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Abstract
[Purpose/Significance] By learning from a source domain with abundant an-
notation resources and projecting documents from the target domain into the
same feature space as the source domain, this approach addresses the problem
of obtaining good classification models in the target domain due to its limited
amount of annotated data. [Method/Process] Using Chinese reviews from Ama-
zon’s book, DVD, and music categories as experimental data and cross-domain
sentiment analysis as the research task, we propose a Cross Domain Deep Recur-
rent Neural Network (CD-DRNN) model to achieve knowledge transfer across
different domain environments. The CD-DRNN model achieved an average
classification accuracy of 81.70% in cross-domain settings, outperforming tra-
ditional Stacked Long Short Term Memory (Stacked-LSTM) models (79.90%),
Bidirectional Long Short Term Memory (Bi-LSTM) models (80.50%), Convo-
lution Neural Network with Long Short Term Memory (CNN-LSTM) models
(74.70%), and Merged Convolution Neural Network with Long Short Term Mem-
ory (Merged-CNN-LSTM) models (80.90%). [Results/Conclusion] Knowledge
transfer between source and target domains can effectively solve the problem
that supervised learning struggles to achieve good classification performance on
small datasets. The CD-DRNN model can effectively filter features from unan-
notated data, thereby significantly reducing the workload associated with data
annotation in the target domain.
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Abstract
[Purpose/Significance] This study addresses the challenge of obtaining ef-
fective classification models in target domains with limited annotated data by
leveraging knowledge from source domains rich in labeled resources. It projects
target domain documents into the same feature space as the source domain to
enable knowledge transfer.

[Method/Process] Using Chinese reviews from Amazon’s book, DVD, and
music categories as experimental data, we propose a Cross-Domain Deep Recur-
rent Neural Network (CD-DRNN) model for cross-domain sentiment analysis.
This model achieves knowledge transfer across different domain environments.

[Result/Conclusion] The CD-DRNN model attains an average classification
accuracy of 81.70% in cross-domain settings, outperforming traditional Stacked
Long Short-Term Memory (Stacked-LSTM) (79.90%), Bidirectional Long Short-
Term Memory (Bi-LSTM) (80.50%), Convolutional Neural Network with Long
Short-Term Memory (CNN-LSTM) (74.70%), and Merged Convolutional Neural
Network with Long Short-Term Memory (Merged-CNN-LSTM) (80.90%) mod-
els. Knowledge transfer between source and target domains effectively solves
the difficulty of supervised learning in achieving good classification performance
on small datasets. The CD-DRNN model can effectively select features from un-
labeled data, thereby significantly reducing the workload associated with data
annotation in the target domain.

Keywords: cross-domain, transfer learning, deep recurrent neural network,
sentiment analysis

With the development and proliferation of social networks, an increasing num-
ber of people tend to express and share their subjective opinions about products
through these platforms. Meanwhile, consumers increasingly rely on online re-
views as important references before making purchase decisions. From literary
works (e.g., book, movie, and music reviews) to electronic products (e.g., mobile
phones, digital cameras, and home appliances), and from lifestyle services (e.g.,
dining and travel reviews) to daily necessities (e.g., clothing and real estate re-
views), the domains covered by user reviews are widely distributed and often
imbalanced. In automated information analysis processes, building separate
models for each domain would consume substantial time and human resources.
Consequently, researchers aim to establish transfer learning or domain adap-
tation models across similar or related domains. For instance, by annotating
data in the book review domain, the learned sentiment classification or topic
distribution models can be transferred or adapted to the movie review domain,
thereby saving significant annotation time.
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In practical applications of transfer learning (domain adaptation), severe con-
cept drift and feature drift often occur. For example, sensory words like “sour,
sweet, bitter, spicy” appear far more frequently in food reviews than in home
appliance reviews. The substantial differences in feature distribution across
domains lead to degraded performance of sentiment classification models in
cross-domain applications. Additionally, the same feature may reveal different
sentiment polarities in different domains. For instance, “long time” in restau-
rant reviews tends to express negative sentiment about waiting for food, while
in electronic product reviews, it more likely indicates positive sentiment about
long battery life. This causes sentiment models trained on restaurant reviews
to perform poorly when applied to electronic product reviews.

