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Abstract

In recent years, numerous mobile platforms have introduced product ranking systems to
guide consumer choices. Yet, how such rankings shape purchasing decisions remains insuf-
ficiently understood. This paper employed an event-related potential (ERP) experiment to
capture the neurophysiological responses of consumers during mobile shopping, thereby
uncovering the psychological processes and neural mechanisms underlying the influence
of online rankings. Our findings reveal that consumers in mobile shopping environments
are equally susceptible to information cascades. When product rankings were presented as
decision aids, despite limited cognitive resources, low-ranking cues elicited high attentional
engagement, as indicated by a higher P2 amplitude. Subsequently, ranking cues appeared
to be associated with evaluative processing, as reflected in P3 amplitude differences. These
neural and behavioral patterns reflect the avoidance tendencies toward low-ranking prod-
ucts and relatively greater trust-related evaluation of higher-ranked products, ultimately
shaping purchase intentions. This study provides cognitive neuroscience evidence for how
online rankings modulate mobile consumers’ decision-making.

Keywords: product ranking; mobile e-commerce; purchase decision-making; neural mech-
anisms

1. Introduction

With the rapid evolution of mobile Internet technology and the widespread coverage
of e-commerce platforms, mobile shopping has become a vital component of contemporary
consumers’ daily lives. The monthly active users of mobile shopping exceeded one billion
during the first half of 2025 [1], and the global mobile commerce market size was valued
at USD 2239.11 billion in 2025 [2], highlighting the enormous potential and vitality of the
mobile shopping market. However, compared to traditional e-commerce, mobile consumers

face greater uncertainty when online shopping. On the one hand, with the explosive growth
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in the number of products, mobile consumers encounter significant information overload.
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and discount lists, aiming to provide decision-making support to consumers and enhance
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their shopping experience [3-7].
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reducing search costs and potentially influencing consumers” purchasing behavior and
decision-making [8,9]. As market competition intensifies, many online retailers widely
adopt marketing strategies such as Taobao’s Cost Per Click (CPC), aiming to attract more
potential consumers by improving product rankings on mobile shopping platforms, thereby
boosting sales. In some cases, there have even been illegal practices such as boosting sales
through fake transactions and manipulating product rankings, posing a serious threat to
market fairness and consumer trust. Therefore, does the platform product ranking still have
an impact on mobile consumers’ purchasing decisions? How does the product ranking
affect the purchasing decisions of mobile consumers?

Numerous studies have explored the impact of product rankings on online user be-
havior. These studies have found that consumers’ decisions are often shaped by cognitive
biases, such as trust in rankings or quality bias, where higher-ranked products are more
likely to be selected due to their perceived trustworthiness [10-13]. Trust, particularly in
online platforms, plays a central role in decision-making processes, as users often rely on
ranking systems to navigate the overwhelming number of choices available. However, most
existing literature relies on questionnaires, interviews, econometric models, or behavioral
experiments to study online user behavior and decision-making [5]. Since people may not
be willing or are unwilling to fully express their true opinions, accurately capturing and ob-
jectively presenting users’ actual psychological states during online shopping is extremely
challenging and often leads to measurement bias [14]. With the rapid development of
cognitive neuroscience methods, such as event-related potentials (ERPs) and brain imaging
technologies, it is possible to analyze advanced cognitive processes by precisely recording
relevant brain activities [15,16]. These methods provide a more objective and scientific
basis for businesses to evaluate the effectiveness of marketing strategies and improve
the accuracy of predicting online consumer behavior [16,17]. However, few studies have
examined the underlying cognitive and neural processes to fully understand the influence
of rankings on mobile consumers” decision-making behavior.

Specifically, prior e-commerce research has established that online rankings shape
clicks and purchases, often interpreted through information cascades or herding behav-
ior [18-20]. However, these theories are primarily inferred from behavioral patterns and
do not detail the cognitive processes through which ranking cues translate into purchase
intentions, particularly in mobile environments with limited cognitive resources [13]. To
address this gap, we draw on the S-O-R framework [21] to conceptualize online rankings
as an external stimulus (S) that triggers a two-stage organismic process (O): an early at-
tentional allocation stage and a later evaluative categorization stage, both of which jointly
predict consumers’ purchase responses (R). By using ERPs, we provide process-level neuro-
physiological evidence that refines the ‘black box” of the organism in the S-O-R framework
and clarifies how ranking-based social information can translate into cascade-like purchase
decisions in mobile shopping. This study contributes to online consumer decision-making
theory by offering neurocognitive insights into how external ranking cues influence cogni-
tive processes at multiple stages. Additionally, the findings provide practical guidance for
online platforms and retailers, offering insights into optimizing ranking algorithms and
product marketing strategies in mobile environments.

