

Varberg. In total, some 20,000 single-family houses participate in these studies, about three-

quarters of which are located in Varberg. As in previous studies, the aim of the experiment is 

to examine whether treated households that receive feedback reduce their generation of 

residual waste compared to a control group that does not receive feedback.  

Our main feedback condition, which we term “static” feedback, is a replication of the by now 

standard Opower-style norm (e.g. Ayres et al 2012; Allcott & Rogers, 2014). This involves 

mailing letters comparing each household’s own amount of generated residual waste (in 

kilograms per person) with (i) average residual-waste generation among a set of roughly 100 

“comparable” households, and with (ii) average waste generation among the “top” 20% 

within that set, i.e. the (roughly) 20 households that generated the least waste. We also 

explore differently presented, “dynamic” feedback. These letters emphasize changes from 

one period to the next and is inspired by Sparkman & Walton (2017), who provide evidence 

that norms focusing on changes in behavior, rather than snapshot pictures of consumption 

differences within a population, are more effective at reducing use. 

Both participating municipalities had pay-as-you-throw incentives in place prior to the study 

period and weigh all waste bins during collection. We therefore collaborate with each 

municipal waste department to base all types of feedback on actual household-level data, so 

that the information provided is accurate. The feedback letters are stamped with the 

municipality logo and sent out every four or twelve weeks (depending on the treatment arm) 

across March-October 2019. At the bottom of each letter, we include an URL to a home page 

where participants can opt out of the experiment. 

The structure of this document is as follows. Section 2 describes the parameters of the 

experiment, including feedback design, in greater detail. Section 3 lists data sources used by 



the project, and section 4 outlines our randomization methodology. Section 5 provides 

information on how the feedback is constructed from waste data, as well as other details 

regarding the intervention itself. Relatedly, section 6 outlines our procedures for constructing 

e.g. our main outcome variable. Section 7 presents an ex-ante power calculation. Finally, in 

section 8, we describe what statistical methods we will use to estimate treatment effects as 

well as perform various robustness tests and supplementary analyses. 

 

2. Experimental design 

The project includes two separate studies carried out in parallel during March-October 2019 
in Partille and Varberg, two municipalities in western Sweden. As discussed in more detail in 
section 4 below, we use cluster randomization with blocking in both municipalities. We 
randomize in geographically contiguous clusters of households in order to mitigate potential 
interference between treatment and control households, which we suspect operates 
primarily between immediate neighbors. While there have been no major issues with such 
across-household spillovers when presenting norm-based feedback on energy or water use, 
we take the conservative approach in this project because we are applying norm-based 
feedback in a new domain. 

In both municipalities, households are divided roughly equally into three treatment arms, 
including a control group. However, the two treatments differ across our participant 
municipalities, as shown in Table 1. In the Partille study, we vary the frequency of feedback, 
with one treatment group receiving feedback every four weeks (“monthly”), and the other 
receiving feedback every twelve weeks (“quarterly”). Households in the “monthly” condition 
receive a total of nine feedback letters, while households in the “quarterly” condition receive 
three feedback letters (see also sections 5 and 6). In the Varberg study, we explore a different 
type of feedback that focuses on the dynamic aspects of waste reduction. This is to be 
contrasted with the “static” norm feedback provided to all other treated households. 

Partille 1. Control: no letters sent 
2. Monthly norm-based feedback letter: “static” 
3. Quarterly norm-based feedback: “static” 
 

Varberg 1. Control: no letters sent 
2. Monthly norm-based feedback letter: “static” 
3. Monthly norm-based feedback letter: “dynamic” 
 

Table 1. Experimental treatment arms in the two municipalities. 

Figure 1 provides an example of static feedback provided to households in Varberg. The setup 
is very similar to previous studies on norm-based feedback such as Allcott & Rogers (2014) or 
Andor et al (2017). The bar chart on the upper part of the page displays, from top to bottom 
and for the latest comparison period (four weeks in the “monthly” condition, twelve weeks 
in the “quarterly” condition): 



 

Figure 1. “Static” feedback in Varberg. 

 
 



(i) the receiving household’s summed residual/unsorted waste weights per person 
(ii) average summed per-person weights in a reference group of roughly 100 

households in the same treatment arm 
(iii) average per-person weights in the subset of “waste efficient” neighbors, i.e. those 

reference households that belong to the “best” (i.e. lowest) 20 percentiles of the 
weight distribution 

Following what is by now standard practice, we add an injunctive component to the norm 
with the aim of counteracting the ‘boomerang effect’, i.e. that efficient households reduce 
their efforts at the same time that inefficient households increase them (Schultz et at, 2007). 
Below the bar chart, a summary box with three possible outcomes is displayed. First, if the 
household weight is above the reference-group average, “Room for improvement” (right) is 
displayed, with the other two outcomes greyed out. If the household value is below the 
reference average and the efficient outcomes, “Good” (middle) is displayed instead, along 
with one smiling emoticon. Finally, if the household value is below the efficient average, 
“Great” (left) is displayed along with two smileys. 

The lower graph shows the evolution of the own-household weight, reference average and 
efficient average over the past twelve months. Like the upper chart, this time series is updated 
with each additional feedback letter. Finally, at the bottom of the page is a link to a web page 
with more information, including some “frequently asked questions”. Recipients are also 
informed that they may opt out from received letters in the future on this web page. 

Overall, there are few major differences in the static feedback provided to households in 
Varberg and Partille. The most substantial difference is that only households in Varberg 
receive a text evaluation of the bar chart; due to concerns about public acceptance, this 
feature was removed from the Partille feedback. In Partille, the valenced feedback is reduced 
to the use of emoticons at the right end of the bar chart, aligned with the upper (own-
household) bar. The number of smileys is the same as in Varberg, however, with e.g. one 
smiley displayed when the household weight lies between the reference average and the 
efficient average. 