To address concept drift (feature drift) across domain boundaries, this study
selects Chinese reviews from Amazon’s book, DVD, and music categories as
experimental data and proposes a Cross-Domain Deep Recurrent Neural Net-
work (CD-DRNN) model for cross-domain sentiment analysis tasks, enabling
knowledge transfer across different domain environments.

1 Related Research
1.1 Cross-Domain Text Sentiment Analysis from a Knowledge Trans-
fer Perspective

From a knowledge transfer perspective, cross-domain text sentiment analysis pri-
marily addresses feature distribution discrepancies and resulting concept drift
(feature drift) across domains. Methods include feature transfer (feature adapta-
tion), instance transfer (instance adaptation), and model transfer (model adap-
tation).

Feature transfer aims to resolve inconsistencies between source and target do-
main feature spaces by transforming target domain data features into the same
vector space as the source domain. For example, Blitzer et al. proposed the
Structural Correspondence Learning (SCL) model, which first screens common
feature words (pivot words) across multiple domains, then quantifies their rela-
tionships with positive and negative sentiment expressions, and models these re-
lationships using traditional machine learning approaches. Pan et al. introduced
the Spectral Feature Alignment (SFA) method, which distinguishes between
domain-specific and domain-independent features, using domain-independent
features as anchors to cluster domain-specific features to their nearest domain-
independent counterparts. These methods rely on the distribution of pivot
words (or domain-independent words) across domains; if their distribution is
too sparse, achieving good performance becomes difficult.

Instance transfer involves selecting annotated data from the source domain that
is most similar to the target domain to augment the target domain training
set. For example, Dai et al. proposed the TrAdaBoost method, which lever-
ages a small amount of target domain labeled data along with large amounts
of source domain labeled data to build high-quality text classification models.
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Ma et al. proposed a dual-selection strategy that first selects samples based
on source domain sample weights, then performs secondary selection based on
classification confidence. Experimental results demonstrate that this approach
improves overall classification accuracy. However, instance transfer methods de-
pend heavily on the quantity of source domain labeled samples; if the quantity
is insufficient, these methods become less applicable.

Model transfer involves sharing models or parameters between source and tar-
get domains to achieve text sentiment analysis in the target domain. For in-
stance, Glorot et al. utilized a deep learning model called Stacked Denoising
Autoencoder (SDAe) to pre-train on unlabeled data from multiple domains,
then combined the pre-trained model with source domain labeled documents
to train sentiment classification models. This approach outperformed SCL and
SFA models across 22 domains. However, the SDAe algorithm suffers from slow
speed and heavy reliance on parameter initialization. Researchers improved
upon it with Marginalized SDAe, achieving faster runtime. Since model trans-
fer methods reduce dependence on pivot words (or domain-independent words)
and source domain labeled data, they generally outperform traditional feature
transfer and instance transfer methods when combined with deep learning.

1.2 Cross-Domain Text Sentiment Analysis from a Machine Learning
Perspective

From a machine learning perspective, cross-domain text sentiment analysis 主
要包括 graph-based methods, traditional statistical learning methods, and deep
learning-based methods.

Graph-based methods typically abstract words from source and target domains
as nodes and relationships between words (e.g., co-occurrence) as edges, cal-
culating similarity between nodes through specific algorithms to perform senti-
ment analysis in the target domain. The SimRank algorithm is the most typical
graph-based method, based on the principle that a node is most similar to itself,
and two nodes are more similar if they share more identical or similar neighbor
nodes. Wei et al. improved SimRank with a weighted version and applied it
to cross-domain sentiment analysis, validating the effectiveness of the weighted
model.

Traditional statistical learning methods typically estimate the conditional prob-
ability of target domain text belonging to a certain sentiment category given
source and target domain texts. For example, Zhang applied logistic regres-
sion (LR) to cross-domain sentiment analysis, demonstrating its effectiveness.
Huang et al. compared Naive Bayes (NB), Support Vector Classification (SVC),
and Expectation Maximization (EM) methods for cross-domain sentiment anal-
ysis, finding EM slightly outperformed NB and SVC. Xia et al. used combined
features including part-of-speech tagging and word relationships to build ensem-
ble models with Naive Bayes, maximum entropy, and support vector machine
models, achieving better results than traditional single models. Deshmukh et
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al. combined an improved maximum entropy model with bipartite graph clus-
tering, achieving relatively high accuracy for sentiment word classification.

