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Collapsing Waste Fractions Without Reducing Sorting Accuracy 

Anton P. Wrisberg (anton.wrisberg@lucs.lu.se)1, Annika Wallin1, & Philip Pärnamets2 
1Division of Cognitive Science, Dept. of Philosophy, Lund University 

2Division of Psychology, Dept. of Clinical Neuroscience, Karolinska Institutet 
 
 

Abstract 
Waste sorting signs present an inviting avenue for comparison 
of categorisation theories as they often contain both a rule and 
either an abstract prototype or visual exemplars. Focus in waste 
sorting studies is often on increasing the number of waste 
fractions, but some public settings might require fewer-than-
ordinary fractions. This paper investigates two approaches to 
reducing a waste sorting system’s granularity at a music 
festival: explicit combining waste fractions by merging waste 
signs and implicitly combining fractions by removing 
alternatives to ‘residual waste’. The digital sorting results are 
modelled as a probit regression allowing direct interpretation 
in terms of signal detection theory’s senstitivy and criterion 
parameters. The paper further compares four alternative waste 
sorting signs including visual exemplars to improve waste 
sorting accuracy for the implicitly combined waste fraction. 
The results suggest that explicitly combining waste fractions 
outperform implicit combinations – even with visual exemplars 
added, despite resulting in more false positives. 

Keywords: categorisation; prototype theory; exemplar theory; 
signal detection theroy; conceptual spaces; waste sorting; 
applied research 

Background 
Waste sorting is no trivial cognitive task, but a naturalistic 
categorisation task under changing task rules. To be success-
ful, one must: i) identify the waste item in question, ii) re-
trieve the categories and governing rules of the current waste 
sorting scheme (e.g., the ones presented in Figure 1), iii) re-
trieve attributes of the item at a level corresponding to the 
scheme’s governing rules, and iv) judge if the retrieved at-
tributes of the item sufficiently match the rules of the waste 
fraction in question. While people are good at identifying ob-
jects and materials (see e.g., Grill-Spector & Kanwisher, 

2005; Sharan et al., 2014), ambiguity can arise when evalu-
ating attributes against incomplete or conflicting sorting 
scheme knowledge. Especially as waste-sorting schemes 
vary across contexts and over time (Krishnan et al., 2026). 

This categorisation challenge can be conceptualised as a 
signal detection task (for a brief introduction, see Macmillan, 
2001). Doing so provides a principled account of partici-
pants’ ability to discriminate (their sensitivity) items correctly 
belonging to a fraction (signal trials) from items not belong-
ing to a fraction (noise trials) and the evidence participants 
require for accepting an item as belonging in a fraction (their 
criterion). Signal detection theory has long been used to 
quantify cognitive performance (see e.g., Tanner & Swets, 
1954) and been subject to many qualified extensions (see e.g., 
Erev, 1998; Jang et al., 2009). In domains neighbouring the 
one of this paper, signal detection theory has recently been 
used to compare text and pictograms for recognition and cat-
egorisation of food and kitchenware (Butorova et al., 2022) 
and to quantify the effects of waste bin colour changes on 
detection in urban scenes (Abdel Sater et al., 2023). 

In event settings and public spaces, pragmatics may restrict 
the number of waste fractions practically possible. Sorting 
into fewer fractions could immediately appear less cogni-
tively taxing. But if participants are used to more granular 
sorting schemes, reduced granularity leads to bigger intra-
fraction variance, which, in signal detection theoretic terms, 
leads to noisier signals. This can impact both the collapsed 
and the remaining fractions. In practice, downstream waste 
handling systems decide the preference for either improving 
hit rates and/or reducing false alarm rates. Understanding 
how collapsing of fractions affect participants sensitivity and 
criterion is thus instrumental to ensuring that infrastructure 
pragmatics does not unnecessarily restrict material recovery. 
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Figure 1 Overview of waste fractions sorted into in waves one and two of the experiment. The fractions ‘beverage & food 
cartons’ and ‘plastics’ where explicitly collapsed into the fraction ‘plastics / food cartons’ in wave two. The fractions ‘food 

