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ABSTRACT Accurately identifying the relationship between consumer sentiment and material perception
is essential for intelligent product evaluation and data-driven manufacturing optimization. In engineering
scenarios involving electromagnetic sensing and smart inspection systems, reliable semantic understanding
of material-related information can provide complementary support for multimodal perception and
decision-making. To address the problems of mixed sentiment expressions, long-range semantic depen-
dencies, and ambiguous sentiment-material associations in leather product reviews, this study proposes
an improved TextCNN framework integrating gated attention and multi-task joint learning. The proposed
method dynamically filters salient semantic features through a gating mechanism and employs global
attention weighting to reconstruct long-distance contextual relationships while simultaneously optimizing
sentiment classification and material perception mapping using shared semantic representations. Experi-
mental results demonstrate that the proposed model achieves a Macro-F1 score of 89.4% for sentiment
recognition, an average semantic association accuracy of 79.9%, and a mapping coverage of 81.6%,
outperforming representative baseline methods. The framework effectively enhances the interpretability
of sentiment-material coupling and provides a practical semantic analysis strategy for intelligent material
evaluation, multimodal information fusion, and engineering applications associated with electromagnetic
sensing and advanced manufacturing systems.

INDEX TERMS sentiment analysis, TextCNN, material perception, multi-task learning, electromagnetic

sensing

I. INTRODUCTION
ITH the popularity of leather products in the con-
Wsumer market, consumers’ sentiment feedback on
products and evaluation of material experience have increas-
ingly become important bases for brand design and quality
management [1-3]. There is often a long textual distance
between sentiment words and material words, and they are
often accompanied by cross-sentence, metaphor, or omission
phenomena, which significantly increases the difficulty of
semantic association modeling between the two [4-5]. Es-
pecially in the field of leather, consumer descriptions tend
to be emotional expressions, such as “feeling high-end” and
“soft like clouds”. When a single review involves multiple
materials, it becomes more difficult to match sentiment with
specific materials, resulting in a decrease in the accuracy of
existing models.
Traditional Word-of-Mouth (WOM) literature shows
that emotions embedded in advertising appeals or refer
rals/reviews influence consumer buying journey [6]. In re-
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cent years, researchers have paid extensive attention to how
to accurately identify sentiment tendencies from consumer
reviews to support product optimization and user behavior
modeling [7]. Early studies mostly used traditional Machine
Learning (ML) methods. Ramadhan F A [8]combined naive
Bayes with Support Vector Machine (SVM) for sentiment
classification. Kar daras D K [9] used fuzzy relations and
fuzzy comprehensive evaluation methods to calculate the
usefulness of reviews by incorporating user biases in terms
of expressiveness and emotional polarity. The study shows
that fuzzy logic can capture the subjectivity commonly
found in reviews and can be used to quantify differences
in user behavior and calculate the usefulness of reviews.
Mitra S [10]Jand Almagqtari H [11]successively integrated
Convolutional Neural Network (CNN) and Gated Recurrent
Unit (GRU) networks to improve the context feature mod-
eling capability. Yang M [12]further improved the model’s
context understanding capability based on Lite’s Bidirec-
tional Encoder Representations from Transformers (BERT)
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and bidirectional GRU structure . Although these methods
have made progress in improving the accuracy of sentiment
classification, most of them still focus on the modeling of
sentiment polarity and ignore the modeling of the semantic
carrier behind the generation of sentiment, resulting in
the inability to achieve precise association between user
sentiment and product attributes.

To solve the problem of the association between sentiment
classification and semantic content extraction, some studies
have begun to explore collaborative methods for sentiment
recognition and product attribute modeling. Salim S[13]
used BERT to model three types of consumer data with
an accuracy rate of more than 98%, showing the powerful
ability of the Transformer model in capturing user selection
preferences. Alamsyah A [14] proposed a robustly opti-
mized BERT multi-label learning mechanism and performed
topic modeling to accurately extract the core topics related
to clothing quality. In terms of attribute modeling, Choi J
[15] proposed to establish a mapping relationship between
material description and user perception through p-value
test, correlation analysis, and Euclidean distance metric
to achieve semantic modeling of product personality and
material selection. Liu H [16] used the Deep Learning (DL)
model under edge computing to perform feature sentiment
analysis on comment content and effectively realized prod-
uct attribute recognition. These have attempted to integrate
sentiment analysis and semantic perception, but have failed
to effectively integrate sentiment and attribute information
for joint optimization, resulting in inaccurate recognition of
sentiment-material mapping relationships, especially when
faced with complex semantic expressions or fuzzy associa-
tions.