Deep learning-based methods typically represent words and texts from source
and target domains as lower-dimensional vectors (word vectors, sentence vectors,
or document vectors) and apply them to deep learning algorithms (e.g., deep
neural networks). Tang et al. early analyzed the application of deep learning
methods in sentiment analysis, finding them superior to traditional methods in
sentiment classification, opinion extraction, and sentiment lexicon construction.
Yu et al. combined structural correspondence learning with convolutional neu-
ral networks for cross-domain sentiment analysis, showing deep learning models
outperform traditional models on multiple metrics. Yu et al. also used deep
learning methods for sentence modeling, demonstrating deep learning models
outperform traditional structural correspondence learning models. Since deep
learning models can better reveal and capture the intrinsic semantic representa-
tions of text information across domains, they enable researchers to move away
from cumbersome traditional feature engineering and generally outperform tra-
ditional graph-based and statistical learning methods.

1.3 Cross-Domain Text Sentiment Analysis from a Sentiment Com-
putation Perspective

From a sentiment computation perspective, cross-domain text sentiment analy-
sis 主要包括 lexical sentiment computation, document-level sentiment computa-
tion, and sentence-level sentiment computation.

Cross-domain lexical sentiment computation involves determining whether
words express positive or negative sentiment across different domains. For
example, Wu et al. divided cross-domain sentiment word computation into
three steps: extracting benchmark words (representative words with clear
sentiment orientation), disambiguating benchmark words (judging sentiment
ambiguity across domains), and determining target word sentiment orientation
(by calculating correlation strength between target and benchmark words).
Feng et al. proposed a semi-supervised sentiment orientation algorithm based
on word vector similarity (SO-WV) on top of deep learning, showing word
vector-based models outperform traditional Pointwise Mutual Information
(PMI) and Label Propagation (LP) algorithms.

Cross-domain document-level sentiment computation involves determining
whether text documents express positive or negative sentiment across domains,
using rule-based and statistical approaches. In rule-based approaches, Denecke
et al. attempted to use domain-general sentiment lexicons (SentiWordNet) for
cross-domain document sentiment analysis, finding that combining domain-
general sentiment dictionaries with rules (e.g., accumulating sentiment polarity
intensity) underperformed direct statistical learning methods. In statistical
approaches, methods range from simple logistic regression and Naive Bayes
to complex support vector classification and expectation maximization, from
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single models to ensemble models, and from traditional machine learning to
deep learning. Statistical learning methods that bypass sentiment lexicons have
become mainstream for cross-domain document sentiment computation.

Cross-domain sentence-level sentiment computation is a special case of
document-level computation (limiting documents to single sentences), with
similar principles and methods that need not be elaborated further. Across
lexical, document, and sentence levels, deep learning methods generally
outperform traditional dictionary-based and rule-based methods.

Overall, the difficulty of cross-domain versus non-cross-domain analysis lies in
solving transfer learning problems; the difficulty of moving from non-sentiment
to sentiment analysis lies in improving machine learning algorithms. Since deep
learning models can better reveal and capture the intrinsic semantic represen-
tations of cross-domain text information, they offer significant advantages in
solving transfer learning problems and improving machine learning algorithms.
As an important representative of deep learning models, recurrent neural net-
works have gained increasing attention in recent years. Typical recurrent neural
networks include Long Short-Term Memory (LSTM) and Bidirectional LSTM
(Bi-LSTM) models. A literature search reveals no empirical studies applying
recurrent neural networks to cross-domain sentiment analysis. Nevertheless, nu-
merous experiments demonstrate that LSTM effectively improves machine trans-
lation, language modeling, multilingual information processing, and automatic
image captioning, while Bi-LSTM achieves good results in Chinese word seg-
mentation, syntactic parsing, and part-of-speech tagging. Therefore, this study
introduces recurrent neural networks into empirical research on cross-domain
text sentiment analysis to examine their effectiveness in solving transfer learn-
ing problems and improving machine learning algorithms, providing insights for
related research.

