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Visual processing is limited: we cannot exhaustively analyze every object in a scene in a brief glance.
However, ensemble perception affords the visual system a rapid shortcut to efficiently evaluate multiple
objects. Ensemble processing has been widely tested across basic features. However, ensemble percep-
tion could be especially important and valuable for processes that are normally thought to require
cognitive deliberative effort. One typical high-level cognitive process that humans engage in frequently
is evaluating the value of objects. Here, we presented brief displays of consumer products to human
observers and measured their visual sensitivity to the average value of the sets. We found that participants
were sensitive to the average value of sets of products even when they did not have explicit memory for
every item in the display. Our results show that value judgments can be based on ensemble information.
Although value is thought to be an inferential concept, ensemble processing affords the brain a heuristic

to efficiently assign value to entire sets of objects.
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Many visual impressions are formed at the level of perceptual
sets. For example, an individual walking down the street can easily
evaluate the ensemble emotions of nearby pedestrians (Elias, Dyer,
& Sweeny, 2017; Haberman & Whitney, 2007, 2009), the ensem-
ble speed of passing cars (Watamaniuk & Duchon, 1992), or the
ensemble hue of surrounding trees (Demeyere, Rzeskiewicz, Hum-
phreys, & Humphreys, 2008; Webster, Kay, & Webster, 2014).
These ensemble percepts, or statistical descriptions of groups,
remain robust even when detailed information about specific mem-
bers in the set are unavailable to the visual system (Alvarez, 2011;
Hochstein, Pavlovskaya, Bonneh, & Soroker, 2015; Whitney &
Yamanashi Leib, 2018). As such, ensemble percepts are function-
ally useful heuristics affording critical information about our vi-
sual environment that cannot be otherwise accessed.

Previous literature demonstrates that observers can successfully
evaluate ensemble information from concrete visual features such
as: orientation (Parkes, Lund, Angelucci, Solomon, & Morgan,
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2001), hue (Demeyere et al., 2008; Webster et al., 2014), motion
direction (Watamaniuk & McKee, 1998, Watamaniuk, Sekuler, &
Williams, 1989), speed (Watamaniuk & Duchon, 1992), size (Ari-
ely, 2001; Chong, Joo, Emmanouil, & Treisman 2008; Chong &
Treisman, 2003, 2005; Marchant & de Fockert, 2009; Marchant,
Simons, & de Fockert, 2013), facial expression (Elias, et al., 2017;
Haberman & Whitney, 2007, 2009), biological motion (Sweeny,
Haroz, & Whitney, 2013), gaze (Florey, Clifford, Dakin, & Mare-
schal, 2016; Florey, Dakin, & Mareschal, 2017; Sweeny & Whit-
ney, 2014), and other high level visual information like attractive-
ness (Post, Haberman, Iwaki, & Whitney, 2012; van Osch,
Blanken, Meijs, & van Wolferen, 2015; Walker & Vul, 2014) and
animacy (Yamanashi Leib, Kosovicheva, & Whitney, 2016). En-
semble representations are obviously valuable in these cases be-
cause they provide a short-cut to rapidly evaluate similar or re-
dundant objects in the surrounding environment (Alvarez, 2011),
especially when there is not sufficient time or visual capacity to
exhaustively analyze each person or object in a scene (Whitney &
Yamanashi Leib, 2018). However, it remains an open question
whether ensemble representations are formed for other complex
but commonly encountered visual stimuli that require abstraction,
such as the value of consumer products. The perceived value of
products in store windows is not directly conveyed by explicit,
redundant visual features (unlike the hue of leaves on a tree or the
facial expressions in a crowd, where there are similar or redundant
visual features; Zeithaml, 1988). Most importantly, the ensemble
value of products does not vary in conjunction with simple visual
features across the stimuli set; rather, visual features associated
with product quality vary immensely between product categories
(Bonner & Nelson, 1985; Laird, 1932; Olshavsky, 1985). Indeed,
a visual feature that is correlated with quality in one product
category can be anticorrelated with quality in another product
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category (Zeithaml, 1988). For example, large size is often an
indicator of higher price for common foods (e.g., a larger container
of cereal often costs more than a smaller container). However,
simple heuristics fall apart quickly since generic products can be
larger and cheaper, and size is anticorrelated with quality for
electronic devices (e.g., smaller, sleeker designs are often associ-
ated with increased price). Therefore when judging perceived price
across stimuli from different product categories, individuals must
abstract the ensemble value from a collection of disparate physical
features. They must go one step further, beyond a basic feature
analysis, to access a gist impression of ensemble product value.
Despite a great deal of research on the perception of individual
object price (e.g., Bishop, 1984; Doyle, 1984; Jacoby & Olson,
1985; Sawyer & Dickson, 1984; Schechter, 1984), it is less clear
if and how product sets, as a whole, are evaluated and how
accurate or fast this process is. The majority of consumer product
research focuses on later stages of product purchasing, rather than
the early stages when consumers may be first drawn to a product
display in a split-second glance. Rapid viewing of product sets is
ubiquitous in consumer environments (e.g., scrolling past ads on
the computer, riding past ads on the subway, walking past fruit
stands at a farmer’s market, etc.). Because sets of products are the
default form in which products are encountered, at least initially, it
is particularly relevant to investigate observers’ first-glance im-
pressions of product sets. Ultimately, purchasing may still require
longer cognitive deliberation. However, if snap-judgment ensem-
ble valuations are made by observers, these could be an equally
critical component of consumer behavior. For example, ensemble
valuations may be a significant factor in consumers’ decisions to
stop scrolling or pause walking and initiate shopping. In the
following experiments, we tested whether observers can extract
average value information from product sets presented during a
brief glance—in a second or less.

