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Text sentiment classification is a fundamental sub-area in natural language processing.
The sentiment classification algorithm is highly domain-dependent. For example, the
phrase “traffic jam” expresses negative sentiment in the sentence “I was stuck in a
traffic jam on the elevated for 2 h.” But in the domain of transportation, the phrase
“traffic jam” in the sentence “Bread and water are essential terms in traffic jams” is
without any sentiment. The most common method is to use the domain-specific data
samples to classify the text in this domain. However, text sentiment analysis based
on machine learning relies on sufficient labeled training data. Aiming at the problem
of sentiment classification of news text data with insufficient label news data and the
domain adaptation of text sentiment classifiers, an intelligent model, i.e., transfer learning
discriminative dictionary learning algorithm (TLDDL) is proposed for cross-domain text
sentiment classification. Based on the framework of dictionary learning, the samples
from the different domains are projected into a subspace, and a domain-invariant
dictionary is built to connect two different domains. To improve the discriminative
performance of the proposed algorithm, the discrimination information preserved term
and principal component analysis (PCA) term are combined into the objective function.
The experiments are performed on three public text datasets. The experimental results
show that the proposed algorithm improves the sentiment classification performance of
texts in the target domain.

Keywords: transfer learning, text sentiment, cross-domain, intelligent model, sentiment classification

INTRODUCTION

News media platforms and various social media platforms produce a large amount of content
every day, including a large number of comments generated by network users. These views and
opinions often potentially express their feelings or sentiments. How to exploit users’ sentimental
information and analyze their sentimental tendency from these massive comment data has potential
application value in many aspects. For example, government departments analyze users attitudes
toward specific events and topics, grasp public opinions, and keep abreast of public opinion to
make appropriate decisions. Commercial enterprises can keep abreast of the market’s reputation
by evaluating the relevant content of goods and services, to further improve the quality of their
products and services.

Sentiment analysis, also known as sentiment classification, is the field of study that analyses
the opinions, views, and sentimental attitudes that people display in texts (Wen et al.,, 2020;
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Birjali et al, 2021). Conventional sentiment classification
methods are roughly grouped into sentiment dictionary methods
and machine learning methods (Zhang et al, 2018; Ahuja
et al,, 2019). The classification method based on sentiment
dictionary mainly uses a manually collated and constructed
sentiment dictionary library. The sentiment score of the text is
then calculated according to the predetermined rules. Finally,
the results of sentiment classification can be obtained based
on the obtained sentiment score. There are several obvious
shortcomings in the classification method based on sentiment
dictionaries. The accuracy of classification results depends on
the size of the whole sentiment dictionary resources. When the
number of dictionary resources is not large enough, the accuracy
of classification results is often not high. In addition, such
methods are also difficult to deal with the implied sentimental
content. The core of the machine learning methods is the
effective feature extraction and classifier. By constructing the
feature set, the classifier is trained on the feature set of the
training set, and the sentiment label is output for the unlabeled
text. In recent years, the commonly used algorithms for text
sentiment analysis and text classification include deep learning
(Chen et al,, 2020; Zhang et al., 2020), decision tree (Almunirawi
and Maghari, 2016), support vector machine (Ahmad et al,
2017), sparse representation (Unnikrishnan et al., 2019; Gu
et al.,, 2020), KNN classifier (Bozkurt et al., 2019), Naive Bayes
(Alshamsi et al., 2020), fuzzy logic (Chaturvedi et al., 2019), and
extreme learning machine (Lauren et al., 2018; Waheeb et al,
2020).

However, machine learning methods depend on a large
number of high-quality label texts, and the manually labeled
samples obviously cannot fully meet the needs of sentiment
analysis. The expression of sentiment in a text is closely
related to the described semantic concept (domain), and the
description of sentiment in different domains differs significantly.
The distribution of data characteristics in different fields
is also different. In this case, directly using the classifiers
trained in other domains for text sentiment analysis will lead
to the poor adaptability problem. For example, the word
“unpredictable” expresses the positive sentiment in literary
and artworks, such as “This movie is both exciting and
unpredictable! The film is worth seeing!” but in the field
of electronic, the word “unpredictable” expresses the negative
sentiment, such as “Even if the power is maintained, it is
unpredictable. It’s terrible!” As another example, the words
“excellent” and “horrible” appear in both domains of electronic
and literary works, but “high resolution” and “run fast” rarely
appear in the field of literary works, and “printed well” rarely
appears in the field of electronic products. Therefore, it is
inappropriate to directly use the sentiment classifier trained in
the electronic domain to predict the sentiment of comments in
the literary works domain.