2 Research Questions and Methods
2.1 Formal Definition of Research Questions

This study addresses the following question: Given large amounts of unlabeled
data in both source and target domains, along with a small amount of labeled
data in the source domain, how can we better leverage transfer learning and deep
learning theories to solve concept drift (feature drift) problems across domain
boundaries and achieve text sentiment analysis in the target domain at the
document level?

Specifically, let subscript s denote the source domain and t denote the target
domain; D represents the domain set; Train, Test, and U represent training sets,
test sets, and unlabeled documents, respectively. The problem can be described
as: Given labeled dataset Train� and unlabeled dataset U� in source domain D�,
and test set Test� and unlabeled documents U� in target domain D�, use Train�,
U�, U�, and the proposed model to perform sentiment classification on Test�.
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For simplicity, we use D�→D� to denote domain transfer learning from source
to target domain. For source and target domains, to facilitate comparison with
previous research, this study selects three commonly used domains in cross-
domain research: books, DVDs, and music, denoted as Book, DVD, and Music,
respectively.

2.2 CD-DRNN Model Structure

Based on deep learning and transfer learning theories, this study proposes the
CD-DRNN model. The fundamental idea is to first use deep learning models
for cross-domain representation learning to build a domain-independent fea-
ture space and project features from different domains into this common space.
Then, a stacked bidirectional LSTM network performs supervised learning on
source domain labeled data, with each layer learning the previous layer’s out-
put sequence in both forward and reverse order. At any time step t, the model
captures forward and backward context information, with features extracted
through multiple layers ultimately fed into activation units for sentiment recog-
nition. The model and parameters are then shared with the target domain
to perform sentiment analysis on unlabeled target domain data and compare
results with ground truth.

In terms of methodology, the model adopts model transfer for knowledge migra-
tion, sharing the stacked bidirectional LSTM model and parameters between
source and target domains. For machine learning, it combines “deep repre-
sentation learning + stacked bidirectional LSTM model,” using unsupervised
pre-training on unlabeled data from both domains for representation learning
to extract common semantic features, which are then loaded into bidirectional
LSTM units that accumulate layer by layer before being fed into the activation
layer. For sentiment computation, the model leverages knowledge transfer and
deep learning for document-level cross-domain text sentiment analysis.

The CD-DRNN model structure is shown in Figure 1 [Figure 1: see original
paper]. The architecture consists of an Input Layer, Representation Learning
Layer, Bidirectional Long Short-Term Memory Layer, and Activation Function
Layer (output layer), discussed in detail below.

2.2.1 Input Layer The input layer simultaneously accepts documents
from both source and target domains. For each batch of user reviews of size
batch_{size}, the model takes length s as the uniform length for the current
input document set. Documents shorter than s are padded with zeros.

2.2.2 Representation Learning Layer In the representation learning layer,
the model projects words from source and target domain documents into a com-
mon d-dimensional space, generating d-dimensional word vectors. Simultane-
ously, the model treats each review as a document and generates d-dimensional
document vectors. During representation learning, the model uses word and
document vectors (collectively referred to as Word2Vec) to predict the next
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word in sentences from both domains. In our experiments, we use averaging as
the composition method to combine vectors and train on the aforementioned
corpus to obtain relevant vectors and parameters. During model initialization,
document and word vectors are randomly initialized. By defining a loss function
in deep learning (quantifying the gap between predicted and actual values) and
employing optimization methods (e.g., stochastic gradient descent), the model
ultimately obtains document and word vectors as byproducts of the prediction
task.

Assuming the corpus contains N reviews and the vocabulary contains M words,
the model has a total of N×d + M×d parameters. When N and M are large,
the number of parameters may also be large, and parameter updates during
training are typically sparse. Notably, word and document vectors are simul-
taneously learned from unlabeled source and target domain data, enabling the
capture of common features across both domains. Feature acquisition through
predicting words from context eliminates the need for laborious manual anno-
tation. Additionally, during learning, the model considers word order within
small contexts, similar to n-gram models, which preserve substantial paragraph
information including word order. While traditional n-gram models require ex-
tremely high-dimensional representations, representation learning models create
relatively low-dimensional representations, offering better generalization perfor-
mance.

