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Abstract

In the era of e-commerce, consumers’ innovative insights are crucial for brands to improve
their products and meet consumers’ potential needs. Although user-generated content
(UGC) platforms have accumulated a vast amount of consumer voices, brands often face
the dilemma of “rich data but scarce insights”: valuable consumer innovation insights are
not only scarce but also expressed implicitly. Traditional methods have difficulty reliably
identifying such insights in this task. Therefore, this study, for the first time, introduces
a large language model (LLM)-augmented Siamese framework, aiming to improve the
identification and generalization of consumer innovation insights in multi-platform UGC.
Based on four Chinese social media platforms and a dataset of 133,538 comments, we
conducted three experiments and performed a systematic comparison under five model
configurations. The results show that our approach significantly outperforms traditional
benchmarks and strong baselines in most experimental settings, while maintaining stable
competitiveness in cross-platform tests. Finally, we showed how the identified innova-
tion insights can be transformed into structured outputs for product planning, thereby
facilitating the integration of consumer insights into the brand’s innovation process.

Keywords: consumer innovation; social media insights; user-generated content; large
language models; Siamese network

1. Introduction
In the age of e-commerce, the competitive advantage of brands increasingly relies on

open, consumer-centered innovation ecosystems [1–3]. Consumers are shifting from passive
buyers to active value co-creators, sharing their usage experiences, offering improvement
suggestions, and expressing expectations for product innovation on social media user-
generated content (UGC) platforms [4–6]. For brands, social media–based UGC platforms,
because of their proximity to real usage scenarios and their real-time reflection of changing
needs, have gradually become an important source for capturing innovative insights from
both existing and potential consumers and enabling rapid product iteration [7,8].

Although the vast online comments on UGC platforms contain rich consumer innova-
tion insights, accurately identifying these high-value insights in a high-noise environment
is extremely difficult [9,10]. On the one hand, truly valuable innovation insights are statisti-
cally very scarce and are often buried under large amounts of irrelevant information and
content. On the other hand, consumers’ innovative ideas often show strong information
stickiness [11], creating a significant “expression gap”: unlike professional product man-
agers, ordinary consumers lack sufficient domain knowledge and find it difficult to express
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their thoughts as clear improvement suggestions [12,13]. Therefore, extracting innovative
insights not only requires dealing with extreme class imbalance but also identifying im-
plicit intentions in colloquial and diverse expressions [14], in order to transform scattered
feedback into input that drives brands’ product and service improvement.

In the field of UGC text mining, existing research has made significant progress,
but there are still clear gaps in the task of “identifying high-value innovative insights.”
Most existing research focuses on sentiment analysis, topic modeling, defect identification,
or conventional demand mining [15–17]. However, these goals often stop at understanding
the current state of consumer feedback, without further identifying high-value insights
that can drive iterative innovation in products and services. In fact, a specific and action-
oriented innovation insight, given its strategic value, may far outweigh a vague consumer
complaint. Although some studies have begun to move in this direction [18,19], they fail to
account for the expression gap and information stickiness that may arise when consumers
articulate their ideas, and thus do not address the challenges involved in identifying
innovation insights. Moreover, these studies are often limited to a single platform or more
structured scenarios, and their methods mainly rely on traditional machine learning or
shallow deep learning models, making it difficult to effectively identify innovation insights
in a multi-platform environment. Motivated by this gap, this paper focuses on a core
research question: In a noisy, multi-platform UGC environment, how can we consistently
and reliably identify scarce, implicitly expressed consumer innovation insights, while
maintaining robustness and transferability under cross-platform differences in expression?

To address this research question, we propose a Siamese network augmented by
large language model (LLM) [20], aiming to stably identify high-value consumer and
prospective consumer innovation insights from multi-platform social UGC. To address
the extreme sparsity of innovation insights and category imbalance, we fine-tune the pre-
trained language model RoBERTa as the encoder [21], leveraging its general semantic
priors to improve recognition with a small number of positive examples; at the same
time, while retaining the core intent, we use generative AI to rewrite a small number of
positive examples to increase the diversity of expressions in the minority class [22,23].
To address the “expression gap” caused by information stickiness, generative rewriting
helps reduce ambiguity by turning fragmented and vague consumer expressions into clearer
semantic variants; the Siamese network further strengthens the model’s focus on the shared
innovation insights behind different expressions through semantic consistency learning [24],
thereby improving the stability of identifying implicit insights. To test the effectiveness of
this framework under cross-platform differences in expression, we build a dataset from
multiple social media platforms with clearly different styles and evaluate its robustness and
transferability through multi-scenario experiments, including mixed training, platform-
specific training, and leaving one platform out. As an application, this paper demonstrates
how the identified innovative insights can be transformed into structured outputs for
product planning, thereby supporting their use in the brand innovation process.

We conducted an empirical study in the context of the mobile service ecosystem. Based on
a dataset of 133,538 manually annotated comments about HyperOS from four leading Chinese
UGC platforms—Xiaohongshu, Douyin, Bilibili, and Weibo—we carried out a systematic
empirical test. Focusing on the core task of identifying consumer innovation insights, we
systematically compared five models under three settings: mixed data, platform-specific,
and leaving one platform out. The overall results show consistent conclusions: models based
on pre-trained representations significantly outperformed traditional machine learning and
deep learning baselines across all settings [21,25]. Moreover, the LLM-augmented Siamese
framework proposed in this paper further improved the recognition performance of scarce
innovation insights in most scenarios and remained competitively stable in cross-platform
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testing [20,22,24]. Overall, the above results provide empirical support for the validity and
cross-platform robustness of the framework proposed in this paper.

The rest of this paper is organized as follows. Section 2 reviews related work. Section 3
presents the data and methodology. Section 4 reports the empirical results. Section 5 provides
additional analysis. Section 6 discusses the academic implications and practical implications.
Section 7 outlines limitations and directions for future research. Section 8 concludes.

2. Literature Review
This section reviews the relevant research on identifying high value innovation insights

from UGC, mainly covering three aspects: the task landscape of consumer insight mining; key
challenges such as sparsity, the expression gap, and cross-platform differences; and model
and method cues related to this paper, including generative rewriting and Siamese networks.