To address this issue, this paper uses the TextCNN method
to study the extraction of sentiment tendencies and material
perception mappings in consumer reviews of leather prod-
ucts. The main contributions of this paper are: 1) a gating
mechanism is applied to dynamically screen convolutional
features and enhance the model’s response to core semantic
fragments; 2) combined with the attention weighting strat-
egy, each semantic fragment is globally fused to achieve
the reconstruction and positioning of sentiment-material
semantic pairs; 3) a multi-task learning structure with shared
semantic representation is further constructed, and the sen-
timent classification and material perception mapping tasks
are simultaneously optimized through a joint loss function
to achieve modeling of the mapping relationship between
the two. Compared with existing methods, the model in
this paper performs better in terms of sentiment-material
matching accuracy under complex and fuzzy semantics,
and can more effectively mine cognitive relationships in
consumer reviews.
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SENTIMENT-MATERIAL SEMANTIC FEATURE
MODELING BASED ON TEXTCNN

TEXT PREPROCESSING AND WORD VECTOR
CONSTRUCTION

Due to the significant differences between Chinese and
English language structures, and the frequent use of mixed
Chinese and English expressions in actual e-commerce
reviews for brand names, material abbreviations like “PU
leather,” and model numbers, this article adopts a mixed
segmentation strategy. First, the Chinese portion is seg-
mented using the precise mode based on the Jieba segmenta-
tion database. Subsequently, standard English segmentation
is performed using the word_tokenize function from the
Natural Language Toolkit (NLTK) library for any English
words or phrases interspersed within the reviews. After word
segmentation, each comment is converted into a sequence
of words:

T:[w17w27“' 7w7l] (1)

w; represents the i-th word, and n is the sentence length.

For Chinese vocabulary, Google’s open-source Word2Vec
(Skip-gram architecture, dimension set to 300) pre-trained
model was used for embedding encoding to effectively
capture Chinese semantic similarity relationships. For En-
glish vocabulary appearing in reviews, the GloVe (Global
Vectors for Word Representation) pre-trained model [17]
was used for vectorization, leveraging the rich contextual
co-occurrence information trained on English corpus. The
GloVe performance is better than other word embeddings
because it applies to non-zero elements and a subset of
a corpus, not a whole corpus or a separate window of
the significant corpus [18]. The model is also trained on
Wikipedia and Gigaword corpora, with the word vector
dimension set to 300, which is strictly aligned with the
Chinese Word2Vec vector dimension.

To address the inconsistency of Chinese and English
word vectors in different semantic spaces, this paper uses
a linear mapping alignment strategy to unify cross-lingual
word vector spaces. First, we load Google’s open-source
Word2Vec Chinese pre-trained model and GloVe English
pre-trained model. We select a bilingual dictionary contain-
ing approximately 1,500 common Chinese-English aligned
word pairs as an anchor set to learn the linear transformation
matrix from the GloVe English space to the Word2Vec
Chinese space. This transformation is solved using orthog-
onal Procrustes analysis, with the goal of minimizing the
distance between the anchor word pairs’ vectors after the
transformation:

2
. _ Ty
min (e%;y | Wev, —v, ||st.W'W=1I 2)

Where P is the set of aligned Chinese and English
word pairs, v, is the vector of the English word in GloVe
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space, and v, is the vector of the corresponding Chinese
word in Word2Vec space. The resulting matrix W projects
the English word vectors into a shared semantic space
aligned with the Chinese vectors. For each word appearing
in the comment, it is processed according to its language
type: Chinese words are directly represented by their 300-
dimensional vector v. in the Word2Vec space; English
words are first represented by their GloVe pre-trained vector
Ve, and then spatially aligned using a learned orthogonal
mapping matrix W to obtain the transformed vector Wuv,.
This transformation projects the English word vectors into
a semantic space consistent with the Chinese word vectors.