2.2.3 Bidirectional Long Short-Term Memory Layer Based on the com-
mon features learned for source and target domains, the model builds a multi-
layer stacked LSTM network, with each layer connecting two LSTMs (forward
LSTM and backward LSTM). The forward LSTM reads input sequences in the
traditional order, while the backward LSTM reads them in reverse. Each LSTM
network consists of input gates, output gates, forget gates, and memory cells.
This combination of control gates and memory cells better represents and con-
trols long-term, distant, and recent memories of input sequences, enhancing the
model’s ability to handle long-distance dependencies. At any time step t, the
model can capture historical and future context information. The bidirectional
LSTM is multi-layered: on top of the first bidirectional LSTM layer, another
bidirectional LSTM layer is stacked, using the first layer’s output as input to
the second layer’s corresponding nodes, and so on. Since adjacent layers have a
one-to-one structural correspondence, stacking can be implemented effectively
in practice.

2.2.4 Output Layer The output layer consists of activation units. Features
extracted through multiple layers are ultimately fed into activation units for
sentiment classification. The activation unit produces an N -dimensional vector
where the first value represents the probability of the current review belonging
to the first class, the second value represents the probability of belonging to the
second class, and so on.
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In this study, model parameters are set as shown in Table 1 .

2.3 Comparison Methods

This study compares the proposed model with baseline methods, selecting three
representative single machine learning models (Support Vector Classification,
Logistic Regression, and Decision Tree), three ensemble models (Random Forest,
Bagging, and AdaBoost), and three recurrent neural network models (Stacked
LSTM, Bidirectional LSTM, and CNN-LSTM combination models in both serial
and parallel configurations). For feature extraction, we select the most repre-
sentative traditional TF-IDF method and compare it with word vector methods
from deep learning.

When using traditional feature engineering to extract vocabulary from source
and target domains, we apply Principal Component Analysis (PCA) to reduce
dimensions to 100 for consistency with CD-DRNN and other baselines. When
using deep representation learning for vocabulary extraction, we also set dimen-
sions to 100 for fair comparison. Specific settings are as follows:

1. Cross-domain TF-IDF-based machine learning methods: Using
source and target domain training sets and unlabeled review sets, we build
a dictionary (size: 93,000) and calculate TF-IDF weights. For the source
domain training set, we apply PCA to reduce feature dimensions from
93,000 to 100. The reduced training data is fed into traditional machine
learning models including SVC, LR, DT, RF, Bagging, and AdaBoost.
PCA is also applied to the target domain test set before classification
with trained models.

2. Cross-domain word embedding-based machine learning meth-
ods: Using source and target domain training sets and unlabeled review
sets, we train word vectors (dimension: 100). Source domain reviews are
converted to word vectors as training data for traditional machine learning
models (SVC, LR, DT, RF, Bagging, AdaBoost). Target domain reviews
are tested using trained models with word vector input.

3. Stacked LSTM model: Stacking LSTM layers in a multi-layer archi-
tecture where lower-layer LSTM hidden state outputs serve as inputs to
higher-layer LSTMs. Source domain reviews are converted to word vec-
tors as training data; target domain reviews are tested using the trained
model.

4. Bidirectional LSTM model: Adding a backward learning process (pro-
cessing input in reverse order) to the LSTM model. Source domain reviews
are converted to word vectors as training data; target domain reviews are
tested using the trained model.

5. CNN-LSTM serial model: Adding convolution and pooling processes
before the LSTM model to extract more accurate features. Source domain
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reviews are converted to word vectors as training data; target domain
reviews are tested using the trained model.

6. Merged CNN-LSTM model: Adding convolution and pooling pro-
cesses alongside the LSTM model, feeding jointly learned features to the
activation function. Source domain reviews are converted to word vectors
as training data; target domain reviews are tested using the trained model.

Baseline method parameters are set as shown in Table 2 .

3 Experiments and Analysis
3.1 Dataset

We crawled Chinese reviews from Amazon’s book, music, and DVD categories.
Each user review corresponds to a rating from one to five stars, expressing
user satisfaction. Reviews with three or more stars are labeled as positive,
those with fewer than three stars as negative; three-star reviews are removed.
Each domain’s reviews are divided into training sets, test sets, and unlabeled
documents. The book, music, and DVD domains each include 3,000 reviews in
the training set (1,500 positive and 1,500 negative), 1,000 reviews in the test set
(500 positive and 500 negative), and approximately 130,000 unlabeled reviews.

