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ABSTRACT

Cross-domain sentiment analysis (CDSA) predicts sentiment polarity in a target domain using knowledge from
source domains but existing CDSA methods lack effective source domain selection strategies. This study
investigates BertSNN, which combines pre-trained BERT embeddings, a Siamese neural network, and various
distance metrics to measure domain similarity and optimize source domain selection for CDSA. First, we
experiment with document-level (DocBERT) and sentence-level (SentenceBERT) embeddings with BiLSTM and
BiLSTM + CNN neural network configurations to identify the best combination for BertSNN. Second, we explore
two distance metrics—Euclidean and Manhattan—alongside shifted cosine similarity to determine the most
effective choice for domain similarity scoring. Using product reviews, we test on 25 target domains, examining
whether using multiple top most similar source domains improves cross-domain sentiment classification compared
to a single most similar source domain. Results indicate that document-level embeddings, BiLSTM and shifted
cosine similarity produce the most optimal BertSNN that can select high-quality similar source domains to train
a cross-domain sentiment classifier for a target domain, beating two other traditional baseline methods (i.e., bag-
of-words and TF-IDF representations). Our findings also show that using top five most similar source domains (k
= b) for training generally improves cross-domain sentiment classification performance as opposed to using a
single most similar source domain (k = 1). This study contributes to CDSA by advancing the understanding of
embedding choices and distance metrics within a Siamese neural network for source-target domain similarity
scoring and providing actionable insights on domain selection strategies to improve sentiment analysis models.

Keywords: Sentiment classification; Product review; Domain similarity; BERT embeddings; Siamese neural
network; Similarity metric; Cross-domain sentiment analysis.

1.0 INTRODUCTION

Cross-domain sentiment analysis (CDSA) is essential for understanding public opinion, with applications ranging
from monitoring social media trends [1] to assessing customer satisfaction through product reviews [2], [3]. The
diversity and complexity of language across domains often hinder the effectiveness of sentiment analysis models,
particularly in low-resource domains where labeled training data is scarce. CDSA addresses this challenge by
leveraging models trained on data from related source domains (i.e., resource-rich domains) to predict sentiment
in a target domain [4].

Identifying domain similarity is a critical step in CDSA, as selecting appropriate source domains can significantly
improve model performance and generalizability on a target domain. Current methods for assessing source-target
domain similarity often treat the task as a text similarity problem, using metrics to compute lexical, syntactic, or
semantic resemblance between domain representations. However, these methods typically focus on single aspects
of similarity, overlooking nuanced and domain-specific contextual language variations [5], [6]. Although recent
deep learning advancements have improved text similarity modeling for short texts [7], the application of such
methods to collections of long-form product reviews remains underexplored [8].

This study builds upon our prior work on BertSNN [9], a BERT-based Siamese neural network for scoring domain
similarity and selecting source domains. Our primary objective is to optimize BertSNN by exploring different
combinations of BERT representations, neural network architures and distance metrics. We expand the scope of
cross-domain sentiment classification experiments to 25 Amazon product review target domains, significantly
enhancing the evaluation framework. Additionally, we investigate whether using the top five most similar source
domains improves classification performance compared to relying on a single most similar source domain.
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This study contributes to CDSA by advancing domain similarity modeling with document-level embeddings,
exploring diverse distance metrics for domain similarity scoring, and examining the value of multi-source domain
selection strategies. Beyond its academic contributions, BertSNN also offers practical applications for businesses.
By leveraging data from similar high-resource domains, BertSNN can improve sentiment analysis in low-resource
domains, enabling more effective customer feedback analysis and product review aggregation. These
advancements can support better decision-making and enhance customer satisfaction.

2.0 RELATED WORK
2.1  Measuring Text Similarity

Text similarity measurement is a key technique in Natural Language Processing (NLP) for assessing how closely
two text units resemble each other. It plays a crucial role in various NLP applications such as search engines, text
classification, and question-answering systems. Similarity can be evaluated at different levels—word, sentence
structure, and overall meaning. To improve these evaluations, a range of methods have been developed, including
basic techniques like character sequence comparison and word set overlap, as well as more advanced approaches
involving semantic understanding. The goal of this section is to provide an overview of recent advancements in
measuring text similarity, particularly in the use of BERT and Siamese Neural Network (SNN) in a more general
context not limited to only CDSA.

One cutting-edge method for measuring text similarity is Semantic Textual Similarity (STS), which seeks to go
beyond simple word matching to uncover the deeper meanings of text. STS leverages external knowledge sources
such as dictionaries or semantic networks to refine similarity assessments. In particular, the use of neural networks,
such as those developed by [10], has significantly advanced text similarity measurement through a Siamese
Recurrent Neural Network (RNN) with bidirectional LSTMs and contrastive loss, thus effectively learning text
similarity metrics for applications like job title normalization. This model handled semantic invariances such as
typos and synonyms by projecting variable-length strings into a fixed-dimensional embedding space,
outperforming traditional n-gram models.

Further advancements in deep learning have refined these approaches, with models like [11] utilizing Siamese
neural networks equipped with GRU, BiLSTM, and attention mechanisms to improve the handling of smaller
datasets and text variability. The GRU-based model demonstrated superior performance on the Sentences
Involving Compositional Knowledge (SICK) [12] and STS2017 [13] datasets, providing a robust method for
measuring STS. Similarly, [14] introduced Sentence-BERT (SBERT), a model that integrated BERT with a
Siamese network and pooling strategies to generate fixed-size sentence embeddings. SBERT outperformed
traditional BERT and other methods, offering faster similarity searches and higher accuracy on various STS tasks.