Finally, all Chinese and English words are represented
as 300-dimensional vectors and reside in a unified shared
semantic space. The vectors corresponding to each word
in each comment are arranged sequentially to form an
L x 300 two-dimensional matrix (L is the sentence length,
with a maximum truncation of 128, padded with zeros if
insufficient, and truncated if exceeding), which serves as
the input representation for the model. The word vector ob-
tained by the Word2Vec model through Skip-gram training
can effectively capture the semantic similarity relationship
between words [19-20]:

VU = f(’LU) (3)

In Formula (3), v,, € R? represents the word vector
representation of word w; d is the word vector dimension,
which is set to 300 in this paper; function f(-) represents
the mapping function from vocabulary to vector space.

TEXTCNN MULTI-SCALE CONVOLUTION

After completing the standardized preprocessing and word
vector embedding of the comment text, this paper uses
the TextCNN model as the main framework for feature
extraction to capture the n-gram semantic structure in the
local context fragment of the comment and explore the
potential semantic association between sentiment tendency
and material perception. The entire word vector matrix
X € R™ 9 is used as the input of the “text image”,
and multiple convolution kernels with different window
sizes are applied to it for sliding extraction to obtain local
feature representations at different n-gram levels, as shown
in Figure 1.

For the convolution operation, a convolution kernel W}, €
R"*4 with a window size of h is set. The convolution kernel
slides on the input matrix to extract the feature vector of the
local context area [21-22]. The word vectors between the
sliding window positions % and ¢ + h — 1 are concatenated
into a local submatrix X;.;45—_1, and the convolution kernel
is multiplied with it to obtain the feature representation c;
at that position, which is calculated as follows:

¢i = ReLU((Wp, Xisith-1) +b) 4)

Feature maps are generated using convolutional kernels
(windows) and nonlinear functions (filters). Pooling oper-
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ations are then performed on these feature maps to select
the optimal features [23]. In Formula (4), (-) represents the
matrix inner product operation; b is the bias term; ReLU is
the activation function. In this paper, the ReLU (Rectified
Linear Unit) function is used for nonlinear mapping:

ReLU(z) = max(0, z) )
By sliding the convolution kernel at all possible positions
in the sentence, a feature map can be obtained [24]:

Cc = [Cla Coy v 7C’rb—h+1] (6)

To further capture semantic structures of different granu-
larities, this paper applies a multi-scale convolution kernel
structure in the convolution layer design, that is, multi-
ple convolution kernel groups with different window sizes
h € {2,3,4} are set in parallel to learn n-gram features of
different lengths respectively. In this paper, the convolution
kernel window size is set to 2, 3, and 4, respectively,
capturing the local semantic information of binary, tri-gram,
and tetragram language combinations, respectively.

SEMANTIC ENHANCEMENT MECHANISM
In texts where “sentiment tendency” and “material descrip-
tion” are not continuously associated, it is difficult for
the convolutional model to capture the potential coupling
semantics between the two. To further enhance the model’s
ability to model the semantic association between senti-
ment words and material descriptions, this paper applies
a context-aware mechanism into the TextCNN structure
and constructs an improved TextCNN-Attention model. By
connecting the gating mechanism and attention weighting
strategy after the output of the convolutional layer, the global
context modeling and dynamic weighting of the local n-
gram feature sequence are performed to improve the dual
performance of sentiment tendency recognition and material
perception mapping, as shown in Figure 2:

For each convolution output feature vector ¢; € R/, its
gating transformation is defined as:

Et: ci ® J(chi —+ bg) @)

In Formula (7), W, € RF*f is the gating weight matrix;
by € R is the bias term; ® represents Hadamard multipli-
cation.

The emotion classification branch and the texture percep-
tion branch each maintain independent gating weight

matrices W;e“t and Wg"‘at, as well as bias terms bzent and
brgnat, to calculate the channel activation strengths
for emotion and texture relevance, respectively. Sentiment
classification and material perception tasks maintain in-
dependent gating mechanisms. For the ¢ feature vector
hi € RS of the convolution output, its gating response in
the sentiment task is:

Zsent — U(W;enthi + bzent) (8)

K2
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FIGURE 2. Gating mechanism and attention mechanism

_ With the corresponding enhancement feature being
hient = 25t © h;; in the material perception task, the 4
gating response is:

2 = G (WRath, 4 phat)

K2

9

_ With the corresponding enhancement feature being
hmat = zmat ) h,. The gating feature sequences for the
two tasks are retained independently; that is, the sentiment
branch uses the sequence {R5™, - .- k5™ }, and the mate-
rial branch uses the sequence {h["*, ... A1t} Subse

quently, each branch introduces an independent attention
mechanism to calculate task-specific context weights and
generate global semantic representations 7sent and rpat
for sentiment classification and material perception, respec-
tively.