Figure 2 shows an example of feedback in the dynamic condition, received only by households 
in Varberg. Here the time-series graph featured in the static feedback letter is replaced with 
a centrally placed text box, which reports how waste weights have changed over the 
immediately preceding four-week period. Thus, the dynamic feedback complements the 
period-by-period ‘snapshot’ of how weights are distributed within the reference group with 
an enhanced focus on the changes that are occurring (Sparkman & Walton, 2017).  

The text in Figure 2 reads “During the period in question, your waste weight has decreased 
by 0.3 kg/person compared with the preceding four-week period. During the same period, 45 
percent of your neighbors have reduced their waste by more than your household.” 
Households that increase their waste weight from one month to the next receive similar 
feedback, but the second sentence now reports the proportion that have reduced their waste 
at all. We do this to ensure that households are always provided with a relevant benchmark 
for comparison. 



 

Figure 2. “Dynamic” feedback in Varberg. 

 



Each feedback letter also includes text on the back, with general information regarding the 
recycling opportunities in the municipality and some specific tips on how to reduce waste 
(e.g. by planning food purchases, putting a “no ads” sticker on the mailbox). This page did not 
vary across time, although there was some variation across the two municipalities. An 
example back page (for Varberg) is given in Appendix A. 

 

3. Data sources 

We will use the following sources of data: 

1) A list of all single-family homes served by each municipal waste department, for 
performing treatment (cluster) randomization, see section 4. 
 

2) Household and collection specific waste weights, for use in (i) construction of norm-
based feedback (see section 5) and program evaluation (see sections 6-8). The raw 
data contains one line per bin-specific collection event; we will sum associated weights 
across longer time periods and also perform a number of trimming measures, see 
sections 5 and 6. This data set includes a variable which allows us to identify the length 
of the waste collection cycle chosen by that household, e.g. once every two weeks. 
 

3) Swedish Tax Authority data on the number of registered residents and each resident’s 
personal identification number (from which age may be deduced) at all addresses in 
Partille and Varberg. This data set will be used both when constructing norm-based 
feedback (section 5) and in data analysis (sections 6-8). 
 

4) A list of households that have opted out of the study, to be collected continuously 
during the study, see section 5. For reasons of data protection, this list will be handled 
by a third party and will not be accessed by the authors of the study. Households that 
have opted out will no longer receive norm-based feedback during the intervention 
period (section 5), but will be included in subsequent data analysis (sections 6-8). 
However, their identity at that stage will be unknown to the researchers; thus, no 
subgroup analysis (e.g. with respect to heterogeneous treatment effects) will be 
performed on them. 
 

5) Household responses in an online survey, to be sent out during Fall 2019, mainly 
concerning participant acceptance and effect mechanisms; see Appendix C. 
Households that have opted out of the study (see above) do not receive an invitation 
to the survey. 
 

6) Data on the post-intervention waste composition in Partille, to be collected on a total 
of three days within a single week, during Fall 2019. This data set is expected to include 
proportions (in terms of weight) for various waste fractions, reported separately for 
both treatments (i.e. pooled) and control. For this analysis, waste will be collected 
from (up to) 423 treated households and 238 control households. These are all located 
in the same part of the municipality and include (at least) a significant share of nine of 



the 55 stratification blocks – see section 4. The households involved are selected on 
the basis of collection lists provided by the municipality; we collect their waste on the 
same day (i.e. just before) their waste was supposed to be collected under normal 
circumstances. 
 

7) GPS coordinates for each household and recycling station (for leaving packaging and 
newspaper waste) in Partille and Varberg. 

 

4. Randomization methodology 

The experimental data have a multilevel structure. Prior to the start of the study (during 
2018), we received lists of all single-family households served by the municipal waste 
department in Partille and Varberg, respectively. In Varberg, the list was not a separate 
document, but was contained in a GIS database covering all relevant households. In either 
case, starting from the list of households, we first excluded a number of households on the 
basis of maps and satellite images. In Partille, the excluded group consisted mostly of rural 
households, while in Varberg, it consisted mainly of households that were clearly of a 
different type from its immediate neighbors (e.g. farm buildings surrounded by residential 
areas). In both municipalities, we also excluded addresses that were clearly not households 
(small businesses, etc.). 

The remaining households were manually sorted into contiguous blocks of roughly 100 
households each. Care was taken to ensure each block consisted of similar housing types and 
contained roughly an equal number of households; we attempted to strike a reasonable 
(though discretionary) balance between these principles whenever they conflicted. Each 
block was then divided as equally as possible into three contiguous, numbered clusters of 
about 30 households each (cluster 1, 2, and 3, typically from northwest to southeast). The 
clusters are the unit of randomization; treatment status is perfectly correlated within cluster. 
To minimize the risk of contamination between treatment and control, which we hypothesize 
operates between direct neighbors, we strove to place cluster borders (including across 
blocks) to minimize the number of direct across-border connections between households. As 
a result, households on the same street tended to be assigned to the same cluster, and cluster 
borders tend to run through back yards and green areas, as seen in Figure 1. 

The blocks represent a form of stratification by neighborhood, with all three treatment arms 
represented within each block. As there were three numbered clusters per block, this created 
six possible permutations of treatment arms across the clusters within each block. We use a 
random number generator to determine which of these six combinations apply within each 
block. 