If observers are able to evaluate ensemble value of a set of
objects efficiently, this could be a useful function for strategic
shopping, guiding search for particular objects, and for forming
preferences. In addition to having practical implications for con-
sumer purchasing, investigations such as these can inform us about
the nature of ensemble perception itself. Visual sensitivity to
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ensemble value would confirm that ensemble perception is not
only an expedient visual mechanism for identifying redundant
concrete features but may also provide a fast shortcut to abstract
perceptual impressions.

Experiment 1a: Ensemble Value of Product Sets

Method

Participants. Experiment la included 90 observers recruited
from Amazon Mechanical Turk (47 females, 43 males). The sam-
ple size was based on prior published work investigating ensemble
perception using an entirely online population (Goodale, Alt, Lick,
& Johnson, 2018). We asked participants to proceed with the
experiments only if they had no neurological history and normal or
corrected-to-normal vision. All participants were consented in
accordance with the Institutional Review Board at UC Berkeley.
All methods and experimental procedures were approved by the
Institutional Review Board at UC Berkeley.

Stimuli. The stimuli were 100 pictures of consumer products
that were downloaded from the website of a major retailer. The
stimulus array included consumer products typically found at
major retail chains such as: food, clothing, office supplies, travel
items, electronics, and so forth Examples of the products are
shown in Figure 1. The least expensive product in the stimulus
array was listed by the retailer at $0.72, while the most expensive
product was listed by the retailer at $99.99. Observers were not
given any information about the individual prices or the range of
product prices. We did not remove brand names from the products.
As such, participants who were highly familiar with the retailer
may have guessed the retailer by associating specific brands with
the store. However, the specific name of the retailer was not
provided to participants. There were 100 products in the stimulus
array. In each trial, a set of six products was presented on a white
background in a 2 X 3 grid that measured 453 X 654 pixels. The
experiments were conducted on participants’ home computers; as
such, the visual angle and the luminance of the stimuli cannot be
reported. Stimuli was displayed using the Qualtrics (Qualtrics,
Copyright 2018) experimental platforms.

i
i

Examples of stimuli. Fifteen (out of 100) stimuli in the products used in Experiments 1, 2, and 3. See



n or one of its allied publishers.

ghted by the American Psychological Associa

This document is copyri

°r and is not to be disseminated broadly.

This article is intended solely for the personal use of the individua

ENSEMBLE VALUE 3

Procedure. Participants were asked to place their personal
computer monitor in a centered position in front of them, and
were asked to maintain a clear, unobstructed view of the screen.
They were also asked to sit an arm’s length away from the
computer screen. They were instructed that displays would be
brief, and they were encouraged to maintain vigilant attention
throughout the experiment. First, participants viewed a set of 6
products for one second. The 6 products were drawn pseudo-
randomly, with the restriction that no set contained a duplicate
product. We also included a constraint that the average value of
the set had to vary (as a true random draw often results in a
repeated mean value). The expected average value of each set of
stimuli was determined by calculating the arithmetic mean of all
6 products contained in the set, derived from the retailer’s listed
price. From now on, we will refer to this as the “predicted
value” for each set of products. Some product sets contained
less than 6 products (these conditions are explained in detail
below). In product sets containing less than 6 products, the
products were randomly distributed across the six possible
locations on the grid. All product displays contained a centrally
placed fixation cross. Participants were asked to keep their eyes
fixated on the cross while the product set was on the screen.
After the products disappeared, participants entered their esti-
mate of the average price of the product set in a blank text box
that appeared centrally on the screen. Participants were given an
unlimited time to report their price estimates. They were not
allowed to proceed to the next trial until they entered a re-
sponse. See Figure 2A for an illustration of the trial sequence.
Observers participated in 100 trials total. On 25 of these trials,
there were 6 products displayed in the set. In the remaining 75
trials, there were displays of 4, 2, or 1 product, in equal
proportion. These subsets of the entire 6 product set allowed us
to later perform an analysis we will call the subset integration
measure, which estimates how many stimuli observers incor-
porated into their ensemble percepts (Chong et al., 2008; Pi-
azza, Sweeny, Wessel, Silver, & Whitney, 2013; Sweeny,
Haroz, & Whitney, 2013; Sweeny & Whitney, 2014; Sweeny,
Wurnitsch, Gopnik, & Whitney, 2015; Wolfe, Kosovicheva,
Leib, Wood, & Whitney, 2015; Yamanashi Leib et al., 2014;
Yamanashi Leib, Kosovicheva, & Whitney, 2016). This analy-
sis will be further discussed in the results section.