As the field progressed, models like the BERT-based Siamese Semantic Model (BSSM) introduced by [15] further
improved text matching by using BERT for text encoding, followed by attention-based interaction layers. This
approach provided higher accuracy and efficiency in semantic similarity tasks compared to earlier models such as
DSSM [16] and ARC-II [17]. Additionally, [18] proposed the Siamese Multiplicative LSTM (MuLSTM), which
combined mLSTM with a Siamese architecture to project sentence embeddings into a fixed-dimensional space.
MuLSTM showed superior performance across multiple STS datasets, excelling in both Pearson and Spearman
correlations, as well as Mean Squared Error (MSE).

Traditional approaches compress semantic information into two-dimensional vectors, leading to the loss of
hierarchical details crucial for effective downstream modeling Most recently, [19] introduced a 3D Siamese
network that mapped data into a higher-dimensional space, incorporating adaptive feature extraction, spatial and
feature attention, and receptive field modules. This model outperformed traditional models like Sentence-BERT
on several benchmarks, offering improved scalability and robustness for large-scale text similarity tasks.

Incorporating these sophisticated models into the process of measuring text similarity, especially within the
framework of Semantic Textual Similarity (STS), has enhanced the ability of models to capture complex semantic
relationships between texts. These advancements continue to push the boundaries of NLP, allowing for a deeper
understanding of text relationships and improving the performance of applications such as search engines,
recommendation systems, and machine translation, but yet to be thoroughly explored in CDSA.

2.2 Measuring Domain Similarity

The pursuit of effective cross-domain sentiment analysis (CDSA) has inspired diverse methods to measure domain
similarity, facilitating knowledge transfer to enhance target domain performance. Traditional approaches often
focused on lexical-level metrics, such as Jensen-Shannon divergence on unigram distributions to quantify source-
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target relationships [20]. Advanced metrics, such as Chameleon Words Similarity and Entropy Change, measured
alignment in word polarity and entropy shifts across domains, outperforming baselines in selecting informative
instances for target domains [21]. Sentiment-sensitive thesauri captured co-occurrences of lexical and sentiment
elements to enhance feature vectors in CDSA [22], while UniSent applied word embeddings to detect domain drift
across languages, achieving significant improvements [23]. On the other hand, [24] proposed EmbLexChange, an
unsupervised method that utilized word embeddings to identify temporal lexical-semantic variations. Pivot words
were selected based on frequency and contextual consistency, and the embeddings of the pivot words were
compared across time frames using cosine similarity to detect semantic shifts.

Semantic methods have also advanced CDSA. For example, autoencoder representations, combined with similarity
metrics, outperformed traditional distributions and embeddings in multi-tiered data selection strategies [25]. Proxy
A distance iteratively selected similar source subsets, yielding superior results on datasets such as tweets and
reviews. Sentence embeddings like Universal Sentence Encoder (USE) exceled in embedding text across domains,
further enhancing CDSA through effective integration with similarity features [26]. Similarly, Canonical
Correlation Analysis (CCA) aligned embedding spaces by maximizing correlations, achieving high performance
in domain similarity tasks across datasets [27]. TCMS-Stack measured domain similarity with transfer covariance
matrices, achieving state-of-the-art accuracy on Chinese emotion corpora [28].

DistanceNet [29] was introduced to incorporate distance-based metrics into an auxiliary loss function to enhance
unsupervised domain adaptation. DistanceNet employed a multi-armed bandit controller for dynamic multi-source
domain switching, mitigating source-target disparities and achieving superior sentiment analysis across multiple
domains. This method demonstrated significant performance improvements over competing baselines,
emphasizing its effectiveness in multi-domain scenarios.

Building on these foundations, [30] proposed a novel methodology for addressing the cold-start problem in
sentiment analysis, wherein labeled data could be scarce in new domains. The method integrated semantic
(ccLDA), syntactic (POS patterns), and lexical features into a unified cosine similarity measure to effectively
quantify source-target relationships for improving training data selection. This multi-faceted strategy significantly
enhanced model performance in low-resource domains, demonstrating the potential of feature integration in
domain adaptation.

Efforts to incorporate deep learning into domain similarity have yielded promising results but faced challenges in
explainability. For instance, Bayesian optimization has been used to learn optimal data selection measures,
outperforming traditional approaches but required further validation across domains [31]. Multi-Source Domain
Adaptation with Joint Learning (MDAJL) applied CNNs, BiGRUs and Class Refinement Maximum Mean
Discrepancy (CRMMD) for cross-domain sentiment classification. Although effective, such black-box models
obscure the degree of source-target domain similarity, thus limiting interpretability.

Despite advancements, obtaining accurate domain similarity scores often relies on simple methods that
inadequately account for contextual and semantic differences. Current methods lack a comprehensive framework
for domain similarity assessment in CDSA. In summary, while traditional methods like lexical metrics and
embedding-based techniques have laid a strong foundation for domain similarity measurement, recent innovations
in distance-based metrics, feature integration, and deep learning architectures are advancing CDSA. Approaches
such as pre-trained embedding methods and 3D Siamese networks exemplify the potential of combining traditional
methods with deep learning to achieve more precise, scalable, and interpretable solutions for cross-domain
sentiment analysis. These advancements address critical limitations in current methods and pave the way for more
effective and efficient source-target domain similarity matching techniques. In this study, we explore how to
optimally construct a domain similarity measurement model using a combination of BERT and SNN trained on
general text similarity data but applied specifically for domain similarity scoring.

3.0 METHODOLOGY

The methodology comprises two parts: 1) BertSNN domain similarity scoring model to identify the most similar
source domain as the training set for a target domain, and 2) cross domain sentiment classification model to
evaluate the performance of the source domain identified by BertSNN as training data for sentiment classification
in the target domain.