In Partille, the above methodology produced 55 * 3 clusters with 34.88 households on average 
(SD = 3.55 households), a range of 23-43 households per cluster, and a total of 5,756 
households. In Varberg, there were 172 * 3 clusters with an average of 30.47 households (SD 
= 4.63 households), ranging between 17 and 45 households per cluster, and a total of 15,723 
households. 



 

 

Figure 1. Example of design structure. Solid lines are block boundaries, while dashed lines are 
within-block cluster boundaries. Block number 1 is shown in the upper left, and block 2 in the 
lower left; see the number in the lower right corner of each block. 

 

5. Study implementation 

Households in a “monthly” condition receive a total of nine feedback letters, while 
households in the “quarterly” condition receive three letters. The four-week (“monthly”) 
comparison periods coincide in Partille and Varberg, and always run from a Wednesday to a 
Tuesday. The twelve-week (“quarterly”) comparison period in Partille always corresponds to 
exactly three four-week periods, thus also running from Wednesday to Tuesday. For example, 
the first set of both monthly and quarterly letters is compiled on 13 March 2019; thus covering 
either the four-week period from 13 February to 12 March, or the twelve-week period from 
19 December 2018 to 12 March 2019. Subsequent periods have a similar structure. 

The timeline for each batch of feedback letters runs as follows. On the Wednesday 
immediately following the end of the relevant comparison period, the monthly letters (and 
quarterly, when applicable) are compiled. First a scrubbed data file covering the entire period 
from March 2018 (i.e. one year before the start of the intervention) up to the current date is 
constructed using municipal waste data and tax authority information (items 2 and 3 in 
section 3). This data set has a panel structure, containing: (i) household addresses, (ii) a 
unique household identifier, (iii) household treatment arm status, (iv) number of waste 
collection events (successful or otherwise) in each comparison period, (v) feedback 
information (e.g. own and neighbor per-person waste weights) by comparison period. 
Whenever an address has no household members in the tax authority data set, we divide 



total weights by the municipality average, which is 3.0 people/household in Partille and 2.7 
in Varberg. 

Although feedback information on the behavior of other households is always presented in 
the letters, no own-household feedback (e.g. own weights) is included in the file (and thus in 
the letters) if either of two conditions apply. First, if no successful collection event has 
occurred during the latest comparison period, e.g. due to households never leaving their 
waste bin out for collection. Second, if at least one collection event is considered unreliable, 
e.g. due to problems with weighing the bin during collection. We are able to identify such 
events because the municipal data includes “anomaly reports” associated with some 
collection events, e.g. when a bin is not placed curbside and thus cannot be collected. 
Appendix B lists how various anomaly codes are handled in Varberg. In Partille, the list of 
possible anomalies is less standardized, making a clean summary infeasible. However, our 
overall coding is highly similar, with some collection events flagged as unsuccessful, some as 
yielding unreliable weights, and some as being relatively unproblematic such that the 
research team will ignore the anomaly report. 

Furthermore, some households are dropped from the comparison sample during compilation 
due to noncomparability concerns, e.g. when a property is currently unoccupied. The 
exclusion criteria are: 

- Varberg: the number of two-week periods since March 2018 with no unreliable 
collection event and at least one nonzero-weight successful collection event (for 
residual/unsorted waste) is strictly less than three 

- Partille: for either residual and food waste, no more than 20% of all periods since 
March 2018 have no unreliable collection event and at least one nonzero-weight 
successful collection event; or there are collection events of any form in three or fewer 
periods. 

Because of the lack of a 20% criterion, fewer households are typically excluded in Varberg 
than in Partille. The Partille condition is used because some households consistently produce 
zero weights for residual waste but strictly positive weights for food waste, and it would then 
seem that the zero residual weights are “legitimate”, i.e. arising from diligent sorting efforts. 

The data file is sent to a third party assistant who matches addresses with recipient names 
and removes recipients that have opted out. The list of opt-out households is updated 
immediately prior to this step. The third party then uses the scrubbed waste data to construct 
a full set of feedback letters. This is printed and mailed to households on the Monday of the 
following week, implying households receive them on the Tuesday or Wednesday of that 
week. 

 

6. Data preparation 

In our main analysis, we treat the two studies as separate. We first describe how the sample 
of households is selected. Then, we describe what operations we perform to construct our 



final data set and the variables used in the analysis. In section 8, we list hypotheses and the 
statistical analyses designed to test them. 

 

6.1. Sample selection 

In each municipality, the sample will be selected as follows. 

1) Receive data from the municipal waste department on waste weights for all single-
family homes. 

2) Retain all households that: 
- Received at least one feedback letter OR 
- Are flagged as part of a control cluster (and thus did not receive any letter), 

see section 4 

This excludes households that were flagged as part of a treatment group but never received 
a letter, and excludes all single-family homes that were never flagged as part of any of our 
three treatment arms. We expect a final sample of about 5,500 households in Partille, and 
about 15,000 households in Varberg. 

 

6.2. Variable construction 

The raw waste data sets from Partille and Varberg include three categories of waste bin: food, 
household (residual), and unsorted waste, where a household typically either has one food 
and one residual-waste bin, or a single unsorted-waste bin. We recode weight variables 
associated with residual and unsorted waste as a single residual-waste variable. For each 
address in the data set, we then perform all the operations described below separately for 
residual and food waste. 