At the end of the experiment, participants were asked to report
their annual income using these five responses choices: Under
20,000, Between 21-40,000, Between 41,000—60,000, Between
61,000—80,000, Over 80,000. They also responded to one question
relating to shopping experience: Which represents how often you
shop at the major retailer X'? Participants were given the follow-
ing three response choices: “Never,” “A few times a year,” “Once
a month or more frequently.”

Results

If participants were able to extract an ensemble percept of
product value, we would expect that their ratings of average set
value would highly correlate with the retailer’s value (the
“predicted value”). We used a bivariate correlation to analyze
participants’ data, and we found significant correlations be-
tween observers’ ratings of the average, or ensemble value, and
the mathematical mean of the single product prices as listed by

the retailer. Figure 2B shows the correlation for a single rep-
resentative observer in the whole set condition (Pearson R =
0.76, p < .001). We refer to these correlations as a measure of
ensemble sensitivity. For single subjects, the R coefficient mea-
sures ensemble sensitivity; however, the R coefficient is not
normally distributed (the variance of R decreases as it ap-
proaches 1) Therefore, to measure group performance, we
transformed each subjects’ Pearson r values to Fisher z scores,
thereby normalizing the correlation coefficient (Fisher, 1915).
Then, we averaged across the 90 subjects’ Fisher z scores
(Average Fisher z = 0.72, permuted sign test, p < .001). The
results confirmed that observers were sensitive to average price
of the sets of products, even though no explicit price informa-
tion was given.

If observers based their value estimate on an ensemble estimate,
they should integrate stimuli from across the product set and not
merely randomly sample one product from the set. To ensure
participants integrated multiple products into their ensemble per-
cept of value, we employed the subset integration measure, a
method that involves presenting subsets of the whole set of objects.
(Chong et al., 2008; Piazza et al., 2013; Sweeny et al., 2013, 2015;
Sweeny & Whitney, 2014; Wolfe et al., 2015; Yamanashi Leib et
al., 2014, 2016). On each trial, a set of 6 randomly selected
consumer products was generated, with a corresponding predicted
average value for that set. However, in 25 of these trials, we
displayed only 4 of the 6 products to participants. In 25 trials, we
displayed only 2 of the 6 products to participants, and in 25 trials,
we displayed only 1 of the 6 products to participants. Trials with
“subsets” of consumer products were randomly interleaved
throughout the experiment. These conditions allow us to empiri-
cally simulate what participants’ value estimates would be if they
randomly sampled subsets of products from the whole set, instead
of integrating all of the products in the set (Figure 2C & D). If
participants only randomly sampled one item from the set on each
trial, their ensemble value sensitivity (i.e., correlation with the
predicted value) would be low and remain relatively stable, even if
information (the number of products) were increasingly available
to the participant (Figure 2C). In contrast, if participants integrate
multiple objects into their ensemble percept, their ensemble value
sensitivity should increase as more information is given to the
participants (i.e., as more products are displayed; Figure 2D).
Figure 2D shows the pattern of performance associated with the
most extreme version of ensemble perception, with 100% of the
items integrated.

Importantly, participants integrated multiple products in their
ensemble valuations. Figure 2E (gray solid line) illustrates the
strong subset pattern across the participants. As we revealed more
information to the participants, the correlation increased (average
Fisher z for 1 product = .448; Average Fisher z for 2 products =
.629; Average Fisher z for 4 products = .642; Average Fisher z for
6 products = .720). A one-way, repeated measures ANOVA
confirmed a main effect of set size, F(3, 267) = 30.854, p < .001,
m? = .257, observed power = 1.00 illustrating that participants
exhibited increasing ensemble sensitivity as set size increased. We
also investigated the difference between performance in the 4-item
subset and the whole set. Participants exhibited a significantly

! Name excluded for publication.
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Figure 2. Experiment la procedure, hypothetical outcomes, and experimental results. (A) Participants viewed
a set of 6 products for 1 s. No explicit price information was given. Then, participants estimated the average price
of the product set. (B) A representative subject’s results. The ensemble estimate of the 6-product-sets is plotted
on the y-axis; the predicted value of the product sets, derived from retailer’s listed prices, is plotted on the x-axis.
The robust correlation suggests that this participant was able to extract ensemble value from the display of
products. Group data is shown in panel E. (C) The predicted pattern of performance if observers based their
judgments on one randomly sampled product from each set: Ensemble sensitivity would remain relatively
constant even as more information (more products) were revealed to the participant. The y-axis plots the
ensemble sensitivity while the x-axis plots the number of products displayed to the participants. (D) The
predicted pattern of performance if observers integrate information from 100% of the products in the set (an
extreme version of ensemble coding). The ensemble sensitivity increases as observers are given more informa-
tion (as more products are revealed to the observers). (E) Empirical group data. The y-axis plots the magnitude
of the correlation between the observers’ ensemble ratings and the predicted price (i.e., ensemble sensitivity).
The x-axis plots the number of products in the set. In the empirical data, the ensemble sensitivity increases as
the number of presented products increases. The dotted lines represent participants’ memory capacity measured
in Experiment 2 for various set sizes. (F) Each subject’s ensemble sensitivity is rank ordered within each of the
different display conditions (thus, a randomly drawn vertical line at any point on the graph will likely intersect
different subjects). Each dot represents one participant, but the graph is tantamount to treating all subjects as one
supersubject. Different colors represent the number of products in each display condition. See the online article
for the color version of this figure.
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higher correlation in the whole set (Fisher z = 0.720) compared to
the 4-item subset (Fisher z = 0.642), #(89) = 2.53, p = .01. Figure
2F illustrates the individual subject data for all 90 participants
treated as if they are a single subject (within each subset display
condition, the x-axis shows all 90 subjects’ rank ordered ensemble
sensitivities; each condition was ranked separately, for the purpose
of visualization). Taken together, these results demonstrate that
participants extracted an ensemble percept from the whole display,
and they did not merely randomly sample one item (or even a
small subset of items) from the product display. Instead, partici-
pants integrated significantly more than 4 items from the set of
products.