Statistics on original review lengths across the three domains are shown in Table
3 . The maximum review length is 1,104 for books (average: 19), 741 for
DVDs (average: 19), and 759 for music (average: 18). In terms of length
variation, DVD reviews show the greatest variability, followed by books, with
music showing the least.

The distribution of review lengths across the three domains is shown in Figure
2 [Figure 2: see original paper]. The three domains show strong consistency
in length distribution proportions, with most reviews falling in the [0,10) and
[10,30) intervals, followed by [30,50) and [50,100). Considering computational
constraints and the need to preserve original review data, we set the review
length to the larger value of 120 for all models (including baselines and CD-
RNN).

3.2 Experimental Results

3.2.1 Cross-Domain TF-IDF-Based Machine Learning Methods We
use Receiver Operating Characteristic (ROC) curves and Area Under the Curve
(AUC) to measure method effectiveness. ROC curves and AUC values for
each model are shown in Figure 3 [Figure 3: see original paper]. Across six
cross-domain sentiment analysis experiments (Book→DVD, DVD→Book, Mu-
sic→Book, Book→Music, Music→DVD, DVD→Music), the LR model achieves
the best performance with AUC values of 0.84, 0.87, 0.91, 0.83, 0.90, and 0.84
(mean: 0.865). SVC ranks second with AUC values of 0.82, 0.86, 0.91, 0.81,
0.88, and 0.83 (mean: 0.852). AdaBoost ranks third with AUC values of 0.83,
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0.82, 0.86, 0.81, 0.86, and 0.82 (mean: 0.833). RF and Bagging rank fourth
and fifth with mean AUC values of 0.812 and 0.757, respectively. DT performs
worst with AUC values of 0.67, 0.67, 0.74, 0.68, 0.71, and 0.68 (mean: 0.733).

Cross-domain adaptation effectiveness varies across different algorithm-group
combinations (i.e., when source and target domains change). The Music→Book
experiment achieves the best results across SVC, LR, DT, RF, Bagging, and
AdaBoost algorithms, followed by Music→DVD, DVD→Book, DVD→Music,
Book→DVD, and Book→Music. This indicates that source and target domain
selection significantly impacts cross-domain text sentiment analysis.

3.2.2 Cross-Domain Word Embedding-Based Machine Learning
Methods Using ROC and AUC to measure model effectiveness, results are
shown in Figure 4 [Figure 4: see original paper]. Across the six cross-domain
experiments, SVC and LR achieve the best performance with mean AUC values
of 0.843. AdaBoost ranks second with AUC values of 0.78, 0.81, 0.85, 0.82,
0.81, and 0.78 (mean: 0.808). Bagging ranks fourth with AUC values of 0.72,
0.77, 0.80, 0.74, 0.76, and 0.71 (mean: 0.750). RF ranks fifth with AUC values
of 0.72, 0.70, 0.78, 0.72, 0.74, and 0.69 (mean: 0.725). DT performs worst with
AUC values of 0.61, 0.59, 0.64, 0.58, 0.64, and 0.59 (mean: 0.608).

Comparing Figures 3 and 4 reveals that cross-domain word embedding methods
fail to effectively improve cross-domain machine learning performance compared
to TF-IDF-based methods. In Music→Book, Book→DVD, and DVD→Music
tests, word vector-based approaches even show decreased performance across
SVC, LR, DT, RF, Bagging, and AdaBoost algorithms. These results indicate
that cross-domain word vector learning alone cannot effectively capture common
features across domains. It is necessary to introduce additional feature extrac-
tion mechanisms (e.g., multi-layer bidirectional LSTM) to enhance cross-domain
knowledge transfer and feature mapping.

3.2.3 Recurrent Neural Network-Based Methods Since recurrent neu-
ral network models typically test in batch-wise fashion, AUC and ROC values
depend on random batch partitioning of the test set. To ensure reproducibil-
ity, we use Accuracy (Acc) to measure experimental results for recurrent neural
networks.