waste’ and ‘paper’ where covertly absorbed into ‘residual waste’ with space for exemplars in wave two.  
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The present work is part of a research programme investi-
gating the underlying cognitive mechanisms of why exem-
plars on signs improve waste sorting accuracy (also previ-
ously found by e.g., Austin et al., 1993; Cakanlar et al., 2025; 
Miller et al., 2016; Rosenthal & Linder, 2021; Wu et al., 
2018). Here we focus on the collapsing of fractions – mean-
ing when multiple existing fractions are simplified into a less 
granular categorisation system (see Figure 1). In this paper, 
we investigate how two options for collapsing fractions affect 
sorting accuracy and participants’ sensitivity and criterion. 
We evaluated this digitally at Roskilde Festival (DK) in two 
waves using the EUpicto waste pictogram system (EUpicto, 
2020) used in Denmark. EUpicto represents waste fractions 
with the waste fraction’s name (the governing rule) below a 
stylised exemplar/prototype as a white pictogram on a dis-
tinctly coloured quadrant (see examples in Figure 1). Collaps-
ing option one is explicitly mixing fractions by using a com-
bined sign, as seen in Figure 1; from the two individual frac-
tions ‘beverage & food cartons’ and ‘plastics’ to the mixed 
‘plastics / food cartons’ fraction sign. Option two is a covert 
combination of fractions by removing individual fractions 
whose members, by virtue of the logic of the waste sorting 
system, then belongs in ‘residual waste’. We additionally 
compare alternative ways of adding high-fidelity exemplars 
in the form of visual images of actual waste items to the re-
sidual waste sign as a way of boosting sorting performance. 

Method 

Participants 
We recruited 766 participants at the camping grounds of Ros-
kilde Festival in two waves in two consecutive years. 404 par-
ticipants (194 female, 201 male, 9 undisclosed, age M = 24.9, 
SD = 7.0) in wave one and 362 participants (160 female, 188 
male, 14 undisclosed, age M = 28.1, SD = 10.3) in wave two. 
Excluding wave one participants who sorted less than 50% 
correctly (n = 8) and wave two participant who failed any one 
attention checks (n = 89) left us with 669 participants (311 
female, 340 male, 18 undisclosed, age M = 26.2, SD = 8.6). 

Procedure 
In a setup designed for and accessed by participants on their 
smartphones, we showed participants a waste item below one 
of the Danish waste fraction signs (see Figure 2). Participants 
were instructed to swipe right (left) to accept (reject) the item 
for this waste fraction. After swiping the item left or right, a 
new item occurred while the fraction sign stayed.  

Wave one participants initially judged their own sorting 
ability on a 7-point Likert-scale. Afterwards, they sorted as 
many items as possible within a 30 second timeframe for five 
of the nine most frequent fractions sorted into in Denmark 
(‘cardboard’, ‘food waste’, ‘beverage & food cartons’, 
‘glass’, ‘hazardous waste’, ‘metal’, ‘paper’, ‘plastics’, and 
‘residual waste’; see Figure 1, top row). The participant-spe-
cific selection was randomly ordered but weighted so that in-
dependent of fraction, each item would appear approximately 
equally often in signal trials between participants.  

Wave two participants saw only the fractions used at the 
festival site (‘glass’, ‘metal’, ‘plastics / food cartons’, and ‘re-
sidual waste’; see Figure 1, bottom row), in that order. For 
the first three fraction, participants sorted 20 items with the 
same sign style as in wave one (see Figure 1). For ‘residual 
waste’, the sign allowed space for exemplars (see Figure 2) 
and participants sorted 40 items under one of five conditions: 
no exemplars, five positive easy-to-sort exemplars, five pos-
itive difficult-to-sort exemplars, five negative easy-to-sort 
exemplars, or five negative difficult-to-sort exemplars. The 
exemplars were drawn at random among items identified in 
wave one as having either a high (easy-to-sort) or low (diffi-
cult-to-sort) likelihood of being accepted into the right frac-
tion (correlating with prototypicality, as shown by Wrisberg 
et al., 2026). Negative exemplars appeared beneath a red 
barred circle (see Figure 2, right). For ‘metal’ and ‘residual 
waste’, attention checks occurred asking participants to sort 
it as either a signal or a noise trial. 

After sorting, participants answered a series of background 
questions (see Online Supplements: osf.io/e2rdj). 

Stimuli 
To increase ecological validity (often neglected in categori-
sation studies; see e.g., Ashby et al., 1994; Hu & Nosofsky, 
2021; Rouder & Ratcliff, 2006), we used a subset (n = 536) 
of the Lund Everyday Waste Image Set (Wrisberg et al., 
2026) selected to ensure that the items would likely appear at 
the festival site (see examples in Figure 2). 