3.1 Datasets

We utilize the Semantic Textual Similarity (STS) dataset [32], [33], [34], [35], [36], [13] to train our Siamese
neural network model for domain similarity scoring. Sourced from the Multilingual Text Embedding Benchmark

58



(MTEB) [37], the STS dataset consists of sentence pairs annotated with human-judged similarity scores ranging
from 0 to 5. It encompasses diverse textual sources such as image captions, news headlines, and user forums,
providing a robust foundation for training and testing models in semantic textual similarity tasks.

As shown in Table 1, the dataset originally includes 2,230 sentence pairs for training from STS12 and 12,800
sentence pairs for testing across STS12 to STS17. This division, as provided by the MTEB, reflects the standard
setup. However, for our experiment, we combine the original training and testing sentence pairs (15,030) into a
single dataset and then split the dataset based on the train-to-test ratio of 9:1, resulting in a more balanced and
comprehensive distribution across our training and validation sets. This adjustment reduces population differences
from different STS sets to enable more effective model training and hyperparameter tuning. Our final BertSNN
model is trained with the most optimal hyperparameter settings leveraging all 15,030 sentence pairs. BertSNN
then takes long product review documents, representing a domain, as input and outputs domain similarity scores
for source-target domain pairs.

Table 1: STS subsets selected from the STS dataset to train a domain similarity scoring model (n/a indicates not

applicable).
Train Test Similarity Score
Subset Name Amount Amount Range

mteb/sts12- 2,230 3,110 0-5
sts

mteb/sts13- n/a 1,500 0-5
sts

mteb/sts14- n/a 3,750 0-5
sts

mteb/sts15- n/a 3,000 0-5
sts

mteb/sts16- n/a 1,190 0-5
sts

mteb/sts17- n/a 250 0-5
sts

TOTAL 2,230 12,800 0-5

Table 2: Class distribution of product reviews in MDSD labeled with positive or negative sentiment from

25 domains.

Domain Name Positive Negative Total

Amount Amount
AP: apparel 1000 1000 2000
AU: automotive 584 152 736
BB: baby 1000 900 1900
BE: beauty 1000 493 1493
BK: books 1000 1000 2000
CP: camera & photo 1000 999 1999
CS: cell phones & service 639 384 1023
CV: computer & video games 1000 458 1458
DV: dvd 1000 1000 2000
EL: electronics 1000 1000 2000
GF: gourmet food 1000 208 1208
GR: grocery 1000 352 1352
HP: health & personal care 1000 1000 2000
JW: jewelry & watches 1000 292 1292
KH: kitchen & housewares 1000 1000 2000
MZ: magazines 1000 970 1970
MU: music 1000 1000 2000
MI: musical instruments 284 48 332
OP: office products 367 64 431
OL.: outdoor living 1000 327 1327
SW: software 1000 915 1915
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SO: sports & outdoors 1000 1000 2000
TH: tools & hardware 98 14 112
TG: toys & games 1000 1000 2000
VI: video 1000 1000 2000
TOTAL 21972 16576 38548

For cross-domain sentiment classification, we utilize all 25 distinct domains (i.e., product types from Amazon)
available in the Multi-Domain Sentiment Dataset (MDSD) [2]. Each domain contains product reviews labeled as
either positive or negative as detailed in Table 2. Among these domains, nearly half exhibit a balanced sentiment
class distribution, while others show a skewed distribution. For instance, domains such as apparel [AP] and toys
& games [TG] are evenly distributed, each containing 1,000 positive and 1,000 negative reviews. In contrast,
domains like musical instruments [MI] and tools & hardware [TH] are highly imbalanced, with significantly fewer
negative reviews.

Overall, the dataset comprises 21,972 positive reviews and 16,576 negative reviews, totaling up to 38,548 reviews.
This broad dataset captures a wide range of sentiment patterns across diverse domains, offering a robust foundation
for training and evaluating cross-domain sentiment classification models. By leveraging all 25 domains as the
source domains and target domains, we aim to ensure comprehensive coverage and realistic representation of
domain variability in the cross-domain sentiment classification task.

3.2 BertSNN Domain Similarity Scoring Model Architecture

BertSNN adopts a Siamese neural network architecture augmented with a pre-trained BERT model to produce
high-dimensional text embeddings, as depicted in Fig. 1. Designed to extract semantic patterns from STS sentence
pairs, the model is adapted for domain-level similarity scoring on the MDSD product review dataset. The pre-
trained BERT model encodes input text into three-dimensional embeddings with dimensions (1, N, 768), where '1'
represents the batch size, 'N' is the token length, and ‘768" denotes the feature dimensionality. These embeddings
encapsulate both local and global contextual word relationships, enabling the network to capture intricate semantic
nuances effectively.
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Fig. 1: BertSNN domain similarity scoring model using Siamese network architecture.

The Siamese neural network architecture consists of two parallel branches with shared weights, ensuring
symmetric learning during training. This symmetry is essential for consistent feature extraction and reliable
comparisons between inputs. Input embeddings are processed through a four-layer structure. The input layer
captures semantic-rich representations generated by BERT, while the first hidden layer enhances these features for
domain similarity assessment. The subsequent hidden layers refine the features further to prepare for the final
source-target comparison. In the output layer, embeddings from the two branches are passed through a dense feed-
forward layer, which computes a similarity score. Any similarity metric ranging from 0 to 1 can be used to compute
the similarity score. Additionally, any distance metric, which is the inverse of a similarity metric can also be used
for the similarity score computation as the model is capable of employing a distance-to-similarity transformation.
For example, if Euclidean distance is selected in the similarity metric component, the network first calculates the
Euclidean distance between the embeddings, which is then converted into a similarity score ranging from 0 to 1
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by applying a scaling function. Lower distance values correspond to higher similarity scores, reflecting closer
semantic alignment between source-target domains.