MULTI-TASK JOINT TRAINING AND LOSS
OPTIMIZATION

This paper adopts a multi-task learning architecture based
on hard sharing and supplemented by task-specific en-
hancements. The outputs of the multi-scale convolutional
layers of TextCNN serve as shared low-level features, which
are used by both tasks. Above this shared representation,
sentiment classification and material awareness tasks intro-
duce independent gating mechanisms and attention modules,
respectively, to achieve task-oriented semantic enhancement.
The shared portion ends at the convolutional features;
starting from the gating mechanism, the two tasks enter
their own independent processing paths, with each branch
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generating the final prediction through its own task-specific
fully connected layer. Therefore, the model’s “hard sharing”
only applies to the convolutional feature extraction stage,
while gating and attention belong to task-specific upper-level
modules, as shown in Figure 3.

First, the multi-scale convolution output is subjected to
a maximum pooling operation to compress the sequence
length and retain the most representative local feature re-
sponse value. Assuming that the convolution layer output
sequence is H = [hy, ho, - ,hy] € REXS, where L is
the sequence length, and F' is the feature dimension, the
maximum pooling is defined as:
ji=12--- F (10)

Zj = ma.

i:L___7L(hij)7

A fixed-length feature vector z € R/ is obtained as the
local semantic enhancement representation of the text. The
feature vector z after maximum pooling is concatenated with
the global semantic representation to form a joint feature
representation:

F = Concat(z, ", ™) e R*/ an

On this basis, a dual-task output structure is constructed.
First, a nonlinear transformation is performed on the joint
feature vector I through a fully connected layer:

hshared = tanh(WsF + bs) (12)

W, € RH¥*2f ig the shared weight matrix. Next, two
independent output branches are derived from the shared
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representation hgpareq: sentiment classification branch and
material perception branch. For the sentiment classification
branch, there is:

Ysentiment = SOftInaX(Wsenthshared + bsent) (13)

Wient € RE>H is the sentiment classification weight
matrix, and Cy is the number of sentiment categories,
including positive, neutral, and negative. The Softmax func-
tion is used to output the probability distribution of each
category. For the material perception task, the output layer
is defined as:

Ymaterial = U(Wmathshared + bmat) (14)

Winat € REm*H is the material perception mapping
weight matrix, and C,, is the number of material labels,
including “genuine leather”, “poly urethane (PU leather)”,
and “vegetable tanned leather”. The activation function
uses the Sigmoid function to support multi-label prediction.
According to statistics on material labeling on product detail
pages on most platforms, in major categories like leather
shoes, bags, and leather clothing, the majority of products
are clearly labeled as “genuine leather,” “PU leather,” or
“vegetable tanned leather,” with the remaining subcategories
mostly present as sub-attributes. Therefore, these three cat-
egories cover the core material types that most consumers
care about.

To achieve joint optimization of the two tasks, this paper
adopts a multi-task loss function:

L= Lscntimcnt +A- Lmatcrial (15)

Lsentiment and Lynaterial are the cross entropy loss func-
tions of sentiment classification and material perception,
respectively, and X is the balance coefficient used to adjust
the learning weights between the two tasks.

After completing the training of the multi-task joint
learning framework, the context-aware driven sentiment-
material mapping modeling is used to extract the semanti-
cally directed material-sentiment coupling relationship from
unstructured comments. Based on the gated convolution-
attention fusion representation, the attention weight se-
quence o = [y, g, - -+ ,ar] of each convolution segment
is generated. The original text segmentation result and the
material perception label set M = {mq,ma, -+ ,my}
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are combined. By matching the keyword position interval,
the corresponding segment of each material word in the
convolution sequence is located, and its weighted attention
response value is calculated:

wi= Y a (16)

i€span(m;)