2. Literature Review
2.1. Online Rankings and Consumer Behavior

Online rankings sort online products based on consumer clicks or product sales, pro-
viding references for online consumers’ purchasing decision-making and significantly
influencing their decision-making behavior [3,6,7,10,22]. The impact of online ranking sys-
tems on consumer behavior has attracted attention from researchers in various fields, such
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as technology adoption [10-12], online ratings [18,19,23,24], online purchasing [6,25-27],
P2P lending [28], social networks [7,29,30], and online media [31]. Pan et al. [32] found
that consumers exhibit “trust bias” and “quality bias” toward ranking results; thus, their
decision-making is influenced by the ranking order in online rankings. Ursu [33] pointed
out that higher-ranked hotels have higher click-through rates in online hotel bookings.

In recent years, numerous studies have explored the impact of product online rankings
on user behavior from the perspective of information cascades. Duan et al. [10] found that
online users’ choices of software are largely determined by software download rankings and
popularity information. Additionally, several studies found that online users’ observation
of others’ ratings of movies triggers information cascades in their rating generation [18,19].
In the book market, Liu et al. [20] found that online users’ choices of e-books are influenced
by book rankings, and the number of reviews has no impact on the click-through rates
of higher-ranked e-books but has a positive impact on those of lower-ranked ones. In
the Internet finance market, many studies have shown that ranking system information
is an important driver for lenders in microfinance and P2P lending decision-making [34].
Furthermore, several studies emphasize the importance of hotel rankings on online booking
platforms for consumers’ booking choices, indicating that for every one-position increase
in hotel ranking, consumers are more likely to click to view its details, thereby influencing
their booking intentions [35-37]. Dewan et al. [31] found that ranking systems have a more
significant impact on non-popular music compared to popular music.

Therefore, the impact of online product rankings on consumer behavior has generated
a considerable number of research findings. However, most literature employs traditional
methods, such as questionnaires and interviews, to explore consumer behavior. Although
traditional methods have revealed certain behavioral patterns, they have not yet uncovered
the cognitive mechanisms and neural processes by which product rankings influence
consumer behavior. Several studies have pointed out that revealing brain neural activity
during online consumers’ decision-making can enhance the reliability and reproducibility
of research conclusions, making the results more objective and in-depth [14,38], but few
existing studies have yet explored the neural mechanisms underlying the influence of
online rankings.

2.2. Neural Mechanisms of Consumer Decision-Making

Event-related potentials (ERPs), as one of the most widely used tools in cognitive
neuroscience, provide direct and objective neurophysiological data collection capabilities,
opening the “black box” of the human brain and offering effective supplementation to
traditional data sources and leading to a new perspective in consumer decision-making re-
search [39]. In recent years, an increasing number of researchers have used ERP experiments
to explore the neural mechanisms behind consumers’ online shopping decision-making.
ERP components have been widely recognized by researchers as reliable indicators of
the influence of attitudes and preferences towards products on consumer behavior and
decision-making. The ERP components induced during the early decision-making stages
of consumers’ online shopping decision-making, such as the P2 component, reflect that
consumers’ preference-driven responses to products are spontaneous. Meanwhile, those
induced during the late decision-making stages, such as the P3 component, indicate that
consumers’ final decisions about products are based on conscious and more refined cogni-
tive processes [40].

The P2 component is an ERP component associated with early attentional bias [41-43],
reflecting individuals” allocation of attentional resources and their attentional demands
during experimental tasks. Negative materials occupy more attentional resources from
individuals compared to positive and neutral materials [44], allowing such stimulus ma-
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terials to win limited attentional resource allocation in the early cognitive stages. The
late positive component P3 is the most frequently studied ERP component in consumers’
decision-making research, reflecting evaluative categorization processing of stimuli and
closely related to the decision-making process [45-47]. The amplitude of the P3 compo-
nent is influenced by the difficulty of decision-making tasks, decision-making information
cues, and individual decision-making preferences [46,48], and can be used to characterize
decision-makers’ attitudes and preferences toward decision-making tasks. Ito et al. [49]
found that compared to negative situations, participants exhibit higher P3 amplitudes in
positive situations.

The literature provides evidence for the feasibility and advantages of cognitive
neuroscience-related theories and technologies in studying online consumers’ behavior.
Therefore, we hypothesize that when online consumers face different product online rank-
ing cues, these cues will first influence attentional resource allocation and then influence
decision-making mechanisms, thereby forming final purchasing decisions, as reflected in
the P2 and P3 components.

2.3. Conceptual Model and Hypotheses

Online rankings in mobile shopping can be viewed as a form of social information
cue that summarizes the actions or preferences of prior users (e.g., sales-based or click-
based ordering). Consistent with information cascade logic, such aggregated cues may
induce consumers to rely on others” implied choices when facing uncertainty and limited
processing capacity [6,7,10,22]. From the perspective of the S-O-R framework [21], ranking
cues serve as an external stimulus (S) that initiates organismic processing (O) and ultimately
shapes purchase responses (R).

Importantly, our contribution is to unpack the organismic “black box” into temporally
ordered stages that can be indexed by ERPs. First, ranking cues may bias early attentional
allocation toward diagnostically salient or potentially threatening information. In mobile
interfaces, low ranking can be interpreted as a warning signal (e.g., low popularity or
low acceptance) and thus may capture attention more strongly under resource constraints,
which should manifest as an enhanced P2 component. Second, consumers subsequently
engage in evaluative categorization and form an overall decision tendency (e.g., trust vs.
avoidance) based on the ranking cue. This later stage is commonly indexed by the P3
component, reflecting stimulus evaluation, categorization, and decision confidence.