2.1. Mining Consumer Insights

As an important carrier of consumer opinions in the era of e-commerce, UGC en-
ables brands to capture consumer preferences and market information at an unprecedented
scale [10,26,27]. As a result, “extracting consumer insights from UGC” has long been a core
issue in the field of text mining [8]. Early studies mainly focused on sentiment analysis
and opinion mining, using emotional and attitudinal information to explain or predict sales,
satisfaction, and word-of-mouth diffusion, and combining methods such as topic modeling to
identify the product attributes and usage scenarios that consumers care about, thereby address-
ing questions such as “how do consumers evaluate” and “what do they care about” [26,28,29].

Building on this, another important line of work is defect identification and diagnostic
analysis, which aims to locate product malfunctions, service failures, and usage pain points
in text to answer the question “Where is the problem?” [15,30] Related methods have grad-
ually evolved from traditional machine learning to deep learning and the fine-tuning of
large language models, improving the accuracy of identifying sentiment, topics, and defect
categories. This type of work is highly valuable for consumer experience monitoring and
problem tracking, but its main focus still lies in explaining existing experiences and problems.

Furthermore, some studies have begun to focus on extracting requirements and sug-
gestions, such as identifying suggestion sentences or product requirements [12,31,32],
thereby moving feedback toward the “how to improve further” stage. However, in most
research settings, the identified tasks mainly involve relatively clear and directly observable
demand cues, rather than the rarer and more implicitly expressed high-value innovation
insights [18,19]. Therefore, they usually do not need to deal with extremely sparse and
highly imbalanced data scenarios. More importantly, different UGC platforms vary greatly
in expression style and community context [33], which means that when the research target
further shifts to “high-value innovation signal identification,” existing paradigms face new
boundaries and challenges in both task definition and methodological capability.

2.2. Mining Innovation Insights

Identifying high-value innovative insights from large volumes of UGC is always
challenging. The core reason is that such insights are often extremely sparse and expressed
ambiguously [12]. According to information stickiness theory [11], innovation needs often
depend heavily on context. Ordinary users tend to describe scenarios and pain points rather
than directly offering actionable directions for improvement [12]. Therefore, innovation
insights are often expressed in fragmented, indirect, and semantically ambiguous ways,
which further increases the difficulty of stable identification and generalization [14].

At the methodological level, related research has expanded from relying on explicit
cues to semantic modeling [14,25]. Early “suggestion mining” mainly depended on feature
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engineering and rule-based patterns, which worked well for explicitly stated suggestions,
but struggled to capture implicit needs [31]. With the development of deep learning, re-
searchers began to use distributed representations to improve text representation. Models
such as convolutional neural network (CNN) and long short-term memory (LSTM) have
been applied to identify innovative content and have outperformed traditional bag-of-words
methods [19]. However, in highly imbalanced and more freely expressed social media–based
UGC, supervised classifiers are still prone to being dominated by the majority class, and their
cross-platform recognition ability is also relatively limited [33].

In recent years, some studies have begun to explore alternative frameworks, such as
anomaly detection, to identify sparse innovative ideas. For instance, innovative ideas are
treated as outliers, and unsupervised autoencoders are used for identification [18]. These
methods reduce reliance on labeled data, but they can be affected by the “rarity does not
equal value” issue in social UGC. Outlier texts may simply be irrelevant information or
even spam; moreover, equating innovation with anomalies also makes it difficult to capture
underlying semantic consistency. In conclusion, relying solely on passive recognition is
not sufficient for effective innovation mining. A better approach is to reduce ambiguity in
language expression through LLM and combine it with the strong classification capability
of pre-trained models [22,25].

2.3. LLM Augmentation and Siamese Network

Data augmentation techniques have become an important method for addressing data
sparsity. In unstructured text classification, traditional augmentation methods such as
synonym substitution can increase data volume, but they may alter semantics and even
introduce noise [34,35]. Therefore, their ability to improve innovation classification under
extreme class imbalance is limited, and they may even interfere with model learning.

In recent years, the development of LLMs has created more possibilities for data
augmentation, thanks to their strong text generation capability. LLMs can generate high-
quality text based on semantics rather than simple word substitution [22]. In the context
of innovative insight mining, LLMs can help translate consumers’ vague expressions into
clearer and more explicit statements to some extent. Building on this, we consider adopting
an intent-preserving generative rewriting strategy to transform implicit expressions in the
original comments into semantically clearer variants, in an attempt to address positive class
scarcity and information stickiness.

However, if the model cannot distinguish between comments that use different expres-
sions but convey the same core meaning, the effect of data augmentation will still be limited
and may even lead to overfitting. Therefore, it is necessary to further introduce a Siamese
network based on the Bidirectional Encoder Representations from Transformers (BERT) for
metric learning [24]. For example, Reimers and Gurevych [20] proposed Sentence-BERT,
which learns sentence semantics through a dual-tower structure and enables stronger ro-
bustness.

Although generative augmentation and Siamese learning have each been extensively
studied [20,22,24], no research has yet integrated them into a unified solution for mining
consumer innovation insights from UGC. The research framework proposed in this paper
directly targets this gap.

3. Research Methodology
3.1. Data Collection
3.1.1. Research Context

This study selected Xiaomi HyperOS and its predecessor MIUI as the empirical sub-
jects. The primary reason for this choice was to address a gap in the existing literature,
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which mostly focuses on innovation in physical products but rarely examines complex
software systems. With the rapid advancement of intelligent technologies and AI, prod-
uct competitiveness is increasingly shaped by software-driven experiences. Therefore,
exploring the OS innovation mechanism is of significant value.

In addition, this relevance is reinforced by Xiaomi’s long-standing “user co-creation”
culture and its collaborative innovation ecosystem [36,37], which provide rich, high-quality
data for identifying consumer innovation insights. Moreover, HyperOS has gradually
evolved into an ecosystem that covers the full “person–car–home” scenario and is deeply
integrated with AI. This evolution not only reflects the future development trend of intelli-
gent and connected systems, but also provides an ideal and challenging empirical setting
for this study. In conclusion, HyperOS provides a typical and complex software scenario
for validating the effectiveness and robustness of the identification framework proposed in
this article.