This analysis confirms that participants did not randomly sam-
ple a small number of items from the set. Yet, is it possible that
participants used something like the range or the extreme values in
the product sets? To address this, we correlated each participants’
ratings of the six-product ensemble with the mean of all 6 products
(the original analysis, e.g., right-most data point in Figure 2E) and
repeated this analysis using predicted mean prices based on the
most and least expensive products in each set. Because the two
distributions of predicted values are highly correlated (Figure 3A),
we do not expect a large difference in the results of the two
analyses. Nonetheless, there are differences in the distributions,
and if participants based their ensemble judgments on the mean of
6 products, rather than the range, their ensemble sensitivity should
be higher. Ensemble sensitivity was, in fact, more selective to the
mean of all 6 products in the set (Fisher z = .72,) compared to
mean of the highest and lowest priced products in each set (Fisher
z = .66), 1(93) = 5.75, p < .001, d = .27, observed power = .72
(Figure 3B).

- X Cheap & Ex. Products
@8 X of 6 Products

A

30

25

Frequency

0 10 20 30 40 50 60 70 80 100

Means of Displays In Dollars

At the end of the Experiment la, participants responded to a
demographic question (5 response choices ranging from low to
high income) and shopping experience question (3 response
choices ranging from low to high experience shopping at the
retailer; see methods). We conducted a one-way ANOVA com-
paring ensemble sensitivity (Fisher z on the whole set) with
shopping experience and found no significant main effect. We also
conducted a one-way ANOVA comparing ensemble sensitivity
(Fisher z on the whole set) and income and found no significant
main effect. As this was not the primary manipulation of our
experiment and was merely a follow-up question, we cannot draw
any strong conclusions from these results. However, broadly
speaking, these results are consistent with our hypothesis that
participants engaged the mechanism of ensemble perception,
which does not entirely rely on experience or memory for all items
in the set (Whitney & Yamanashi Leib, 2018). Experiment 3 will
provide a more rigorous investigation of this question.

Experiment 1b: General Agreement of Product Value
Using Independent Observers

Experiment 1a demonstrated that observers were able to extract
ensemble value using the retailer’s price as a baseline. In Exper-
iment la, we used prices from a popular major retailer that we
assumed was representative of a standard shopping experience.
Nonetheless, it is customary for prices to vary slightly across
various retailers in the marketplace. In Experiment 1b, we aimed to
confirm generalizability of our results using a different pricing
baseline. It is increasingly common for retailers to utilize some
form of crowdsourcing as a significant determining factor in

0.8
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€
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Z
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X of 6 Products of
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Figure 3. Experiment la control analysis. Alternative predicted prices for product sets. (A) Histograms of
predicted mean price (in dollars) of the product sets displayed to observers. The gray color shows the predicted
mean values of the 6 product sets, as was used in Figure 2B. The purple color represents an alternative predicted
value, based on the average of the most and least expensive items in those sets. The histograms overlap
somewhat but there are critical differences across the distribution. (B) Ensemble sensitivity to the mean of the
6-product set (gray bar) versus sensitivity recalculated relative to the mean of the most and least expensive items
in the set (purple bar). Ensemble sensitivity is significantly higher to the mean price of all 6 products, confirming
that participants did not base their decision on a subsample of the least and most expensive items. * p < .001.

See the online article for the color version of this figure.
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setting the price of products (Bertini & Koenigsberg, 2014). Thus,
rather than picking a single competitor store to test in Experiment
1b, we used crowdsourcing, as this should yield high generaliz-
ability to a variety of stores across the marketplace. We asked
independent observers on Mechanical Turk to rate the price of the
products from Experiment la. The independent observers were
shown the individual products but were not explicitly told
the name of the original retailer or the listed prices. Using these
independent ratings, we reexamined the ensemble product ratings
from Experiment 1a and investigated whether we would observe a
similar pattern of results.

Method

Participants. Experiment 1b included 100 observers recruited
from Amazon Mechanical Turk (63 females, 37 male). The mean
age of the participants was 35.94 (SD = 13.50). We asked partic-
ipants to proceed with the experiments only if they had no neuro-
logical history and normal or corrected-to-normal vision. All par-
ticipants were consented in accordance with the Institutional
Review Board at UC Berkeley. All methods and experimental
procedures were approved by the Institutional Review Board at
UC Berkeley.