Table 4 shows results for various recurrent neural network models (Stacked-
LSTM, Bi-LSTM, CNN-LSTM, Merged-CNN-LSTM, and CD-DRNN),
cross-domain TF-IDF machine learning models (TF-IDF+PCA+SVC, TF-
IDF+PCA+LR, TF-IDF+PCA+DT, TF-IDF+PCA+RF, TF-IDF+PCA+Bagging,
TF-IDF+PCA+AdaBoost), and cross-domain word embedding machine
learning models (WE+SVC, WE+LR, WE+DT, WE+RF, WE+Bagging,
WE+AdaBoost) across six cross-domain experiments. Bolded values indicate
maximum performance for each experiment; the rightmost column shows
average performance across six experiments.
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The results show that CD-DRNN achieves the highest Acc values in
DVD→Book, Music→Book, Music→DVD, and DVD→Music experiments
(81.50%, 86.10%, 85.30%, and 78.20%, respectively). In Book→DVD and
Book→Music experiments, Merged-CNN-LSTM and Stacked-LSTM achieve
the highest Acc values (82.50% and 78.50%, respectively). Ranked by average
performance across six experiments, the models are: CD-DRNN (81.70%),
Merged-CNN-LSTM (80.90%), Bi-LSTM (80.50%), Stacked-LSTM (79.90%),
and CNN-LSTM (74.70%). This demonstrates that the proposed model better
performs cross-domain text sentiment analysis, validating its effectiveness.

Comparing recurrent neural network models with cross-domain TF-IDF and
word embedding machine learning models reveals that recurrent neural net-
works generally outperform both TF-IDF and word embedding methods. CD-
DRNN achieves the best average performance (81.70%), surpassing the best
cross-domain TF-IDF model (TF-IDF+PCA+LR, 77.20%) by 4.50% and the
best cross-domain word embedding model (WE+LR, 76.80%) by 4.90%.

3.3 Discussion

Comparing the three experimental groups demonstrates that the proposed deep
recurrent neural network approach outperforms all baseline methods for cross-
domain text sentiment analysis. Compared to traditional TF-IDF methods,
the model achieves a maximum improvement of approximately 28.6% in mean
performance across six experiments. Compared to word embedding methods,
it achieves a maximum improvement of about 20.9%. Compared to existing re-
current neural networks, it achieves a maximum improvement of approximately
7%. Unlike word embedding methods that fail to effectively improve cross-
domain machine learning, CD-DRNN significantly enhances cross-domain sen-
timent recognition effectiveness, indicating that stacking multiple LSTM layers
with bidirectional learning effectively captures useful features across domains,
addressing concept drift and substantially improving classification performance.

From the model’s internal mechanisms, this study involves knowledge trans-
fer, machine learning, and sentiment computation perspectives. For knowledge
transfer, CD-DRNN adopts model transfer, sharing the stacked bidirectional
LSTM model and parameters between source and target domains. This re-
duces dependence on pivot words (domain-independent words) in traditional
feature transfer methods and on source domain labeled data in instance trans-
fer methods, yielding a more concise model. For machine learning, CD-DRNN
combines “deep representation learning + stacked bidirectional LSTM,” where
deep representation learning better reveals intrinsic semantic representations
across domains. Compared to traditional RNNs, the inclusion of memory cells
better represents and controls long-term, distant, and recent memories of input
sequences, enhancing long-distance dependency handling and effectively address-
ing gradient vanishing/exploding problems in traditional RNNs when processing
long sequences. The bidirectional approach resolves reverse dependency issues,
while multi-layer stacking extracts domain-related sentiment polarity features at
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multiple levels, collectively improving cross-domain sentiment analysis accuracy.
For sentiment computation, the model performs document-level cross-domain
text sentiment analysis through knowledge transfer and machine learning, elim-
inating reliance on cross-domain sentiment dictionaries and facilitating broader
application.