3.1.2. Data Acquisition

In order to address the limitations of prior studies that relied on a single data
source [18,19], and to test the transferability of the framework proposed in this paper
under cross-platform differences in expression, we collected public online comments from
multiple UGC platforms to better capture consumer innovation insights embedded in social
media. As shown in Table 1, the four major UGC platforms we selected in China differ
significantly in content form and community culture. This allowed us to construct a highly
heterogeneous multi-platform corpus, reducing platform specific effects and enabling an
evaluation of the model’s cross-platform robustness. It also provides the necessary empiri-
cal basis for verifying the stability and broad applicability of this framework across different
platform contexts. In total, we collected 210,965 public comments, spanning January 2012
to November 2025, with most comments posted in recent years.

Table 1. Comparative characteristics of data sources across four UGC platforms.

Platform Interaction Focus Content Modality

Xiaohongshu Experience sharing Image–text note
Weibo Public discourse Microblogging
Bilibili Interest interaction Long-form video
Douyin Instant expression Short video

3.1.3. Data Preprocessing

To support the subsequent analysis, we applied standardized preprocessing to the
data [38]. First, we removed non-semantic elements such as emoticons and web links
from the text. Second, given that valuable innovative comments are usually not overly
brief [18], we filtered out comments with fewer than 10 characters and deduplicated the data.
Ultimately, we obtained 133,538 valid comments, and the relevant information is shown
in Table 2. The table also shows substantial differences in average comment length across
platforms: comments on Bilibili are the longest (31.70), while those on Douyin are the shortest
(22.53), which to some extent reflects differences in expression styles across platforms.

Table 2. Descriptive statistics of data distribution across platforms.

Platform Raw Count Valid Count Avg. Length

Xiaohongshu 55,999 31,290 24.01
Weibo 31,767 27,501 23.42
Bilibili 52,228 36,270 31.70
Douyin 70,971 38,477 22.53
Total 210,965 133,538 25.55
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3.2. Constructing the Ground Truth

To validate the proposed model, we first established reliable benchmark labels. Drawing
on relevant studies [12], we designed and implemented a rigorous manual annotation process.

3.2.1. Concept Definition and Annotation Process

We define comments with innovative insights (y = 1) as those that contain specific,
actionable ideas for improvement. A comment is labeled as innovative if it meets any of
the following conditions: clearly indicates new functional requirements that are currently
absent; proposes forward-looking suggestions for existing functions; or indirectly points to
a direction for improvement by describing pain points in specific usage scenarios. Referring
to the defect classification framework of Abrahams et al. [15], we clearly treat general
problem reports and emotional expressions as not belonging to innovative insights.

We invited three master’s students majoring in innovation management to perform
the annotations. To ensure annotation quality, the process was divided into three stages:
first, we conducted standardized training and a pilot annotation; second, the three students
independently annotated the entire dataset; finally, we conducted a consistency check.
From the independently annotated data, we randomly selected 10% of the samples and
computed Fleiss’ kappa [39], which was 0.87, indicating very high inter-rater agreement.
We then used majority voting to determine the final labels.

3.2.2. Sparsity and Heterogeneity in Data Distribution

The annotation results show that highly valuable innovative insights are extremely
scarce. Among the 133,538 valid comments, only 680 were identified as innovative, ac-
counting for 0.51% of the total. This extreme class imbalance further highlights the “data
abundant but insights scarce” problem.

As shown in Figure 1, the distribution of innovation insights differs markedly across
platforms. The innovation rate on Weibo is the highest, reaching 1.35% (n = 372), which
may be because consumers tend to leave comments and provide feedback under official
enterprise accounts or executives’ Weibo posts. In contrast, the innovation rates on Douyin
(0.24%, n = 91) and Bilibili (0.28%, n = 101) are much lower. This further highlights
heterogeneity and differences in expression styles across platforms. When brands seek
innovative consumer insights to support improvements in their products and services, they
must pay attention to these cross-platform differences.

0 0.2 0.4 0.6 0.8 1 1.2 1.4

Overall

Douyin

Bilibili

Xiaohongshu

Weibo

Innovation rate (%)

1.35% 

0.37% 

0.28% 

0.24% 

0.51% 

Figure 1. Distribution of innovation rates across four UGC platforms.
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We further plotted the kernel density estimation (KDE) curves, as shown in Figure 2.
The figure shows that innovative and non-innovative comments follow markedly different
distributions. Innovative comments (red curve) exhibit a clear long-tail pattern, with an
average length of 60.2 characters, whereas non-innovative comments (blue curve) are
much more concentrated at shorter lengths, with an average of 25.4 characters. Compared
with simple feedback and emotional expressions, innovative comments often require richer
context and a more forward-looking perspective, and are therefore harder to express in a few
words. This pattern is consistent with the theoretical view of “information stickiness” [11].

0 20 40 60 80 100
0

0.01

0.02

0.03

0.04

0.05

Non-innovation (label=0)
Innovation (label=1)

Review length (characters)

D
en

si
ty

Mean (Non-innovation)
25.4

Mean (Innovation)
60.2

Figure 2. Kernel Density Estimation of review length: Innovation vs. Non-innovation.

3.3. Model Development

To systematically address the dual challenges of sparsity and information stickiness
identified in Section 3.2, we developed five model variants and compared their performance.

3.3.1. Methodological Spectrum: Baseline Models

We used three representative benchmark models (Models 1–3) for comparison. Model 1
is logistic regression, a classic machine learning method; Model 2 is LSTM, a classic deep
learning method; and Model 3 is based on the Transformer architecture and represents a
pre-trained language model.

Model 1 applies logistic regression to term frequency–inverse document frequency
(TF–IDF) features [25,40], constructing a high-dimensional vector space based on the fre-
quency of explicit keywords. Although it is computationally efficient, it is constrained
by the “bag-of-words” assumption and cannot capture semantic context or understand
complex consumer intentions.