Recently, the research on cross-domain sentiment classifiers
using transfer learning technology becomes a research hotspot
(Meng et al., 2019). Transfer learning is a machine learning
technology that extracts knowledge from the source domain
(the similar but different domain) and applies it to the target
domain (the current domain) (Jiang et al, 2020, 2021). The

common transfer learning algorithms include sample-based
algorithms and feature space-based algorithms (Fu and Liu, 2021;
Zhao et al., 2021). The former includes feature selection and
feature projection. The sample-based algorithm mainly selects
the samples that are valuable for the classification of the target
domain from the source domain. To reduce the impact of
negative transfer, Gui et al. (2015) developed a negative transfer
detection algorithm. This algorithm detected multiple quality
levels and retained the high-quality samples. Chen et al. (2010)
developed a combined feature level and instance level transfer
learning algorithm. This algorithm combined the samples from
different domains by evaluating the classification performance in
the target domain. Tian et al. (2019) developed an instance-based
algorithm for imbalanced cross-linguistic viewpoint analysis.
This algorithm translated other relevant markup datasets into the
target domain as the supplementary training data.

Feature space-based transfer learning methods include feature
selection and feature projection (Xia et al., 2013). The purpose of
feature selection is to find the shared features between different
domains through some strategies; and then use these features
for knowledge transfer. The feature projection strategy maps the
features of each domain into a shared feature representation
space and establishes the association between the features of each
domain. The difference between feature projection and feature
selection is that the projected features are not among the original
features, but new features. Wu and Tan (2011) developed a two-
stage transfer learning sentiment classification algorithm. In the
“bridge-building” stage, a bridge between different domains was
built to obtain some of the most reliable labeled texts in the
target domain. In the “structure following” stage, the internal
structure was adopted to label the texts by using the obtained
reliable texts. Du et al. (2020) developed a Wasserstein-based
transfer network. This algorithm also used a recurrent neural
network to capture useful features. Lopez et al. (2019) developed
an evolutionary ensemble algorithm for text sentiment analysis.
This algorithm was built on a set of evolutionary algorithms.
The optimization of the model was achieved by optimizing each
sub-algorithm. Wang et al. (2018) developed a measure index
called sentiment-related index to measure associations between
different domains, and then used this index as a bridge between
different domains of features. Tang et al. (2021) developed a
graph domain adversarial transfer network for text sentiment
classification. This algorithm used a gradient reversal layer
to obtain the domain-invariant text features and adopted a
projection mechanism to obtain the domain-independent feature
representations. Fei et al. (2020) developed a deep learning
structure-based transfer learning algorithm, which combined the
cross-entropy and weighted for word into the recurrent neural
network framework.

Dictionary learning plays a key role in sparse representation
and low-rank modeling. The basic operation in sparse
representation is called “sparse coding” which involves
reconstructing the data representation using a sparse set of
constructive blocks (called “atoms”), and the atoms are clustered
in a structure called a “dictionary” (Gu et al., 2021; Ni et al,,
2021). Therefore, the dictionary learning algorithm has data
self-adaptability, which aims to learn a series of basic atoms
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from the dataset to linearly approximate the given data. Since
dictionary learning learns a set of atoms to obtain discriminative
feature representation, it performs well in classification tasks.
In this study, I develop a transfer learning discriminative
dictionary learning (TLDDL) algorithm for cross-domain text
sentiment classification. Considering the distribution difference
between different domains, I adopt the subspace technology to
project all samples into a subspace. In the common subspace,
a domain-invariant dictionary is built to connect different
domains. Moreover, the discrimination information preserved
term and PCA term are embedded into the objective function,
so that the performance of TLDDL for classification tasks
across domains is enhanced. TLDDL learns all parameters in an
alternating iteration manner. By comparing several non-transfer
learning and transfer learning algorithms on toutiao-text (Zhang
et al.,, 2021), Chinese Weibo (Bai et al., 2020), and Amazon
review (Pan et al., 2010) datasets, one can draw that the TLDDL
algorithm is efficient.

The rest of this paper is organized as follows: the next section
presents dictionary learning. The proposed TLDDL algorithm
and its optimization are described in section “Transfer Learning
Discriminative Dictionary Learning Algorithm”. Experimental
results are given in section “Experiment.” Finally, section
“Conclusion” concludes the paper.