BertSNN is specifically engineered to handle three-dimensional embeddings, making it capable of processing
longer texts such as MDSD reviews, which often exceed 510 tokens (excluding special tokens like [CLS] and
[SEP]). This is achieved by stacking 3D tensor blocks (1,Sequence_Length,768), enabling the network to
accommodate diverse sentence lengths and structures. This adaptability ensures robustness across varied textual
datasets, positioning the model as a robust tool for domain similarity scoring.

The training process incorporates a bidirectional LSTM module with an input size of 768, a hidden size of 64, and
four layers, augmented by a dropout rate of 0.5 to reduce overfitting. The model is optimized using the Adam
optimizer with a learning rate of 0.00001 across 50 epochs, employing mean squared error as the loss function.
Training is conducted in batches of 64, with early stopping applied based on validation loss to prevent overtraining.
By optimizing a similarity metric, the network learns to represent and compare text embeddings accurately,
capturing subtle semantic relationships across different domains. This carefully designed architecture enables the
model to perform detailed and reliable domain similarity evaluations, even with complex and lengthy text inputs.

3.3  Cross-Domain Sentiment Classification Model

Our cross-domain sentiment classification model, illustrated in Fig. 2, is a neural network designed to effectively
analyze sentiment across diverse domains. The architecture integrates XLNet for feature extraction, leveraging its
ability to capture deep semantic representations of text. XLNet processes input text to produce contextualized
embeddings, which are subsequently fed into a Bidirectional Long Short-Term Memory (BiLSTM) network. The
BiLSTM, composed of four layers with each hidden layer comprising 128 neurons, captures sequential
dependencies and sentiment nuances embedded within the order of words and phrases. This configuration enables
the model to handle complex textual patterns and contextual information critical for sentiment analysis.

Cross-Domain Sentiment Classification Model
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Fig. 2. Cross-domain sentiment classification model.

To further enhance feature extraction, the architecture incorporates a multi-head self-attention mechanism with
four attention heads. This mechanism allows the model to prioritize relevant segments of text, focusing on key
phrases and terms that signal sentiment, even within lengthy or complex reviews. Additionally, a dropout rate of
0.3 is employed throughout the model to mitigate overfitting, ensuring robust performance across diverse datasets.

The output from the BIiLSTM and attention layers is passed through a fully connected layer that produces two
logits, corresponding to the sentiment classes (positive and negative). These logits are then processed by a softmax
activation function, converting them into probability values that indicate the likelihood of the input text belonging
to each sentiment class. This probability-based approach ensures class probabilities for each model prediction
sums up to 1.

The model is trained using the Adam optimizer with a notably low learning rate of 0.00001 to ensure stable

convergence. Training is conducted over five epochs with a batch size of 32, striking a balance between
computational efficiency and model accuracy. This carefully designed architecture combines the strengths of
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XLNet, BiLSTM, and multi-head attention for cross-domain sentiment classification to maximize the classifier’s
capability to capture sentiment across a wide variety of domains and textual contexts.

3.4 Experiments

Our experiments are designed to evaluate and optimize the performance of BertSNN in a cross-domain similarity
scoring and sentiment classification pipeline. The setup comprises two interconnected tasks: the upstream task
involves the domain similarity scoring model, and the downstream task focuses on the cross-domain sentiment
classification model. For each target domain, the BertSNN similarity scoring model processes reviews from a
source domain through one input branch and reviews from the target domain through the other branch to compute
a similarity score for each source-target domain pair. The similarity score ranges from 0 to 1, where higher values
indicate greater similarity. The top k (i.e., k indicates the number of desired domains) most similar source domains
to a target domain are then selected to train the cross-domain sentiment classification model and then evaluated
using all samples in the target domain. The primary performance metric for evaluation is the cross-domain
sentiment classification accuracy score, which serves as a proxy to assess the effectiveness of the domain similarity
scoring model in identifying the most similar domain(s) to the target domain across the 25 domains in the dataset.

To investigate the impact of various architectural and methodological choices, our experiments include several
key comparisons in the domain similarity scoring task.

e Pre-trained Embeddings: We compare the performance of two pre-trained embedding models,
SentenceBERT [14] and DocBERT [38], as feature extractors within BertSNN. SentenceBERT generates
sentence-level embeddings, whereas DocBERT provides document-level embeddings. This comparison
helps determine the text representation best suited for capturing the semantic nuances needed for domain
similarity scoring.

e Neural Network Architectures: We assess the effect of incorporating different neural network layers by
evaluating two configurations: (a) a BiLSTM-based architecture (4 BiLSTM layers) and (b) a hybrid
BiLSTM + CNN architecture (4 BiLSTM layers + 1 CNN layer). The BiLSTM layers capture sequential
dependencies and long-term relationships in text, while the CNN layer in the hybrid model extracts local
features and create a hierarchy of representations for the BiLSTM layers to process. This combination
leverages both local and sequential information, potentially enhancing the model's ability to represent and
compare text from different domains comprehensively.

e Similarity or Distance Metrics: Our default similarity metric in BertSNN is shifted cosine similarity.
To refine the similarity scoring process and optimize model performance, we explore two other distance
metrics within BertSNN with the most optimal text embedding and neural network architecture
combination: 1) Euclidean distance, and 2) Manhattan distance. Each metric introduces a distinct
perspective on how similarity is computed between source-target domain representations. Shifted cosine
similarity measures the angular difference between vectors, emphasizing directionality, while Euclidean
and Manhattan distances focus on spatial differences, emphasizing magnitude and path length,
respectively. This comparison identifies the most effective metric for quantifying domain similarity.

e Baselines: Two baseline models based on Bag-of-Words (BOW) and TF-IDF representations are
implemented for comparison with the best BertSNN model. For both baseline models, product review
text from each domain undergoes preprocessing, including stop-word removal, punctuation elimination,
and lemmatization using NLTK. A joint vocabulary is created for each source-target domain pair to
ensure aligned vector dimensions. Each product review is then transformed into a document vector, and
the aggregated vector for each domain is obtained by summing all document vectors within that domain.
Finally, cosine similarity is computed between source and target domain vectors. These baseline models
provide a traditional, interpretable framework for domain similarity evaluation.