The data sets contain one line per bin-specific collection event, typically associated with a 
non-missing weight measured in kilograms. However, most households have biweekly 
collection cycles, with collection for different households roughly evenly spaced across the 
two weeks. Therefore, in our main analysis, we sum the weights of all events occurring within 
each two-week interval, as described below. The two-week intervals included in our main 
analysis are listed in Table 2. Note that these two-week intervals always run from Monday to 
Sunday at the end of the following week, and therefore do not coincide with the four-week 
and twelve-week intervals used for feedback purposes, which always run from a Wednesday 
to a Tuesday.1 

Recall that events may have associated “anomaly reports” if e.g. a bin was not placed curbside 
and thus could not be collected. For some such anomaly reports, weights will be recoded as 
missing values. The coding is identical to that used when compiling feedback letters; see 

                                                           
1 For example, the first letter sent to households in the monthly condition compared weights throughout the 
period 13 February-12 March, overlapping completely or partially with periods -2 to 0 in Table 2.  



Appendix B for details on how each report is coded in Varberg. In Partille, a similar but much 
more case-specific coding is performed. 

Period Starting date Period Starting date 

-25 19 March 2018 -3 21 January 2019 

-24 2 April 2018 -2 4 February 2019 

-23 16 April 2018 -1 18 February 2019 

-22 30 April 2018 0 4 March 2019 

-21 14 May 2018 1 18 March 2019 (1st letter received) 

-20 28 May 2018 2 1 April 2019 

-19 11 June 2018 3 15 April 2019 (2nd letter received) 

-18 25 June 2018 4 29 April 2019 

-17 9 July 2018 5 13 May 2019 (3rd letter received) 

-16 23 July 2018 6 27 May 2019 

-15 6 August 2018 7 10 June 2019 (4th letter received) 

-14 20 August 2018 8 24 June 2019 

-13 3 September 2018 9 8 July 2019 (5th letter received) 

-12 17 September 2018 10 22 July 2019 

-11 1 October 2018 11 5 August 2019 (6th letter received) 

-10 15 October 2018 12 19 August 2019 

-9 29 October 2018 13 2 September 2019 (7th letter received) 

-8 12 November 2018 14 16 September 2019 

-7 26 November 2018 15 30 September 2019 (8th letter received) 

-6 10 December 2018 16 14 October 2019 

-5 24 December 2018 17 28 October 2019 (9th letter received) 

-4 7 January 2019 18 11 November 2019 

Table 2. Experimental periods. 

Then, in a first stage, for each household we sum all lines across each individual day. In this 
step, missing weights that occur on the same day as a non-missing weight are dropped from 
the data set, i.e. summed as zero weights. Lines where (i) the reported weight is negative, or 
(ii) the event is not associated with any particular waste-bin type are likewise dropped. In the 
second step, we sum the remaining weights across each two-week interval. Here, any 
remaining missing values are summed as missing, implying that the two-week period sum will 
also be missing.2 

The summed weights are then divided by the number of household members as given by the 
Swedish Tax Authority. As in section 5, for addresses where the tax authority data does not 
report any household members, we use the municipality average (3.0 people/household in 
Partille, 2.7 in Varberg). Furthermore, observations fulfilling the following criteria will be 
considered outliers and will be dropped from the data at this step: 

- All observations of households with a mean residual- or food-waste weight above 15 
kg/person 

                                                           
2 Missing data will not be imputed. 



- Each observation where residual- or food-waste weight is above 50 kg/person 

Additionally, all observations on households that have more than 90% missing or zero 
observations (across all two-week periods in Table 2) for both residual and food waste are 
dropped. We are left with our two household-level outcome variables, for residual and food 
waste, respectively. We also calculate, for each household, the average residual-waste and 
food-waste weight across all baseline periods from -25 to 0. 

Unless otherwise noted, regressions use treatment variable 𝑇𝑗𝑡
𝑙 , which is always equal to zero 

for control clusters. For households in letter-receiving treatment arm 𝑙 (monthly or quarterly 

letters), 𝑇𝑗𝑡
𝑙 = 1 in all periods subsequent to the period of the first letter received; the two-

week period (𝑡 = 1) when the first letter was received is not included in the main analysis. In 

all other periods, 𝑇𝑗𝑡
𝑙 = 0 for these households. 

Finally, beyond the baseline averages described above, the set of additional covariates 
considered in this project are: 

(i) Whether the household’s waste collection cycle is two weeks or not 
(ii) Household size 
(iii) Presence of at least one child below five years of age in the household 
(iv) Age of head of household. The head of household is interpreted as the 

oldest member of the household. 
(v) Gender of head of household 
(vi) Distance 𝐷𝑖, in meters, to the nearest recycling station. The distance 

variable will be constructed by (i) using household coordinates (see 
section 3) to calculate, for each household, the distance to every 
recycling station in that municipality, and (ii) choosing the smallest such 
distance as 𝐷𝑖. 

 

7. Power calculation 

Our power analysis is based on Ek (2019) and starts from the data generating process 

𝑦𝑖𝑗𝑘𝑡 = 𝜆𝑡 + 𝛽𝑇𝑗𝑘𝑡 + 𝑢𝑘 + 𝑢𝑘𝑡 + 𝑣𝑗𝑘 + 𝑣𝑗𝑘𝑡 + 𝜀𝑖𝑗𝑘 + 𝜀𝑖𝑗𝑘𝑡 

which takes blocking into account through the block-specific random terms 𝑢𝑘 and 𝑢𝑘𝑡. All six 
error terms are assumed to be i.i.d. with mean zero. From left to right, the (block-, cluster- 

and unit-related) errors have variance 𝜎𝑏
2, 𝜎𝑏𝜏

2 , 𝜎𝑐
2, 𝜎𝑐𝜏

2 , 𝜎𝑝
2, and 𝜎𝑝𝜏

2 , respectively. Ek (2019) 

considers the ANCOVA estimator 𝛽̂𝐴𝑁𝐶𝑂𝑉𝐴 = 𝜃𝛽̂𝐷𝐷 + (1 − 𝜃)𝛽̂𝑃𝑂𝑆𝑇 used to estimate the 
average effect of a single treatment versus control. Supposing the weight 𝜃 given to the 
difference-in-differences estimator (as opposed to the ex-post means estimator) is optimal, 
i.e. minimizes the ANCOVA variance, it can be shown that this variance is 