 

 
 

Figure 2 Display presented to participants. Left: a ‘food 
waste’ item correctly belonging in the covertly combined 

‘residual waste’ fraction in wave two with the sign showing 
positive, easy-to-sort exemplars. Right: a ‘metal’ item not 
belonging to ‘residual waste’ in wave two with the sign 

showing negative difficult-to-sort exemplars. 
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Analysis 
Before modelling, we cleaned the data for attention check tri-
als and unbalanced items (1,619 trials in total; see Online 
Supplements: osf.io/e2rdj), leaving 63,810 trials for analysis.  

We modelled accept/reject-responses (coded accept = 1, re-
ject = 0) as a probit-linked Bernoulli-distribution using Bürk-
ner’s (2017) brms-package in R. The main fixed effect was 
whether the item truly belonged in the fraction, the ‘signal’ 
(coded signal = 0.5, noise = -0.5). This design allowed the 
model’s estimates to be interpreted in terms of signal detec-
tion theory parameters of an equal variance signal detection 
theoretic model (for the mathematics, see DeCarlo, 1998; for 
practical implementation, see Vuorre, 2017). With this pa-
rameterisation, the model’s intercept equals the negative sig-
nal detection theoretic criterion (-c), meaning that an increase 
of the intercept equals a more liberal criterion, while the co-
efficient for belonging equals the sensitivity (d’) as it indi-
cates the estimated difference between accepting true posi-
tives (signal) and true negatives (noise). 

As fixed effects, we also included the combined frac-
tion:wave factor and its interaction with signal. We added 
fixed effects for condition and its interaction with the signal 
for trials of ‘residual waste’ from wave two only. We added 
random intercepts for items, participants, and observed par-
ticipant-fraction:wave-combinations all with random slopes 
for signal. All factors (item, participant, and fraction:wave) 
were sum-zero contrast coded. 

For the collapsed fractions in wave two (‘plastics / food 
cartons’ and ‘residual waste’), we allowed participants re-
sponses to signal trials to vary by the individual fractions 
(‘plastics’ and ‘beverage & food cartons’ and ‘food waste’, 
‘paper’, and ‘residual waste’, respectively)1.  For ‘residual 
waste’ trials of wave two, acceptance was further allowed to 
vary by condition. Lastly, we added a random slope for these 
subcategory acceptance variations covarying by participant.  

As priors, we used standard normal distributions for inter-
cepts and condition-coefficients, standard half-normal distri-
butions for group-level standard deviations, and a Cholesky 
prior of 5 for correlation matrices. 

For model estimates, we report posterior median values (b), 
posterior standard errors (SE) with equal-tailed 95% credible 
intervals (CrI), and effects on the natural scale in percentage 
points (p.p.). Note that in signal trials the item should be ac-
cepted, thus acceptance reflect accuracy. In noise trials the 
item should be rejected, thus an increase in acceptance equals 
a decrease in accuracy. Furthermore, although the model es-
timates the negative criterion (-c) as its intercept on the probit 
scale, we report c, such that higher values correspond to a 
more conservative decision criterion. 

When comparing ‘plastics / food cartons’ between waves 
one and two, we use the mean of estimates for ‘beverage & 
food cartons’ and ‘plastics’ for wave one. 

 
1 These variances are only allowed for signal trials as trials that 

are noise in relation to either subcategory are noise trials to all. This 
challenges the direct mapping between our model’s estimates and 
signal detection theoretic terms slightly, and interpretations of the 

While data for ‘cardboard’ and ‘hazardous waste’ collected 
in wave one was part of the modelling, we do not report on 
these, as they have no relevance for our conclusions (apart 
from strengthening the model’s estimation abilities). 