w; represents the semantic significance of the material
word m; in the entire comment, span(m;) is the token
interval covering the material keyword in the convolution
operation. On this basis, the local semantic segment with
the highest sentiment intensity in the window where the
material word is located is further extracted, and its dom-
inant sentiment polarity s; is determined by combining
its corresponding Softmax classification probability. Finally,
the material words and their associated sentiments identified
in each comment are combined into a set of semantic
pairs (s;,m;), and by aggregating such semantic pairs in
all comments, a set of sentiment-material mapping rela-
tionships for the leather products field is constructed to
achieve structured modeling and directional analysis of
consumer perception characteristics. Emotional orientation
and material perception belong to different semantic levels.
In consumer reviews, not all material mentions are explicitly
accompanied by emotional expression. If the model forcibly
assigns a sentiment polarity to each material word, this may
lead to the generation of false semantic pairs. To alleviate
this problem, this paper

introduces an emotional salience threshold mechanism
into the emotion-to-material mapping process. When ex-
tracting the dominant emotion s; associated with a material
word m;, not only the maximum emotional probability
value Pmax = Max(Ppos; Pneus Pneg) Of the convolutional
segment to which it belongs is considered, but also a
sentiment confidence threshold 7 (set to 0.6 in this paper) is
set. If pax < 7, the material mention is considered to have
no clear emotional orientation, and the emotion-to-material
pair is not output; otherwise, the semantic pair is retained.

SEMANTIC RECOGNITION ACCURACY OF LEATHER
REVIEWS

A. EXPERIMENTAL SETUP

To deeply explore the correlation between the sentiment
tendencies and semantic features expressed by consumers
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in leather product reviews, this paper constructs and uses
a Chinese e-commerce review dataset for leather products.
This dataset mainly comes from public user reviews on
JD.com and Taobao e-commerce platforms, covering four
typical leather consumer categories: leather shoes, leather
bags, leather clothes, and leather sofas. The data acquisition
time range is from January 2023 to December 2023. A total
of 52,629 original review data were collected. After dedu-
plication, denoising, and manual screening, 20,568 high-
quality Chinese reviews were retained for this study. All
reviews are primarily in Chinese, with a small number of
mixed Chinese and English expressions (“PU leather” and
“soft feel”) accounting for approximately 2.3%. However,
the majority of the language is Chinese, consistent with the
user language habits of mainstream e-commerce platforms.
The dataset was randomly split into a training set: validation
set: test set = 70%: 15%: 15% ratio. The split process used
a fixed random seed of seed=42 to ensure experimental
reproducibility. To prevent data leakage caused by multiple
reviews of the same product appearing simultaneously in
the training and test sets, this paper adopts a group-based
split strategy when partitioning the dataset. All reviews
belonging to the same product ID are collectively assigned
to a subset of the training, validation, or test sets, ensuring
that the model does not encounter product reviews seen
during the training phase during the evaluation phase. The
data category and attribute information are shown in Table
1.

TABLE 1. Dataset information

Item Content
Total amount of data 20568
Average sentence length (number 47.3 words
of words)

Positive: 13214
Neutral: 3076
Negative: 4278

Sentiment distribution
Sentiment distribution
Sentiment distribution

Material Genuine leather
Material PU leather
Material Vegetable tanned leather

All data was obtained through public platforms’ inter-
faces, strictly adhering to the respective platforms’ terms
of service and agreements. No restricted or authorized data
resources were accessed. During the dataset partitioning
phase, to prevent evaluation bias caused by the same user’s
comments being split across different sets, this paper uses
anonymized user identifiers for user-level isolation: after
data partitioning is completed, all information that can
be used to identify an individual is removed, and only
the anonymized plain text comment content is retained
for subsequent model training and analysis. This research
does not involve the storage or correlation analysis of
user privacy data, complying with the requirements of
the Personal Information Protection Law and the General
Data Protection Regulation (GDPR), ensuring regulatory
compliance. To construct a collection of sentiment-material
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semantic pairs, this paper employed a double-blind manual
annotation process. Three researchers with backgrounds in
natural language processing participated in the annotation
task. All annotators received unified training, and the core
rules included:

1) Material word identification: Only words that explicitly
mentioned leather were annotated, excluding ambiguous
terms.

2) Sentiment association: If a review included subjective
evaluations of the material, a sentiment-material pair was
created; if it contained only factual descriptions, no senti-
ment was associated.

3) Sentiment polarity annotation: Sentiment was catego-
rized as positive, neutral, or negative, based on the overall
contextual tendency.