Model 2 uses a LSTM network initialized with static Word2Vec embeddings [41,42].
Although it can capture sequential information, its word representations are context-
independent, making it difficult to adapt when meanings shift with context.

Finally, Model 3, as a representative pre-trained language model, is implemented
based on the standard RoBERTa architecture [21]. We built a strong benchmark model by
fine-tuning the RoBERTa-wwm-ext backbone with a conventional single-tower classification
head [43]. It should be noted that, for the specific task of innovative insight recognition,
studies that directly introduce pre-trained models are still scarce. Therefore, Model 3 not
only provides a reliable performance reference for this task but also lays an important
model foundation for the fusion framework proposed in this paper.
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3.3.2. The Proposed Framework: LLM-Augmented Siamese Framework

To address the limitations of the aforementioned baseline methods, we introduce
Model 5, the LLM-augmented Siamese framework. As shown in Figure 3, this framework
consists of two stages. First, a large language model rewrites innovative comments in
an intent-preserving manner to expand the range of expressions in the minority class.
Second, a shared-parameter Siamese RoBERTa encodes the original text and the rewritten
text in parallel, and similarity constraints encourage the model to focus more on core
semantics rather than surface wording, thereby improving the stability of identifying
implicit innovative insights.

Additionally, to rigorously isolate the contribution of the generative augmentation
module, we construct an ablation variant denoted as Model 4. This model retains the
Siamese learning architecture (Phase 2) but excludes the generative augmentation process
(Phase 1), training solely on the original comments.

Phase 1: Active Semantic Augmentation Phase 2: Siamese Consistency Learning

Cleaned Reviews
(x)

Is Innovation?
(Label y=1)

Skip
Augmentation

Constraints:
• Intent Preservation
• Syntactic Restructuring

DeepSeek V3
(Generative Augmentation)

Quality Filter
(Jaccard Similarity)

Augmented View
(x̂ )

Tower A
(RoBERTa Encoder)

Tower B
(RoBERTa Encoder)

Last-4-Layers Fusion

Last-4-Layers Fusion

Multi-View
Focal Loss

Optimization:
SWA (Stochastic

Weight Averaging)Yes

No

Original Input (x)

Augmented Input (x̂ )

Shared Weights (θ)

Figure 3. Schematic overview of the LLM-Augmented Siamese Framework.

3.3.3. Phase I: Active Semantic Augmentation via Cognitive Proxies

Innovation mining is fundamentally constrained by the expression gap. Conventional
augmentation methods such as synonym replacement often ignore context and can cause
semantic drift [34,35]. To narrow this gap, we treat LLM as a cognitive proxy [44] that helps
rephrase consumer intent without changing what is meant.

Using DeepSeek V3 [45], we define a generation function G(x | c) that rewrites a
comment x under pragmatic constraints c. The goal is to produce intent-preserving variants
that make implicit insights easier to learn. This rewriting is applied only to comments
labeled as innovation insights (y = 1). We apply LLM rewriting only to the training set.

To reduce unfaithful generations, we filter candidates with Jaccard similarity [46].
A generated comment x̂ is kept only if τmin < Jaccard(x, x̂) < τmax. The lower bound
τmin helps prevent drift from the original intent, while the upper bound τmax avoids near-
duplicates and encourages expression diversity. As shown in Table 3, the retained variants
make latent intent more explicit and closer to structured feature requests.
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Table 3. Sample Innovation Insights and Augmented Semantic Variants.

Original Review (x) Augmented Variant 1 (x̂1) Augmented Variant 2 (x̂2)

As a hearing impaired user, [. . . ] the
experience is terrible. The haptics setting
is not vibration for us. [. . . ] The normal
function should support message
classification. [. . . ] I hope the developer
sees this.

Suggestion to overhaul the haptic
feedback system by implementing
specific vibration patterns for distinct
notification categories (IM apps) and
introducing granular intensity
modulation to ensure accessibility.

An ideal solution would be an
accessibility option that lets users adjust
vibration duration, frequency,
and strength levels, so tactile alerts are
easier to feel for people who
are hearing-impaired.

Xiao Ai can’t distinguish the owner’s
voice from others, when I open it while
watching TV, she proactively identifies
the TV sound and talks nonsense [. . . ] I
didn’t see any option in the settings.

The current voice activation often picks
up background noise and misses my
commands. It would be really helpful to
add “Owner Voiceprint Isolation” to filter
out sources like TV audio.

Xiao Ai doesn’t handle background noise
well. I suggest adding a strict
“Owner-Only” mode that verifies the
owner’s voice, so it won’t be triggered by
TV, videos, or other media nearby.

When can you release an automation
scheme where if the watch judges that a
person is asleep and the phone screen is
off, it automatically turns off the lights?

Inquiry about a more complex
automation setup: triggering an
automatic lights off routine when my
wearable detects I’m asleep and my
phone screen is locked.

I’d like a smoother ecosystem feature
where the system controls the lights by
combining my watch’s sleep status with
my phone’s screen lock status.

Note: x denotes the raw user input; x̂1 and x̂2 denote the semantic variants generated by DeepSeek V3.

3.3.4. Phase II: Semantic Consistency Learning via Siamese Network

To distinguish high-value innovative ideas from general noise, we employ a Siamese
network [20]. Unlike standard classifiers, this dual-tower structure learns a metric space
where inputs with similar semantic intent are clustered together, regardless of their surface-
level linguistic variations.

Hierarchical Feature Fusion: We utilize RoBERTa-wwm-ext as the backbone encoder [43].
Recognizing that innovation signals often rely on a combination of specific syntactic cues
and deep semantic content, we propose a Last-4-Layers Fusion strategy. Let H(l) denote the
hidden states of the l-th transformer layer. We compute the final sentence representation
v ∈ Rd by averaging across the last four layers:

v =
1
4

L

∑
l=L−3

(
1
N

N

∑
i=1

hi,l

)
(1)

This hierarchical fusion ensures that the model captures both the abstract concept of
innovation and subtle pragmatic nuances [47].

