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We propose that some products carry labels that mimic the features of certified health and 
sustainability labels and that such lookalike labels can confuse consumers into believing that 
a product has specific, desirable attributes. To address this, we develop a mouse-tracking 
method for measuring consumer confusion about product attributes. In Study 1, we show 
that lookalike labels often mislead consumers into believing a product includes a certified 
label, and that mouse cursor movements provide insights into confusion levels. By applying 
signal-detection theory to mouse cursor movements, we develop a novel metric that quan-
tifies product attribute confusion and accurately flags products as either ‘‘attribute confusion 
suspect” or ‘‘attribute confusion safe”. In Study 2, we replicate our findings and show that 
attribute confusion is associated with a higher willingness-to-pay. In Study 3, we test the 
robustness of the metric under different exposure times. The novel attribute confusion met-
ric provides marketers, policymakers, and consumer advocacy groups with a tool to design 
less confusing labels and can serve as evidence in cases where a product is suspected of mis-
leading consumers or copycatting certified or trademarked labels. 
© 2024 The Author(s). Published by Elsevier B.V. This is an open access article under the CC 

BY license (http://creativecommons.org/licenses/by/4.0/). 
1. Introduction

Brand copycatting is a well-known marketing phenomenon where consumers are misled into believing they are purchas-
ing the original brand (Miaoulis & D’Amato, 1978). We propose that companies can also mislead consumers into believing a 
product has specific desirable attributes, a concept we term attribute confusion. This strategy can benefit marketers if con-
sumers mistakenly perceive a product as more healthful or sustainable. Marketers can cause attribute confusion by using 
lookalike labels that mimic third-party certified labels. These labels are trusted by consumers as guarantees of strict stan-
dards, such as sustainable farming or responsible sourcing (Wu et al., 2021). This practice may undermine the value of cer-
tified labels by diverting purchases to products with lookalike labels. Although existing methods measure consumer 
confusion due to copycat brands, none specifically address attribute confusion. To fill this gap, we developed a novel attri-
bute confusion metric using mouse cursor tracking. By integrating signal-detection theory with mouse cursor movements, 
our metric quantifies product attribute confusion at the individual level, effectively flagging products as either ‘‘attribute 
confusion suspect” (i.e., they create attribute confusion) or ‘‘attribute confusion safe” (i.e., they do not). Compared to other
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metrics based on cursor, choice, or response-time data, the attribute confusion metric offers higher accuracy and more 
detailed individual-level information. Unlike choice data, which averages across groups, the attribute confusion metric cap-
tures individual differences, revealing that attribute confusion can increase willingness-to-pay for uncertified products by 
about 5 % between the least and most confused consumers.

The attribute confusion metric can help marketers, policymakers, and consumer advocacy groups design product labels 
that minimize confusion with existing labels, especially when introducing new ones. It also offers valuable insights for iden-
tifying deceptive labeling practices and detecting greenwashing, where companies create confusion about a product’s sus-
tainability through misleading images, claims, or labels. 

1.1. Why lookalike labels may cause attribute confusion 

Certified labels signal premium product attributes like sustainability or healthfulness through their presence on a product 
(Newman et al., 2014). Consumers generally recognize and trust these labels, which enhances a product’s perceived value 
(Wu et al., 2021). For example, products with certified nutrition labels, such the Nordic Keyhole, obtain a price premium 
of about 14 % (Edenbrandt et al., 2018), while organic labels can add a 30 % premium, depending on the category 
(Crowder & Reganold, 2015; van Doorn & Verhoef, 2011). However, certification might be challenging or require substantial 
investments and license fees (e.g., the Fairtrade label; FLOCERT, 2021b). In the absence of regulation, marketers can design 
their own labels that mimic elements of certified labels, such as color, shape, or size. These lookalike labels could yield sim-
ilar benefits to certified labels if consumers confuse them with certified labels (for examples of such labels, see Fig. 1). 

Consumers are likely to confuse lookalike labels because they do not process product information in detail. On average, 
they spend only 0.36–0.55 s attending to each product in a supermarket, which is insufficient for a detailed visual inspection 
of labels or packaging attributes (Hurley et al., 2013). Research shows consumers can quickly and accurately detect certified 
labels using their peripheral vision that is, without direct gaze (Perkovic et al., 2023). Despite the lower resolution and color 
sensitivity of peripheral vision (Strasburger et al., 2011), people can still recognize colors far from the point of gaze (Webster 
et al., 2010). Additionally, they can identify shapes and sizes in their peripheral vision, though this perception is often sup-
plemented by information gathered through central vision (Eymond et al., 2020). Consequently, consumers may confuse a 
lookalike label with a certified one if the colors are similar, and they expect seeing the certified label. Even when directly 
gazing at a label, consumers may still be influenced by their expectations and familiarity with certified labels, leading to con-
fusion if the lookalike label’s colors, shape, and size closely resemble the certified one (Summerfield & Egner, 2009). 

1.2. Measuring attribute confusion 

Lookalike labels may harm consumer well-being if they lead to false beliefs about a product’s desirable attributes, such as 
sustainability or health benefits. Additionally, they may undermine competition by diluting the equity of certified labels 
(Morrin & Jacoby, 2000). Despite these risks, lookalike labels have been overlooked in both public discourse and scientific 
research. A key barrier is the absence of amethod tomeasure product attribute confusion. Existing research on consumer con-
fusion identifies three sources of confusion: information similarity, overload, and ambiguity (Mitchell & Papavassiliou, 1999). 
Overload and ambiguity can delay or hinder consumer choice due to motivational issues or cognitive limitations. In contrast,
Fig. 1. Four certified labels and examples of lookalike labels. While the lookalike labels make valid claims (e.g., high protein content), they may confuse 
consumers due to their visual resemblance to the certified labels. The Danish organic and EU organic labels signal that a product is organic, the Nordic 
Keyhole label signals that a product is among the most healthful in its category, and the Danish Whole Grain label signals that a product is made from whole 
grains and meets some requirements shared with the Nordic Keyhole label. 

299

move_f0005


M. Schoemann, P. van de Mosselaar, S. Perkovic et al. International Journal of Research in Marketing 42 (2025) 298–315
similarity confusion occurs when consumers falsely believe different products are functionally similar due to their visual 
resemblance (Foxman et al., 1992), increasing the risk of unintentional purchases that lack the desired attributes (Walsh & 
Mitchell, 2005). While similarity confusion refers to false beliefs about an entire product, we define attribute confusion as 
a specific type of similarity confusion, where consumers mistakenly credit a specific desirable attribute to a product. 

Different methods have been proposed to measure similarity confusion due to copycat brands (for an overview, see 
Mitchell & Kearney, 2002). The earliest study, by Friedman (1966) used a shopping task where participants selected the most 
economical package in a simulated supermarket, measuring confusion based on their selection errors. Later studies often 
relied on perceptual tasks to estimate the likelihood of consumers confusing different products. For instance, Loken et al. 
(1986) used a perceptual rating task where participants, along with providing a confidence rating, indicated whether two 
products displayed for about 7 s were made by the same or different companies. Confusion was measured using an index 
derived from their choices and confidence ratings. More recent studies have used self-report methods like questionnaires 
(e.g., Walsh et al., 2007). However, a key limitation of these methods is the extended exposure to brand packaging, lasting 
several seconds or minutes, which does not accurately reflect typical consumer behavior (Hurley et al., 2013). 

As an early attempt to address this issue, Kapferer (1995) adapted the tachistoscopic method, where participants were 
asked to name brands of products shown at varying exposure times between 0.1 and 1 s. Kapferer created a brand confusion 
index by dividing the probability of identifying the original brand when a copycat was shown by the probability of identi-
fying the original brand itself. A more recent approach, the triangle test by Satomura et al. (2014) exposes consumers to three 
products for 0.3 s—two identical original products and one visually similar copycat brand—and requires them to identify the 
odd one out. Satomura et al. (2014) used a drift–diffusion model to analyze both perceptual decisions and response times, 
leveraging the fact that more difficult decisions, where consumers are uncertain about the odd product, take longer. Conse-
quently, even when consumers correctly identify the copycat brand as different, their longer response times may indicate 
higher confusion. To accurately measure attribute confusion due to elements like lookalike labels, brief exposure times, as 
used in the tachistoscopic method (Kapferer, 1995) or the triangle test (Satomura et al., 2014), may be necessary. However, 
while the triangle test measures confusion between two products, attribute confusion concerns beliefs about a single prod-
uct. The tachistoscopic method could, in principle, measure this, but it has a key limitation: It requires responses from many 
consumers, assuming uniform decision-making across individuals, which may obscure important differences. To overcome 
this, attribute confusion must be measured at the individual level for each specific product. 