                           𝑉𝑎𝑟(𝛽̂𝐴𝑁𝐶𝑂𝑉𝐴) =
𝜎̂2

𝑟𝑃(1 − 𝑃)𝐽
(1 + (𝑟 − 1)𝜌̂ −

𝑚𝑟𝜌̂2

1 + (𝑚 − 1)𝜌̂
)                   (1) 



which is the variance formula we use for power calculation. Here 𝜎̂2 = 𝜎𝑐
2 + 𝜎𝑐𝜏

2 + 𝜎𝑝
2/𝑛 +

𝜎𝑝𝜏
2 /𝑛 and 𝜌̂ = (𝜎𝑐

2 + 𝜎𝑝
2/𝑛)/𝜎̂2, and 𝑛 is the average cluster size, as reported in section 4. 

𝑚 is the number of baseline periods (26 in our experiment) and 𝑟 is the number of endline 
periods (17 in our main analysis). Finally, 𝑃 is the share of treated clusters and 𝐽 is the total 
number of clusters.  

We use the mixed command in STATA to estimate all six error terms (Ek, 2019) from data sets 
covering October 2017-October 2018 in Partille and Varberg, respectively. In these data sets, 
𝑦𝑖𝑗𝑘𝑡 is given by per-person residual waste weights as constructed in section 6.2. Estimating 

the errors allows us to calculate the ANCOVA variance (1), and corresponding 80% minimum 
detectable effects (MDE) separately for each municipality. The results are given in Table 3. 

Parameter Partille Varberg 

𝜎𝑏
2 0.097 0.127 

𝜎𝑏𝜏
2  0.175 0.122 

𝜎𝑐
2 0.046 0.000a 

𝜎𝑐𝜏
2  0.048 0.042 

𝜎𝑝
2 10.192 9.050 

𝜎𝑝𝜏
2  6.198 7.262 

𝜎̂2 0.573 0.577 
𝜌̂ 0.600 0.515 

MDE (kgs/person) 0.079 0.050 
MDE/mean 2.378% 1.307% 

Table 3. Minimum detectable effects corresponding to 80% power in Varberg and Partille.  
a Note: the mixed estimate for this variance component is -0.002, which we round to zero since 
variances must be positive. 

In both municipalities, nearly all of the variation occurs at the household level; note that the 
block variance components do not appear in the ANCOVA variance formula above, so the 
purpose of blocking is simply to ‘soak up’ variation that would otherwise be seen to operate 
at the cluster level. Not surprisingly, precision is expected to be higher in the larger Varberg 
study: the MDE divided by the data average is 1.307% in Varberg and 2.378% in Partille. 

In equation (1), suppose we replace the number of clusters 𝐽 by the number of units 𝑁, 

replace 𝜎̂2 by 𝜎2 = 𝜎𝑐
2 + 𝜎𝑐𝜏

2 + 𝜎𝑝
2 + 𝜎𝑝𝜏

2 , and 𝜌̂ by 𝜌 = (𝜎𝑐
2 + 𝜎𝑝

2)/𝜎2. This yields the unit-

level ANCOVA variance formula given in McKenzie (2012). In fact, under the benchmark 
assumption of equal-sized clusters, equation (1) is the optimal power formula which would 
apply (absent, or controlling for, blocking) if the data were first collapsed at the cluster level, 
replacing unit-level outcomes with cross-sectional cluster averages of those unit outcomes. 
In this case, 𝜎̂2 is the variation in cluster averages, and 𝜌̂ (which is around 50% in both 
municipalities) is the autocorrelation of cluster averages. Essentially, the McKenzie (2012) 
formula is applicable under cluster randomization as well, provided cluster averages replace 
unit outcomes. 

Perhaps surprisingly, optimal variance (1) is typically not equal to the asymptotic (𝐽 → ∞) 
estimator variance within a standard unit-level ANCOVA regression, i.e. a regression that 



controls for unit baseline averages, whenever randomization occurs in clusters (Ek, 2019). 
This is because the regression weight 𝜃 generally converges asymptotically to a suboptimal 
value in unit-level ANCOVA under cluster randomization. With equal-sized clusters, and in line 
with the previous paragraph, an alternative approach is to collapse the data into cluster 
averages, on which a cluster-level ANCOVA regression (controlling for baseline averages of 
such cluster averages) may then be run. This will produce the right asymptotic weight and 
hence, asymptotically, optimal variance (1). 

Nevertheless, when cluster sizes vary and sample size is finite, it is not clear that cluster-level 
ANCOVA therefore necessarily outperforms unit-level ANCOVA. We have performed 
simulations suggesting that, at the parameter values that apply to Partille and Varberg,3 both 
approaches yield precision acceptably close to that implied by equation (1): rejection rates 
under nominal 80% power are in both cases at most a few percentage points smaller. 
Furthermore, any difference in precision between unit and cluster-collapsed ANCOVA is very 
slight, typically on the order of half a percentage point. We will therefore stick to unit-level 
ANCOVA in our main analysis (section 8.2), with cluster-level ANCOVA explored as a 
robustness check (section 8.6). 

 

8. Hypotheses and regression specifications 

8.1 Preliminary analyses 

Tests of balance: separately for each municipality, we will regress baseline averages and each 
of the additional covariates listed in section 6.2 on a constant (representing the control-group 
mean) and a binary indicator for each of the remaining two treatment arms. In addition, we 
will present difference-in-difference-style “parallel trends” figures showing averages of our 
main outcome variable, per-person residual-waste weights, for each treatment arm for all 
periods from -25 to 18. 