Weight Sharing Mechanism: The architecture consists of two identical sub-networks
sharing the same parameters θ. During training, the original review x and its augmented
variant x̂ are processed in parallel:

vorg = fθ(x), vaug = fθ(x̂) (2)

This mechanism acts as a regularizer, forcing the encoder to map lexically diverse
but semantically equivalent texts into a consistent decision space, effectively learning the
invariant core of the innovation idea.

3.3.5. Optimization Strategy

To transform the semantic representations into innovation probabilities, we introduce
a shared classification head gϕ(·). The final prediction is given by p(·) = gϕ( fθ(·)).

Multi-View Auxiliary Supervision: Given the extreme class imbalance, we employ the
Focal Loss [48] as the core objective function. Let pt be the model’s estimated probability
for the ground-truth class. The Focal Loss is defined as LFL(pt) = −α(1 − pt)γ log(pt).
We further introduce a multi-view auxiliary supervision objective. The total loss LTotal
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integrates supervision from both the primary view (original data x) and the auxiliary view
(augmented data x̂):

LTotal = LFL(pt(x)) + λ · LFL(pt(x̂)) (3)

where λ is a hyperparameter balancing the contribution of the augmented data. Finally,
Stochastic Weight Averaging (SWA) is applied to flatten the loss landscape and enhance
generalization [49].

3.4. From Insight Detection to Strategic Analysis

In the previous section, we developed multiple model schemes and conducted com-
parative evaluations to address the challenge of identifying consumer innovation insights.
However, to connect the algorithm outputs with actionable product iteration strategies, we
conducted post-analysis, including semantic clustering and value prioritization mechanisms.

3.4.1. Semantic Clustering and Taxonomy Generation

To uncover the potential thematic structure of innovative comments, we used the
semantic representations learned by Model 5 and clustered these vectors. We then selected
representative samples from each cluster by choosing the comments closest to the cluster
centroid. We invited three industry experts, including an internet product manager and
two business analysts, to summarize these comments into a hierarchical thematic structure
with primary and secondary categories, in order to interpret the semantic meaning of
the clusters.

3.4.2. Value-Urgency Prioritization Mechanism

We also introduced a two-dimensional scoring mechanism, converting the classified
innovative insights into a clear priority roadmap. We continued to invite three experts to
independently rate each innovative comment from 1 to 10. The assessment considered
two dimensions: strategic value and development urgency [50–52]. Strategic value reflects
the potential impact of an innovative idea on the product’s long-term differentiation and
competitive advantage, while development urgency reflects the urgency of consumer
demands and the potential losses from missed market opportunities [53].

4. Empirical Analysis and Results
4.1. Evaluation Metrics and Experimental Design
4.1.1. Evaluation Metrics

Because the proportion of positive cases in this study is extremely low, accounting
for only about 0.51%, conventional metrics such as accuracy can be misleading. Even if all
samples are predicted as the majority class, accuracy can still exceed 99.4%, but this has
no practical significance [54]. Therefore, we selected precision, recall, and F1 score as the
core evaluation metrics. From a practical perspective, precision ensures that resources are
not wasted on low-value content, while recall ensures that scarce, high-value innovative
insights are captured as fully as possible.

To further evaluate overall model performance, we also introduced the area under the
precision–recall curve (PR-AUC). Compared with the area under the receiver operating
characteristic curve (ROC-AUC), PR-AUC is more informative under extreme class imbal-
ance because it focuses more on the model’s performance on the positive class, making it
more suitable for assessing performance in severely imbalanced tasks [55].

4.1.2. Experimental Design Scenarios

To comprehensively evaluate the robustness and generalization capabilities of the
proposed framework, we designed three experimental scenarios. Scenario I uses merged
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data from four platforms for unified training and testing. It assesses the model’s overall
performance in identifying innovative insights from mixed, heterogeneous comments. This
scenario serves as the core benchmark for evaluating the proposed method relative to
baseline models. Scenario II trains and tests separately on each platform. It examines the
model’s adaptability to distinct community cultures and expressive characteristics across
UGC platforms. Scenario III adopts a rigorous leave-one-platform-out (LOPO) validation
protocol [56]. Training uses data from any three platforms, and testing is conducted on the
remaining platform. This setup evaluates cross-platform generalization when the model
faces substantial domain differences.

4.1.3. Model Configuration and Implementation

We compare five model groups across three experimental settings (mixed training,
single-platform training, and leave-one-platform-out testing). Model 1 uses term-frequency
–inverse document frequency (TF–IDF) features with an ℓ2-regularized logistic regression
classifier; we tune the regularization strength via grid search and select the operating
threshold by scanning the validation set. Model 2 is a Word2Vec initialized LSTM classifier
(two layers), trained under a matched budget and likewise paired with validation-based
threshold selection to improve performance under severe class imbalance. Models 3–5
are implemented in HuggingFace with RoBERTa-wwm-ext and trained for a unified budget
of 12 epochs using focal loss (γ = 2.0) and AdamW; we further apply stochastic weight
averaging (SWA) to improve training stability. To ensure strict comparability, all models
reuse the same data split (70%/15%/15% for train/validation/test) across models and
experimental settings.

4.2. Analysis on the Aggregated Dataset

Table 4 summarizes the performance metrics of the five models in Scenario I. The em-
pirical results clearly demonstrate the proposed framework’s capability in mining sparse
innovative insights.

Table 4. Performance comparison of different models on the test set.

Model Configuration Precision Recall F1 Score PR-AUC

Baselines
Model 1 0.5347 0.5294 0.5320 0.5607
Model 2 0.6762 0.6961 0.6860 0.6909
Model 3 0.8602 0.7843 0.8205 0.8958

Proposed Framework
Model 4 0.9000 0.7941 0.8437 0.8980
Model 5 0.8491 0.8824 0.8654 0.9291

Based on the performance of each model, the traditional benchmark models show
clear limitations. Model 1 is constrained by shallow text representations and struggles to
capture semantic context effectively, with an F1 score of only 0.5320. Model 2 improves by
introducing sequence modeling capability, with its F1 score rising to 0.6860. However, its
overall discriminative ability remains limited, with a PR-AUC of only 0.6909. These results
indicate that methods that mainly rely on static word vectors or local features cannot cope
with the inherent ambiguity and diversity in consumer expressions.