BACKGROUNDS

Given a data matrix Y, the dictionary learning algorithm
attempts to learn the dictionary D so that the data Y can be
approximately linearly expressed as Y ~ DS. Dictionary learning
can be represented as,

argmin || Y-DS ||%,
& D,S F (1)

st VL | sillo< T,

where T; is the given threshold. S is the sparse coding matrix.

The constraints are used to constrain the complexity of the
dictionary matrix. Dictionary learning can also be represented
as the following optimization problem, where the constraints are
replaced as well as the objective function,

rg’i? lI'sillo,i=1,..,n

st. || Y-DS ||3< s, (2)
I dill3<1,j=1,...K

Where || - ||o represents the 0 norm of the vector. n and K are
the number of training samples and atoms, respectively. It is
difficult to optimize the 0 norm in Equations 1, 2, so the 1
norm is commonly used in dictionary learning. For the above
optimization problem, after the transformation of the Lagrange
equation, Equation 1 can be represented as follows,

Iglg || Y-DS ”%7 +r ” Si ||151= la w1

(3)
st |djl3<1,j=1,..,K

It is easily can be seen that dictionary learning minimizes the
reconstruction error || Y-DS ||%, while the 1 norm of sparse

coding s; is as small as possible, that is, the sparsity of S is as
strong as possible. \ is the trade-off parameter. The optimization
process of dictionary learning generally includes two alternating
iterative steps, one is to solve sparse coding S, and the other is to
solve dictionary D. The optimization problem of sparse coding
Sis

n};’i? | Y-DS |2 +X | sill,i=1,..,n (4)

And the optimization problem of dictionary D is

min || Y-DS |3,
D,S (5)
st ldjl3<1,j=1,...K

By alternately optimizing the above problems until convergence,
the optimal D and S can be obtained. For the sample y on the test
set, the corresponding sparse coding can be obtained by solving
Equation 4, and then the classification is performed using the
obtained sparse coding.

TRANSFER LEARNING DISCRIMINATIVE
DICTIONARY LEARNING ALGORITHM

Objective Function

It is known that when there are few domain-invariant features
between different domains, the cross-domain classification
performance will decline. To extract as sufficient domain-
invariant features as possible and reduce their differences
between different domains, the TLDDL algorithm uses the
dictionary learning model to learn a domain-invariant dictionary
as a bridge to realize the association of the two domains. The
source domainis Ys = {y 1, ¥; 25 ---» ¥s., }, and the target domain
isYr = {y; 1, Vios oo yt,m}, where n; and n; are the number of the
source domain and the target domain, respectively.

Firstly, I use the k-nearest neighbor knowledge to represent
the local structure and label information of the original data.
I think that if the sample y; is in the k-nearest neighbor of
its same-class sample y;, then the corresponding sparse coding
coefficients s; and s; for y; and y; should also be closer to each
other. On the other hand, it is necessary to minimize the within-
class variance and maximize the between-class separability for the
sparse coding coefficients.

Given the training samples y; and y;, the following within-

class graph matrix E"* and between-class graph matrix E? are
defined as

wit _ | €Vi ¥))s i ¥i € Nuie(y)) ory; € Nuie(y;)
e = . (6)
J 0, otherwise

(7)

obet — [ —e(y;, Yj)’ ify; € Nbet(Yj) ory; € Nper (v;)
Y 0, otherwise

where e(y;, ;) = exp(— || y; —y; 1% /6), 6 is the tune parameter.
Nyit(y;) is the k-nearest neighbors of y; belonging to the same
class, and Ny, (y;) is the k-nearest neighbors of y; belonging to
the different class.
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Considering the within-class minimizing and between-class
maximizing of sparse coding coeflicients, I define the following
discrimination information preserved term F;(S;) in the source
domain,

ng  Ns
. 1 i
Fi(S) =ming, 13> [ 'sei— s I3 (EV — EV¥)

i=1j=1 (8)
=Tr(SLY*ST)—Tr(SLbe'sT)

=Tr(S:Q,S]).
where Q, = L — LY, Tr( - ) is the trace operator.

Similarly, I can obtain the discrimination information
preserved term F; (S;) in the target domain,

ny 1y

Fi(S) =min 330> llsei—sjll3 (B — Er)
t i=1j=1
; 9
=Tr(SiLy"'S])—Tr(S;LI'S)) ©)
=Tr(8,:QS),

where Q, = L‘tm — Ltb” .