Stimuli and procedure. We used the same stimuli described
in Experiment la. In Experiment 1b, participants viewed a single
product for 1 s. The product was displayed centrally on a white

0.75
0.7
0.65
0.6
0.55
0.5
0.45
0.4

Sensitivity
Fisher z

Ensemble Value

0 2 4 6

Number of Products in Group

background within a 218 X 218 pixel region. After the product
disappeared, participants entered their price estimate of the product
in a blank text box displayed centrally on the screen. Participants
were not given a time limit to respond; they were not allowed to
move to the next trial until a response was entered. There were 100
trials in all. See Figure 4A for an illustration of the trial sequence.

Results

In order to assess the reliability of the raters on single product value
evaluations, we performed an intraclass correlation coefficient test, or
ICC. Specifically, we used the random, two-way ICC model, mea-
suring consistency across the average ratings. The test yielded an ICC
within the excellent range, ICC = 0.819 (Cicchetti, 1994). We also
investigated whether the raters agreed with the listed prices provided
by the retailer. We performed a bivariate correlation and found that
the raters’ average estimate of product price significantly correlated
with the retailer’s listed price, Pearson » = .809, p < .001. Individual
data (as opposed to averaged data) is also highly correlated with the
retailer’s listed price. For each subject, we transformed the Pearson r
values to Fisher z scores and averaged across the 100 subjects, Fisher
z = 0.7619, p < .001.

Finally, we compared the independent observers’ ratings of
single products in Experiment 1b to the observers’ ensemble
ratings of sets of products in Experiment la. We substituted the
independent observers’ rated prices as the predicted value on the

]

Enter the price of the

product
6 Products
1.5 ® 4Products
,, 2 Products
1 & 1 Product
L]

Individual Participants
Rank Ordered Within Condition

Figure 4. Example of independent observers rating procedure and results: (A) Participants viewed a single
product for 1 s, then estimated its price. (B) Group data. The y-axis plots the magnitude of the correlation
between the observers’ ensemble ratings and the predicted price using independent observers (i.e., ensemble
sensitivity). The x-axis plots the number of products in the set. The ensemble sensitivity increases as the size of
the set increases, indicating that participants are integrating multiple products into their ensemble percept. (C)
Individual data. The y-axis plots the ensemble sensitivity. The x-axis plots subjects’ data in ranked order of
performance within each condition. Each dot represents a subject; the different colors represent the number of
products in each display condition. See the online article for the color version of this figure.
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x-axis (cf., Figure 2B). Individual subjects’ ratings of average set
price (Experiment la) correlated highly with the independent
observer’s set price ratings derived from single product ratings in
Experiment 1b, Fisher z = 0.71, permuted sign test, p < .001. This
result is unsurprising because initial analyses demonstrated that
observers’ ratings in Experiment la correlated highly with retail-
er’s price. This merely serves as further confirmation that observ-
ers largely agreed about the abstracted value of consumer products.
We also observed the expected subset integration pattern. In Ex-
periment la, we included displays with different numbers of sub-
sets of products (showing 4 products out of 6, 2 products out of 6,
and 1 product out of 6). These conditions allow us to empirically
simulate what participants’ ensemble estimates would be if they
randomly sampled subsets of products from the whole set, instead
of integrating all of the products in the set. We measured partici-
pants’ ensemble sensitivity to varying subsets relative to the mean
of the whole set: Subset with 1 product, Fisher z = .434; Subset
with 2 products, Fisher z = .610; Subset with 4 products, Fisher
z = .656; Whole set with 6 products, Fisher z = .697. We
observed the expected monotonic increase in ensemble sensitivity
as more products were revealed (Figure 4B). A One-Way repeated
measure ANOVA confirmed a main effect of set size, F(3, 267) =
26.751, p < .001, m*> = .231, observed power = 1.00. This
confirms that participants integrated multiple items into their en-
semble judgment of product value using ratings of independent
observers. For the purpose of visualization, we rank ordered par-
ticipants” ensemble sensitivity within the different set size condi-
tions (Figure 4C).

Experiment 2: Explicit Memory for Individual
Set Members

Several previous studies have demonstrated that single item
recollection is not a prerequisite for ensemble perception in ori-
entation, size, and facial expression (Ariely, 2001; Fischer &
Whitney, 2011; Haberman & Whitney, 2011; Parkes et al., 2001).
Experiment 3 investigated whether the same is true for consumer
product ensemble judgments. One possibility is that participants
extracted the average value of consumer products by explicitly
remembering every item in the set. Another alternative is that the
ensemble judgment occurs independently of explicit memory for
every product. Specifically, we explored whether the display du-
ration of Experiment 1 was sufficiently long for participants to
explicitly recall each member in the set.

Method

Participants. Experiment 2 included 85 observers recruited
from Amazon Mechanical Turk (37 females, 48 males). The mean
age of the participants was 36.25 (SD = 11.80). We asked participants
to proceed with the experiments only if they had no neurological
history and normal or corrected-to-normal vision. All participants
were consented in accordance with the Institutional Review Board at
UC Berkeley. All methods and experimental procedures were ap-
proved by the Institutional Review Board at UC Berkeley.