Mouse cursor tracking is an underutilized method well-suited for studying attribute confusion at the individual consumer 
and product level. In this approach, participants typically view a stimulus (e.g., a product) briefly (0.1 - 0.5 s) and respond 
quickly by moving the cursor to one of two choice options (e.g., certified label: yes or no) at the top corners of the computer 
screen (Schoemann et al., 2021). Beyond binary choice data, cursor movements reveal unconscious decision-making pro-
cesses as they unfold (Scherbaum & Dshemuchadse, 2019). Even when consumers correctly identify that a lookalike-
labeled product is not certified, cursor movements can indicate whether the decision was easy (straight trajectory, low con-
fusion) or difficult (curved trajectory, high confusion) (Stillman et al., 2020). Mouse-tracking research has identified five tra-
jectory prototypes (Wulff et al., 2019), including straight trajectories, smoothly curved trajectories, and those with one or 
more sudden changes in direction. These trajectory prototypes are considered signatures of specific decision processes, 
and we expect them to reflect attribute confusion. 

1.3. Outline 

This article presents three preregistered studies using mouse cursor tracking to measure attribute confusion about 
whether products carry certified labels. In Study 1, we show that attribute confusion is reflected in both choices and cursor 
movements. 

Using signal-detection theory, we develop a novel metric that quantifies attribute confusion and accurately flags products 
as either ‘‘attribute confusion suspect” or ‘‘attribute confusion safe”. In Study 2, we test this attribute confusion metric on a 
new sample, replicate results from Study 1, and demonstrate its ability to reveal associations between attribute confusion 
and other marketing constructs like willingness-to-pay. In Study 3, we replicate Study 1 with varying product exposure 
times to test the metric’s robustness. Finally, we discuss our findings, implications, and future research directions. 

2. Study 1: A mouse-tracking method for measuring attribute confusion 

In this initial study, we tested whether consumers confuse products with lookalike labels for products with certified 
labels using mouse cursor tracking. Previous research has shown that participants can discern visually dissimilar brands 
within just 0.3 s, but they often confuse visually similar ones (Satomura et al., 2014). Accordingly, we expected that partic-
ipants would confuse lookalike labels with the certified labels they mimic. As noted, cursor movements during decision-
making can provide insights into the cognitive process (Schoemann et al., 2021) and help distinguish between easy and dif-
ficult decisions (Stillman et al., 2020). A key measure of decision difficulty is the degree to which the cursor trajectory devi-
ates from the direct path to a correct response, with larger deviations typically indicating more challenging decisions. 
Therefore, we expected that participants’ cursor movements would exhibit larger deviation from the direct path when 
responding correctly to lookalike-labeled products compared to those with neither lookalike nor certified labels. However, 
larger deviations may also indicate qualitatively different decision processes (Wulff et al., 2019), highlighting the importance
300
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of distinct patterns in cursor trajectories. We propose that consumers facing lookalike labels undergo two sequential pro-
cesses: an automatic process, likely driven by covert attention (Perkovic et al., 2023), which may bias them toward attribute 
confusion, followed by a more deliberate process that may correct this bias (Stillman et al., 2018). This is evident in so-called 
change-of-mind trajectories (Atiya et al., 2020), where the cursor initially moves toward an incorrect response before 
abruptly shifting to the correct one. Therefore, we expected a higher proportion of change-of-mind trajectories when partic-
ipants encounter lookalike-labeled products compared to those with neither lookalike nor certified labels. 

2.1. Method 

2.1.1. Open practices 
The study protocol, hypotheses, and analyses were preregistered and executed as planned without deviations.1 An a priori 

safeguard power analysis (Perugini et al., 2014), based on an effect estimate from 14 pilot participants with d =  0.99, 90% CI = 
[0.42, 1.52], statistical power of 95%, and a type I error of 5 %, indicated that a sample of 63 participants was required. The study 
received ethical approval from the IRB at Aarhus University (2021–05).

2.1.2. Participants and design 
We recruited 89 participants (63 females, M =  24.69 years, SD =  2.81 years, range = 20 - 33 years) from the university’s 

participant pool for an online study, accounting for potential exclusions as specified in our preregistration. To ensure famil-
iarity with the chosen products and certified labels, participants were native Danish speakers residing in Denmark. Partic-
ipants were required to use a computer mouse to ensure the quality of the cursor data. They also passed a color perception 
test prior before participating. Participants were compensated 50 DKK (approx. 8 USD) for their participation in the 15-min
study.

The study used a one-factorial, within-subjects design. Participants were shown images of 96 unique food products 
obtained from Danish online supermarkets. Each product image was presented for 0.3 s, and participants were asked to 
quickly and accurately judge whether the product carried a predefined certified label (see Fig. 1 for an overview of labels 
included in the study and Fig. 2 for an illustration of the procedure). 
1 https://osf.io/ym8pg/.

Fig. 2. a) Example of the mouse-tracking procedure. The certified label was displayed only during the initial trial of each block. b) Examples of lookalike-
labeled (blue) and control products (orange). c) Hypothetical examples of cursor trajectories for lookalike trials (blue), control trials (orange), and their 
maximum absolute deviations (MADs) from the direct path (dashed line).
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2.1.3. Stimuli 
96 unique suitable food products were manually selected from a pool of 1,326 products in the bakery and dairy cate-

gories, sourced from the online assortments of Denmark’s two leading retail chains. The 96 selected products were organized 
into 24 sets, each containing four closely matched products from the same category. These 24 sets were divided into four 
blocks corresponding to the four certified labels (i.e., DK organic, EU organic, Nordic Keyhole, DK Whole Grain; Fig. 1). 
The order of the blocks and the products within each block was randomized. Within each of the 24 sets, products were care-
fully selected so that one carried the certified label of interest, one carried a relevant lookalike label, and two control prod-
ucts carried neither certified nor lookalike labels relevant to that block and condition (Fig. 1b). For more details on the 
stimuli, please see Web Appendix A. 

The study was designed in PsychoJS (i.e., the online version of PsychoPy 2020.2; Peirce et al., 2019) and hosted on Pavlovia. 
org. The study used a standard mouse-tracking setup, with stimuli (900 px × 900 px) presented at the center of the screen, a 
start button at the bottom center, and two response buttons located in the upper corners (Schoemann et al., 2021, Fig. 2c,). The 
allocation of the response options, yes and no, to the response buttons was randomized across participants. 

Cursor movements were tracked from the beginning of the stimulus stage until the end of the response stage, with sam-
ples taken at each screen refresh. Due to the online setup, cursor speed information was unavailable (cf. Grage et al., 2019). 

2.1.4. Procedure 
Each trial comprised five consecutive stages (Fig. 2a): start, fixation, stimulus, response, and feedback. In the start stage, 

participants clicked the start button after a 0.5-s delay (cf. Schoemann et al., 2019). The predefined certified label was dis-
played only during the initial trial of each block at this stage. In the fixation and stimulus stages, participants were instructed 
to refrain from moving the mouse cursor while the fixation cross (0.9 s) and the product (0.3 s) were displayed sequentially, 
with the mouse cursor remaining invisible. The response stage required participants to initiate a response within 0.6 s (i.e., 
movement initiation deadline) by moving the cursor upward from the start button and to complete the response within 2.5 s 
(i.e., response deadline) by clicking one of the response buttons (cf. Schoemann et al., 2021). The feedback stage, lasting for 
2 s, provided feedback on participants’ timing or showed a blank screen if timing thresholds were met. After completing all 
96 trials, participants assessed their familiarity with and the importance of each of the four certified labels using slider 
scales. A questionnaire was administered following the mouse-tracking task to gather insights into participants’ observa-
tions and their understanding of the study’s aim. 

2.1.5. Data processing 
Data (pre-)processing and statistical analyses were conducted in R (R Core Team, 2020). We used the lme4 package (Bates 

et al., 2015) for the (generalized) linear mixed-effects modeling and the mousetrap package (Kieslich et al., 2019) for handling 
the cursor data. We excluded 22 participants who failed to meet the movement initiation deadline or the response deadline 
in more than one-third of all trials, or who responded incorrectly in more than one-third of the certified trials. This left 67 
participants (48 females, M =  24.46 years, SD =  2.60 years, range = 20 - 33 years) for all analyses. The familiarity ratings and 
importance ratings for the four certified labels among all remaining participant are reported in Web Appendix D. 