Therefore, we propose the conceptual model shown in Figure 1: online ranking cues
(S) influence purchase intention/choice (R) through a two-stage organismic pathway (O),
consisting of early attentional engagement (P2) and later evaluative processing and decision

confidence (P3).
Early attention
allocation (P2)
Rz?nkmg cue N SN Purchase choice
(high vs low) : :
S Evaluation R
categorization/ | :
Decision
confidence (P3)
0

Figure 1. Conceptual model.
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H1. Compared with low-ranking cues, high-ranking cues will lead to higher purchase choice.

H2. Low-ranking cues will elicit greater early attentional engagement than high-ranking cues, as
reflected by a larger P2 amplitude.

H3. High-ranking cues will elicit greater decision confidence than low-ranking cues, as reflected by
a larger P3 amplitude.

3. Materials and Methods
3.1. Participants

Fifty-two undergraduate students (32 females, 20 males; Mage =22.52,5D =2.26, age
range: 18-27 years) from multidisciplinary academic backgrounds were recruited from
Fuzhou, China, between April and June 2024. Participants were recruited via campus
advertisements and online postings, and all participated voluntarily, signing an informed
consent form. All participants were right-handed, with no history of mental illness, familial
hereditary neurological diseases, or brain injuries. They reported no habits of smoking,
alcohol consumption, or psychotropic drug use and had normal vision or corrected-to-
normal vision. Due to equipment malfunctions leading to abnormal EEG data for three
participants, their behavioral data and corresponding EEG data were excluded. Ultimately,
data from 49 participants were included in the experimental analysis, including 19 males
(Mage = 22.56, SD = 2.96) and 30 females (Mage = 22.32, SD = 1.80). Before initiating
the experiment, we explained the experimental procedure and its non-invasive nature
in detail to all participants, ensuring that each participant voluntarily participated and
signed an informed consent form. They received a token of appreciation equivalent to $8
as compensation for their time.

3.2. Experimental Materials

This study selected 3C products as experimental materials. We removed all informa-
tion not directly related to the experimental purpose, such as brand logos, price tags, and
specific attributes, and standardized product image quality to maximize internal validity
and isolate the causal impact of product ranking information. The brightness and contrast
were adjusted to ensure consistency, and product sizes were uniformly standardized across
stimuli. For the product rankings, we created two distinct ranking groups based on the
ranking range of specific product categories on a mobile shopping platform, including a
high-ranking group (ranking from 1 to 5) and a low-ranking group (ranking from 46 to 50).
The chosen ranges were intended to represent highly salient head-versus-tail ranking cues
that consumers commonly encounter in category lists (e.g., top sellers vs. lower-listed items)
on mobile platforms. Subsequently, we randomly paired each product image, assigning it a
set of high-ranking stimulus materials and a set of low-ranking stimulus materials, thereby
constructing two ranking levels for the same product (i.e., high-ranking and low-ranking).

In terms of operationalization, the visual format of the ranking cues was designed
to resemble typical online shopping platforms, where each product was displayed with
its ranking in text. The realism of the ranking cues was ensured by using actual rankings
from a simulated shopping environment rather than arbitrary rankings created for the
experiment. To enhance the immersion of the experiment, all product images and ranking
information were presented in a format that simulated a mobile shopping environment.
This closely resembled participants” actual mobile shopping experiences.

3.3. Experimental Procedure

The experimental process was programmed and presented using E-Prime 3.0 software
(Psychology Software Tools, Sharpsburg, PA, USA). This experiment adopted a within-
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subjects repeated-measures ERP design with different conditions of product rankings
(2 conditions: high-ranking vs. low-ranking). The experiment was conducted in a quiet,
distraction-free laboratory.

During the presentation of experimental stimuli, participants were asked to maintain
stable eye movements, avoid blinking or unnecessary body movements, and keep their
fingers on the keyboard’s ready position in preparation for the start of the formal exper-
iment. The experiment used an S1-52 paradigm [50]. At the beginning of each round of
the experiment, a “+” symbol was first displayed at the center of the screen for 500 ms as a
fixation point, indicating to participants that the round was ready to begin and guiding
them to focus their attention. Subsequently, the product image was displayed for 2000 ms,
followed by the product’s ranking information for another 2000 ms. Participants were asked
to quickly evaluate the product ranking based on their first impression and express their
purchase intention by pressing a key. Once the participants made their purchase decision,
the system automatically proceeded to the next trial; if participants did not respond within
3000 ms, the system automatically advanced to the next trial.