Stimuli and procedure. Experiment 2 used the same stimuli
from Experiments la & 1b. In each trial, observers viewed 6
randomly chosen stimuli for 1 s (identical to the display duration
in Experiment 1). After the 6 stimuli disappeared, observers per-

formed a membership identity task. Two stimuli appeared on the
screen. One stimulus was a member of the previously displayed
product set and one was a lure (randomly drawn from the entire
stimulus array). Participants were asked to pick the member of the set
using a button press. In addition to sets of 6 products (as in Experi-
ment 1), we also displayed trials with 1, 2, and 4 products in each set.
Observers participated in 100 trials total (25 in each set size).

Results

To determine how many products observers were able to
recall in each display, we used the following calculation: MC =
1 X P, where MC represents working memory capacity, / repre-
sents the number of items in the set, and P represents the

proportion of items remembered. Specifically, the formula was:
(trialscorrect — trialscorrectbychance) X 2

toralnumberofirials . Because we employed a 2AFC
experimental design, we define trials correct by chance as 50%
of the available trials. Participants remembered approximately 1
product in the 1-product trials, 2 products in the 2-product
trials, and less than 4 products in the 4-product and 6-product
trials. (1-product trials: M = 0.90 product, SEM = 0.02;
2-product trials: M = 1.74 products, SEM = 0.056; 4-product
trials: M = 3.06 products, SEM = 0.096; 6-product trials: M =
3.54 products SEM = 0.171). In contrast, participants inte-
grated significantly more than four products and up to 6 items
(See Figure 2E). This finding suggests that ensemble judgments
of consumer products are based on more than an explicit mem-
ory of each exemplar. The experience and income questions
reported in Experiment la were also asked at the end of this
experiment. We repeated the one-way ANOVAs comparing
shopping experience and memory and income and memory. We
found no significant main effects.

Experiment 3: Products From the Same Category:
Diverse Quality and Prices

The prior experiments demonstrate that observers are sensi-
tive the ensemble value of consumer products. Furthermore,
ensemble perception does not depend on memory for individual
products in the display. The original stimulus array contained
consumer products from diverse product categories and in-
cluded only a few products that shared the same category. Many
shopping experiences include comparisons of products from the
same category that vary in quality and/or price. Therefore, to
further increase the generalizability of our results, we reran the
experiment using a new array of stimuli that incorporated more
products drawn from within the same category.

Method

Participants. Experiment 3 included 90 observers recruited
from Amazon Mechanical Turk (33 females, 57 males). The mean
age of the participants was 36.65 (SD = 10.57). We asked partic-
ipants to proceed with the experiments only if they had no neuro-
logical history and normal or corrected-to-normal vision. All par-
ticipants were consented in accordance with the Institutional
Review Board at UC Berkeley. All methods and experimental
procedures were approved by the Institutional Review Board at
UC Berkeley.
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Stimuli and procedure. In Experiment 3, we created a new
array of stimuli that explicitly contained product pairs from the
26-product category that differed in price and quality (Figure
5A). For example, the set contained a relatively expensive
brand of coffee compared to a more common brand of coffee. A
comprehensive description of the set of 52 new stimuli is
provided in the online supplemental materials. We generated
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sets of stimuli by randomly drawing 6 products without replace-
ment from the 52 products. Observers viewed 30 trials of 6
products and 30 trials in each of the remaining subsets of 4, 2,
and 1 consumer products. Subset size was randomly interleaved
across trials. Participants were not required to fixate in the
center of the screen. All other aspects of the experiment were
identical to Experiment la.
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Figure 5. Example of Experiment 3 stimulus array, procedure, and results: (A) The new stimulus array
consisted of 52 products that were drawn from 26 categories. Products from within a given category differed in
price and/or quality. (B) Observers viewed 6 products randomly selected from the stimulus array for 1 s, and then
estimated the average price of the products. (C) Experiment 3 Results. Ensemble sensitivity (y-axis) increases
with increasing set size (x-axis), indicating that participants integrated multiple products into their ensemble
percept. (D) Rank-ordered ensemble sensitivity within each set size. Each dot represents a subject, and the graph
represents a single supersubject. (E) Participants’ responses modeled by three different predictors: The price of
the actual exemplars displayed (using predicted product value; gray bar); the price of an exemplar from the same
category (the pseudopredicted value; dark green bar); and the average price of the exemplars within each
category (light green bar). Participants exhibit ensemble sensitivity to the specific exemplars displayed. * p <
.001. See the online article for the color version of this figure.
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Results

As in all the prior experiments, if participants were able to
extract an ensemble percept of product value, we would expect that
their ratings of average set value would correlate with the retailer’s
value. We used a bivariate correlation to analyze participants’ data,
and we found significant correlations between observers’ rating of
average, or ensemble value, and the mathematical mean of the
single product ratings as listed by the retailer. We normalized
individual subjects’ correlation coefficients using Fisher’s Z trans-
formation and averaged across the group of 90 participants. The
results confirm that the group of participants exhibited ensemble
sensitivity to the retailer’s listed value, average Fisher z = .273,
permuted sign test, p < .001.