For the analysis of participants’ choice data, we included all available trials (n = 6,432), including those not completed in 
full-screen or where participants failed to meet one of the timing thresholds. Conversely, for the analyses of participants’ cur-
sor data, we included only trials with correct choices and excluded those not completed in full-screen (n = 84) and those with 
timing inconsistencies (n = 866), yielding a total of 5490 trials. To standardize the cursor data, we mapped the no response 
option to the upper left response button and the yes response option to the upper right response button. Consequently, cursor 
trajectories for correct choices ended in the top-left (top-right) corner for lookalike and control (certified) trials (Fig. 2c). We 
aligned the trajectories’ start and end positions, ignoring the initiation phase (when the cursor was static at the onset) and 
click phase (when the cursor had landed on the final response button; Kieslich et al., 2019). We operationalized the cursor 
trajectories’ deviation as the maximum absolute deviation (MAD) from an ideal straight line between respective start and 
end positions (Fig. 2c; Kieslich et al., 2019). To analyzewhether cursor trajectories deviatemore from a direct path when deal-
ing with lookalike-labeled products, we temporally normalized cursor trajectories to 101 points (Spivey et al., 2005). To move 
beyond aggregate cursor trajectories and assess whether there is an increase in change-of-mind trajectories when a product 
carries a lookalike label, we spatially normalized the trajectories to 20 points and mapped them to a set of predefined trajec-
tory prototypes based on minimizing the Euclidean distance between measured and prototypical trajectories (Wulff et al., 
2019). This set included five prototypes: straight, curved, continuous-change-of-mind (cCoM), discrete-change-of-mind 
(dCoM), and discrete-double-change-of-mind (dCoM2) trajectories (see Fig. 3c, right panel). These prototypes can be ordered 
(from bottom to top, Fig. 3c, right panel) according to the degree of response conflict they represent, offering more detailed 
information into the underlying decision processes that average trajectories may obscure (Wulff et al., 2019). 
2.2. Results 

First, we examined whether participants misjudged lookalike-labeled products. Our confirmatory mixed-effects regres-
sion analysis, using a binomial model with a logit link and a random intercept and slope for participants and sets, supports 
this notion (Fig. 3a). Compared to lookalike trials, the probability of responding ‘‘yes” that a product includes a predefined
302

http://Pavlovia.org
http://Pavlovia.org
move_f0015


M. Schoemann, P. van de Mosselaar, S. Perkovic et al. International Journal of Research in Marketing 42 (2025) 298–315

0% 

5% 

10% 

15% 

20% 

25% 

0% 25% 50% 75% 100% 
% of trials participants responded yes 

Pr
ob

ab
ilit

y 
de

ns
ity

 

Control Lookalike Certifieda 

No Yes 

0.00 

0.25 

0.50 

0.75 

1.00 

−1.0 −0.5 0.0 0.5 1.0 
x coordinate 

y 
co

or
di

na
te

 

Control Lookalike Certifiedb 

0.00 

0.25 

0.50 

0.75 

1.00 

Control Lookalike Certified 
Condition 

Pe
rc

en
t 

dC
oM

2
dC

oM
cC

oM
curved

straight 

c 

Fig. 3. a) Histograms depict the proportion of trials in which participants responded that the product carries the predefined certified label for each 
condition (color). b) Lines represent the average cursor trajectories for each condition (color). c) Stacked bar charts illustrate the cumulative proportions of 
different trajectory types (color; right panel) for each condition (left panel). 
certified label was lower in control trials, b = -1.99, SE =  0.26, p  <  0.001, and higher in certified trials, b =  1.90, SE =  0.26, 
p  <  0.001. Specifically, the estimated probabilities for ‘‘yes” responses were 12.03% in control trials, 43.62% in lookalike trials, 
and 86.95% in certified trials.2 

Second, we examined whether participants’ cursor trajectories deviated more toward an incorrect response in lookalike 
trials compared to control trials when they ultimately made a correct response. As expected, our confirmatory mixed-effects 
regression analysis, using a linear model with a random intercept and slope for participants and sets, shows that the devi-
ation toward the incorrect response was significantly larger in lookalike trials than in control trials, b = -0.13, SE =  0.04, 
p =  0.001 (Fig. 3b). A directed paired-samples t-test on z-scored (within participants) MAD, mirroring our a priori power anal-
ysis, further confirms this result. Average cursor trajectories deviated more from the direct path in lookalike trials, M =  0.29, 
SD =  0.41, than in control trials, M =-0.09, SD =  0.15, t(66) = 5.94, p  <  0.001, dz =  0.73, 90% CI = [0.52, 0.96]. This effect size falls 
within the 90% confidence interval determined from our pilot participants, which was CI = [0.42, 1.52].3 

Third, we examined whether participants exhibited more changes-of-mind from an initially incorrect response to a cor-
rect response in lookalike trials than in control trials. As expected, a confirmatory X2-test shows significant differences in the 
proportion of trajectory types between lookalike and control trials, X2 (4) = 62.28, p  <  0.001 (Fig. 3c).4 Indeed, lookalike trials 
presented fewer straight trajectories, std.resstraight = -6.58, and more change-of-mind trajectories, std.rescCoM = -4.25, std. 
resdCoM =  5.73) than control trials, particularly for the discrete-change-of-mind trajectories (dCoM, second from the top,
Fig. 3c right panel). Hence, the larger deviation in average cursor trajectories during lookalike trials is due to differences in 
the proportion of trajectory types, supporting the notion of a two-system process where participants first complete a biased 
automatic process, followed by a correcting deliberate process. 

2.3. Discussion 

In Study 1, we use mouse cursor tracking to examine whether products with lookalike labels cause attribute confusion. 
Our results show that after just 0.3 s of exposure, participants accurately detected certified labels. This aligns with previous 
research showing that people can perceive the gist of an ad in a single fixation (Pieters et al., 2012) or distinguish between 
dissimilar brands in 0.3 s (Satomura et al., 2014). In contrast, the presence of a lookalike label often led participants to incor-
2 An exploratory analysis, using the same exclusion parameters at the trial level as in the mouse-tracking analyses (i.e., excluding trials not completed in full 
screen and those with timing inconsistencies), yielded similar results: Compared to lookalike trials, the probability of ‘‘yes” responses was lower in control 
trials, b = -2.18, SE =  0.28, p  <  0.001, and higher in certified trials, b =  1.93, SE =  0.30, p  <  0.001 The estimated probabilities for ‘‘yes” responses were 10.20% in 
control trials, 43.95% in lookalike trials, and 87 .28% in certified trials.

3 An exploratory mixed-effects regression analysis revealed no significant difference in deviation toward incorrect responses between certified and lookalike 
trials, b = -0.05, SE =  0.04, p =  0  .228.

4 An exploratory ordinal mixed-effect regression with random intercept and slope for participants and sets corroborated the X 2-test result, showing that the 
trajectory types produced during control trials exhibited lower levels of response conflict compared to those produced during lookalike trials, b = -0.82, SE = 
0.19, p  <  0.001. This occurs when the five predefined trajectory prototypes are arranged according to the level of response conflict they depict. (from bottom to 
top, Fig. 3c right panel; Wulff et al., 2019). 
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rectly respond that the product carried a certified label (Fig. 3a). Furthermore, even when participants did not misjudge the 
labels, our mouse-tracking analysis revealed more pronounced curvatures toward the incorrect response in lookalike trials, 
suggesting increased decision-making difficulty. This difference in curvature (Fig. 3b) was primarily driven by a higher 
prevalence of changes-of-mind trajectories in lookalike trials (Fig. 3c). This suggests that participants often initially confused 
a lookalike-labeled product with a certified one but were sometimes able to correct their judgments. In the post-
experimental questionnaire, about 10 out of 89 participants reported noticing visual similarities between lookalike-
labeled and certified-labeled products. For instance, one participant reported confusion between labels featuring the Danish 
flag and the DK organic label, while another mistook product quantity descriptions for the DK Whole Grain label (Fig. 1). 