Results 

Unchanged Fractions 
Figure 3, Panel A, shows the model estimates for fractions 
that were sorted separately in both waves one and two (‘glass’ 
and ‘metal’). Including these allowed us to estimate the effect 
of collapsing fraction on the sorting accuracy, sensitivity, and 
criterion of seemingly unaffected fractions. Acceptance esti-
mates for neither signal nor noise trials differed reliably be-
tween waves for ‘glass’, nor did the estimates of sensitivity 
and criterion. For ‘metal’, signal trials were slightly more 
likely to be accepted (bdiff = 0.27, SE = 0.1, 95 CrI = [0.08, 
0.47]), driven by a small but reliable increase in sensitivity 
(bdiff = 0.32, SE = 0.13, 95 CrI = [0.06, 0.58]) and an unrelia-
ble move towards a more liberal criterion (bdiff = -0.11, SE = 
0.07, 95 CrI = [-0.25, 0.03]). This equals a ~5 p.p. (SE = 0.02, 
95 CrI = [0.01, 0.1]) increase in accuracy in signal trials. 

In sum, collapsing fractions did not induce a global shift in 
accuracy, criterion or sensitivity for unaffected fractions. 

Explicitly Combined Fractions 
We next compared the modelled acceptance rates for ‘plas-
tics’ and ‘beverage & food cartons’ in wave one with ‘plastics 
/ food cartons’ in wave two (see Panel B in Figure 3). This 
allowed us to estimate the difference in performance between 
collapsed and non-collapsed fractions when the collapsing 
was explicit. We observed an acceptance rate of signal trials 
for the combined fraction in wave two not differing reliably 
(bdiff = 0.1, SE = 0.13, 95 CrI = [-0.14, 0.36]) from the average 
of the individual fractions in wave one (marked as shaded 
distribution in Figure 3, Panel B). However, for noise trials, 
the model estimated a reliable increase in acceptance (bdiff = 
0.38, SE = 0.07, 95 CrI = [0.24, 0.51]) corresponding to a ~7 
p.p. decrease (SE = 0.01, 95 CrI = [0.04, 0.1]) in accuracy for 
noise trials. This change was driven by a reliably more liberal 
criterion (bdiff = -0.24, SE = 0.07, 95 CrI = [-0.38, -0.1]) com-
bined with an unreliable decrease in sensitivity (bdiff = -0.27, 
SE = 0.14, 95 CrI = [-0.55, 0.01]). 

Although the estimates of the individual fractions in wave 
two must be interpreted with caution, the model estimates 
further suggested that the explicitly combined fraction in-
creased acceptance for ‘plastics’ in wave two compared to 
wave one (bdiff = 0.25, SE = 0.09, 95 CrI = [0.09, 0.43]) equal-
ling a ~4 p.p. increase (SE = 0.01, 95 CrI = [0.01, 0.06]) in 
accuracy for signal trials, reflecting a more liberal criterion 
(bdiff = -0.28, SE = 0.06, 95 CrI = [-0.39, -0.17]) and un-
changed sensitivity (bdiff = -0.04, SE = 0.1, 95 CrI = [-0.25, 
 

criterion and sensitivity estimates should be interpreted cautiously. 
However, with the variance sum-zero contrast coded, the subcate-
gories vary around a shared mean, allowing, at least, for correct in-
terpretations of criterion and sensitivity for the combined fraction.  
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Figure 3 Distributions of model estimates of latent decision variable on probit scale for signal trials (marked ‘S’) and noise 

trials (marked ‘N’). Distances between distribution medians (vertical white lines) equal the signal detection theoretic sensitiv-
ity parameter, d’. Halfway between them: the negative criterion, -c. Panel A: ‘Glass’ and ‘metal’ sorted separately in both 

waves one and two. Panel B: ‘Beverage & food cartons’ and ‘plastics’ sorted separately in wave one and explicitly combined 
into ‘plastics / food cartons’ in wave two. Shaded combined distribution in wave one is calculated as mean between the meas-
ured distributions. Shaded distribution in wave two shows fraction-specific acceptance-variance in signal trials around mean 
(striped, opaque distribution). Panel C: ‘Food waste’, ‘paper’, and ‘residual waste’ sorted separately in wave one and all in 
‘residual waste’ in wave two.  Shaded distribution in wave two shows fraction-specific acceptance-variance in signal trials 

around mean (opaque black distribution). Wave two distributions are further divided by condition. 
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0.16]). For ‘food cartons’ the model estimated no difference 
in acceptance rates for signal trials, but the increased ac-
ceptance rate for the combined fraction in wave two lead to a 
lower sensitivity estimate (bdiff = -0.5, SE = 0.24, 95 CrI = [-
0.98, -0.02]) with a slightly, but unreliably, more liberal cri-
terion (bdiff = -0.2, SE = 0.13, 95 CrI = [-0.45, 0.04]). 