Ensemble sensitivity to varying subsets was as follows: Subset
with 1 product, Fisher z = .112; Subgroup with 2 products, Fisher
z = .217; Subset with 4 products, Fisher z = .225; Whole Set with
6 products, Fisher z = .273. A One-Way repeated measure
ANOVA confirmed a main effect of set size, F(3, 267) = 14.359,
p < .001, m* = .139, observed power = 1.00. This confirms that
participants integrated multiple items into their ensemble judgment
of product value (Figure 5C and 5D).

While all results are statistically significant, the overall ensem-
ble sensitivity was lower compared to Experiment 1. This is
expected because the variance of the displays was greater com-
pared to the prior experiments (mean variance of displays in
Experiment la = 26.01; mean variance of displays in Experiment
Ib = 33.87; mean variance in Experiment 3 = 44.68). It is
well-established that high variance negatively impacts ensemble
sensitivity (Dakin, 2001; Fouriezos, Rubenfeld, & Capstick, 2008;
Haberman et al., 2015; Im & Halberda, 2013; Marchant et al.,
2013; Morgan, Chubb, & Solomon, 2008). The high variance was
necessary to conduct the two forthcoming analyses that verify
participants successfully discriminated exemplars within product
categories.

To ensure that participants discriminated between the quality of
the different exemplars within each product category, we ran two
additional analyses. First, we reran the analysis of the 6-products
sets using an alternate pseudopredicted value for the product sets.
Specifically, we switched the prices of products within category.
For example, if a participant viewed a display containing a silver
teapot, a plastic office pen, a butcher-block wood cutting board,
name-brand slippers, and off-brand toy blocks, we replaced the
prices with those of a ceramic teapot, a luxury pen, a plastic cutting
board, off-brand slippers, and name-brand toy blocks. We then
correlated participants’ responses to the original display with the
pseudopredicted values.

If participants incorporated exemplars of diverse quality into
their ensemble percept (rather than randomly interchanging exem-
plar prices within a product category), we should observe that
ensemble sensitivity decreases using pseudopredicted product
value. We find exactly that. Participants’ ensemble sensitivity
dramatically decreased using the within-category swapped prices,
Fisher z actual exemplars = .273; Fisher z switched exem-
plars = —.069. A paired ¢ test confirms the difference is signifi-
cant, #(89) = 8.54, p < .001, d = 90, observed power = 1.00. This
analysis indicates that participants did not interchange the prices
between different exemplars and also confirms that we used stim-

uli with sufficient price differences to rule out this plausible
strategy (Figure 5E).

One additional possibility is that participants did not interchange
the prices between exemplars, but rather relied on a category-level
representation that typifies the price for all products within that
category. To ensure participants did not rely on this strategy, we
averaged the prices of the products within each product category.
For example, our stimuli array contained a wood, butcher-block
cutting board ($47.59) and a plastic cutting board ($14.80). The
average price of these products was: $31.19. We repeated this
averaging process within each category across the stimuli set to
estimate category-level prices. Finally, we reran the analysis com-
paring participants’ original responses to the category-level price
of the products. If participants relied on broad category-level or
prototype representations of value, we should observe that ensem-
ble sensitivity is similar for both the original analysis and the new
analysis (using general category-level prices as the predictive
value). Instead, if participants discriminate between specific ex-
emplars, ensemble sensitivity will decrease using the category-
level analysis. As expected, ensemble sensitivity decreased when
general category-level prices were substituted for specific exem-
plar prices. A paired ¢ test confirms the difference is significant,
1(89) = 3.52, p < .001, d = .371, observed power = .94. This
establishes that participants discriminated the quality of exemplar
products within each category, and did not rely on a category-
level, generic, or prototype judgments.

Discussion

To investigate whether ensemble perception can operate across
abstracted impressions, we asked observers to report the ensemble
value from diverse sets of consumer products. We found that
observers successfully report the ensemble value—and they do so
with limited exposure time and without explicit memory of each
individual product. Because the price of the products was not
explicitly presented, observers integrated abstracted impressions to
successfully complete the ensemble task. This is strong evidence
that ensemble perception allows us to rapidly derive abstract gist
information from our visual surroundings. These findings may also
have practical relevance for consumer marketing. Observers’ as-
sessments of product value were broadly consistent with retailers’
prices and with each other. This suggests that ensemble percepts of
value are shared among observers and accessible to a broad pop-
ulation of consumers.

Ensemble perception operates over a broad range of visual
(Alvarez, 2011; Hochstein, Pavlovskaya, Bonneh, & Soroker,
2015; Whitney & Yamanashi Leib, 2018) and auditory attributes
(Albrecht, Scholl, & Chun, 2012; McDermott, Schemitsch, &
Simoncelli, 2013; Piazza et al., 2013), including high level visual
information like facial expression (Haberman & Whitney, 2007,
2009), animacy (Yamanashi Leib et al., 2016), and attractiveness
(Post, Haberman, Iwaki, & Whitney, 2012). However, there is no
clear consensus regarding whether ensemble perception operates
across abstracted visual impressions. Post et al., displayed photo-
graphs of crowds, and asked observers to report the average
attractiveness of the individuals in the crowds. Participants suc-
cessfully perceived the ensemble attractiveness of the crowds,
suggesting a minimal level of perceptual abstraction. However, in
this case, ensemble attractiveness could also be driven by low-
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level visual features, such as symmetry (Perrett et al., 1999;
Rhodes, Sumich, & Byatt, 1999). More recently, Yamanashi Leib,
et al. showed participants brief displays of household objects,
animals, and people and asked observers to rate the overall ani-
macy of the display. They reported high sensitivity to the ensemble
animacy of the displays (Yamanashi Leib, et al., 2016). Again, this
might suggest that ensemble perception operates beyond a basic
visual feature analysis. However, perceptions of animacy are also
associated with low-level features, such as perceived curvature of
the stimuli (Long, Stérmer, & Alvarez, 2017). The current findings
represent strong evidence that ensemble coding mechanisms can
integrate abstracted impressions of value into a single, unitary
percept.