To enhance the signal-to-noise ratio of the data, experimental stimuli were randomly
repeated three times. After completing five pre-practice trials, the experiment consisted of
a total of 60 trials (2 product types x 5 products x 2 ranking groups X 3 repetitions). All
60 trials were combined into a single list and presented in a mixed, trial-level randomized
order for each participant, such that high-ranking and low-ranking cues were interleaved
rather than presented in separate blocks. Thus, the three repetitions of the same trial were
also distributed throughout the overall trial stream instead of appearing consecutively,
reducing potential order, learning, and fatigue effects. After the experiment, participants
were asked to complete a brief interview and a post-test questionnaire designed to assess
their perceptions of the experimental conditions. Specifically, participants were asked to
rate whether they believed the ranking positions accurately represented product quality or
popularity and whether they felt the rankings influenced their purchase intentions. A five-
point Likert-type scale (1 = low-ranking, 5 = high-ranking) was employed in the post-test
questionnaire to assess participants’ perceptions of the experimental conditions. The results
showed that participants in the high-ranking condition rated the ranking significantly
higher than those in the low-ranking condition (Mp;g = 4.35, SDpjgp = 0.73; Moy = 1.92,
SDjy = 0.76; F = 259.57, p = 0.000), confirming the effectiveness of the experimental
manipulation. Additionally, the post-test data revealed that the participants generally
recognized the ranking cues as meaningful, with 85% of participants indicating that they
believed higher-ranked products were more likely to be of higher quality. The majority also
reported that the rankings influenced their purchase decisions, particularly in the case of
the higher-ranked products.

3.4. EEG Acquisition and Preprocessing

EEG was acquired with a mobile 64-channel system (eego™ mylab with a waveguard ™
cap, ANT Neuro, Berlin, Germany) using gel-based electrodes. Signals were recorded accord-
ing to the international 10-20 layout at 1000 Hz and within a nominal acquisition passband of
0.01-100 Hz [51]. Cz served as the reference electrode, and the ground electrode was located
at GND; for analysis, data were re-referenced to the average of the bilateral mastoid electrodes
(M1 and M2). Task events and behavioral responses were delivered and logged in E-Prime
3.0, and event markers were aligned with the EEG to form a unified dataset.

Data preprocessing was performed in ASA 4.10 software (ANT Neuro, Hengelo, The
Netherlands) and MATLAB v25.1 (The MathWorks, Inc., Natick, MA, USA). Data were
band-pass filtered at 0.1-45 Hz [52] and cleaned using ICA (Infomax implementation in
EEGLAB, version 2024.0, La Jolla, CA, USA), after which non-neural components (primarily
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ocular and muscle activity) were identified with the ADJUST procedure and removed [53].
Cleaned continuous data were epoched around stimulus onset (—200 to 800 ms) and
baseline-corrected (—200 to 0 ms) to the pre-stimulus interval; trials exceeding £80 pV
were discarded [54]. Remaining epochs were averaged per participant and condition to
obtain ERPs, followed by across-participant grand averages. On average, each participant
contributed 28-30 valid trials per condition (out of 30), which ensured a sufficient signal-to-
noise ratio for ERP analysis. To isolate task-relevant activity, ICs were retained when they
matched expected scalp distributions and exhibited the characteristic polarity within the
latency ranges of interest (e.g., P2 and P3), with timing stability additionally checked via
jackknife-based latency estimates (95% CI shift < 20 ms). Final ERP windows were defined
by combining literature-guided ranges with a data-driven scan of global field power using
50 ms steps to accommodate task-specific latency shifts [55-57].

4. Data Analysis
4.1. Control Analysis

We conducted a control analysis for all participants, including demographic character-
istics, the mobile shopping experience, and product involvement. It is important to rule out
the possibility that any observed effects were due to these external factors rather than the
experimental manipulation. Given the sample size and data characteristics, appropriate
statistical tests were conducted to ensure comparability across participants. Specifically,
we used chi-square tests for nominal variables, such as gender and education level, and
independent-samples t-tests for continuous variables, such as age and monthly income.
The results showed that there were no significant differences among participants in terms
of gender (X? = 0.042, p = 0.838), age (t = 1.848, p = 0.104), education level (X? = 3.648,
p = 0.056), and monthly income (t = 2.329, p = 0.109). Additionally, there were no significant
differences among participants in shopping behavior and platform familiarity, such as
monthly mobile shopping frequency (f = 2.166, p = 0.105), monthly shopping expenditure
(t =2.111, p = 0.095), average unit price of mobile shopping (t = 1.033, p = 0.387), and time
preference for mobile shopping (X? = 2.414, p = 0.120). We further evaluated participants’
involvement with the experimental materials. The analysis results showed no significant
differences in participants” involvement with electric toothbrushes (t = 1.687, p = 0.100)
and Bluetooth headsets (t = 1.629, p = 0.115). Hence, the participants selected for this
study showed no significant differences in demographic characteristics, mobile shopping
experience, or product involvement, suggesting that differences in subsequent analysis
results were caused by the experiment.