 

8.2 Main analysis 

All regressions cluster standard errors at the cluster level. Our main regression uses residual-

waste weights per person as outcome variable. For each municipality separately, we run the 

ANCOVA regression 

                    𝑦𝑖𝑗𝑘𝑡 = 𝜆𝑘𝑡 + 𝛽1𝑇𝑗𝑡
1 + 𝛽2𝑇𝑗𝑡

2 + 𝜃𝑦̅𝑖
𝑃𝑅𝐸 + 𝛄𝐗𝑖𝑡 + 𝜖𝑖𝑗𝑡                                                   (2) 

where 𝜆𝑘𝑡 are block-by-two week period fixed effects, and 𝑦̅𝑖
𝑃𝑅𝐸 is the baseline (period -25 to 

period 0) average of residual-waste weights for household 𝑖. Finally, 𝐗𝑖𝑡 is the full set of 

                                                           
3 We calculate the coefficient of variation in cluster sizes as the (sample) standard deviation of cluster sizes 

divided by the sample average, i.e. as 𝐶𝑉 = √𝐽 ∑ (𝑛𝑗 − 𝑛)
2

𝑗 / ∑ 𝑛𝑗𝑗 , with 𝑛𝑗  the number of households in 

cluster 𝑗. In Partille, 𝐶𝑉 = 0.1036; in Varberg, 𝐶𝑉 = 0.1482. 



additional controls listed in section 6.2. This regression is run only on data from post-
intervention periods, i.e. from period 2 and onwards. Furthermore, it is run both with and 
without 𝐗𝑖𝑡. We also run a variant where we do not control for block status, i.e. with time 
shocks 𝜆𝑡 replacing 𝜆𝑘𝑡 in equation 2. In all cases, the null hypotheses of interest are: 

Null hypotheses: 𝛽1 = 0, 𝛽2 = 0, 𝛽1 = 𝛽2  

These are tested separately, with a Bonferroni adjustment applied within regression. 

 

8.3 Checking mechanisms 

1) Main data set: same regression equation and treatment coding as above (with and 
without additional covariates), but with outcome: food-waste weights per person. 

Hypothesis: 𝛽1 = 0, 𝛽2 = 0, 𝛽1 = 𝛽2  

These are tested separately, with a Bonferroni adjustment applied within regression. 

2) Waste composition data. The proportions of food, combustible, packaging, and paper 
waste in each sample (treatment vs. control) will be reported. A third-party contractor 
will perform the composition analysis; if confidence intervals are included in their 
results, they will be reported in our study. 
 

3) Survey data: for (the sum of) treatments and control, we report point estimates of the 
share of households reporting whether some major change in waste practices has 
occurred since the start of the study, as captured by question 3 (see appendix C). We 
check whether these proportions are significantly different by a chi-square test of 
differences in two proportions (with df = 1). Next, we report point estimates 
separately for (the sum of) treatments and control for the various changes made, i.e. 
question 3.1. Test whether the distribution of changes made differs across pooled 
treatment/control by performing a chi-square test of homogeneity (since two groups 
are being compared, this implies df = number of categories – 1). If expected frequency 
𝐸𝑟,𝑐 < 5 for any category/treatment arm combination (𝑟, 𝑐), that category will be 
combined with another to ensure the chi-square approximation is adequate. 

 

8.4 Checking for interference/contamination/spillovers 

1) Main data set, Partille only: run the following household-level ANCOVA regression  
 

𝑦𝑖𝑗𝑡 = 𝜆𝑘𝑡 + 𝛽1(𝑇𝑗𝑡
1 + 𝑇𝑗𝑡

2) + 𝛽2𝑆𝑖𝑗
1,2 + 𝜃𝑦̅𝑖𝑗

𝑃𝑅𝐸 + 𝜖𝑖𝑗𝑡 

 

where 𝑆𝑖𝑗
1,2 is a binary variable which we use to flag households that are in the control 

group, but are adjacent to other households which are in either of the treatment 



groups; note that the two treatments are pooled in this regression. Adjacency is 
determined through visual inspection of maps and satellite images and requires a 
common border between the land plots of the two households or that the only barrier 
between the properties is a street. 
 

Hypothesis: 𝛽2 = 0 
 

2) Main data set, Varberg only: run the following ANCOVA regression 
 

𝑦𝑖𝑗𝑡 = 𝜆𝑘𝑡 + 𝛽1(𝑇𝑗𝑡
1 + 𝑇𝑗𝑡

2) + 𝛽2𝑅𝑗(𝑇𝑗𝑡
1 + 𝑇𝑗𝑡

2) + 𝜃𝑦̅𝑖𝑗
𝑃𝑅𝐸 + 𝜖𝑖𝑗𝑡 

 
where the binary variable 𝑅𝑗 is equal to one if the cluster is flagged as a rural cluster, 

and zero if it is flagged as an urban cluster. Urban/rural status is based on the Statistics 
Sweden definition of an ‘urban center’ as a connected residential area housing at least 
200 inhabitants. We visually inspect a map of the municipality to find the blocks 
corresponding most closely to the set of urban centres with at least 300 inhabitants 
as of the 31 December, 2018, thus making urban status slightly more restrictive than 
the original definition. Note that, again, both treatments are pooled in the above 
regression. 

 
Hypothesis: 𝛽2 = 0 
 

3) Survey data: report summary statistics (share of answers for each alternative) on 
question 4 (including nested subquestions), pooled across all responding households. 