Perceived value is a complex construct. It reflects many differ-
ent dimensions including product quality, product performance,
emotional significance, social usefulness, and price, among other
factors (Sweeney & Soutar, 2001). Our experiments show that
observers can ensemble code the utility of groups of objects as
evidenced by their ability to translate product groups into ensem-
ble price estimates. Reported price is simply a convenient corollary
for value, but which dimensions are used, and whether individual
objects are transformed into other intermediate dimensions before
the averaging occurs, are open questions. For example, observers
might transform the visual images of products into a continuous
representation of emotional significance, or functional utility, or
dollar value, or a quality metric, or something else, before inte-
grating this information into a reported ensemble price. In fact, it
is likely that subjects actually use a combination of these dimen-
sions to assess the value of any given object (Sweeney & Soutar,
2001). Likewise, integrating across any or all of these dimensions
to estimate the perceived value of a crowd of objects, as we found
here, counts as an ensemble percept of value.

The question remains what neural mechanisms might underlie
this unique phenomenon. Ensemble information is likely repre-
sented at many stages of the visual processing stream (Haberman,
Brady, & Alvarez, 2015; Hubert-Wallander et al., 2015; Whitney
& Yamanashi Leib, 2018). For example, low-level feature ensem-
bles are represented in visual cortex (Britten, Shadlen, Newsome,
& Movshon, 1992) and more recent research has found neural
populations that carry ensemble shape and face information (Cant
& Xu, 2017; Im et al., 2017). However, whether these same
mechanisms could be used for representing product value or utility
remains unclear. Future research should therefore investigate the
neural mechanisms that contribute to abstracted ensemble percep-
tion.

Our results confirm that ensemble value can be successfully
extracted when the individual products cannot be explicitly re-
called. This finding highlights the efficiency of ensemble coding
consumer product value, even under conditions where other visual
processes, such as visual working memory, are constrained. Some
prior research has shown that ensemble representations can be
achieved without recalling every item (e.g., circle size, orientation,
faces, etc. Alvarez, 2011; Ariely, 2001; Fischer & Whitney, 2011;
Haberman & Whitney, 2010; Hochstein et al., 2015; Parkes et al.,
2001). Our research demonstrates that abstract values assigned to
objects can be achieved rapidly—without reliance on a maintained
representation of each product. Although participants cannot re-
member each item, they are nonetheless able to integrate most or

all of the items into an accurate ensemble valuation of the whole
product set.

Observers need not integrate every member of a set to perceive
and report a summary statistic (Whitney & Yamanashi Leib,
2018). Diverse patterns of integration between subset sizes can
also be observed, potentially suggesting different strategies are
used by the visual system when set size varies (Marchant et al.,
2013). Nevertheless, our results suggest that most, if not all, of the
objects were integrated into an ensemble estimate. To empirically
demonstrate this, we used the subset integration measure, a stan-
dard method used in ensemble perception paradigms (Chong et al.,
2008; Piazza et al., 2013; Sweeny & Whitney, 2014; Sweeny et al.,
2013, 2015; Wolfe et al., 2015; Yamanashi Leib et al., 2014,
2016). In addition, this and prior ensemble studies also demon-
strate that nonrandom sampling (e.g., sampling the extreme values
in the set) cannot account for performance in ensemble tasks
(Ariely, 2001; Chong & Treisman, 2003; Fischer & Whitney,
2011; Haberman & Whitney, 2007, 2009; Robitaille & Harris,
2011; Wolfe et al., 2015). The integration efficiency—the number
of integrated objects in a summary statistical percept—can vary,
though a rough rule of thumb is that approximately the square root
of the number of objects are integrated in many different types of
ensemble percepts (Whitney & Yamanashi Leib, 2018). Our re-
sults here fall on the high side of that range, but they are consistent
with many other studies on ensemble perception with similar
exposure durations (Gorea, Belkoura, & Solomon, 2014; Yama-
nashi Leib et al., 2014, 2016).

A great deal is known about consumer perception and attitudes
toward individual objects, but much less effort has been devoted to
understanding the initial impressions that consumers form about
object displays. In these initial impressions, collections of objects
are the rule, not the exception. Our results fill a unique gap,
revealing a fast and efficient mechanism for representing the
summary statistical value of product sets. Our results raise the
intriguing possibility that value-assessments at a glance, and
the underlying ensemble perception mechanisms that support these
judgments, may shape early stage evaluations of product displays.
Moreover, these findings confirm that ensemble perception, a
visual mechanism that provides short-cuts in cluttered visual en-
vironments, can integrate abstracted visual information.
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