In contrast, Model 3 achieves stronger recognition capability based on a pre-trained
language model, providing a much more robust baseline for innovative insight identifica-
tion. It reaches an F1 score of 0.8205, indicating that contextual representations have an
advantage in understanding implicit innovation insights. Model 4 introduces a Siamese
network on top of Model 3, enabling more effective separation of confusing samples and
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improving precision: Model 4 achieves a precision of 0.9000, compared with 0.8602 for
Model 3.

Model 5 achieves the best overall performance, with an F1 score of 0.8654 and a PR-
AUC of 0.9291. In addition, Model 5 raises recall to 0.8824. Compared with Model 3, it
identifies approximately 9.8% more high-value insights, and compared with Model 4, it
identifies approximately 8.8% more. This result indicates that, in a multi-platform data
environment with substantial style differences, Model 5 maintains stronger recognition
performance than traditional methods and strong benchmark models, thereby more reli-
ably capturing high-value innovation insights that might otherwise be overlooked amid
extensive noise.

This paper further presents the PR curves of each model, as shown in Figure 4, to vi-
sually compare performance differences among the five models. The curve of Model 5
consistently dominates the other benchmark models in the high-recall region. This pat-
tern also illustrates the trade-off between R&D efficiency (measured by precision) and
opportunity coverage (measured by recall). By adjusting the classification threshold along
this curve, brands can balance efficiency and comprehensiveness in data mining, thereby
tailoring innovation insight mining strategies to different development stages.
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Figure 4. Precision-Recall curves for all models on the test set.

4.3. Single Platform Analysis

To evaluate the applicability of the proposed framework across UGC platforms, we
conducted separate assessments for each platform, corresponding to Scenario II. Figure 5
reports the F1 scores and PR-AUC values for all five models across the four data sources.
Detailed metrics, including precision and recall, are provided in Appendix A Table A1.

In the single-platform test of Scenario II, the performance of all models was lower
than in the mixed-training scenario. This was mainly due to the relatively small size of
each platform-specific dataset. However, Model 5 proposed in this study still demonstrates
more stable recognition performance on most platforms.

On fragmented and life-oriented platforms such as Xiaohongshu and Douyin, Model 5
maintains a leading position and is more stable overall. Taking Xiaohongshu as an example,
Model 5 achieves an F1 score of 0.679 (Model 3: 0.667; Model 4: 0.600) and a PR-AUC of
0.749 (Model 3: 0.719; Model 4: 0.652); on Douyin, Model 5 still ranks first with a PR-AUC
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of 0.812. These results indicate that the generative enhancement mechanism is more helpful
for identifying implicit innovation insights, whereas the gain from simply introducing the
Siamese network is relatively limited.
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Figure 5. Performance comparison across four individual platforms.

On platforms such as Weibo, which focuses on public discussions, and Bilibili, which
centers on specific interests, the models show clearer performance trade-offs. On Weibo,
Model 4 achieves a PR-AUC of 0.932, indicating better ranking stability; on Bilibili, Model 3
attains the highest PR-AUC (0.880), while Model 5 delivers the best F1 score (0.765). This
suggests that across different community contexts, the Siamese network helps strengthen
judgments of semantic consistency, whereas the full LLM-augmented Siamese framework
offers a greater overall advantage in balancing recall and accuracy.

It is worth noting that all models perform best on Weibo, mainly because positive
samples are more abundant. In contrast, across the other three platforms, a clear pat-
tern emerges: the sparser the data, the more pronounced the disadvantage of traditional
methods, and the more prominent the advantage of pre-trained language models.

In conclusion, the single-platform results indicate that Model 5 is more robust under
limited data and maintains strong performance across platforms with different content
styles and varying degrees of class imbalance.

4.4. Leave One Platform out Analysis

To rigorously evaluate the generalization ability and external validity of the proposed
framework, we further conducted a LOPO experiment [56]. Under this protocol, the model
was trained on data from three platforms and then evaluated on a completely unseen fourth
platform. Figure 6 summarizes the performance of the five models. Full metrics, including
precision and recall, are reported in Appendix A Table A2.

https://doi.org/10.3390/jtaer21020064

https://doi.org/10.3390/jtaer21020064


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 64 14 of 21

Model1 Model2 Model3 Model4 Model5
0.0

0.2

0.4

0.6

0.8

1.0

Sc
or

e

0.385
0.469

0.817 0.810 0.810

0.367
0.432

0.876 0.858 0.881

Douyin
F1-score
PR-AUC

Model1 Model2 Model3 Model4 Model5
0.0

0.2

0.4

0.6

0.8

1.0

0.404

0.529

0.816 0.820 0.819

0.309

0.545

0.890 0.890 0.893

Xiaohongshu
F1-score
PR-AUC

Model1 Model2 Model3 Model4 Model5
0.0

0.2

0.4

0.6

0.8

1.0

Sc
or

e

0.479

0.660

0.909

0.801
0.892

0.551

0.705

0.957 0.953 0.964

Weibo
F1-score
PR-AUC

Model1 Model2 Model3 Model4 Model5
0.0

0.2

0.4

0.6

0.8

1.0

0.372
0.447

0.827
0.758 0.762

0.354
0.433

0.896 0.902 0.896

Bilibili
F1-score
PR-AUC

Figure 6. Cross-platform generalization performance under the LOPO protocol.

The results show that, when facing domain differences, there are substantial perfor-
mance gaps among these models. The traditional benchmark models (Model 1 and Model 2)
experience a notable performance decline compared with the other models under the same
protocol. For example, on Xiaohongshu, Model 1 achieves an F1 score of only 0.404, while
Model 2 reaches 0.529. This performance collapse indicates that shallow statistical features
and static embeddings cannot capture invariant semantic structures of innovation insights,
making them ineffective for cross domain transfer. Turning to the other three models,
Model 4 relies only on the Siamese network and does not incorporate any enhancement,
and its performance is usually weaker than Model 3 and Model 5. This suggests that relying
solely on the Siamese network may lead to overfitting to source-specific patterns, thereby
limiting generalization to unseen domains.