 

8.5 Heterogeneous treatment effects 
 

1) Main data set: for each municipality separately, use the machine learning approach of 
Athey & Imbens (2016) at the household level to construct a partition of the covariate 
space across which treatment effects differ. We use the full set of covariates listed in 
section 6.2; we may also include average household weights across all baseline periods 
(-25 to 0), depending on whether or not this appears mostly to capture a “regression-
to-the-mean” effect. 
 

2) Regression discontinuity with respect to receiving smileys (see Allcott, 2011; Costa & 
Kahn 2013, Online Appendix). All steps of this analysis will be performed separately 
for each municipality. Preliminary regression: include only forcing variable, i.e. run the 
following 
 

𝑦𝑖𝑗𝑡 = 𝜆𝑘𝑡 + 𝛽1(𝑇𝑗𝑡
1 + 𝑇𝑗𝑡

2) + 𝛽2𝐷𝑖𝑗𝑡(𝑇𝑗𝑡
1 + 𝑇𝑗𝑡

2) + 𝜃𝑦̅𝑖𝑗
𝑃𝑅𝐸 + 𝜖𝑖𝑗𝑡 

 
where 𝐷𝑖𝑗𝑡 is the distance (positive or negative) to the household’s reference group 

average, i.e. to the Room for improvement/Good threshold, given in the feedback 
letter that is the most recent at time 𝑡. At this stage, the null hypothesis is 𝛽2 = 0. 
 



For the regression discontinuity analysis, we will first plot the data average 𝑦𝑖𝑗𝑡 as a 

function of 𝐷𝑖𝑗𝑡 around (i) the reference group average, and (ii) around the efficient-

neighbor average, i.e. around the Good/Great threshold. Although we may adapt our 
approach depending on what the graphs show, we will at least run the following local 
linear regression: 
 

𝑦𝑖𝑗𝑡 = 𝐼(0 < |𝐷𝑖𝑗𝑡| < 𝑑)

∗ (𝛼 + 𝛽𝐼(𝐷𝑖𝑗𝑡 > 0) + 𝛾1𝐷𝑖𝑗𝑡𝐼(𝐷𝑖𝑗𝑡 < 0) + 𝛾2𝐷𝑖𝑗𝑡𝐼(𝐷𝑖𝑗𝑡 > 0)) +𝜆𝑘𝑡

+ 𝜃𝑦̅𝑖𝑗
𝑃𝑅𝐸 + 𝜖𝑖𝑗𝑡 

 

using only observations for which 𝑇𝑗𝑡
1 + 𝑇𝑗𝑡

2 = 1. Here 𝑑 is the ‘bandwidth’ around the 

reference-group average (we will step through various values), and 𝐼(∙) is a binary 
indicator function. Through parameters 𝛾1 and 𝛾2, we allow for different linear trends 
on either side of the threshold where 𝐷𝑖𝑗𝑡 = 0. Note that households outside the 

bandwidth are still included in the regression in order to identify 𝜆𝑘𝑡 and 𝜃. 
 
Here, the null hypothesis is that 𝛽 = 0. We also run an equivalent regression where 
𝐷𝑖𝑗𝑡 is replaced with the distance to the Good/Great threshold. 

 

8.6 Robustness tests: 
 
1) Cluster-collapsed regression. The data are first collapsed at the cluster level, 

calculating cross-sectional cluster averages 𝑦̅𝑗
𝑃𝑅𝐸 of residual-waste weights across all 

households with non-missing weights. Then, use same regression equation and 
treatment coding as in section 8.2 (without additional covariates), i.e. 
 

𝑦𝑗𝑘𝑡 = 𝜆𝑘𝑡 + 𝛽1𝑇𝑗𝑡
1 + 𝛽2𝑇𝑗𝑡

2 + 𝜃𝑦̅𝑗
𝑃𝑅𝐸 + 𝜖𝑗𝑡 

 
This ANCOVA regression is then repeated for food waste, aggregated at the cluster 
level. In both cases, the null hypotheses are: 
 
Hypothesis: 𝛽1 = 0, 𝛽2 = 0, 𝛽1 = 𝛽2  
 
which are tested separately, with a Bonferroni adjustment applied within regression. 
 

2) Log waste weights. We perform the adjusted logarithmic transformation ln (𝑥 + 1) of 
all per-person weights 𝑥 and likewise calculate, for each household, the average 
adjusted-log residual-waste and adjusted-log food-waste weight across all baseline 
periods from -25 to 0. Then, we re-run the main regression (2), with the same 
hypotheses and adjustments. 
 

3) Tobit regression. As in item 2) above, except the regression run is a Tobit regression 
accounting for truncation at ln 1 = 0. Hypotheses and adjustments are unchanged. 
 



4) Include only households with a two-week collection cycle. For each municipality 
separately, perform main regression (equation 2) above but use only households with 
a two-week waste collection cycle. Our waste data set includes information on waste 
cycle length; see section 3. 
 

5) Include period 𝑡 = 1. For each municipality separately, perform main regression (1) 
with period 𝑡 = 1 retained in the data set. In this period, for households in letter-

receiving groups 𝑇𝑖𝑡
1  and  𝑇𝑖𝑡

2 are equal to 0.8, the share of weekdays occurring after 
the first letter is assumed to have been received (19 March 2019). 
 