In sum, explicitly combining fractions led to a slight de-
crease in accuracy noise trials leading to more false positives, 
fuelled by a more liberal criterion. 

Covertly Combined Fractions 
We next compared the modelled acceptance rates for the frac-
tions in wave two (‘food waste’, ‘paper’, and ‘residual 
waste’) that covertly combined by virtue of removing the for-
mer two of the alternatives and expecting participants to sort 
them into ‘residual waste’. 

Comparing the modelled acceptance rate for ‘residual 
waste’ signal trials between waves one and two, we saw a 
serious decline in acceptance (bdiff = -0.8, SE = 0.13, 95 CrI 
= [-1.06, -0.55]) equalling a ~27 p.p. decrease (SE = 0.05, 95 
CrI = [-0.37, -0.18]) in accuracy for ‘residual waste’ signal 
trials while the noise trials showed no reliable change (bdiff = 
-0.12, SE = 0.1, 95 CrI = [-0.31, 0.07]). The decline for signal 
trials appeared to be mostly driven by even larger declines for 
‘food waste’ (bdiff = -2.06, SE = 0.2, 95 CrI = [-2.45, -1.68]) 
and ‘paper’ (bdiff = -1.37, SE = 0.19, 95 CrI = [-1.74, -1]), 
equalling reductions of accuracy of ~69 p.p. (SE = 0.05, 95 
CrI = [-0.78, -0.59]) and ~35 p.p. (SE = 0.07, 95 CrI = [-0.5, 
-0.23]), respectively. By comparison, the acceptance rate for 
items that would also belong in ‘residual waste’ under full 
fraction granularity increased slightly, albeit not reliably (bdiff 
= 0.21, SE = 0.16, 95 CrI = [-0.11, 0.53]). 

In signal detection theoretic terms, this was driven by a de-
crease in sensitivity (bdiff = -0.68, SE = 0.15, 95 CrI = [-0.99, 
-0.38]) and a move towards a more conservative criterion 
(bdiff = 0.46, SE = 0.09, 95 CrI = [0.29, 0.63]). While again 
interpreting the signal detection theoretic parameter estimates 
for the subcategories with caution, for ‘food waste’, sensitiv-
ity plummeted (bdiff = -3.89, SE = 0.22, 95 CrI = [-4.33, -
3.45]) while the criterion did not reliably change (bdiff = 0.11, 
SE = 0.12, 95 CrI = [-0.11, 0.34]). Indeed, as can be seen by 
the shaded distribution of signal ‘food waste’ acceptance 
aligning with the distribution for noise ‘residual waste’ trials 
in Panel C in Figure 3, sensitivity for ‘food waste’ in the cov-
ertly combined ‘residual waste’ fraction is just around zero 
(bdiff = -0.06, SE = 0.22, 95 CrI = [-0.49, 0.36]) in wave two. 
For ‘paper’, sensitivity likewise decreased (bdiff = -2.07, SE = 
0.2, 95 CrI = [-2.47, -1.66]), while the criterion also became 
more conservative (bdiff = 0.33, SE = 0.11, 95 CrI = [0.11, 
0.55]). The collapsing of other fractions did not appear to af-
fect items normally belonging in ‘residual waste’ with no re-
liable changes in neither sensitivity (bdiff = 0.33, SE = 0.18, 
95 CrI = [-0.03, 0.68]) nor criterion (bdiff = -0.05, SE = 0.1, 
95 CrI = [-0.24, 0.15]). 

In sum, covertly combining fractions by removing some 
alternatives and expecting people to re-assign these to the 
“next logical alternative” severely harmed sorting accuracy 

for the removed fractions while not reliably affecting the frac-
tion they were absorbed into. This effect was driven by a 
plummeting sensitivity and potentially more conservative cri-
terion for the removed fractions. 