4.2. Behavioral Data Analysis

This experiment used E-prime 3.0 software to record behavioral data generated by
participants during the purchase decision-making, including purchase choice and reaction
times. The behavioral data were statistically analyzed using SPSS 19.0 software. The
results of participants’ purchase choices under different product ranking scenarios are
shown in Figure 2. To compare purchase rates across conditions, paired t-tests were
conducted at the participant level. Specifically, for each participant, purchase rates were
aggregated across all trials within each condition (high-ranking vs. low-ranking products).
The aggregated participant-level means were then used as the input for the paired t-test,
ensuring that the unit of analysis aligned with the level of randomization. This approach
respects independence assumptions and avoids inflating statistical significance due to
trial-level dependencies. The results showed a significant difference in purchase rates
between the high-ranking product group and the low-ranking product group (t1 48 = 16.194,
95%CI = [0.628, 0.896], p = 0.000), with the purchase rate of the high-ranking product group
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(M = 0.831, SE = 0.026) being significantly higher than that of the low-ranking product
group (M = 0.114, SE = 0.028), supporting H1.

150 soew

100

50

Purchase rate (%)

\\\ |

(—]

High-ranking Low-ranking
#+4 p < 0.001

Figure 2. The purchase rate in different product ranking scenarios.

4.3. EEG Data Analysis

This study focuses on how online rankings, as external cues, influence the neural
mechanisms underlying participants’ decision-making processes. All ERP analyses were
time-locked to the onset of the ranking information. While the product image was presented
first to introduce the item, the ranking cue provided the decision-relevant information
whose neural processing we aimed to investigate. By analyzing EEG waveforms recorded
from each participant under two distinct stimulus conditions and drawing on prior findings
in the consumer decision-making literature, this research primarily investigates two key
ERP components: P2 and P3. Based on the cortical regions associated with these compo-
nents in existing studies, the analysis of the P2 component in this experiment involves
23 electrode sites covering the frontal region F (F7, F5, F3, F1, Fz, F2, F4, F6, F8), the
frontocentral region FC (FC5, FC3, FC1, FCz, FC2, FC4, FC6), and the central region C
(C5, C3, C1, Cz, C2, C4, C6). Similarly, the P3 component is analyzed using 19 electrode
sites spanning the parietal region P (P7, P5, P3, P1, Pz, P2, P4, P6, P8), the parieto-occipital
region PO (PO7, PO5, PO3, POz, PO4, PO6, POS), and the occipital region O (O1, Oz,
02). The P2 and P3 components were quantified using time windows of 100-150 ms and
350-450 ms, respectively, time-locked to the onset of the ranking cue. These windows were
determined based on a combination of prior ERP research on attentional allocation and
evaluative categorization in decision-making tasks [41,43,45-47] and verification of the
present grand-average waveforms and scalp topographies. In our data, the P2 component
peaked around 120 ms, consistent with early attentional engagement [43], while the P3
component peaked around 400 ms, consistent with evaluative categorization and decision
confidence processing [45,47].

4.3.1. P2 Component

In Figure 3, we present the ERP waveform at the representative electrode Fz for the
P2 component (due to space limitations, this study only plots the EEG waveform and
topographic maps at the representative electrode Fz during participants” processing of
product online ranking stimuli). We conducted three repeated-measures ANOVAs of the
mean ERP amplitude between 100 ms and 150 ms as follows: 2 (product ranking: high
ranking, low ranking) x 9 (frontal: F7, F5, F3, F1, Fz, F2, F4, Fé6, F8); 2 (product ranking;:
high ranking, low ranking) x 7 (frontocentral: FC5, FC3, FC1, FCz, FC2, FC4, FC6); 2
(product ranking: high ranking, low ranking) x 7 (central: C5, C3, C1, Cz, C2, C4, C6). To
address potential type I error inflation due to multiple comparisons, post hoc tests were
corrected using the Benjamini-Hochberg (BH) method to control the false discovery rate
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(FDR) [58,59]. Following precedent in neurobehavioral research that balances statistical
rigor with discovery sensitivity, an adjusted p value < 0.10 was considered statistically
significant [60-62]. We also reported the effect size and confidence intervals to ensure
that the interpretation of this effect was cautious. The results in Table 1 showed that the
main effect of stimulus type was significant in the frontal region (F1, 49 = 7.999, p = 0.007,
n? = 0.140) and the frontocentral region (F; 49 =5.708, p = 0.021, n? = 0.104), and marginally
significant in the central region (F; 49 = 3.676, p = 0.061, n? = 0.070). The main effect
of electrode was marginally significant in the frontal region (Fg 39, = 2.390, p = 0.085,
n? = 0.046) and the central region (Fg 294 =2.532, p = 0.067, n? = 0.049), but not significant in
the frontocentral region (Fg 294 = 0.974, p = 0.405, n? = 0.019). The interaction effect between
stimulus type and electrode was significant in the central region (Fg 294 = 3.933, p = 0.008,
n? = 0.074) and marginally significant in the frontocentral region (Fg 294 = 2.718, p = 0.053,
n? = 0.053), but not significant in the frontal region (Fg 392 = 1.239, p = 0.298, n? = 0.025).

——HR
—44 P2 —1R
HR:95% CI
3 LR:95% CI
I
il I
> |
C -1 I
2 1
£ Y (. v . .
3 2 0 20 400 600 800
: T

3

4 Time (ms)

Figure 3. ERP waveforms and topographic maps of the P2 component.