3. Developing an attribute confusion metric 

Study 1 provides evidence that lookalike labels confuse consumers into believing that products carry certified labels. In 
this section, we propose a metric to quantify levels of attribute confusion and identify products that cause such confusion 
due to lookalike labels.5 We propose that consumer attribute confusion caused by lookalike labels can be formalized as a 
signal-detection problem (Green & Swets, 1966), where consumers receive noisy perceptual information about product attri-
butes (presence of certified label: yes vs. no) and must determine whether the product carries a certified label (response: 
yes vs. no). In signal-detection terminology, when a product carries a certified label and the consumer correctly identifies it 
(i.e., responds ‘‘yes”), this is referred to as a hit. If the consumer fails to recognize the certified label (i.e., responds ‘‘no”), this 
is called a miss. Conversely, when a product does not carry a certified label (i.e., lookalike and control trials) and the consumer 
incorrectly identifies it as carrying one (i.e., responds ‘‘yes”), this is called a false alarm.  A  correct rejection occurs when the con-
sumer correctly identifies the absence of a certified label (i.e., responds ‘‘no”). The probabilities of hits and false alarms, known 
as the hit rate and false-alarm rate, respectively, fully describe decision performance (Fig. 4a; Stanislaw & Todorov, 1999). 

Kapferer (1995) applied this framework to develop an early brand confusion index by calculating the ratio of the false-
alarm rate (i.e., mistakenly identifying a copycat brand as the original brand) to the hit rate (i.e., correctly identifying the
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Fig. 4. a) Example of how cursor trajectories are segmented into 100 discrete steps, each classified as hits or false alarms (color). b) Within-subjects effect 
on sensitivity (d ) averaged within participants and across sets (grey; black = grand mean) for control and lookalike-labeled products. c) Within-subjects 
effect on sensitivity (d ) as the difference between the comparison conditions. The error bar depicts the 95 % CI of the mean, and the horizontal line depicts 
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maximizes classification accuracy.

5 The following analyses were not part of our preregistration. 
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original brand). However, Kapferer’s confusion index has two caveats. First, the ratio of the false-alarm and hit rate inher-
ently reflect both response bias (i.e., a consumer’s general tendency to respond ‘‘yes” or ‘‘no”) and sensitivity (i.e., a consumer’s 
ability to discriminate between copycats and originals). Additionally, the ratio varies on a logarithmic scale, making it highly 
sensitive to extreme rates (i.e., values close to zero or one). Second, calculating false-alarm and hit rates for this index 
requires a substantial number of within- or between-subjects responses to the same stimuli, limiting the feasibility of single 
observation designs. Single observation designs are often necessary in marketing research when marketers need to assess 
the impact of an individual advertisement (Cradit et al., 1994) or product (Bloch, 1995), requiring aggregation of responses 
across consumers. This aggregation can be problematic, as it assumes a uniform decision-making process across consumers 
and may overlook important individual differences. 

To address these caveats, we propose an attribute confusion metric by computing two signal-detection parameters, sen-
sitivity and response bias, based on cursor movements. We address the first caveat by estimating these signal detection 
parameters, allowing us to determine whether systematic differences in false-alarm rates between lookalike and control tri-
als are due to variations in sensitivity, response bias, or both (Stanislaw & Todorov, 1999). Moreover, these parameters vary 
on an equal-interval scale, ensuring that changes in scores are directly proportional to changes in the underlying psycholog-
ical process (Wixted, 1990), making differences between conditions easier to interpret (Loftus, 1978). 

The second caveat concerns the need for a substantial number of responses. In experimental psychology, signal detection 
parameters have traditionally been calculated by aggregating discrimination performance across stimuli to study individu-
als. In contrast, marketers typically study stimuli by aggregating responses across individuals. This difference in focus leads 
to differences in the available data. Calculating false-alarm and hit rates requires multiple responses per individual, which is 
usually feasible in experimental psychology because psychologically equivalent stimuli can be presented multiple times. 
However, marketing research often focuses on a unique stimulus and must rely on a single response per individual and stim-
ulus, thus frequently adhering to single observation designs. The meaningful calculation of signal detection parameters 
depends on the assumption that all data (i.e., the false-alarm and hit rates) result from a consistent decision rule. However, 
individual consumers are likely to differ in both sensitivity and response bias parameters. Therefore, these parameters 
should be estimated for individual consumers across stimuli, rather than for individual stimuli across consumers 
(Macmillan & Kaplan, 1985). Even if it were feasible to estimate the parameters for individual stimuli across consumers 
under certain conditions (Cradit et al., 1994), this would require observations from at least 100 consumers (Kadlec, 1999). 
We address the second caveat by using cursor data, which enables the estimation of signal detection parameters from a sin-
gle response per individual and unique stimulus. As demonstrated in our confirmatory analyses in Study 1, cursor data pro-
vide more observations for each response and offers additional insights into the decision-making process. For instance, a 
change-of-mind trajectory reveals that a consumer initially leaned toward one response but then revised the decision. 

We leverage this information about the decision-making process by segmenting the cursor trajectories into 100 discrete 
steps. Each step is classified as a ‘‘yes” or a ‘‘no” based on the direction of the cursor trajectory at that step, that is, whether 
the trajectory points toward the ‘‘yes” or ‘‘no” response. For example, a change-of-mind trajectory may be segmented into 40 
steps toward the ‘‘yes” response and 60 steps toward the ‘‘no” response. Conversely, a straight trajectory would produce 100 
steps exclusively toward either the ‘‘yes” or ‘‘no” response. In certified trials, this means that the change-of-mind trajectory 
would produce 40% hits and 60% misses, while the straight trajectory would produce 100% hits or misses (Fig. 4a, right 
panel). In lookalike or control trials, the change-of-mind trajectory would produce 40% false alarms and 60% correct rejec-
tions, whereas the straight trajectory would produce 100% false alarms or correct rejections (Fig. 4a, left and middle panel). 

In the following section, we describe the computation of these trajectory values and their application in computing the 
Kapferer index as well as the signal-detection parameters. Finally, we evaluate and compare how different metrics can be 
used to identify products with lookalike labels that cause attribute confusion (‘‘attribute confusion suspects”) versus prod-
ucts that do not cause confusion (‘‘attribute confusion safe”). 

3.1. Confusion metrics setup 

To begin, we computed the Kapferer index, k (notation introduced by the authors; Kapferer, 1995), along with two signal-
detection parameters: response bias, b, and sensitivity, d (Green & Swets, 1966). The computation of k is based on the false 
alarm rate (F) and the hit rate (H)  (Kapferer, 1995), with an additional logarithmic transformation applied (introduced by the 
authors) to bring it onto an equal-interval scale: 
k ln 
F 
H 
The computations for both b and d are derived from the z-scores (U-1 ) of the hit and false-alarm rates (Stanislaw & 
Todorov, 1999): 
ln b 
U 1 F 

2 
U 1 H 

2 

2 

d U 1 H U 1 F
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The hit rates (H) and false-alarm rates (F) were obtained from length-normalized cursor trajectories. Each trajectory was 
divided into 100 discrete steps, and for each step, we determined whether the trajectory approached the ‘‘yes” or the 
‘‘no” response based on the change in Euclidean distance toward the two response buttons. In certified trials, we classified 
each step as a hit or miss depending on whether the cursor moved toward the ‘‘yes” or ‘‘no” response, respectively (Fig. 4a, 
right panel). In lookalike and control trials, each step was classified as a false alarm or correct rejection depending on 
whether the cursor moved toward the ‘‘yes” or ‘‘no” response, respectively (Fig. 4a, left and middle panels). The hit-rate 
was computed as the sum of hits divided by the sum of hits and misses, and the false-alarm rate was computed as the 
sum of false-alarms divided by the sum of false alarms and correct rejections. 

Since the data comprised 24 product sets, each including a certified-label, a lookalike-labeled, and two control products 
with neither label, we calculated k ,  ln  b, and d for each participant and product set by pairing a certified-labeled product 
with either a lookalike-labeled product or both control products. For more details on the calculation, see Web Appendix B. 

Such pairings (i.e., matched comparisons) require that each set include at least one valid trial for each condition. There-
fore, we excluded any set for a participant that did not meet this requirement, leaving a total of 4,611 trials in this explora-
tory analysis. 

3.2. Results 

First, we examined which of the calculated metrics systematically varied between comparison conditions. Separate 
mixed-effects regression analyses, using linear models with random intercepts and slopes for participants and sets, revealed 
that both the Kapferer index (k ) and sensitivity (d ) varied between comparison conditions, whereas the log-transformed 
response bias (ln b) did not, b =  0.02, SE =  0.12, p =  0.874. The Kapferer index (k ) was significantly larger when comparing 
certified-labeled with lookalike-labeled products than when comparing certified-labeled to control products, b =  1.61, SE = 
0.25, p  <  0.001. Sensitivity (d ) was significantly lower when comparing certified-labeled with lookalike-labeled products 
than when comparing certified-labeled to control products, b = -1.57, SE =  0.21, p < 0.001 (Fig. 4b & c). The difference in 
effect direction is due to the logic of the two metrics: the Kapferer index increases with a higher false-alarm rate, whereas 
sensitivity decreases. However, the effect size is similar, as shown by comparing the standardized coefficients for the Kap-
ferer index, b =  0.26, 95% CI = [0.17, 0.34], and sensitivity, b = -0.29, 95% CI = [-0.370.21]. Thus, lookalike-labeled products 
influence both the Kapferer index and sensitivity, but not the response bias, suggesting that k and d are useful for measuring 
attribute confusion and identifying lookalike labels.