We select the best BertSNN model using cross-domain sentiment classification accuracy on only the a single most
similar source domain (k = 1) to a given target domain to make experiments more feasible to run. The overall
evaluations are designed to comprehensively analyze the effectiveness of BertSNN across various configurations
and baselines, providing critical insights that optimize its architecture and performance. By integrating both
classical and neural approaches, the experiments establish BertSNN’s efficacy not only as a robust framework for
domain similarity scoring but also for cross-domain sentiment analysis, demonstrating its advantages over classical
text similarity baseline models.
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In the cross-domain sentiment classification task, we extend our experiments to compare the sentiment classifier’s
performance based on top k most similar source domains identified by BertSNN to a target domain.

e Single Source Domain (SSD) versus Multiple Source Domains (MSD): To extend the evaluation, we
compare the cross-domain sentiment classification performance using the reviews from a single most
similar source domain (k = 1) against the top five most similar source domains (k = 5) for each target
domain across 25 domains. This comparison highlights the impact of leveraging information from
multiple source domains on downstream sentiment classification performance.

4.0 RESULTS AND DISCUSSION

For each target domain, the top k most similar source domains are identified from the remaining 24 candidate
domains, as outlined in Table 2. We divide the discussion of our findings into four parts. Section 4.1 highlights
the optimal BertSNN architecture by exploring combinations of pre-trained language models for text embeddings
(SentenceBERT and DocBERT) and neural network configurations (BiLSTM and BiLSTM + CNN). Section
4.2 analyzes the role of distance metrics, comparing shifted cosine similarity to Euclidean distance and Manhattan
distance, to refine similarity computations within BertSNN. These experiments determine the configuration best
suited for BertSNN in source-target domain similarity scoring. Section 4.3 then benchmarks the best BertSNN
model against two classical baselines, Bag-of-Words (BOW) and TF-IDF. Finally, Section 4.4 examines cross-
domain sentiment classification performance using one single most similar source domain (SSD, k = 1) versus
multiple source domains (MSD, k = 5), providing insights into the impact of leveraging additional source domains
in training the sentiment classifier for each target domain.

4.1  BertSNN Architecture Configuration

Table 3 shows sentiment classification accuracy based on a single most similar source domain identified by
different combinations of text embeddings and neural network configurations. Shifted cosine similarity is used as
the default similarity metric in this set of experiments.

DocBERT + BIiLSTM achieves the highest accuracy in kitchen & housewares [KH] (92.90%), grocery [GR]
(93.12%) and office products [OP] (94.66%), which reflect the model's adaptability to transfer learning from source
domains with both balanced (e.g., health & personal care as the source domain for grocery and baby as the source
domain for kitchen & housewares, with roughly equal positive and negative reviews) and imbalanced (e.g., jewelry
& watches as the source domain for office products, with more positive reviews) class distributions to the target
domain. The robustness of BiLSTM combined with DocBERT's ability to capture global context, enables it to
handle both balanced and skewed source class distributions effectively during training. In imbalanced source
domains, it likely benefits from its capacity to emphasize the minority class through sequential dependencies.
Overall, DocBERT + BIiLSTM tends to avoid picking the top most similar source domain with low frequency,
which makes the accuracy scores more stable across the 25 target domains, and outshines the others in 8 target
domains.

DocBERT + CNN-BIiLSTM outshines others only in baby [BB] (92.05%) and tools & hardware [TH] (92.86%)
but obtained poor accuracy scores in 5 target domains due to its tendency of picking source domains with low
frequency for model training. We observe similar findings from SentenceBERT + CNN-BiLSTM, wherein mean
accuracy is drastically pulled down because of 4 target domains respectively selecting a source domain with low
frequency. On the other hand, SentenceBERT + BiLSTM also outshines others only in automotive [AU] (91.44%)
and toys & games [TG] (91.30%). Although its overall performance is still consistent across all the target domains,
its limitations in handling long documents cause it to fall short in comparison with DocBERT + BIiLSTM.
SentenceBERT is optimized for sentence-level representations, so it may fail to capture the holistic context
required for analyzing longer, more complex product reviews. DocBERT's ability to capture document-level
contextual information allows it to generalize better across a variety of domains.

Notably, DocBERT + BiLSTM achieves the highest mean accuracy of 89.89% across all 25 target domains,
outperforming all other configurations. We can conclude that DocBERT +BiLSTM produces the best combination
in finding the most similar source domain to a target domain. Therefore, DocBERT + BiLSTM is chosen as the
most optimal configuration for our BertSNN model.
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Table 3: CDSA accuracy scores of BertSNN based on four combinations of text embeddings and neural
network configurations (bracket shows the top one most similar source domain to the target domain).