To ensure annotation quality, this paper employs a struc-
tured double-blind annotation process. Each comment is
first independently annotated with sentiment-material pairs
by two annotators with natural language processing back-
grounds. If the two annotators agree, the label is directly
adopted as the final label; if there is disagreement, a third
senior annotator is brought in for review. The final label is
determined based on a majority vote of the three annotators’
results. In rare cases (where all three annotators disagree),
the annotation team reaches a consensus through focused
discussion and makes the final decision. After annotation,
inter-annotator agreement was calculated, using Cohen’s
Kappa (paired analysis) and Krippendorff’s Alpha (overall
agreement). The results showed an average Cohen’s Kappa
of 0.82 and a Krippendorff’s Alpha of 0.79, indicating
good reproducibility of the annotation process. Subsequent
analysis was performed based on the consensus label set
generated by majority voting, and divergent samples were
determined after discussion. The model in this paper is
implemented based on the PyTorch framework, and its
specific parameter settings are shown in Table 2:

TABLE 2. Model parameter settings

Dimension Parameter Specification
Convolutional layer Convolutional kernel window [2, 3, 4]
size
Number of convolution kernels 100
per class
Gating mechanism Dimension of Gate Control Consistent with the
Weight Matrix number of channels
Bias initialization method Zero vector
Attention mechanism Attention head count 1
Context aware vector dimension 300
Training configuration optimizer Adam
Learning rate 0.001
Batch size 64
Balance coefficient of loss 0.6

function

In the multi-task joint loss function, a grid search was
performed on the validation set for the balance coefficient
A. The evaluation metric comprehensively considered the
Macro-F1 for sentiment classification and the Macro-F1 for
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texture perception, using a weighted harmonic mean as the
selection criterion. Ultimately, the model achieved optimal
overall performance on the validation set when A = 0.6, so
it was fixed at 0.6 and used in all comparative experiments
and ablation studies.

The method is evaluated from three aspects: basic task
performance, semantic modeling ability, and sentiment-
material perception mapping quality. Three mainstream text
classification models are selected as comparison methods:
basic TextCNN (original structure), BiLSTM, and BERT.
To ensure the fairness and scientific rigor of the com-
parative experiments, this paper independently tunes the
hyperparameters of all baseline models within their typical
configurations or standard practice ranges. Furthermore, all
baseline models were trained in the same experimental
environment to ensure the validity and comparability of
the comparison results. Pre-trained language models such
as BERT and RoBERTa typically employ a single-task fine-
tuning

paradigm. However, to control for variation and ensure
consistent output structure, this paper adapts them to a multi-
task learning framework with a shared encoder and dual-
task output heads, maintaining structural alignment with the
improved TextCNN proposed in this paper. This aims to
isolate differences in the backbone encoder and focus on
comparing the performance of different feature extraction
mechanisms within the same task framework. To ensure
maximum fairness, all models were trained using identical
hyperparameters: the Adam optimizer, a batch size of 64,
a maximum sequence length of 128, and a dropout rate of
0.1.

EXPERIMENTAL RESULTS

(1) Basic task performance This paper constructs a ROC
(Receiver Operating Characteristic) curve comparison ex-
periment based on the predicted probability of the test set.
By plotting the ROC curve of each model and calculating the
AUC (Area Under Curve) value, its sentiment discrimination
performance under imbalanced data is quantified, as shown
in Figure 4:

As shown in Figure 4, the AUC value of this model
is 0.843, which is significantly better than BERT (0.831),
BiLSTM (0.817), and TextCNN (0.795). This model can
more effectively perceive the dependency between sentiment
words and non-continuous material descriptions in consumer
reviews, and enhance the focus on key semantic fragments
through global attention, achieving more precise sentiment
tendency classification. Accuracy and Macro-F1 are further
used as evaluation indicators to compare the performance
of the model and verify the effectiveness of the method
in capturing sentiment semantics. The results are shown in
Table 3:
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TABLE 3. Sentiment semantics capture results

Model Accuracy (%) Macro-F1 (%)
Basic TextCNN 86.2 84.5
BiLSTM 87.5 85.9
BERT 89.1 87.3
Improved TextCNN 90.6 89.4

As can be seen from Table 3, the proposed model
outperforms the comparison model in the task of senti-
ment tendency recognition, with Accuracy and Macro-F1
reaching 90.6% and 89.4%, respectively, indicating that the
applied attention mechanism and gating structure effectively
enhance the modeling ability of complex semantics and
improve the model’s capture effect of key semantic frag-
ments, thereby improving the overall sentiment semantic
recognition performance.