Next, we examined if the Kapferer index and sensitivity could distinguish products that cause attribute confusion due to 
lookalike labels (‘‘attribute confusion suspects”) from control products that do not cause attribute confusion (‘‘attribute con-
fusion safe”). To do so, we switched the criterion and predictor variables from the previous mixed-effects regression analyses 
and used simple logistic regression (due to singularity issues with both participant and set as random effects). Separate logis-
tic regression analyses revealed that both the Kapferer index, b =  0.18, SE =  0.01, p  <  0.001, and sensitivity, b = -0.24, SE = 
0.02, p  <  0.001, significantly predicted the probability that a matched comparison included a lookalike-labeled product. To 
evaluate the performance of these confusion metrics compared to simpler process data, we fitted logistic regression models 
based on differences in response times (RT) and mean absolute deviation (MAD) between certified trials and control or 
lookalike trials, respectively, within each set. We then used these models to classify whether a product pair included a 
lookalike-labeled product and ran 100x6 fold cross-validations for each model, assessing classification performance (mean 
and standard deviation in classification accuracy). The results showed that the Kapferer index, M =  61.39%, SD =  0.07%, and 
sensitivity, M =  63.49%, SD =  0.08%, had an accuracy above chance level (50% due to the experimental design), with sensitivity 
performing best. The results also revealed that both confusion metrics outperformed the simpler process data (RT, M = 
51.07%, SD =  0.13%, and MAD, M =  52.56%, SD = 0.16%), which showed accuracies close to chance level. These findings indicate 
that sensitivity (d ) provides a classification accuracy of about 64%, even with only two mouse-tracking responses measured 
(one for the certified-labeled and one for the lookalike-labeled product).

Third, we explored ways to improve the classification accuracy beyond 64%. To achieve this, we averaged the confusion 
metrics within the 24 sets and the two comparison conditions across the 67 participants. Averaging across participants 
allowed us to compare metrics computed from cursor data to those derived from participants’ choices. Although computing 
confusion metrics across participants’ choices is theoretically flawed, as earlier explained, it provides insight into whether 
the additional effort in mouse cursor tracking is justified by improved classification performance. We again fitted logistic 
regression models, used them to classify whether a product pair included a lookalike-labeled product, and ran 100x6-fold 
cross-validations for each model. The results showed that averaging confusion metrics and simpler process data substan-
tially improved classification performance. Sensitivity, M =  84.29%, SD =  2.12%, showed the highest accuracy, followed by 
the Kapferer index, M =  75.25%, SD =  1.52%, MAD, M =  73.60%, SD =  0.98%, and RT, M =  62.17%, SD =  0.97 %. Computing 
the confusion metrics across participants’ final responses also improved classification performance, with comparable accu-
racy for both sensitivity, M =  84.04%, SD =  1.40%, and the Kapferer index, M = 82.12%, SD = 1.12%.

In sum, sensitivity (d ) performed best, leading us to examine the optimal classification threshold for d and the exact clas-
sifications of the product pairs. Using the averaged d , we conducted a grid search to find the value that maximized classi-
fication accuracy. The grid search yielded a d =  2.27 with an accuracy of 87.50% (Fig. 4d). Of the 24 lookalike-labeled 
products, 19 were classified as ‘‘attribute confusion suspects”. Of the 24 sets of control products, 23 were classified as ‘‘at-
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tribute confusion safe” (for detailed classification data, see Table C1 in Web Appendix C). One set of control products was 
classified as ‘‘attribute confusion suspect” presumably due to the low hit rate in that set (Set 24). 

3.3. Discussion 

In this section, we proposed an attribute confusion metric for measuring attribute confusion and identifying ‘‘attribute 
confusion suspects”, referring to products that cause attribute confusion due to lookalike labels. We benchmarked the metric 
against variations of more established metrics. Using mouse-tracking data in a label classification task, our metric computes 
a well-established signal-detection parameter. It outperforms comparable metrics in terms of classification accuracy and 
provides an easy-to-apply classification threshold. The metric indicates that 19 of the 24 products carrying lookalike labels 
are ‘‘attribute confusion suspects”, while 23 of the 24 sets of control products carrying neither lookalike nor certified labels 
are ‘‘attribute confusion safe”. In Set 24, both the product with a lookalike label (d = -0.78) and the control products (d = 
1.08) had low sensitivity values, and both were categorized as ‘‘attribute confusion suspects” (for detailed images of these 
products, see Figure C1 in Web Appendix C). A plausible explanation is that participants found it difficult to identify the cer-
tified label on the product with the certified label in Set 24, as indicated by the low hit rate (Table C1 in Web Appendix C). 
Consequently, the d values from comparisons between the lookalike-labeled and certified-labeled product, as well as 
between the control and certified-labeled products are likely to fall below the d threshold that maximizes classification 
accuracy across 24 sets on average. 

4. Study 2: Replication and association 

In Study 2, we aimed to replicate the findings from Study 1 and use the attribute confusion metric’s information advan-
tage to test the product-level association between attribute confusion and willingness-to-pay. We expected the results to 
replicate and that attribute confusion would be associated with willingness-to-pay – specifically, that consumers would 
be willing to pay more for a product without a certified label when they are more confused about whether it carries the cer-
tified label. 

4.1. Method 

4.1.1. Open practices 
The study protocol and analyses were preregistered and executed as planned, with one minor deviation in data process-

ing, described below.6 The sample size was determined by an a priori power analysis based on a correlation test for analyzing 
the correlation between paired samples of the attribute confusion metric and measures of willingness-to-pay for lookalike-
labeled products. Given a directed t-test of a correlation, we aimed to detect a small-to-medium effect (r =  0.30) with 80% power 
and a type I error of 5%, which required 67 participants. This sample size roughly matches the sample size of Study 1, ensuring 
sufficient power to replicate both the confirmatory and exploratory analyses presented in Study 1. The study received ethical 
approval from the IRB at Aarhus University (2021–05) .

4.1.2. Participants and design 
We recruited 94 participants (55 females, M =  26.12 years, SD =  4.51 years, range = 21 - 48 years) from the university’s 

participant pool, accounting for potential exclusions as defined in our preregistration. Exclusion criteria, informed consent, 
and compensation were identical to those in Study 1. The study employed the same task using the same one-factorial, 
within-subjects design as described in Study 1 (see Fig. 2 for details). 

4.1.3. Stimuli, procedure, and data processing 
The stimuli, procedure, and data processing were very similar to those in Study 1. The experimental task, as depicted in 

Fig. 2a, and the subsequent questionnaire remained the same. However, an additional rating task was included at the begin-
ning. In this rating task, each trial comprised three stages: fixation, stimulus, and rating. During the fixation and stimulus 
stages, the fixation cross (0.9 s) and the product (0.6 s) were displayed sequentially, and participants were instructed to care-
fully process the product. In the rating stage, participants were asked howmuch theywould bewilling to pay for the displayed 
product. For data processing, we excluded 25 participants who failed to meet the movement initiation deadline or the 
response deadline in more than one-third of all trials, or who responded incorrectly in more than one-third of the certified 
trials. This left 69 participants (37 females,M = 25.75 years, SD =  4.07 years, range = 21- 48 years). The familiarity and impor-
tance ratings of the four certified labels for all remaining participant are reported in Web Appendix D. For all analyses, trials 
that were not completed in full-screen mode (n = 73) and those with imperfect timing (n = 903) were excluded. The exclusion 
of trials according to the predefined criteria may have resulted in incomplete sets – sets that did not include at least one valid 
trial in each condition. Since complete sets are required to compute the confusion metrics, trials belonging to incomplete sets 
(n = 1,019) were also excluded, which is a deviation from the preregistration. This process left 4,640 out of 6,624 trials.
6 https://osf.io/b7dyx. 
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4.2. Results 

4.2.1. Replication 
First, we examined whether we replicated the confirmatory results from Study 1 using the same statistical models. 