Table 1. Repeated ANOVAs of the P2 component in the product ranking.

Brain Electrode Product Ranking Electrode * Product Ranking
Regions df F p df F p df F p
Frontal (8392) 23907 0.085 (1,49) 7.999 ** 0.007 (8,392) 1.239 0.298
Frontocentral  (6,294) 0.974 0.405 (1,49) 5.708 * 0.021 (6,294) 27181 0.053
Central (6,294) 25327 0.067 (1,49) 3.676 1 0.061 (6,294) 3.933 ** 0.008

Notes: ** p < 0.01;*p < 0.05; T p <0.1.

To analyze the difference in the P2 component between the high-ranking product
group and the low-ranking product group, we further conducted paired t-tests for the
frontal, frontocentral, and central regions under these two different stimulus conditions.
The results in Table 2 indicated that the mean P2 amplitude of the low-ranking group in the
frontal region (M = 0.547, SE = 0.198) was significantly higher than that of the high-ranking
group (M = 0.109, SE = 0.182), p = 0.007 < 0.01. In the frontocentral region, the mean P2
amplitude of the low-ranking group (M = 0.926, SE = 0.256) was significantly higher than
that of the high-ranking group (M = 0.446, SE = 0.240), p = 0.021 < 0.05. In the central region,
the P2 amplitude of the low-ranking group (M = 1.008, SE = 0.273) was higher than that of
the high-ranking group (M = 0.581, SE = 0.253), p = 0.061 < 0.1, indicating a trend toward
greater attentional allocation for low-ranking cues and supporting H2.
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Table 2. The paired t-test for mean P2 amplitude in the product ranking.

95% Confidence Interval t Value
Brain Regions Conditions Mean SE

Lower Upper
Product ranking: high 0.109 0.182 —0.257 0.476 —2.828 **

Frontal Product ranking;: low 0.547 0.198 0.149 0.946
Product ranking: high 0.446 0.240 —0.036 0.928 —2.389 *

Frontocentral * p/qct ranking: low 0.926 0.256 0.411 1.442
Product ranking: high 0.581 0.253 0.073 1.089 —1.917 "1

Central Product ranking: low 1.008 0.273 0.458 1.557

Notes: ** p < 0.01;*p < 0.05; T p <0.1.

4.3.2. P3 Component

We present the ERP waveform at the representative electrode Oz for the P3 component
in Figure 4 (due to space limitations, this study only plots the EEG waveform and topo-
graphic maps at the representative electrode Oz during participants’ processing of product
online ranking stimuli). We conducted three repeated-measures ANOVAs of the mean ERP
amplitude between 350 ms and 450 ms as follows: 2 (product ranking: high ranking, low
ranking) X 9 (parietal: P7, P5, P3, P1, Pz, P2, P4, P6, P8); 2 (product ranking: high ranking,
low ranking) x 7 (parieto-occipital: PO7, PO5, PO3, POz, PO4, PO6, POS); 2 (product rank-
ing: high ranking, low ranking) x 3 (occipital: O1, Oz, O2). The p-values of the ANOVAs
were corrected using the Greenhouse-Geisser method. We corrected post hoc tests using
the Benjamini-Hochberg (BH) method to address potential type I error inflation due to
multiple comparisons [58,59]. The results in Table 3 showed that the main effect of stimulus
type was marginally significant in the parietal region (F; 49 = 3.119, p = 0.084, ? = 0.060),
but not significant in the parieto-occipital region (F; 49 = 1.987, p = 0.165, n? = 0.039) and
the occipital region (Fq, 49 = 1.279, p = 0.264, n? = 0.025). The main effect of electrode was
significant in the occipital region (F,, 93 = 6.199, p = 0.004, n? = 0.112), but not significant
in the parietal region (Fg 390 = 1.851, p = 0.131, n? = 0.036) and the parieto-occipital re-
gion (Fg 294 = 0.756, p = 0.452, n? = 0.015). The interaction effect between stimulus type
and electrode was significant in the parietal region (Fg 39p = 7.607, p = 0.000, n? =0.134),
the parieto-occipital region (Fg, 294 = 7.658, p = 0.002, n? = 0.135), and the occipital region
(F2, 98 = 5.020, p = 0.010, 1% = 0.093).

HR:95% CI
LR:95% CI

Amplitude (pV)

Time (ms)

4

Figure 4. ERP waveforms and topographic maps of the P3 component.
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Table 3. Repeated ANOVAs of the P3 component in the product ranking.