Compared to similar research (e.g., [21]), this study shares some connec-
tions but also has essential differences. Methodologically, [21] uses deep
convolutional neural networks, while this study uses deep recurrent neural
networks—fundamentally different approaches that extract features through
convolution/pooling versus multi-layer bidirectional LSTM, belonging to
different deep learning research categories. Experimentally, due to different
theoretical foundations, we employ different baseline methods and evaluation
metrics. [21] compares with structural correspondence learning methods using
F1 scores, while we compare with nine baseline methods (three single models,
three ensemble models, three RNN models) using AUC and Acc metrics.
In terms of internal mechanisms, we adopt different knowledge transfer
methods: [21] relies on feature transfer (domain-independent words) using
pivot words to represent document terms, while we use model transfer, sharing
the stacked bidirectional LSTM model and parameters between domains,
reducing dependence on pivot words and source domain labeled data. Finally,
our experimental results demonstrate more significant advantages over most
baseline methods, more powerfully proving the effectiveness of deep recurrent
neural networks for cross-domain text sentiment analysis.

From a data usage perspective, this study uses only 4,000 labeled reviews per
domain (2,000 positive and 2,000 negative), far fewer than the 130,000 unla-
beled reviews. Despite limited labeled data, the model still outperforms baseline
methods, indicating that CD-DRNN can effectively select features from unla-
beled data, substantially reducing annotation workload in both source and tar-
get domains. Notably, CD-DRNN simultaneously learns from unlabeled source
and target domain documents, acquiring features through context-based word
prediction as an entry point, enabling application without heavy manual anno-
tation.

From group experimental results, different algorithm-group combinations show
varying adaptation effectiveness. For example, Music→Book achieves the best
results across almost all algorithms, followed by Music→DVD, Book→DVD,
DVD→Book, DVD→Music, and Book→Music. When source and target do-
mains change, model performance varies significantly, indicating that domain
selection impacts cross-domain text sentiment analysis. While domain sim-
ilarity is generally believed to positively correlate with adaptation effective-
ness, this study does not formally test this relationship. However, comparing
Book→Music and Music→Book results reveals significant differences across al-
gorithms, suggesting that measuring domain similarity should consider potential
asymmetry between domains.
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4 Conclusion
This study selects Chinese reviews from Amazon’s book, DVD, and music cat-
egories as experimental data, proposes a deep recurrent neural network model
for cross-domain sentiment analysis, and achieves an average classification ac-
curacy of 81.70% in cross-domain environments. This outperforms traditional
Stacked-LSTM, Bi-LSTM, CNN-LSTM serial, and CNN-LSTM parallel models,
demonstrating the model’s effectiveness.

A limitation of this study is that the corpus is primarily Chinese. Future research
will validate the model on multilingual corpora and test it in environments with
larger domain gaps (e.g., electronics vs. restaurant reviews). Additionally, we
will explore more deep learning models (e.g., generative adversarial networks)
to further enrich cross-domain text sentiment analysis research.
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A Cross-Domain Text Sentiment Analysis Based on Deep Recurrent
Neural Network

Yu Chuanming
School of Information and Safety Engineering, Zhongnan University of Eco-
nomics and Law, Wuhan 430073

Abstract: [Purpose/significance] In order to solve the problem of classifica-
tion model in target domain caused by the lack of data, this study firstly
trains the model of source domain that includes rich labeling/tagging data, and
then, projects source and target domain documents in the same feature space.
[Method/process] The reviews of three product categories, i.e. books, DVD and
music, from Amazon, which are written in Chinese, are taken as the experimen-
tal data, and the cross-domain sentiment analysis is considered as the research
task. A novel model, i.e. the Cross-Domain Deep Recurrent Neural Network
(CD-DRNN), is proposed to achieve knowledge transfer among domains. The
average accuracy value of CD-DRNN achieves 81.70%, which excels the values
of Stacked Long Short-Term Memory (79.90%), Bidirectional Long Short-Term
Memory (80.50%), Convolutional Neural Network with Long Short-Term Mem-
ory (74.70%) and Merged Convolutional Neural Network with Long Short-Term
Memory (80.90%). [Result/conclusion] Knowledge transfer in source domain
and target domain could effectively solve the difficulties of achieving good classi-
fication performances on small datasets. The proposed method can be leveraged
to effectively select features from unlabeled data, thereby greatly reducing the
workload related to data annotation in the target domain.

Keywords: cross-domain; transfer learning; deep recurrent neural network;
sentiment analysis

Note: Figure translations are in progress. See original paper for figures.
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