Regarding participants’ choices, the probability of responding ‘‘yes” that a product includes a predefined certified label 
was, relative to lookalike trials, lower in control trials, b = -1.71, SE =  0.25, p  <  0.001, and higher in certified trials, 
b =  2.11, SE =  0.27, p  <  0.001. The estimated probabilities for ‘‘yes” responses were 15.38% in control trials, 42.46% in lookalike 
trials, and 89.16% in certified trials. Regarding participants’ decision-making processes during trials in which they responded 
correctly, the deviation from the direct path was significantly larger in lookalike trials than in control trials, b = -0.15, SE = 
0.03, p  <  0.001. The trajectory types produced during control trials exhibited lower levels of response conflict compared to 
those produced during lookalike trials, b = -0.74, SE =  0.15, p  <  0.001. In sum, we successfully replicated all confirmatory
results from Study 1.

Second, we examined whether we replicated the exploratory results from Study 1 using the same statistical models and 
procedures regarding the measurement of attribute confusion and identification of ‘‘attribute confusion suspects”. Mixed-
effects regression analyses revealed that both the Kapferer index (k ), b =  1.23, SE =  0.21, p  <  0.001, and sensitivity (d ), 
b = -1.30, SE =  0.18, p  < 0.001 (Fig. 5a & b), varied between comparison conditions, whereas the log-transformed response 
bias (ln b) did not, b =  0.21, SE =  0.12, p =  0.101. The effect sizes, as indicated by standardized coefficients for the Kapferer 
index, b =  0.20, 95% CI = [0.13, 0.27], and sensitivity, b = -0.24, 95% CI = [-0.31, -0.18], were very similar. Regarding the 
classification of ‘‘attribute confusion suspects”, logistic regression analyses revealed that both the Kapferer index, 
b =  0.13, SE =  0.01, p  <  0.001, and sensitivity, b = -0.19, SE =  0.02, p  <  0.001, significantly predicted the probability that a 
matched comparison included a lookalike-labeled product. 100x6-fold cross-validations for each model revealed that the 
Kapferer index, M =  57.65 %, SD=0.06%, and sensitivity, M =  61.71%, SD =  0.05%, showed classification accuracy above chance 
level, with sensitivity showing the best performance and outperforming the simpler process data (RT, M =  51.49%, SD = 
0.08 %, and MAD, M =  50.89%, SD =  0.13%), which showed classification accuracy close to chance level. To improve the clas-
sification accuracy of around 62%, we performed 100x6-fold cross-validations with logistic regressions based on averaged 
data across participants. Averaging substantially improved classification performance for all metrics, with sensitivity, M = 
82.56%, SD =  1.72%, showing the highest accuracy, followed by the Kapferer index, M =  75.04%, SD =  1.54%, MAD, M = 
69.06%, SD =  1.20%, and RT, M =  69.60%, SD =  1.60%. The results also revealed that computing the confusion metrics across 
participants’ choices improved classification performance, with comparable accuracy for both sensitivity, M = 71.65%, SD
= 1.18%, and the Kapferer index, M = 79.65%, SD = 1.56%.

Regarding the optimal classification threshold, a grid search for the sensitivity value that maximizes classification accu-
racy yielded a d =  2.11 with an accuracy of 85.42% (Fig. 5c). For detailed classifications of the product pairs, please refer to 
Table C2 in Web Appendix C, which shows that 20 out of 24 products with manually identified lookalike labels were clas-
sified as ‘‘attribute confusion suspects”, and 22 out of 24 sets of control products were classified as ‘‘attribute confusion safe”. 
Two sets of control products were classified as ‘‘attribute confusion suspects” (Set 4 & Set 24). 

4.2.2. Association between attribute confusion and willingness-to-pay 
Next, we examined whether our attribute confusion metric is associated with willingness-to-pay (in DKK; all products: M 

=  17.30, SD =  8.99; certified-labeled products: M =  17.61, SD =  8.53; lookalike-labeled products: M =  17.60, SD =  9.52; control 
products: M =  16.98, SD =  8.93) through correlational analyses. A mixed-effects regression analysis, using a linear model with
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Fig. 5. a) Within-subjects effect on sensitivity (d ), averaged within participants and across sets (grey; black = grand mean), for control and lookalike-
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random intercepts for participants and sets, revealed that both comparison condition, b =  0.49, SE =  0.22, p =  0.030, and sen-
sitivity (d ), b = - 0.13, SE=0.05, p =  0.004, significantly predicted willingness-to-pay for the respective product, without any 
meaningful interaction. Thus, on average, participants were willing to pay 3% (0.50 DKK or $0.07) more for products featuring 
a lookalike label than for control products. Additionally, highly confused participants (i.e., d = 0) were willing to pay 5% (0.80 
DKK or $0.12) more for control or lookalike-labeled products compared to participants who were not confused (i.e., d = 6).

4.3. Discussion 

In Study 2, we replicated the findings from Study 1 and confirmed the product-level association between the attribute 
confusion metric and willingness-to-pay. The metric again outperformed comparable metrics in terms of classification accu-
racy. It identified 20 of the 24 lookalike-labeled products as ‘‘attribute confusion suspects” and 22 of the 24 set of control 
products as ‘‘attribute confusion safe”. In Set 4 and Set 24, the control products were categorized as ‘‘attribute confusion sus-
pects”, likely due to low hit rates for the products with certified labels (for details, see Table C2 in Web Appendix C). Beyond 
replicating the findings from Study 1, we demonstrated the additional value of the attribute confusion metric in predicting 
other consumer behavior measures. Specifically, we showed that the attribute confusion metric predicts willingness-to-pay: 
The more confused a participant is about a control or lookalike-labeled product, the more they are willing to pay for that 
product. It would not be possible to demonstrate a similar association using choice data, as this would require data aggre-
gation across participants. 

5. Study 3: Effect of exposure time on consumer confusion 

In Study 3, we aimed to once more replicate the main findings from Study 1 regarding our attribute confusion metric and 
test its robustness under varying exposure times. We expected the results to be consistent across different exposure times. 
However, with sufficient exposure time, consumers may be better equipped to accurately judge whether a product carries a 
certified label, potentially causing the metric to fail in detecting confusion due to lookalike labels. We replicated the task 
from Study 1, with the exception that we varied the exposure time for product images (0.3 s, 0.6 s, 0.9 s, or 1.2 s) between 
participants. 

5.1. Method 

5.1.1. Open practices 
The study protocol and analyses were preregistered and executed as planned, with one minor deviation in data process-

ing, which is described below.7 This deviation altered some numbers in the power analyses but did not affect the overall ratio-
nale; the updated numbers are presented below. The sample size was determined by an a priori safeguard power analysis 
(Perugini et al., 2014), based on an inferiority test (Lakens et al., 2018), to analyze the difference in sensitivity (d ) between 
lookalike and control trials compared to the effect found in Study 1, MDiff = -1.62,  SD  =  0.79,  SE  =  0.10,  dz = -2.06, 95% CI = 
[-2.50, -1.78] (Fig. 4c). The inferiority test seeks to reject the null hypothesis that, within each level of exposure time, the dif-
ference is equal to or lower than MDiff = -1.62 + 1.96 ⁄ 0.10 = -1.43. This implies that the alternative hypothesis assumes the 
effect magnitude to be smaller than dz = -1.78. Given a t-test against a constant, we aimed to detect a medium effect, dz =  0.50, 
with 80 % power and a conventional type I error of 5%, which required 27 participants within each level of exposure time. The 
study received ethical approval from the IRB at Aarhus University (2021–05) .

5.1.2. Participants and design 
We recruited 165 participants (111 females, M =  25.06 years, SD =  7.69 years, range = 18 - 67 years) from the university’s 

participant pool, accounting for potential exclusions as defined in our preregistration. Exclusion criteria, informed consent, 
and compensation were identical to those in Study 1. The study employed the same task as described in Study 1 but with a 
two-factorial, mixed-subjects design. The exposure time varied between participants and was set at 0.3 s, 0.6 s, 0.9 s, and 
1.2 s (see Fig. 2 for details). 