The comparison between Model 3 and Model 5 reveals the boundary conditions of
generative enhancement. On Xiaohongshu, Model 5 achieves an F1 score of 0.819, slightly
higher than Model 3’s 0.816; on Douyin, the two models perform similarly, whereas on
Weibo and Bilibili, Model 3 shows slightly better generalization. For example, on Bilibili,
Model 3 attains an F1 score of 0.827, higher than Model 5’s 0.762. This may be because
LLM-generated samples still carry subtle semantic biases from the source training plat-
forms, while Model 3’s representations, grounded in general pre-training knowledge, are
more stable.

These findings provide clear guidance for management practice: when the target
platform has historical data for fine-tuning, the framework proposed in this study can
achieve the best results; when exploring new channels without labeled data, the standard
pre-trained model remains a reliable tool for preliminary exploration.

5. Additional Analysis
After conducting a systematic evaluation of the performance of five models across

three experimental scenarios, this paper further demonstrates how the identified innovative
insights can be presented in a more manageable and usable format. Specifically, we sum-
marize the discovered insights into structured outputs that can support product planning.
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5.1. Uncovering Latent Innovation Themes

Based on the 680 innovative comments that were manually labeled previously, we
first used the trained Model 5 encoder to extract high-dimensional semantic vectors. We
then applied the K-means algorithm to cluster these semantic representations and reveal
the underlying thematic structure [57]. Using t-SNE [58], we performed dimensionality
reduction and visualized the clustering results in a two-dimensional space.

Figure 7 presents the semantic clustering results and their visualization. The figure
shows that innovative insights form several distinct clusters in semantic space. Based
on this, we selected representative core comments near each cluster center and used
DeepSeek V3 to make preliminary topic judgments. We then invited three experts from the
internet industry to review and refine the results, and finally determined the topic labels
for each cluster.

t-SNE Dimension 1

t-S
NE

 D
im

en
sio

n 
2

Visual Interface and Aesthetics
Scenario Intelligence and Automation
Cross Device Ecosystem and Creativity
System Performance and Fluency
Notification Management and Control

Figure 7. t-SNE visualization of the semantic space for innovation insights.

Figure 7 shows that “Cross Device Ecosystem and Creativity” forms a distinct cluster,
which is directly related to multi-device collaboration and ecosystem linkage. Because these
topics usually have a higher threshold for expression and often point to the frontier of
product development, this cluster is relatively small. In addition, “System Performance and
Fluency” and “Notification Management and Control” reflect basic consumer experiences
that can be directly perceived. They account for the largest share of the sample and form
the largest cluster. Together, these five categories form a demand-structure framework
that can help managers map scattered innovative insights to corresponding themes and
incorporate forward-looking innovation directions into resource planning.

5.2. Prioritizing Innovation: The Value-Urgency Matrix

Based on the clarification of these five themes, we further analyzed the innovative
comments and transformed the unstructured text into a more intuitive view. First, we
continued to categorize and subdivide the primary themes into secondary themes using
a method similar to the previous step. After the three experts provided their individual
scores, we constructed a value–urgency matrix based on each category’s average score and
the number of comments it contains (Figure 8). In the figure, bubble size corresponds to
the number of comments under each secondary theme.
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Figure 8. Value-Urgency Matrix for Innovation Prioritization.

This matrix clearly presents the development priorities of each theme, distinguishing
between core issues and secondary improvement items. In the upper-right area, categories
such as Service Continuity, Smart Info Capture, and AI Creativity Tools receive high scores
on both dimensions. These functions are crucial for consumer experience and are likely
to influence the system’s competitive advantage. Among them, the prominent position of
AI Creativity Tools further indicates consumers’ potential demand for integrating more
AI capabilities into the mobile operating system. In contrast, the lower-left area includes
categories such as Lock Screen Functionality and Control Center Layout, which are rela-
tively niche interface optimizations. Although some consumers mentioned these topics,
their urgency and strategic value scores are relatively low.

This matrix not only clarifies the priority of secondary functional categories but also
reflects the distribution of the five themes through color coding. For example, comments
under the “Visual Interface and Aesthetics” theme are mostly concentrated in the lower
right quadrant, indicating that this type of demand is usually viewed as an optimization
item with low urgency and strategic value. By contrast, the “Scenario Intelligence and Au-
tomation” theme appears more often in the upper right quadrant, indicating that functions
related to automation and contextual intelligence generally have higher consumer urgency
and strategic potential.

Overall, the further analysis in this section indicates that the innovative insights
identified by the framework can be transformed into structured planning inputs that are
more conducive to discussion and prioritization. Specifically, the value–urgency matrix
provides an intuitive way to present these insights, enabling the product team to make
clearer comparisons and trade-offs across topics, thereby supporting product planning
decisions [53].
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6. Discussion
In the era of e-commerce and digital transformation, UGC has become an important

source for brands to obtain innovative ideas [1,4]. Compared with more explicit text tasks
such as sentiment and defect detection, innovative insights are often scarcer and expressed
more implicitly [12,19], making it difficult for traditional models to identify them accurately.
However, the value of a consumer innovation review may be much greater than that of
a simple consumer complaint. Therefore, we propose a novel LLM-augmented Siamese
framework and verify its effectiveness and cross-platform stability through multi-platform
and multi-scenario experiments. The following will further elaborate on the theoretical
contributions and managerial implications.

6.1. Academic Implications

Firstly, this paper advances UGC insights from “observing how consumers evaluate” to
“observing what innovations consumers desire”, shifting the research focus from traditional
emotion and defect analysis to a task that more directly serves product innovation—the
identification of innovative insights. The systematic comparison results across different
experimental setups in the Results section show that the framework in this paper performs
better or more stably than traditional baselines and strong baselines in most scenarios,
thereby providing transferable empirical evidence for identifying innovative insights from
multi-platform UGC.