Accuracy (%)
Target SentBert DocBert
Domain BiLST CNN- BiLST CNN-
M BiLSTM M BiLSTM

AP 92.65 92.65 92.30 92.30
(SO) (SO) (BB) (BB)

AU 91.44 88.59 90.49 88.45
(sw) (EL) (CV) (VI)

BB 87.58 52.42 91.32 92.05
(TG) (M1) (EL) (SO)

BE 89.95 91.63 90.35 86.20
(CP) (SO) (DV) (JW)

BK 87.40 51.20 91.75 91.75
(SW) (OP) (DV) (DV)

cp 91.65 91.65 92.15 88.59
(EL) (EL) (SO) (TG)

cs 91.10 91.69 81.43 84.07
(SO) (CP) (TG) (MU)

cv 84.98 89.64 83.26 68.31
(KH) (SW) (BE) (MI)

DV 86.65 90.95 91.55 88.55
(CV) (BB) (BK) (HP)

EL 91.35 90.00 91.80 49.95
(CP) (HP) (SO) (MI)

GE 89.81 92.05 80.79 90.48
(KH) (JW) (TH) (VI)

GR 92.16 90.98 93.12 92.23
(BE) W) (HP) (BB)

HP 91.70 91.70 89.55 49.50
(EL) (EL) (GR) (TH)

IW 91.49 89.94 92.18 90.02
(EL) (M2) (BB) (KH)

KH 92.35 92.90 92.90 86.85
(SO) (BB) (BB) (JW)

MZ 82.59 87.01 86.90 50.61
(GF) (CS) (GR) (MI)

MU 89.75 63.50 89.75 89.30
(M2) (AU) M2) (TG)

MI 85.24 83.73 88.55 93.37
(AU) (TG) (HP) (CV)

oP 90.02 88.63 94.66 87.01
(HP) (BK) (dW) (AU)

oL 84.70 92.16 91.41 91.41
(M2) (SO) (GR) (GR)

SW 91.85 91.59 91.96 84.60
(SO) (CV) (EL) (TG)

e 90.75 90.75 90.45 50.10
(AP) (AP) (CP) (TH)

TH 80.36 85.71 87.50 92.86
(AU) (BB) (GF) (SO)

TG 91.30 49.95 89.60 89.70
(BB) (M1) (DV) (MU)

Vi 86.55 86.45 91.50 82.25
(CV) (SW) (DV) (GF)

Mean 89.01 84.3 89.89 82.02
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4.2 Assessing Distance Metrics for BertSNN

Table 4 shows accuracy scores from the cross-domain sentiment classification model trained on a single most
similar source domain from BertSNN (DocBERT + BiLSTM) based on shifted cosine similarity against two
distance metrics: 1) Manhattan distance, and 2) Euclidean distance. Our default BertSNN model uses shifted cosine
similarity as the similarity metric but we attempt to optimize BertSNN based on other choices of distance metrics
to quantify domain similarity across 25 domains.

Shifted cosine similarity, which measures angular differences between domain representations, consistently
achieves the highest mean accuracy (89.89%) across all the domains. Its focus on directionality allows it to
effectively capture alignment in sentiment patterns, particularly in domains such as office products [OP] (94.66%)
and grocery [GR] (93.12%). Shifted cosine similarity performs well even in domains in which distance metrics
are weaker in such as jewelry & watches [JW] (92.18%) and music [MU] (89.75%). Shifted cosine similarity is a
clear winner in 11 target domains.

Manhattan distance, emphasizing path-length spatial differences, achieves slightly lower overall performance with
a mean accuracy of 88.98%. Nevertheless, it excels in certain domains such as health & personal care [HP]
(91.80%), automotive [AU] (92.35%), and software [SW] (92.43%), thus indicating magnitude differences in
embeddings to be informative. By computing the sum of absolute differences across all dimensions, Manhattan
distance emphasizes equal contributions from all features while avoiding the squaring effect of Euclidean distance.
This characteristic reduces its sensitivity to outliers and makes it particularly effective for high-dimensional data
such as text embeddings. Manhattan distance has demonstrated superior performance for only a handful of domains
(i.e., 5 target domains).

Euclidean distance, which focuses on overall spatial magnitude differences, produces the lowest mean accuracy
(87.82%) among the metrics. However, it has demonstrated strength in specific domains such as musical
instruments [MI] (93.98%) and cell phones & service [CS] (91.10%). As a metric measuring the straight-line
distance between data points in a multidimensional space, Euclidean distance inherently emphasizes the overall
magnitude of differences. However, the Euclidean distance’s sensitivity to large deviations may have limited its
effectiveness in this high-dimensional space, where embeddings are less dense and potentially unevenly
distributed. Its limitations become evident in domains with more complex or overlapping sentiment patterns,
wherein directionality appears to be more critical than magnitude. Euclidean distance is only a clear winner for 3
target domains.

Overall, shifted cosine similarity emerges as the most effective similarity metric for BertSNN, offering superior

performance across a majority of the 25 domains. Thus, we conclude that the most optimal BertSNN is composed
of DocBERT + BiLSTM with shifted cosine similarity, which is henchforth used in all our subsequent experiments.
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Table 4: CDSA accuracy scores of BertSNN (DocBERT + BiLSTM) based on shifted cosine similarity
against two distance metrics (bracket shows the top one most similar source domain to the target domain).

Target - Accuracy (%) .
Domain Cosin | Manhatta | Euclidean
e n
AP 92.30 91.56 84.65

(BB) (GF) (SwW)

AU 90.49 92.35 88.59
(V) (BE) (EL)

BB 91.32 90.76 91.32
(EL) | (KH) (EL)

BE 90.35 89.29 86.2
(BV) (GR) (SW)

BK 91.75 89.15 87.40
(BV) (GR) (SW)

cp 92.15 87.64 87.64
(SO) (SW) (SW)

CS 81.43 87.92 91.10
(TG) (GR) (SO)

cvV 83.26 89.30 84.64
(BE) (EL) (BB)

DV 91.55 91.35 86.05
(BK) (CP) (KH)

EL 91.80 86.65 90.95
(SO) (CV) (BB)

GEF 80.79 87.74 90.81
(TH) (TG) (SO)