To enhance the comparability and standardization of
experimental results, this paper further uses standard metrics
in the field of information extraction—precision and recall—
to evaluate the performance of texture perception tasks
and the joint extraction of emotion-texture semantic pairs,
and compares them with baseline models. To enhance the
cutting-edge nature and persuasiveness of the comparative
experiments, in addition to the basic TextCNN, BiLSTM,
and BERT, this paper further introduces RoBERTa-base-
Chinese as a stronger Transformer baseline model. The
experimental results are shown in Table 4.

TABLE 4. Standard performance comparison of material perception and
semantic pair extraction

Model Material Perception (Macro) Sentiment-Material Pair Extraction
P /R (Precision / Recall) P/R

Basic TextCNN 72.1/749 68.3/65.2

BiLSTM 77.6 179.0 73.1/70.8

BERT 81.2/82.6 76.5 /742

RoBERTa 83.6/ 83.9 77.4176.1

Improved TextCNN 87.0/85.3 80.2/78.6

As shown in Table 4, our model achieves a precision and
recall of 87.0% and 85.3% on the material perception task,
significantly outperforming the baseline TextCNN (72.1%
and 74.9%), BiLSTM (77.6% and 79.0%), and BERT
(81.2% and 82.6%). The second-best RoOBERTa achieves
precision and recall of 83.6% and 83.9%, which are still
lower than the model in this paper. In the emotion-material
semantic pair extraction task, precision and recall reach
80.2% and 78.6% respectively, also achieving top perfor-
mance. These results demonstrate that our method not only
accurately identifies material information but also effectively
establishes semantic associations between it and emotion.

(2) Semantic modeling ability To evaluate the model’s
ability to capture the semantic dependencies between sen-
timent words and material words, this paper constructs an
evaluation metric based on manually annotated sentiment-
material semantic pairs. For each comment, if the model
successfully predicts a sentiment-material pair consistent
with the manually annotated pair, it is considered a correct
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FIGURE 4. ROC curve comparison results

association recognition. To further analyze the model’s
performance across different contextual spans, this paper
divides the word distance between sentiment words and
material words into five preset intervals: <10, 11-15, 16—
20, 21-25, and >25 words. These interval boundaries are
pre-defined based on domain common sense and the typical
length of Chinese comments, and the model’s association
recognition accuracy is calculated separately within each
interval, as shown in Figure 5.

Association Recognition Analysis

Improved TextCNN

Basic TextCNN

Model

BiLSTM 75.6

BERT 712

74.5

15 20 25

Word Distance

30

FIGURE 5. Comparison results of semantic association recognition

In Figure 5, as the word distance increases, the association
recognition ability of all models shows a downward trend,
indicating that long-distance context increases the difficulty
of semantic modeling. The proposed model maintains a
relatively higher recognition accuracy in all distance seg-
ments, and its semantic association recognition at each
word distance reaches an average accuracy of 79.9%; the
Basic TextCNN, BiLSTM, and BERT are 67.6%, 71.3%,
and 73.9%, respectively. Basic TextCNN is limited by the
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local receptive field and is difficult to model long-distance
semantic dependencies; although BiLSTM has sequence
modeling capabilities, it is easily disturbed by noise; BERT
pre-trained language models are powerful, but are not sensi-
tive enough to the material-sentiment coupling relationship
in specific domain fine-tuning. In contrast, the proposed
method integrates global context information through the
attention mechanism and the gating structure, significantly
improving the recognition ability of key semantic segments
and showing better association modeling effects.

(3) Sentiment-material perceptual mapping quality At
different word distances, the sentiment-material matching
accuracy metric was used to determine whether the model
correctly extracted sentiment-material semantic pairs from
reviews. This metric measures whether the model can ac-
curately identify both the material label and its dominant
sentiment polarity. A correct prediction was considered
only when both the material and sentiment were correctly
matched, reflecting the model’s overall performance in the
task of precise semantic alignment. Matching accuracy
was measured by calculating the percentage of correctly
predicted semantic pairs, and the Kappa coefficient was used
to assess consistency with manual annotations, as shown in
Figure 6.
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FIGURE 6. Sentiment-material matching comparison: (a) matching accuracy;
(b) Kappa consistency coefficient

The results in Figure 6 show that Improved TextCNN has
advantages in the long-distance sentiment-material associa-
tion recognition task. In Figure 6(a), as the word distance
increases, the sentiment-material matching accuracy of each
model shows a downward trend. When the word distance
reaches 30, the matching accuracy of the proposed model
reaches 70%, and its average matching accuracy is 78.2%;
the average accuracy of the three types of comparison
models, Basic TextCNN, BiLSTM, and BERT, is 52.6%,
60.8%, and 68.2%, respectively. In Figure 6(b), the average
Kappa consistency coefficient between the semantic pairs
correctly predicted by the proposed model and the manual
annotation is 0.74; while the comparison models are 0.46,
0.54, and 0.63, respectively.