5.1.3. Stimuli, procedure, and data processing 
The stimuli, procedure, and data processing were identical to those in Study 1. We excluded 30 participants who failed to 

meet the movement initiation deadline or the response deadline in more than one-third of all trials or who responded incor-
rectly in more than one-third of the certified trials. This left 135 participants (90 females, M =  24.76 years, SD =  7.05 years, 
range = 18- 67 years) distributed across each level of exposure time as follows: 37 (0.3 s), 39 (0.6 s), 31 (0.9 s), and 28 (1.2 s). 
The familiarity and importance ratings of the four certified labels for all remaining participant are reported in Web Appendix 
D. For all analyses, trials that were not completed in full-screen mode (n = 514) and imperfectly timed trials (n = 1,996) were 
excluded. The exclusion of trials based on the predefined criteria may have resulted in incomplete sets, that is, sets that did 
not include at least one valid trial in each condition. Since complete sets are required to compute the confusion metrics, trials
7 https://osf.io/sjhb3. 
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belonging to incomplete sets (n = 2,199) were also excluded, which is a deviation from the preregistration. The exclusion of 
trials left 8,312 out of 12,960 trials. 

5.2. Results 

We examined whether we replicated the main results regarding our attribute confusion metric from Study 1 using the 
same statistical models and procedures across different exposure times (0.3 s, 0.6 s, 0.9 s, and 1.2 s). Regarding the measure-
ment of attribute confusion, separate mixed-effects regression analyses for each exposure time revealed that sensitivity (d ) 
varied between comparison conditions at all exposure times, with the effect size decreasing as exposure time increased 
(Fig. 6a): 0.3 s, b = -1.59, SE =  0.21, p  <  0.001, 0.6 s, b = -0.80, SE =  0.17, p  <  0.001, 0.9 s, b = -0.36, SE =  0.12, p =  0.008, 
and 1.2 s, b = -0.24, SE =  0.12, p =  0.060. Thus, we successfully replicated the effect for the 0.3 s exposure time, but the effect 
was significantly smaller for 0.6 s, 0.9, and 1.2 s.

Regarding the identification of ‘‘attribute confusion suspects”, separate logistic regression analyses for each exposure 
time revealed that sensitivity (d ) significantly predicted the probability that a matched comparison included a product car-
rying a lookalike label at all exposure times, with the effect size decreasing as exposure time increased: 0.3 s, b = - 0.24, SE = 
0.02, p  <  0.001, 0.6 s, b = -0.15, SE =  0.03, p  <  0.001, 0.9 s, b = -0.09, SE =  0.03, p =  0.006, and 1.2 s, b = -0.07, SE =  0.04, 
p =  0.048. We then used these models to classify ‘‘attribute confusion suspects” using 100x6-fold cross-validations for each 
model at the respective exposure time. The results revealed that sensitivity showed a meaningful accuracy above chance 
level for exposure times of 0.3 s, M =  64.25%, SD =  0.08%, and 0.6 s, M =  57.19%, SD =  0.10%, while accuracy was around chance 
level for exposure times of 0.9 s, M =  51.53%, SD =  0.11%, and 1.2 s, M =  50.73%, SD =  0.37%. Again, 100x6- fold cross-
validations of logistic regressions based on data averaged across participants revealed that classification performance 
improved substantially at all exposure times with a similar slope as exposure time increased: 0.3 s, M =  75.23%, SD = 
0.93%, 0.6 s, M =  76.31%, SD =  1.24%, 0.9 s, M =  55  .15%, SD = 1.84%, and 1.2 s, M = 56.52%, SD = 1.77 %.

In terms of the optimal classification threshold, separate grid searches for the sensitivity that maximizes classification 
accuracy for each exposure time yielded increasing sensitivities and decreasing accuracies as exposure time increased: 
0.3 s, d =  1.91 with 83.33%, 0.6 s, d =  3.52 with 77.08%, 0.9 s, d =  4.89 with 77.08%, 1.2 s, d =  4.15 with 60.42% (Fig. 6b). 

5.3. Discussion 

In Study 3, we explored how exposure time affects attribute confusion as detected by our attribute confusion metric. We 
manipulated the exposure times for product images (0.3 s, 0.6 s, 0.9 s, and 1.2 s) to determine whether longer exposure times 
would help consumers better distinguish between certified-labeled and lookalike-labeled products. Our results indicate that 
longer exposure times reduced attribute confusion, as demonstrated by a decline in the difference in sensitivity (d ) values. 
We replicated the results from Study 1 for an exposure time of 0.3 s. However, for exposure times of 0.6 s, 0.9 s, and 1.2 s, the 
degree of attribute confusion was significantly reduced. In hindsight, it is clear that longer exposure times naturally allow 
participants more opportunity to inspect the labels carefully, leading to decreased confusion. Despite this decline, mixed-
effects regression analyses demonstrated that the sensitivity values remained significantly lower for lookalike-labeled com-
pared to control products across all exposure times. This indicates that lookalike labels still cause attribute confusion regard-
less of exposure time. 

Regarding optimal classification thresholds, separate grid searches showed that longer exposure times require higher 
thresholds. The findings show that while longer exposure times help consumers more accurately differentiate between cer-
tified and lookalike labels, lookalike labels continue to create confusion even at the longest exposure. Thus, our proposed
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Fig. 6. a) Within-subjects effect on sensitivity (d ) as the difference between the comparison conditions for each level of exposure time. The error bars 
depict the 95% CI of the mean, with the horizontal line depicting the upper boundary from Study 1 for comparison. b) Density distributions of sensitivity (d ) 
averaged within sets and across participants for the control and lookalike products (color) for each level of exposure time. The vertical lines depict the 
classification thresholds that maximize classification accuracy for each level of exposure time. 
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attribute confusion metric is robust to variations in exposure times, though its effectiveness diminishes with longer exposure 
times. Based on this, we recommend that other researchers use a 0.3 s exposure time. 
6. General discussion 

Copycatting pays off by confusing consumers about products. While typically studied in branding, we propose that com-
panies can also create attribute confusion, causing consumers to mistakenly believe a product has desirable attributes like 
healthfulness or sustainability. We investigated whether lookalike labels mimicking third-party certifications can cause this 
confusion. To address this, we developed a novel attribute confusion metric using mouse cursor tracking and applied it in 
three preregistered studies. Here, we summarize the main findings, discuss implications, address limitations, suggest future 
research, and provide a final conclusion. 

6.1. Summary of main findings 

In Study 1, we showed that participants confused products with lookalike labels for those with certified labels. Their cur-
sor movements deviated more from the direct path when correctly identifying lookalike-labeled products compared to those 
with neither lookalike nor certified labels. Based on this, we developed an attribute confusion metric to quantify attribute 
confusion for each participant using signal-detection theory applied to the mouse-tracking data. Values close to zero indicate 
near-perfect confusion, while higher values indicate less confusion. Through binary classification, the metric reliably flagged 
products as either ‘‘attribute confusion suspect” or ‘‘attribute confusion safe”, identifying 19 of 24 lookalike-labeled products 
as ‘‘attribute confusion suspect”. 

In Study 2, we replicated findings from Study 1 and demonstrated the unique advantage of the attribute confusion metric 
over alternative metrics. Unlike choice data, which aggregates information across groups, the attribute confusion metric 
quantifies attribute confusion for individual consumers. Using this advantage, we showed that attribute confusion predicts 
willingness-to-pay for uncertified products, with a premium of approximately 5% between the least and most confused 
consumers. 

In Study 3, we tested the robustness of the attribute confusion metric across different product exposure times. While con-
sumers remained confused by lookalike labels at all exposure times, confusion decreased as exposure time increased. At 
longer exposure times, the attribute confusion metric was less effective at flagging lookalike-labeled products as ‘‘attribute 
confusion suspect”, suggesting optimal identification at 0.3 s, with some effectiveness at 0.6 s. Overall, our results replicate 
well, showing that consumers remained confused by lookalike labels even at longer exposure times (1.2 s), which exceeds 
the typical time consumers spend attending to products (i.e., 0.36 - 0.55 s, Hurley et al., 2013). 

6.2. Practical implications 

The concept and measurement of consumer attribute confusion have important practical implications for marketers, pol-
icymakers, and consumer advocacy groups. Our findings suggest that lookalike labels may exploit the equity of certified or 
trademarked product labels. For example, consumers are willing to pay up to 30 % more for products with certified organic 
labels (Crowder & Reganold, 2015) and up to 14 % more for products with certified nutrition labels (Edenbrandt et al., 2018). 
We found that highly confused consumers are willing to pay 5 % more for products with lookalike labels, indicating that 
attribute confusion could negatively impact products with certified labels if some sales shift to lookalike-labeled products 
(Mitchell & Papavassiliou, 1999). Furthermore, lookalike labels may dilute the label equity of certified labels even without 
direct confusion, through blurring (where the distinctiveness of certified labels is reduced due to redundant claims) or tar-
nishment (where lookalike labels create unwarranted associations), leading consumers to view certified labels less favorably 
(Morrin & Jacoby, 2000). 