GR 93.12 85.43 92.16
(HP) (MI) (BE)

HpP 89.55 91.80 90.65
(GR) (BE) (M2)

W 92.18 91.35 75.23
(BB) (CS) (OP)

KH 92.90 92.90 89.00
(BB) (BB) (BV)

MZ 86.90 86.90 81.93
(GR) (GR) (OL)

MU 89.75 83.75 81.50
(M2Z) (CP) (GF)

M 88.55 88.10 93.98
(HP) (GR) (SW)

op 94.66 88.63 94.66
W) | (BK) (W)

oL 91.41 87.77 84.70
(GR) (EL) (M2)

91.96 92.43 88.62

W (EL) | (cP) (M2)
e 90.45 86.02 84.65
(CP) (w) (GF)

TH 87.50 84.45 87.50
(GF) (CP) (GF)

TG 89.60 91.25 90.00
(DV) (GF) (EL)

VI 91.50 90.05 91.50
DV) | (BK) (DV)

Mean 89.89 88.98 87.82
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4.3  Comparing BertSNN Against Baselines

Table 5 summarizes the accuracy scores from the cross-domain sentiment classification model trained on a single
most similar source domain from our most optimal BertSNN model (DocBERT + BiLSTM) against two other
traditional baseline methods: 1) TF-IDF, and 2) Bag-of-Words (BOW).

Table 5: CDSA accuracy scores of BertSNN (DocBERT + BiLSTM) against two domain similarity scoring
baselines (bracket shows the top one most similar source domain to the target domain).

. Accuracy (%)

Target Domain - 5 - oNN" | TF-IDF | BOW
Ap 92.30 84.45 | 92.25
(BB) (GF) (HP)

AL 90.49 87.77 | 89.67
(CV) (BE) (HP)

BB 91.32 90.79 | 89.26
(EL) (KH) (M2)

aE 90.35 90.76 | 86.20
(DV) (GR) (Sw)

" 91.75 5120 | 91.75
(DV) (OP) (DV)

P 92.15 87.64 | 9165
(SO) (SW) (EL)

cs 81.43 86.02 | 69.31
(TG) (GR) (AU)

oV 83.26 8930 | 84.64
(BE) (EL) (BB)

iy 91.55 91.35 | 90.65
(BK) (CP) (BK)

EL 91.80 86.65 | 8855
(SO) (CV) (HP)

o 80.79 8543 | 92.14
(TH) (TG) (GR)

R 93.12 9135 | 9053
(HP) (CS) (GF)

P 89.55 91.80 | 8955
(GR) (BE) (GR)

W 92.18 9125 | 7523
(BB) (CS) (OP)

- 92.90 9290 | 49.75
(BB) (BB) (TH)

Mz 86.90 86.90 | 86.90
(GR) (GR) (GR)

MU 89.75 88.10 | 91.00
(M2) (CP) (BK)

" 88.55 87.05 | 80.72
(HP) (GR) (OP)

op 94.66 88.63 | 83.76
(W) (BK) (TG)

oL 91.41 9156 | 88.92
(GR) (EL) (BB)

91.96 9243 | 8334

SW (EL) (CP) (GF)
0 90.45 89.05 | 88.75
(CP) (CS) (KH)

H 87.50 8929 | 94.64
(GF) (CP) (SW)

e 89.60 83.75 | 5050
(DV) (GF) (OP)
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Vi 91.50 49.35 90.05
(DV) (TH) (BK)
Mean 89.89 85.79 84.39

BertSNN demonstrates superior performance across most domains, with its mean accuracy of 89.89%
outperforming TF-IDF (85.79%) and BOW (84.39%). The result emphasizes the effectiveness of the
contextualized embeddings in BertSNN, which are better equipped to capture the semantic and syntactic nuances
of the text across domains. BertSNN consistently excels in a majority of the target domains (i.e., 14 target
domains). The baseline models, while trailing in overall performance, offered competitive results in specific target
domains. TF-IDF is a clear winner in only 6 target domains and generally outperforms BOW. BOW, on the other
hand, exhibits exceptional performance only in 3 target domains. The result demonstrates that traditional
representations may still be advantageous in scenarios where simple lexical patterns dominate. Therefore, we can
conclude that CDSA performance increases with the use of text embeddings that are semantically-richer for
domain similarity scoring, an observation that is consistent with [25].

Our results also reveal challenges in 3 target domains in which BertSNN vyields comparatively the lowest
performance. For instance, BertSNN selected beauty [BE] as the top one most similar domain to computer & video
games [CV] and CDSA’s low accuracy (83.26%) could be explained by the counterintuitive source-target domain
match. The two other counterintuitive source-target domain matches are observed for gourmet food [GF] and tools
& hardware [TH]. These two source-target domain matches are symmetrical, which indicate these two domains
are ill-matched as being “similar” by BertSNN as evidenced by CDSA’s low accuracy scores. One possible
explanation could be these domains contain domain-specific words that are out-of-vocabulary (OOV) words in the
pre-trained BERT models, thus causing the similarity matching between domains to be dominated by domain-
independent words.

Overall, our results support the hypothesis that contextualized embeddings, as employed in BertSNN, are more
effective for cross-domain sentiment classification than traditional vector-based methods (BOW and TF-IDF), an
observation that is similar with [21] and [25], which examined other contextualized embeddings (e.g., ELMo and
autoencoder representations). The ability of BertSNN to adapt to domain shifts and capture deeper relationships
between domains underlines its potential for real-world applications. However, the performance gaps observed in
certain challenging domains indicate the need for additional research into finetuning contextualized models for
domain-specific adaptation.