6) Pool both municipalities and run the following adjusted main regression: 
 

𝑦𝑗𝑘𝑡 = 𝜆𝑘𝑡 + 𝛽1𝑇𝑗𝑡
1 + 𝛽2𝑇𝑗𝑡

2 + 𝛽3𝑇𝑗𝑡
3 + 𝜃𝑦̅𝑗

𝑃𝑅𝐸 + 𝜖𝑗𝑡 

 

where 𝑇𝑗𝑡
1  now represents the monthly static norm feedback in both municipalities, 

while 𝑇𝑗𝑡
2 and 𝑇𝑗𝑡

3 are dummies for the monthly dynamic norm feedback treatment and 

the quarterly static feedback treatment, respectively. 
 
Null hypotheses: 𝛽1 = 0, 𝛽2 = 0, 𝛽3 = 0, 𝛽1 = 𝛽2, and  𝛽1 = 𝛽3  
 
These are tested separately with a Bonferroni adjustment. 
 

7) Repeat all regressions in subsections 8.3 and 8.5 with both municipalities pooled. This 
excludes the analysis of survey and waste composition data in section 8.3, but includes 
the machine learning approach to heterogeneous treatment effects in section 8.5. 
When applicable, null hypotheses will be adjusted to account for the presence of three 
treatments instead of two. In addition, whenever both (municipality-specific) 
treatments were summed as a single variable, we now sum all three treatments as 
one variable. 

 

8.7 Cost-benefit analysis: 

Finally, we will also perform a partial or full cost-benefit analysis where we compare the 
environmental benefits of any waste reduction with direct and indirect costs of the 
intervention. This analysis should be considered exploratory, and we do not specify details at 
this stage.  
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APPENDIX A. FEEDBACK LETTER, SECOND PAGE 

 

Figure A.1 Second page of Varberg feedback letter. 

 

  



APPENDIX B. ANOMALY REPORTS (VARBERG) 

 Report code Coding in data 

Bin not curbside 010 Unsuccessful (0) 
Blocked, car 020 Unsuccessful (0) 
Blocked, snow 030 Unsuccessful (0) 
Blocked, other 040 Unsuccessful (0) 
Locked door/gate 050 Unsuccessful (0) 
Not shoveled 060 Unsuccessful (0) 
Not plowed 070 Unsuccessful (0) 
Not gritted 080 Unsuccessful (0) 
Incorrect bin contents, not collected 090 Unsuccessful (0) 
Incorrect bin content, collected 095 Ignore 
Overfull 100 Ignore 
Heavy bin 105 Ignore 
Other 110 Ignore 
Broken bin 120 Ignore 
Bar code missing 130 Unreliable (missing) 
Label missing 135 Ignore 
Empty bin 140 0 
Sacks collected 150 Unreliable (missing) 
Broken wheel 160 Ignore 
Food waste bag 165 Ignore 
Food waste bags often 166 Ignore 
Broken lid 170 Ignore 
Cannot find bin 180 Unsuccessful (0) 
Bar code broken 190 Unreliable (missing) 
Manual collection 195 Unreliable (missing) 

Table 2. Anomaly report codes 

  



APPENDIX C. TRANSLATED POST-INTERVENTION SURVEYS 

Appendix C.1 presents the full questionnaire sent to treated households in Varberg. The 
questionnaire is implemented online through the Qualtrics software and an invitation with a 
link and a QR code sent out as part of the last feedback letter (treated households) or a 
separate letter (control households). Control households face a similar but shorter survey to 
that in Appendix C.1, containing only questions 1, 3, 4 (excl. 4.3), and 5. With only very minor 
variations, the same questionnaires are sent to treated and control households in Partille. 

 

Appendix C.1 Survey to treated households in Varberg 

What do you think? 

Over the last few months, you have received letters from VIVAB containing information on 

your amounts of combustible waste. We have aimed to examine whether people are 

motivated to reduce their waste when they become aware of its weight in comparison with 

that of their neighbors. 

We want to know what you think! We would like you to answer a few questions about the 

letters and about the project in this questionnaire. 

The survey takes 2-3 minutes to complete. 

 

1. Have you been aware of the project during the last few months? 

 Yes 

 No 

 

2. Do you think that the letters have helped you to reduce your combustible waste? 

 To a large extent 

 To some extent 

 Not at all 

 

3. Have you made any changes in how you manage waste since March 2019? 

 Yes 

 No 

 



3.1 If yes, what is the most significant change that you have made? [Single answer 

required] 

  

I have… 

 put more containers in my home for sorting waste 

 improved at sorting packaging and paper 

 improved at sorting food waste 

 started to plan my purchases so as to generate less food waste 

 started to plan my purchases so as to generate less packaging waste 

 Other: ________________________________________________________ 

 

4. Have you discussed the letter with people in other households? 

 Yes 

 No 

 

4.1 If yes: who have you mainly discussed them with? [Single answer required] 

 Neighbors living adjacent to my property 

 Neighbors not living next to my property but on the same street 

 Other neighbors in the vicinity (within a radius of 100 metres) 

 Other people 

 

4.2 If yes: did you discuss different ways of reducing your waste? 

 Yes 

 No 

 

4.3 If yes: did you disclose your weights to each other? 

 Yes 

 No 

 

5. Would you like to receive more information with waste comparisons in the future? 

 Yes 



 No 

 

5.1 If yes: how often would you like to receive the waste comparisons? 

 Once a month 

 Once every three months 

 Once every six months 

 Once a year 

 

5.2 If yes: how would you like to receive the waste comparisons? 

 Through a waste services mobile app 

 As paper mailings 

 On the invoice for waste services 

 Through “My pages” on vivab.info 

 

6. In general, what did you think of the letters? 

 Liked them a lot 

 Liked them somewhat 

 Neither liked nor disliked them 

 Disliked them somewhat 

 Disliked them a lot 

 

7. Was there some information in particular that you think the letters lacked? [Answer 

not required] 

 