Electrode Product Ranking Electrode * Product Ranking
Brain Regions
df F r df F p df F p
Parietal (8,392) 1.851 0.131 (1,49) 1.987 0.165 (8,392)  7.607 *** 0.000
Parietooccipital ~ (6,294) 0.756 0.452 (1,49) 1.279 0.264 (6,294) 7.658 ** 0.002
Occipital (2,98) 6.199 ** 0.004 (1,49) 31197 0.084 (2,98) 5.020 * 0.010
Notes: ** p < 0.001; * p < 0.01; *p < 0.05; T p < 0.1.
To analyze the difference in the P3 component between the high-ranking product
group and the low-ranking product group, we further conducted paired t-tests for the
occipital region under these two different stimulus conditions. The results in Table 4
indicated that the mean P3 amplitude of the high-ranking group (M = 1.948, SE = 0.342)
was higher than that of the low-ranking group (M = 1.393, SE = 0.355), p = 0.084 < 0.1,
suggesting a trend-level enhancement of evaluative processing for high-ranking products,
offering trend-level support for H3.
Table 4. The paired ¢-test for mean P3 amplitude in the product ranking.
. . 95% Confidence Interval t Value
Brain Regions Conditions Mean SE
Lower Upper
Occipital Product ranking: high 1.948 0.342 1.261 2.635 1.766 1
P Product ranking: low 1.393 0.355 0.679 2.106

Notes: T p <0.1.

5. Discussion and Conclusions

This study reveals the neural mechanisms through which online rankings influence
mobile consumers’ purchasing decisions through an ERP experiment. First, the behavioral
results support H1 by showing that online rankings have a significant positive influence on
mobile consumers’ purchase intentions. In fact, information cascade studies have already
found the important impact of product rankings on online users’ decision-making [25,26,33].
The behavioral results of this study are consistent with existing literature, suggesting
that consumers are also prone to cascade-like reliance on ranking cues in the mobile
shopping context.

Additionally, the EEG results suggest that when product rankings are presented as
decision aids, brain activity during mobile shopping decision-making may involve two
core stages. In the initial stage, the presentation of ranking cues rapidly engages attentional
resource allocation. Low-ranking cues elicited larger P2 amplitudes, indicating greater early
attentional engagement with these cues, thereby supporting H2. Although an enhanced P2
is often interpreted as a negative attentional bias [44], there are alternative explanations
that could also account for this effect. Specifically, low-ranking products may be perceived
as novel or unexpected compared to participants’ typical expectations of higher-ranked
items [25,26], potentially triggering heightened attention. Alternatively, the low-ranking
cues may involve expectancy violation, where participants” expectations of product pop-
ularity are disrupted, leading to increased processing of unexpected information [6,27].
Another possibility is that low-ranking cues are perceived as indicating higher risk, such
as lower trustworthiness or quality, which would also contribute to a larger attentional
response [63,64]. Post-experiment questionnaire data indicated that participants generally
regarded low-ranking products as less favorable or trustworthy (76% of participants), which
is broadly consistent with these interpretations. Nevertheless, given the limited construct
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specificity of the P2 component, we conservatively interpret this result as evidence that
low-ranking cues captured earlier attention during mobile shopping decision-making.

In the subsequent decision-making stage, participants gradually form decision-making
attitudes toward the products based on two distinct product online ranking cues [65]. This
process is prominently reflected by the P3 component, which is widely recognized in
the decision-making literature as an index of evaluative categorization, confidence, and
choice certainty [46]. The P3 results provide trend-level support for H3. The enhanced P3
component may indicate that consumers engage in more thorough evaluative processing
and decision confirmation when encountering positively ranked items. This neural pattern
suggests increased confidence and trust in high-ranking products, reflecting a preference-
consistent evaluation and supporting their purchase intentions [66]. In other words, while
low-ranking products attract attention (P2), it is high-ranking products that consolidate
decision-making through positive evaluation (P3), demonstrating a dynamic interplay
between early attentional engagement and subsequent motivated decision processing.
Compared with the P2 findings, the P3 effect is more exploratory and requires replication in
future studies. Moreover, while the P3 component is widely studied in relation to decision
confidence, other ERP components, such as the N2, which is often associated with conflict
monitoring and cognitive control [67], could also provide valuable insights. In our study,
we did not observe a prominent N2 component, which may be due to the nature of the
experimental design, where participants were not placed under conditions that elicited
significant decision-making conflicts. Future research could explore the potential role of N2
in contexts where consumers face conflicting information or uncertainty regarding product
choices, providing a more comprehensive understanding of the decision-making process.

Taken together, these findings support the proposed S-O-R framework, in which online
ranking cues appear to shape early attentional allocation, and the present data provide
preliminary evidence that they may also influence later evaluative processing, ultimately
contributing to purchase intentions. Behaviorally, these neural patterns align with observed
purchase intentions, illustrating that consumers integrate ranking cues into their evaluation
strategies. From a cognitive perspective, online rankings serve as heuristic signals, reducing
uncertainty and facilitating rapid decision-making under information overload. This study
provides process-level evidence consistent with information-cascade-like effects, suggesting
that consumers may incorporate ranking cues into their decision-making under mobile
shopping conditions characterized by uncertainty and constrained cognitive resources.

5.1. Theoretical Contributions

First, this study reveals the neural mechanisms through which online rankings influ-
ence mobile consumers’ purchase decisions, offering new insights into the intersection of
behavioral research and cognitive neuroscience in the mobile environment. Our findings
suggest that consumers’ responses to product rankings are not only shaped by heuristic
shortcuts but also by underlying neural processes, indicating that decision-making involves
a dynamic interplay between attentional orienting and motivated decision processing,
which has been previously overlooked in traditional behavioral models. By linking P2 and
P3 neural components to behavioral outcomes, we bridge the gap between neuroscientific
findings and practical consumer decision-making theories.