To further test the completeness of the model’s mapping
structure, we calculated its mapping coverage by counting
the proportion of the number of emotion-material combi-
nations recognized by the model in the entire test set to
the total number of manually annotated combinations. Map-
ping coverage measures the proportion of unique emotion-
material combination types recognized by the model in the
entire test set to the total number of manually annotated
combinations, reflecting the model’s ability to fully model
user perception patterns. The results are shown in Figure 7:

Comparison of sentiment material mapping coverage
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BiLSTM

90, —4— BERT

e |mproved TextCNN

80.

70

60

Mapping coverage (%)

50

10 15 20 25 30
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FIGURE 7. Comparison results of mapping coverage

In Figure 7, the improved TextCNN proposed in this
paper outperforms the comparison model under all distance
conditions. The average mapping coverage of the improved
TextCNN reaches 81.6%, far exceeding BERT (69.7%),
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BiLSTM (61.5%), and basic TextCNN (53.2%), indicating
that it has stronger ability in mapping structure integrity.
By weighted fusion of contextual attention and based on
the dual-task learning structure, the model’s comprehensive
understanding of the semantics of leather product reviews
is improved on the basis of sharing the underlying semantic
representation.

(4) Ablation Experiments To verify the independent con-
tribution of each module proposed in this paper to the model
performance, this paper designed a series of ablation exper-
iments, gradually removing or replacing key components,
and evaluating their impact on model performance on the
same test set. The experiment took the complete model of
this paper as the benchmark and conducted the following
variant tests in sequence: (1) w/o Multi-scale removes the
multi-scale convolution kernel; (2) w/o Gating removes the
gating mechanism (3) w/o Attention removes the global
attention module; (4) w/o Multi-task splits the dual-task
framework and trains two independent models to complete
the sentiment classification and material perception tasks
respectively, and then associate the results through rule
matching; (5) Full Model. The results are shown in Table
5:

TABLE 5. Comparison of ablation experiment results

Model variant ~ Senti ge FI value

Full Model 89.4 799 868 816
88.1 72 835 789
876 76.1 813 774
868 743 786 752
879 758 80.1 768

Table 5 shows that after removing the multi-scale convo-
lution, semantic association recognition accuracy dropped
to 77.2%, indicating that n-gram features of different gran-
ularities complement each other in capturing the local
semantics of material and sentiment words. Removing the
gating mechanism resulted in a decrease in the Sentiment
classification macro average F1 value to 87.6%, indicating
its important role in suppressing irrelevant semantic frag-
ments and enhancing key features; When using independent
single-task training, various metrics also showed varying
degrees of decline, validating the effectiveness of multi-
task joint learning in enhancing the modeling of coupled
sentiment and material. Overall, each component proposed
in this paper significantly contributes to model performance,
supporting its superior performance in complex semantic
mapping tasks.

Il. CONCLUSIONS

This paper addresses the problem of limited mapping mod-
eling due to the long-range contextual dependency between
sentiment words and material descriptions in consumer
reviews of leather products. By constructing a TextCNN
model that integrates multi-scale convolution with an at-
tention mechanism, this paper considers TextCNN as an
efficient local semantic detector and implements global
semantic reconstruction based on the attention mechanism.
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By dynamically screening and context-aware weighted fu-
sion of local n-gram features, this paper achieves indirect
modeling of non-continuous semantic segments, effectively
improving the dual performance of sentiment recognition
and material perception mapping. Experimental results show
that in terms of semantic modeling, the average accuracy
of the proposed model for sentiment-material matching are
78.2%, respectively, and the average mapping coverage is
81.6%, both of which are better than the comparison model.
The proposed method provides a structured modeling path
for product attribute-oriented sentiment analysis, which has
good practical application value.
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