4.4 Single Source Domain (SSD) Versus Multiple Source Domains (MSD)

Our earlier experiments utilize only a single most similar source domain (k = 1) selected by BertSNN for cross-
domain sentiment classification model evaluation. We extend our experiments to test if selecting a greater number
of top most similar source domains to train the cross-domain sentiment classifier for a target domain would yield
better performance. From Table 6, the evaluation of cross-domain sentiment classification using a single most
similar source domain (k=1) and the top five most similar source domains (k=5) reveals several important insights
into the impact of leveraging multiple source domains. Across the 25 target domains, the results consistently
demonstrate that incorporating information from multiple similar source domains enhances performance, as
evidenced by an mean accuracy improvement from 89.89% (k=1) to 92.77% (k=5).

The most significant gains are observed in the challenging domains, whereby the model performance on these
target domains using only a single most similar source domain shows poor performance because of counterintuitive
source-target domain matches. Apparently, the effect of these “similarity” mismatches could be reduced by adding
more similar source domains to train the CDSA classifier for a target domain. For example, in computer & video
games [CV], accuracy increases dramatically from 83.26% (k = 1) to 90.88% (k = 5), an improvement of 7.62%.
Similarly, gourmet food [GF] benefits from an increase in accuracy from 80.79% (k = 1) to 92.30% (k = 5), an
improvement of 11.51%. These findings emphasize the benefit of leveraging multiple similar source domains to
capture diverse sentiment patterns, especially in complex or less predictable domains.

Even in high-performing target domains, leveraging multiple source domains further boosts accuracy albeit having
smaller increments. For instance, in baby [BB], accuracy improves from 91.32% (k = 1) to 94.37% (k = 5), while
grocery [GR] increases from 93.12% (k = 1) to 94.82% (k = 5). These results highlight adding more similar source
domains (i.e., 5 similar source domains) continues to add value in model training for a target domain, even when
a single most similar domain already provides high performance.

Interestingly, certain domains exhibit minimal or no improvement. One such example is outdoor living [OL],
whereby accuracy remains constant at 91.41% between k = 1 and k = 5. This suggests that additional source
domains contribute little to none when a single most similar domain is already highly representative of the target
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domain. Unexpectedly, a slight accuracy decrease is observed in office products [OP], from 94.66% (k = 1)
to 92.58% (k = 5). This may indicate possible redundancy or noise introduced by unrelated source domains in this
specific case.

Finally, our results strongly suggest that using k = 5 is generally more effective than k = 1 for cross-domain
sentiment classification. The mean accuracy improvement of 2.88% across all domains highlights the benefit of
utilizing diverse similar source domains to enhance robustness and accuracy. However, careful domain selection
is crucial to avoid potential issues, such as unwanted noise, which may arise as source domains become more
dissimilar to a target domain. We found the most optimal k is not necessarily the same across all target domains,
an interesting discovery that would require further research in the future.

Table 6: CDSA accuracy scores between SDD (k = 1) and MSD (k = 5) based on BertSNN.

Accuracy (%)
Target BertSNN (DocBert + BiLSTM +
Domain Cosine)

K=1 K=5

AP 92.30 93.45
AU 90.49 90.90
BB 91.32 94.37
BE 90.35 93.30
BK 91.75 93.05
Ccp 92.15 93.85
Cs 81.43 93.35
cv 83.26 90.88
DV 91.80 94.35
EL 91.55 92.90
GF 80.79 92.30
GR 93.12 94.82
HP 89.55 93.05
Jw 92.18 93.50
KH 92.90 93.00
MZ 86.90 91.12
MU 89.75 91.70
MlI 88.55 93.37
OP 94.66 92.58
oL 91.41 91.41
SW 91.96 93.21
SO 90.45 93.30
TH 87.50 91.07
TG 89.60 92.20
VI 91.50 92.25
Mean 89.89 92.77

50 CONCLUSION AND FUTURE WORK

Our study highlights the efficacy of leveraging a Siamese neural network architecture for selecting the most similar
source domain(s) to improve cross-domain sentiment classification performance. Our best performing BertSNN
model, which integrates document-level embeddings (DocBERT) with BiLSTM and shifted cosine similarity,
achieves a mean accuracy of 89.89% across 25 target domains, significantly outperforming traditional baseline
methods such as Bag-of-Words (BOW) and TF-IDF, by at least 4%. This underscores the advantages of contextual
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embeddings combined with sequential pattern recognition in capturing complex linguistic features and semantic
relationships, which traditional methods struggle to address.

Our experimental results reveal the versatility of BertSNN, which performed consistently well across a variety of
domains including the challenging ones. Additionally, the model demonstrates robust adaptability when trained
with source domains of varying class distributions, further affirming its suitability for diverse real-world scenarios.
These findings demonstrate BertSNN’s ability to significantly enhance CDSA by selecting optimal source domains
for knowledge transfer to a target domain. Our study employs the performance metric from a specific classification
task (i.e., cross-domain sentiment classification) as a proxy to measure BertSNN’s domain similarity scoring
performance. A more direct and task-independent metric to evaluate BertSNN’s domain similarity scoring
performance could be developed in the future.

Future work can also explore the capability of BertSNN in several possible directions. First, incorporating hybrid
models that fuse BiLSTM with attention mechanisms or transformer-based architectures may enhance the model's
ability to capture long-range dependencies and improve domain similarity scoring. Second, performing systematic
experiments to uncover the most optimal number of similar source domains (k) to select based on a sizeable set of
target domains could contribute to the development a set of heuristics or best practices for practitioners. Third,
expanding the evaluation of BertSNN to a wider variety of data sources will help test the generalizability of
BertSNN across a greater number of complex, real-world scenarios. For instance, future work could test BertSNN
trained on product reviews to analyze sentiment on social media posts revolving around mentions of particular
product domains.
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