When reconstructing the projection space, the proposed
transfer learning algorithm not only needs to establish potential
connections between multiple domains in the projection space,
but also transfers the domain-invariant information from the
source domain to the target domain. Meanwhile, TLDDL should
also retain the identification information of label samples and
maintain the discriminative information in the projection space.
To achieve this goal, I establish the principal component analysis
(PCA) term of the projection matrix. Based on the PCA criterion,
the discrimination information in the original space will be
retained in the projection space. The PCA terms of the projection
matrix on the source and target domains are represented as

F(P) = max Tr(PY,Y!PT), (10)

F>(P;) = max Tr(PY,Y/P]), (11)
t

where P, P; € RP*4, pand d are the dimensions of the projection

subspace and original feature space, respectively.

Based on the traditional dictionary learning algorithm,
TLDDL combined the discriminative information preserved
terms and PCA terms of the projection matrix together, and
builds a domain-invariant dictionary between different domains.
The objective function of TLDDL is

- T T T
b o I PsYS = DSs 13 + || PrY{ — DSt |15 +3Tr(SQ,S)

+3Tr(S:Q,ST)
—YTr(PY Y] PO —yTr(P Y, Y/ P[) + B || S I3
+B 1 St 13,
st | di 3= 1,
PIp, =1,
Prp =1,
(12)
where 8, y and p are trade off parameters.
For Equation 12, the first and second terms inherit the
dictionary learning algorithm and are used to reconstruct the

data in the source and target domains. These two terms are
also domain-invariant dictionary learning terms to realize the
connection of knowledge between different domains. The third
and fourth terms are discriminative information preserved terms.
The fifth and sixth terms are PCA terms of the projection
matrices. The last two terms are the regularization terms of the
sparse coding matrices.

Optimization

Y o S; 0 Q0
Let P=[P,P], Y= ° S=1C Q= .|
wr=mr = ghs=[ig ) e[
Equation 12 can be simplified as,

min | PYT — DS |2 +Tr(S(3Q + BDST) — yTr(PYYTPT),

st |l di [3<1, Vi
PTp =1,
(13)
The alternating iteration method is used to optimize variables
{P, S, D}. In the optimization process, other variables are fixed
and only one variable is optimized.

TABLE 1 | Accuracy resullts for each cross-domain task on Chinese corpus.

Tasks K-SVD ARTL DMTTL SMITL WAAR SFA TLDDL
Sto—Cul 62.31 66.18  66.64 66.35 68.89 68.63 70.64
Sto—Ent 77.69  80.02 81.01 81.14  83.03 8359 85.58
Cul—Ent 77.05 80.54  80.90 816556 8203 83.06 85.05
Cul—Edu 7872 8237 81.39 83.85 84.87 84.79 86.76
Ent—Spo 85.07 89.34  88.40 90.99 9185 91.98 93.89
Ent—Edu 7715 80.13  81.08 81.91 83.99 8359  85.51
Spo—Wor 64.00 67.62 67.64 68.08 69.06 70.01 72.01
Spo—Gam  82.04 8546  85.02 86.37 87.86 88.02 90.03
Fin—Car 85.08 88.59  88.59 89.94 90.15 9112  93.02
Fin—Agr 7833 81.89  82.08 81.76  83.22 84.40 86.42
Hou—Wor 63.11 6729 67.67 6715 69.13 69.72 71.77
Hou—Fin 58.04 60.29 61.13 62.08 63.71 63.93 66.05
Car—Tec 79.18 83.13  83.40 84.84 8500 8582 87.87
Car—Gam 8228 8578  86.82 87.61 87.33 88.22 90.21
Edu—Tec 79.02 8214  82.89 83.78  84.04 8534 87.32
Edu—Sto 6129 6554 6591 65.00 67.70 67.45 69.43
Tec—Wor 63.30 67.32 67.56 68.43 69.47 69.82 71.87
Tec—Mil 78.07  81.65 81.09 82.97 8328 8410 86.02
Mil—Sto 60.19 64.39  64.85 65.04 66.93 66.85 68.97
Mil—Agr 7510 79.58  79.28 80.94 81.16 82.05 84.05
Wor— Mil 78.60 81.21 82.92 83.97 84.67 84.67 86.66
Wor—Cul 63.06  66.65 66.12 67.65 68.60 69.00 71.03
Agr—Fin 5829  62.91 62.06 63.74 6418 064.76 66.78
Agr—Sto 60.29 64.39 64.18 65.98 66.10 66.87 68.88
Gam—Spo 85.05 89.56  89.93 89.10  91.72 9143 9347
Gam—Car  84.17  88.07 88.85 89.80 90.94 90.92 92.79
Mean 7294  76.62 76.82 77.69 78.81 79.24  81.23