Secondly, this paper uses generative artificial intelligence not only to expand the
sample, but also to conduct intent-preserving generation, thereby alleviating semantic
ambiguity caused by information stickiness and the expression gap to some extent and
making users’ implicit innovation intentions easier for the model to capture. Combined
with the semantic consistency learning of the Siamese network, the model can focus
more on the shared semantics behind different expressions, thereby improving the stable
identification of implicit innovation intentions.

Thirdly, the cross-platform, multi-scenario results further show that although expres-
sion styles and community contexts differ significantly across platforms, the framework in
this paper remains competitive in cross-platform tests such as LOPO. This suggests that,
when dealing with diverse UGC, methods based on semantic representations and similarity
learning are more reliable than paradigms that rely on fixed rules or shallow features.

6.2. Practical Implications

Firstly, this study provides a scalable technical path for brands to identify high-value
innovative insights from a vast amount of UGC. Unlike traditional text mining methods
mainly used for sentiment analysis and defect diagnosis, the framework in this paper is
oriented toward identifying consumer innovation insights that are scarce and implicitly
expressed. In most experimental settings, it performs better than both the baseline and
the strong baseline, thereby providing a reusable technical solution for brands to identify
innovative insights in multi-platform environments.

Secondly, this paper provides a clearer implementation path for practical decision
making. After screening innovative comments, one can further conduct semantic clustering
and topic summation of the identified insights and combine them with the “value–urgency”
matrix for structured presentation. In this way, brands can organize scattered innovative
insights into clear, hierarchical planning inputs that are comparable and convenient for dis-
cussion and prioritization, helping the product team allocate resources more systematically.

Finally, the experimental results across multiple platforms and scenarios show that
although expression styles and community contexts vary across platforms, the framework
in this paper remains competitive in cross-platform testing. This enables brands to more
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consistently integrate innovative signals from different platforms, reduce the limitations
caused by information silos and channel selection biases, and thereby support product
planning and continuous iteration from a more comprehensive perspective.

7. Limitations and Future Research
Although this study has shown the effectiveness of the LLM-augmented Siamese

framework for innovation insight mining under the challenges of data sparsity and informa-
tion stickiness, several limitations remain, which also point to directions for future research.

First, the empirical validation in this study focuses on a single brand product, and all
data are sourced from Chinese UGC platforms. Therefore, the transferability of the con-
clusions to other countries or language environments, as well as to different brands, still
requires further verification. Future research can conduct comparisons across brands and
languages to more systematically define the external validity and applicable boundaries of
the framework.

Second, our analysis is based only on text data. However, modern UGC platforms
are multimodal, and consumers often express complex ideas through images and videos.
Relying only on text may miss information conveyed in visual content. A promising
direction is to combine large models for multimodal processing [59] and integrate visual
and textual information to better understand consumers’ innovative ideas.

Third, although the LOPO multi-scenario analysis in this paper has verified the overall
robustness of the framework, expression differences across UGC platforms still affect
cross-platform generalization. Moreover, this study used only a single LLM for data
augmentation. Future research can introduce adversarial training [60] and systematically
compare different LLMs and enhancement strategies to further improve cross-platform
recognition performance and generalization.

8. Conclusions
To address the challenge of identifying extremely rare but highly valuable consumer

innovation insights from a vast amount of UGC, this study proposes a Siamese network
framework augmented by large language models. By combining the text generation
strengths of LLMs with the classification capability of a BERT-based architecture, our
method effectively overcomes the limits of traditional machine learning and deep learning
models in capturing subtle meaning and extreme class imbalance. Empirical results across
multiple UGC datasets and experimental scenarios show that our method substantially
outperforms benchmark models and can recall more innovative ideas with high precision.
In summary, this study combines generative artificial intelligence with text classification,
enabling brands to capture valuable innovation insights from user-generated content on
social media and use these insights to improve products and services, thereby better
meeting consumers’ needs.
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Appendix A. Additional Results
This appendix reports detailed single-platform and LOPO performance metrics.

Table A1. Single-platform performance metrics across four UGC platforms.

Model Douyin Xiaohongshu Weibo Bilibili

F1 PR-
AUC Precision Recall F1 PR-

AUC Precision Recall F1 PR-
AUC Precision Recall F1 PR-

AUC Precision Recall

Model 1 0.316 0.167 0.333 0.300 0.278 0.212 0.556 0.185 0.485 0.604 0.446 0.532 0.468 0.321 0.379 0.611
Model 2 0.286 0.183 0.273 0.300 0.356 0.381 0.444 0.296 0.719 0.740 0.762 0.681 0.323 0.270 0.385 0.278
Model 3 0.667 0.793 0.636 0.700 0.667 0.719 0.667 0.667 0.857 0.931 0.886 0.830 0.714 0.880 1.000 0.556
Model 4 0.636 0.760 0.583 0.700 0.600 0.652 0.652 0.556 0.842 0.932 0.833 0.851 0.757 0.827 0.737 0.778
Model 5 0.667 0.812 0.636 0.700 0.679 0.749 0.692 0.667 0.882 0.942 0.891 0.872 0.765 0.816 0.812 0.722

Table A2. LOPO performance metrics across four UGC platforms.

Model Douyin Xiaohongshu Weibo Bilibili

F1 PR-
AUC Precision Recall F1 PR-

AUC Precision Recall F1 PR-
AUC Precision Recall F1 PR-

AUC Precision Recall

Model 1 0.385 0.367 0.375 0.396 0.404 0.309 0.348 0.483 0.479 0.551 0.676 0.371 0.372 0.354 0.265 0.624
Model 2 0.469 0.432 0.535 0.418 0.529 0.545 0.614 0.466 0.660 0.705 0.780 0.573 0.447 0.433 0.483 0.416
Model 3 0.817 0.876 0.885 0.758 0.816 0.890 0.850 0.784 0.909 0.957 0.937 0.882 0.827 0.896 0.804 0.851
Model 4 0.810 0.858 0.883 0.747 0.820 0.890 0.881 0.767 0.801 0.953 0.981 0.677 0.758 0.902 0.655 0.901
Model 5 0.810 0.881 0.883 0.747 0.819 0.893 0.915 0.741 0.892 0.964 0.935 0.852 0.762 0.896 0.659 0.901
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