Effect of Exemplars 
In wave 2 we additionally manipulated how many exemplars 
and which were shown on the ‘residual waste’ sign. We found 
that positive exemplars reliably increased the acceptance rate 
for ‘residual waste’ signal trials with both easy-to-sort (bdiff = 
0.47, SE = 0.15, 95 CrI = [0.18, 0.78]) and difficult-to-sort 
(bdiff = 0.33, SE = 0.15, 95 CrI = [0.05, 0.62]) positive exem-
plars and showed positive, albeit unreliable, tendencies for 
easy-to-sort (bdiff = 0.25, SE = 0.16, 95 CrI = [-0.07, 0.55]) 
and difficult-to-sort (bdiff = 0.24, SE = 0.16, 95 CrI = [-0.07, 
0.55]) negative exemplars compared to the no-exemplar con-
dition. However, the main driver appeared to be the items 
normally belonging to ‘food waste’ and ‘paper’, as trials with 
items normally belonging to ‘residual waste’ showed no reli-
able change in acceptance rate under any of the conditions 
compared to the no-exemplar condition. 

Indeed, in signal trials with items normally belonging to 
‘food waste’ the model estimated reliable positive effects of 
both positive easy-to-sort (bdiff = 1.48, SE = 0.28, 95 CrI = 
[0.94, 2.04]), positive difficult-to-sort (bdiff = 0.66, SE = 0.27, 
95 CrI = [0.13, 1.19]), negative easy-to-sort (bdiff = 0.89, SE 
= 0.28, 95 CrI = [0.32, 1.44]), and negative difficult-to-sort 
(bdiff = 0.68, SE = 0.28, 95 CrI = [0.13, 1.24]) exemplars, 
compared to the no-exemplar condition. The effect of posi-
tive easy-to-sort exemplars further reliably increased ac-
ceptance rate in signal trials compared to both positive (bdiff = 
0.81, SE = 0.29, 95 CrI = [0.26, 1.39]) and negative difficult-
to-sort (bdiff = 0.8, SE = 0.3, 95 CrI = [0.2, 1.41]) exemplars 
and, although not reliably, compared with negative easy-to-
sort exemplars (bdiff = 0.59, SE = 0.3, 95 CrI = [0, 1.2]). 

For signal trials with items normally belonging to ‘paper’, 
the model estimated no reliable difference between any of the 
exemplar conditions compared to the no-exemplar condition. 
Neither did the model estimate any reliable effect on ac-
ceptance for noise trials between any of the exemplar condi-
tions and the no-exemplars condition. 

For the combined ‘residual waste’ fraction of wave two, 
sensitivity was reliably increased by both positive easy-to-
sort exemplars (bdiff = 0.54, SE = 0.18, 95 CrI = [0.19, 0.91]) 
and negative difficult-to-sort exemplars (bdiff = 0.43, SE = 
0.19, 95 CrI = [0.07, 0.81]), with positive easy-to-sort exem-
plars almost reliably causing a more liberal criterion (bdiff = -
0.2, SE = 0.1, 95 CrI = [-0.41, 0]) and negative difficult-to-
sort exemplars not producing a meaningful change in crite-
rion (bdiff = -0.02, SE = 0.11, 95 CrI = [-0.23, 0.19]). Neither 
positive difficult-to-sort nor negative easy-to-sort exemplars 
affected sensitivity or criterion reliably. Again, these effects 
appear to be mostly driven by the effect on ‘food’ items. 

In sum, adding exemplars increased the acceptance of 
some of the covertly collapsed fractions into the absorbing 
fraction, with positive easy-to-sort exemplars driving the big-
gest increase. 
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Discussion 
In this paper, based on responses from 669 participants col-
lected at a major Danish music festival, we compared how 
explicitly and covertly collapsing waste fractions affected 
participants’ sorting accuracy, sensitivity, and criterion. 

For ‘beverage & food cartons’ and ‘plastics’ explicitly 
merged into ‘plastics / food cartons’ in wave two, we saw a 
similar acceptance of items in signal trials as the mean ac-
ceptance of the individual fractions in wave one. For signal 
trials in wave two, we further saw a slight increase of ac-
ceptance of items that would normally belong in ‘plastics’. 
For noise trials, we saw an increase in acceptance when com-
paring the explicitly merged fraction in wave two with the 
mean of the individual fractions in wave one. In signal detec-
tion theoretic terms, this reflects a more liberal criterion for 
‘plastics’ with no change in sensitivity and a lower sensitivity 
estimate (that is: worse detection) for ‘food cartons’ without 
a change in criterion. Despite the slightly higher false positive 
rate, explicitly collapsing fractions appear to communicate 
well the individual fractions. 