The best classification results are indicated in bold in Table.
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Fixed{S, D}, the optimization problem of parameter P can be
written as,

min | PYT — DS |2 —yTr(PYYTPT),

. (14)
s.t. PPY =1.
Following the Proposition (2) in Shekhar et al. (2013), let
P=(YW)', (15)
D = PYC, (16)
where W € RUstm)xp ¢ ¢ Ritstn)x K
Equation 14 can be written as,
: T 2 T T
m“lfn | W MI—CS) [z —yTr(W MM' W), 17
17
s.t. WMWT =1
whereM = YT Y.
Then W has a closed-form solution as,
w=oev 2T, (18)
TABLE 2 | Precision resullts for each cross-domain task on Chinese corpus.
Tasks K-SVD ARTL DMTTL SMITL WAAR SFA TLDDL
Stor—Cul 68.13 72.23 72.69 72.26 75.03 74.64 76.68
Stor—Ent 77.74 80.09 81.05 81.34 82.84 83.58 85.54
Cul—Ent 76.81 80.31 80.81 81.51 82.34 83.17 85.37
Cul—Edu 76.67 80.54 79.51 81.92 82.64 82.64 84.44
Ent—Spo 85.15 89.10 88.47 90.90 91.70 92.04 94.10
Ent—Edu 75.09 78.09 79.16 79.89 81.99 81.54 83.41
Spo—Wor 64.07 67.61 67.38 68.02 69.14  69.92 71.96
Spo—Gam 84.25 87.46 87.17 88.46 90.04  90.09 92.35
Fin—Car 85.29 88.53 88.48 90.06 90.15  91.01 93.22
Fin—Agr 78.34 81.98 82.04 81.87 83.25 84.66 86.38
Hou—Wor 63.03 67.21 67.41 67.21 69.11 69.79 71.81
Hou—Fin 57.99 60.35 61.15 62.14 63.57 63.92 66.03
Car—Tec 79.01 83.19 83.41 84.59 85.10 85.94 87.70
Car—Gam 84.34 87.67 88.94 89.78 89.48 90.36 92.15
Edu—Tec 78.95 82.21 82.98 83.75 84.01 85.56 87.50
Edu— Stor 59.32 63.46 63.67 62.76 65.85 6547 67.20
Tec—Wor 63.17 67.02 67.58 68.28 69.52  70.01 71.71
Tec—Mil 81.03 84.71 8417 8594 86.34 87.14 89.17
Mil—Sto 58.34 62.22 62.95 63.25 65.15 64.84 67.03
Mil—Agr 75.16 79.26 78.96 80.94 80.95 82.08 83.87
Wor—Mil 81.47 84.09 85.92 87.06 87.61 87.65 89.88
Wor—Cul 62.96 66.71 66.30 67.53 68.87  68.95 71.28
Agr—Fin 58.43 62.96 61.95 63.67 64.40 64.94 67.02
Agr—Sto 60.14 64.39 64.14 65.99 65.94 66.74 68.88
Gam—Spo  85.05 89.45 89.71 89.01 91.83 91.61 93.27
Gam—Car 84.10 88.10 88.87 89.82 90.86 90.81 92.96
Mean 7323 76.88 7711 7800 79.14 79.58 81.57

The best classification results are indicated in bold in Table.

where M = ®VO, and U can be obtained as,
min Tr(UTHTU),
v (19)
st.UTU =1,
where H = V20T ((I-CS)(I-CS)T — yI)OV'/2. Due to the
orthonormality condition on U, Equation 19 has a closed-form
solution. Therefore, P can then be updated by Equation 15.

Fixed{P, S}, the optimization problem of parameter D can be

written as,
mDin | PY — DS |13,

(20)
st [l d; I5< 1.
Using the Lagrange dual method, D can be obtained as,
D = (PYST)(ss” + A) 71, (21)

where A is a diagonal matrix.
Fixed {P, D}, the optimization problem of parameter S can be
written as,

min || PY" — DS [t +Tr(S(Q + pDS"), (22)
By setting the derivative of S to zero, I get,
D'DS + S(3Q + pI) = DTPY. (23)

In this study, Equation 23 is solved by the Bartels-Stewart method
(Kleinman and Rao, 2003).
The above optimization steps are summarized in Algorithm 1.