Marketers using certified labels can leverage our method in two key ways. First, they can monitor lookalike labels in their 
product categories and use the attribute confusion metric to detect if competitors are successfully confusing consumers. In 
response, marketers can communicate premium product features through alternative means, such as distinctive packaging 
design or advertising, or they might pursue legal action for trademark infringement or misleading advertising. Second, mar-
keters can use the attribute confusion metric to design product labels that minimize confusion with existing labels. For 
example, when choosing green for a CO2 label due to its environmental associations, it is crucial to ensure it is distinct from 
similar hues used in other labels. The attribute confusion metric provides a systematic approach to measure and adjust these 
similarities, ensuring new labels are distinctive and less likely to cause confusion. 

From a policy and consumer advocacy perspective, our findings suggest that lookalike labels may mislead consumers into 
purchasing less sustainable or healthful products, posing a threat to environmental goals and consumer well-being. To 
ensure consumers can easily make informed purchasing decisions, regulations should prohibit marketers from mimicking 
certified labels. Policymakers and consumer advocacy groups could use the attribute confusion metric as evidence in legal 
actions against products with lookalike labels, arguing that this constitutes misleading advertising (cf. Mitchell & Kearney, 
2002). Legal actions might also be warranted due to the dilution of certified label equity, which can reduce incentives for 
producers to improve their products (Vyth et al., 2010), thereby harming competition and undermining regulatory efforts.
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Moreover, the metric is versatile and can be applied to any potentially misleading labels, images, symbols, or claims sus-
pected of causing attribute confusion concerning brand identity, healthfulness, ethical production, or sustainability. This is 
particularly relevant for detecting subtler forms of greenwashing (Carlson et al., 1993), where companies use colors or sym-
bols to falsely imply sustainability. The only practical caveat is that the metric requires two products: one lacking the attri-
bute in question and a comparison product that features it. The comparison product must not only have the attribute but 
also reliably convey it to consumers. Hence, finding a suitable comparison product may be challenging in some categories 
or for certain attributes. 

6.3. Theoretical implications 

Mouse cursor tracking reveals new insights into attribute confusion due to lookalike labels. Our findings suggest that par-
ticipants are initially biased toward perceiving lookalike labels as certified ones, a response they sometimes manage to cor-
rect (Stone et al., 2022). The decision trajectories, as indicated by cursor movements, imply a dual-system process through 
which lookalike labels confuse consumer decision-making (Evans, 2003): an automatic quick identification of relevant pro-
duct features, followed by a more deliberate process to distinguish lookalike from certified labels. This initial bias may be 
exacerbated by consumers often relying on covert attention (Perkovic et al., 2023)—using peripheral vision without direct 
gaze—which is prone to errors due to lower resolution (Strasburger et al., 2011) and a reliance on expectations (Eymond 
et al., 2020). Interestingly, even when using foveal vision, expectations guide the detailed processing of visual information, 
making consumers fill in gaps based on familiar labels (Summerfield & de Lange, 2014). As a result, it is unnecessary to 
repeatedly attend to familiar objects in detail (Summerfield & Egner, 2009). If a lookalike label initially resembles a familiar 
certified label, consumers may not scrutinize it, instead filling in details based on expectations of the certified label 
(Summerfield & Egner, 2009). Expectations are shaped by contextual factors (Summerfield & Egner, 2009; Summerfield & 
de Lange, 2014), which lookalike labels can exploit. For instance, since the DK Whole Grain label is common on bread but 
not dairy products, consumers are more likely to mistake a DK Whole Grain lookalike label as the real one on bread. Other 
factors influencing expectations include price (e.g., organic products tend to be more expensive; Juhl et al., 2017), shelf posi-
tion (e.g., premium products are usually on top shelves; Valenzuela et al., 2013), product category (e.g., certain certified 
labels are limited to specific categories; Danish Veterinary and Food Administration, 2019; FLOCERT, 2021a), and label posi-
tion (e.g., certified labels are placed in consistent locations on products; Orquin et al., 2020). In sum, our findings suggest that 
consumer expectations about the presence of certified labels, combined with fast, automatic visual detection, create an ini-
tial bias toward mistaking lookalike labels for certified ones, a bias that is sometimes corrected through deliberate 
processing. 

6.4. Methodological implications 

Our method is the first to directly address attribute confusion. We compared our attribute confusion metric with alter-
native metrics derived from choice data, response times, mouse-tracking data, and an adapted version of the Kapferer index. 
Although not explored here, attribute confusion could potentially also be measured using survey methods. Of these, our met-
ric is likely the most complex in terms of methodology and computation. This complexity is a disadvantage compared to sim-
pler methods like surveys, where participants could rate how confusing a product is (e.g., Walsh et al., 2007). However, our 
metric has key advantages, such as better mimicking the fast decision-making processes typical of consumer behavior, 
thanks to limited exposure time (Hurley et al., 2013). While the triangle test by Satomura et al. (2014) also uses limited expo-
sure, it does not specifically address attribute confusion. The Kapferer index is the most practical alternative, being simpler 
and offering comparable accuracy in detecting products with lookalike labels. However, our metric has the crucial advantage 
of providing detailed information on confusion levels for each individual consumer and product, enabling new insights, such 
as predicting willingness-to-pay as shown in Study 2. In contrast, drawing similar conclusions from choice data would 
require regressing willingness-to-pay on confusion levels across multiple products, which could overlook the hierarchical 
nature of the data and be confounded by Simpson’s paradox (Simpson, 1951), leading to incorrect conclusions about the rela-
tionship between confusion and willingness-to-pay. 

We recommend that practitioners who intend to use the attribute confusion metric closely follow our established proce-
dure, particularly in setting up the mouse-tracking method and exposure time. To classify products as ‘‘attribute confusion 
safe” or ‘‘attribute confusion suspect”, practitioners should use a threshold in the range proposed d thresholds (2.11, 2.27). 
While the number of participants and products may vary, we suggest maintaining similar sample sizes to ensure external 
validity. Practitioners may also opt for on-site data collection to gain more control over the mouse cursor tracking, increasing 
data quality and reducing the need to exclude participants and trials. 

6.5. Limitations and directions for future research 

This article introduces a new research topic by demonstrating that consumers can be confused by product labels mim-
icking third-party certified labels. We identify several limitations and propose directions for future research. 

A key limitation is the absence of purchase data for lookalike-labeled products. Future choice or field studies are needed 
to determine whether attribute confusion leads to consumer purchases based on false beliefs. These studies could also exam-
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ine the relationship between label similarity and confusion levels, addressing another limitation: identifying which specific 
label features and their degree of similarity contribute to consumer confusion. 

Another limitation is the lack of clarity on the mechanisms driving attribute confusion due to lookalike labels. Eye-
tracking studies are needed to determine whether this confusion is primarily driven by covert or overt attention 
(Perkovic et al., 2023), or an alternative mechanism, such as implicit learning of statistical associations between labels 
and brands (Perkovic & Orquin, 2018). Understanding these mechanisms could help marketers and policymakers design pro-
duct labels or other methods of communicating premium product features that minimize confusion with certified labels or 
other attributes that contribute to brand equity. It would also aid in identifying factors that moderate attribute confusion, 
such as the prevalence of certified labels, shelf position, brand, and price. 

A third limitation of our research is its exclusive focus on lookalike labels. While we have suggested that the metric can be 
applied to any product feature, future studies could specifically test its application to features like brand names, images, 
symbols, or claims, and evaluate their potential to create attribute confusion. Additionally, research could investigate adapt-
ing our metric for trade dress imitation, where a copycat product mimics the overall theme of an original brand. These stud-
ies could also examine whether attribute confusion extends to other product attributes, for instance, through the halo effect 
(Huber & McCann, 1982). 
7. Conclusion 

This article introduced a novel metric using mouse cursor tracking to measure consumer attribute confusion caused by 
lookalike product labels. By combining signal-detection theory with mouse cursor movements, the metric quantifies confu-
sion and categorizes products as either ‘‘attribute confusion suspect” or ‘‘attribute confusion safe”. In three preregistered 
studies, we found that lookalike labels often mislead consumers into believing that a product carries a certified label, and 
that this confusion increases willingness-to-pay. Attribute confusion is most pronounced at short exposure times, reflecting 
typical consumer behavior at the point of purchase. The attribute confusion metric equips marketers with a tool to design 
less confusing labels and provides concrete evidence when products are suspected of misleading consumers. 
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