One potential explanation of why explicitly combining 
waste fractions lead to too liberal inclusion criteria might be 
found by regarding the waste sorting task in terms of the sep-
aration of a conceptual waste space (for an introduction to 
conceptual spaces, see e.g., Gärdenfors, 1990, 2004). If you 
accept that areas in the conceptual space governing a single 
category could have graded borders, the combination of two 
neighbouring categories might increase the border space now 
accepted. For example, imagine two overlapping circles indi-
cating membership with an opaque colour, with transparency 
increasing away from their centres, and how, where they 
overlap, the opaqueness combines, increasing the overall 
opaque area. Whether the explicit combination of two frac-
tions by merging their signs do indeed require participants to 
form a mixed understanding of the fraction or whether it just 
directs two individual fractions into one bin, is a question for 
future work. 

When covertly combining fractions (as for ‘food waste’ 
and ‘paper’ into ‘residual waste’ in wave two), we, overall, 
saw a decline in acceptance in ‘residual waste’ signal trials 
driven by a big decline in acceptance of ‘food waste’ and ‘pa-
per’ items in wave two compared to when the fractions were 
sorted individually in wave one. In fact, the acceptance rate 
of ‘food waste’ items in signal trials was as low as in noise 
trials for ‘residual waste’ overall. Together, this contrasts 
sharply with explicit collapsing and indicates that removing 
alternatives does not by itself induce a broadened category 
representation. 

When participants were provided exemplars, this pattern 
changed. The acceptance of ‘food waste’ into ‘residual waste’ 
was reliably increased by all exemplar conditions, while 
items normally belonging to ‘paper’ were unaffected. Inter-
estingly, even negative exemplars, i.e. showing items not be-
longing to the fraction with a red barred circle on top (see 
Figure 2, right), helped participants to accept ‘food waste’ 
into ‘residual waste’ in wave two. This suggests that part of 
the effect of exemplars might be a “reminder” to participants 

that ‘residual waste’ was atypical to what they were accus-
tomed to. For ‘food waste’, positive easy-to-sort exemplars 
even increased acceptance more than the other exemplar con-
ditions, suggesting that fraction-typical exemplars might best 
convey an understanding of the now combined fraction. 

That items normally belonging in ‘food waste’ appears to 
be more affected by being collapsed into ‘residual waste’ than 
items normally belonging to ‘paper’ and similarly are af-
fected more by the exemplars could be explained by the con-
ceptual overlap of the three fractions. To investigate that, we 
multidimensionally scaled items’ likelihood of ending up in 
any of the nine fractions in wave one into a two-dimensional 
space (for such a plot, see Online Supplements: osf.io/e2rdj). 
In this space, the clouds of items correctly belonging in ‘re-
sidual waste’ and ‘paper’ show a bigger overlap than any of 
them do with the cloud of items belonging in ‘food waste’. 
This could suggest that participants’ mental representation of 
‘paper waste’ is closer to ‘residual waste’ than any of them 
are to ‘food waste’. Whether this relationship between over-
lapping mental representations, sorting accuracy, and exem-
plar effects generalises to other fractions is a potential avenue 
for further research. 

Interestingly, we did not observe any effect of any of the 
exemplar conditions on the acceptance of items normally be-
longing in ‘residual waste’. This is surprising given existing 
studies showing exemplars supporting sorting accuracy in 
natural settings (see e.g., Austin et al., 1993; Cakanlar et al., 
2025; Miller et al., 2016). It is especially surprising as our 
own ongoing studies suggest that the effect of exemplars is 
attenuated for ‘residual waste’ 

Overall, explicitly collapsing waste fractions by including 
their names, icons, and colours on a single sign appears better 
at promoting an understanding of the now combined fraction 
than covertly removing alternatives and expecting partici-
pants to automatically re-assign items normally belonging to 
the removed fractions. Even when given exemplars. Whether 
this is due to abstracted icons in themselves better supporting 
combined conceptual understandings, due to overlearning 
these specific icons found in everyday life, or due to the in-
clusion of both fraction names on the sign, remains to be de-
termined. Lastly, given that ‘metal’ and ‘glass’ (which re-
mained unchanged between waves one and two) showed no 
negative effect when other fractions were collapsed suggests 
that collapsing fractions likely has no negative spillover ef-
fects. Thus, for now, the practical recommendation following 
this study is: when simplifying an otherwise established 
waste sorting system for a given context, be explicit about 
which fractions now belong together, thereby trading more 
liberal decision criteria for preserved discriminability. 
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