Second, this study refines S-O-R explanations of ranking effects by decomposing
the organismic (O) component into two temporally ordered and neurophysiologically
observable stages. Specifically, ERP evidence suggests that ranking cues trigger an early
attentional orienting stage (indexed by P2) and provide preliminary, trend-level evidence
for a subsequent evaluative categorization/decision confidence stage (indexed by P3). This
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process-level account complements prior behavioral work by explaining how ranking-based
social information is transformed into purchase responses in mobile shopping contexts.

Third, rather than treating information cascades as solely an aggregate behavioral
pattern, our findings provide within-person process evidence consistent with a cascade-like
reliance on ranking cues under uncertainty and constrained cognitive resources. This
complements prior information cascade explanations by showing how aggregated social
information embedded in online rankings can be rapidly incorporated into consumers’
attention and evaluation dynamics, ultimately shaping purchase intentions.

5.2. Practical Implications

The findings of this study provide several practical implications for designers of
mobile shopping platforms and online retailers, particularly given the controlled laboratory
setting and the simulated mobile shopping environment employed in this research. First,
this study highlights the importance of online rankings as powerful decision-making aids
in mobile e-commerce, consistent with prior findings on heuristic-based consumer behavior
under uncertainty [3,10,33]. These insights reinforce the notion that ranking cues simplify
decision-making by serving as heuristic signals, which is particularly relevant in mobile
contexts characterized by information overload and constrained cognitive resources. In
such cases, online retailers may consider whether and how ranking algorithms and ranking
presentations align with consumer expectations, striking a balance between algorithm-
driven rankings and consumer trust.

Second, this study demonstrates the potential application of neurophysiological meth-
ods, such as ERPs, in understanding consumer decision-making [15,16,38]. While tradi-
tional behavioral methods risk biases due to self-report measures [5,14], EEG data provide
objective and quantitative insights into attentional allocation and evaluative categorization.
Given that our experiment used a controlled laboratory setting and a simulated shopping
interface, online retailers could integrate these findings in real-world contexts to verify
ecological validity.

Third, the research framework and design concepts developed in this study have
the potential for widespread application in the Chinese e-commerce market, providing
valuable strategic references and insights for the construction and development of China’s
e-commerce sector. The relevant EEG components identified in this study may provide
preliminary reference indicators for future e-commerce research and platform evaluation,
offering scientific quantitative metrics for decision-making. E-commerce marketers may
draw on the research framework of this study when examining related management and
marketing issues to better achieve their marketing goals.

5.3. Limitations and Future Research Directions

This study also has certain limitations. First, this study adopts search-based goods as
the research objects. Future research could select experience-based goods as the research
objects and compare the similarities and differences in the influence of online rankings on
consumers’ purchase decision-making between these two types of goods, thereby providing
a more detailed product segmentation basis for marketers to formulate marketing plans.
In addition, we have clarified that platform familiarity was assessed as part of our control
check. Nevertheless, future research could continue to explore this factor by including
specific measures of platform familiarity and investigating its potential moderating role in
decision-making processes across different platform types.
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Second, in the current experimental design, no other decision cues (e.g., brand, price,
product description, or user reviews) were present, so product ranking was the only
informative signal available. This cue-isolated environment maximizes internal validity
and highlights the causal influence of ranking, but it also likely amplifies the observed effect
relative to more realistic shopping contexts, where multiple cues interact to guide choice.
At the same time, because brand, price, and review information were intentionally omitted,
the cue-isolated design likely amplified the salience of ranking information relative to
real-world shopping environments in which multiple cues compete for attention. Future
studies could introduce additional decision cues and test whether ranking effects remain
robust when cues are present or in conflict (e.g., high rank but high price, or low rank
but strong brand), improving ecological validity and understanding of the incremental
contribution of ranking.

Third, several studies have confirmed the influence of culture on consumer behavior.
Future research could focus on a more in-depth exploration of how the online ranking
mechanism influences the purchase decision-making and behavioral patterns of mobile
consumers from different countries across regions. In addition, although using under-
graduate participants is common in ERP research for practical reasons, our sample of
Chinese university students may not fully represent more experienced or demographically
diverse consumer groups. Future research should use more diverse samples, including a
broader range of age groups and shopping experiences, to assess whether the observed
effects generalize to other demographic groups. In particular, because the P3 effect reached
only trend-level significance, the interpretation of a later evaluative stage should be con-
sidered preliminary and requires replication in future studies with larger samples and
complementary task designs.

Finally, while the experimental environment mimicked a real mobile shopping plat-
form and ERP experimental controls were implemented to minimize extraneous variables,
the simulated shopping environment may reduce the ecological validity of our findings. Fu-
ture studies could enhance ecological validity by using field or online experiments that link
decision-making to real-world outcomes, thereby providing a more accurate representation
of consumer behavior in naturalistic settings.
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