ALGORITHM 1 | Algorithm 1 the TLDDL algorithm.

Input: Training data Y and Yy;

Output: dictionary D, projection matrix P and P;

Step 1. Initialize D and S using the K-SVD algorithm (Aharon et al., 2006);
Step 2. Compute the matrices E and E2*' via Equation 6, 7;

Step 3. Learn P with fixed {S, D} via Equations 14-19;

Step 4. Learn D with fixed {P, S} via Equation 21;

Step 5. Learn S with fixed {P, D} via Equation 23;

Step 6. Go to Step 3 until the convergence or reaching the maximum number
of iterations

Step 7. Output the dictionary D, projection matrix Pg and P;.

Test

For an unlabeled test text y'*', according to the obtained
optimal projection matrix P; and dictionary D, its sparse coding
coefficient s* can be solved by the following problem,

test

min || Py(y")" = Ds" 3 +B || 8" I - (24)

I can obtain s* as follows,
s* = (DDT +p1)~'DTP,. (25)
Then, I compute the reconstruction error of y™' on the

dictionary D = [Dy, D3, ..., Dj], where ] is the number of sample
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classes. The reconstruction error of y*!

D; can be computed as follows,

on the jth sub dictionary

(") =l y* — Djs; 113, (26)
where s is the sparse coding coefficient of y**** on the D;. Finally,

test

the class label of y***" is the class with the smallest reconstruction

error, i.e.,

test) .

label(y"") = min rj(y (27)
j

EXPERIMENT

Datasets and Experiment Setup

The experiment adopts the Chinese corpus (including toutiao-
text and Chinese Weibo datasets) to verify the proposed TLDDL
algorithm. I select 13 categories in Chinese corpus includes:
Story (Sto), Culture (Cul), Entertainment (Ent), Sports (Spo),
Finance (Fin), House (Hou), Car, Education (Edu), Technology
(Tec), Military (Mil), World (Wor), Agriculture (Agr), and Game
(Gam). Each category represents a domain. In addition, the
experiment adopts the English multi-domain dataset Amazon
review dataset, which is often used in cross-domain sentiment
classification. Amazon review dataset includes reviews of DVD,
book (Boo), electronic (Ele), kitchen and household appliance

TABLE 3 | Recall results for each cross-domain task on Chinese corpus.

Tasks K-SVD ARTL DMTTL SMITL WAAR SFA TLDDL
Stor—Cul 76.10 79.95 80.70 80.53 82.62 8269 84.61
Stor—Ent 76.63  79.09  80.00 80.12 82.04 8256 84.43
Cul—Ent 75.99 79.63  79.75 80.56  80.74 81.87 84.28
Cul—Edu 7762 8138  80.41 8259 8392 8391 85.58
Ent—Spo 83.88 8855 87.18 89.76  90.74 9110 92.86
Ent—Edu 76.28 79.21 80.30 80.84 8279 82.62 84.49
Spo—Wor 61.09 6463 64.43 656.19 66.20 66.85 69.25
Spo—Gam  77.01 80.38  80.06 8126 83.13 8295 85.16
Fin—Car 84.25 87.40  87.54 89.15 8898 90.17 92.06
Fin—Agr 77.36 80.86  81.11 80.76  82.14 83.56 85.46
Hou—Wor 6223 66.47  66.83 66.16  68.21 68.91 70.53
Hou—Fin 57.76  60.59  61.32 62.32 63.70 6413 66.11
Car—Tec 7791 8243  82.39 83.81 83.97 84.95 86.62
Car-Gam  77.01 80.72 81.74 82.68 8243 8299 85.04
Edu—Tec 7797 8122 8187 82.57 8290 84.04 86.39
Edu— Stor 63.28 67.53 67.81 67.26 69.59 69.59 71.54
Tec—Wor 60.30 64.38 64.74 656.32 66.53 66.89 68.70
Tec—Mil 74.04  77.75  77.00 79.16  79.47 80.37  81.97
Mil—Sto 61.94 66.26 66.68 67.17 6895 68.81 71.18
Mil—Agr 74.02 78.74 7824 79.96  80.04 81.32 8278
Wor— Mil 74.45 77.42  79.09 80.00 80.47 80.61 8275
Wor—Cul 7713  80.56  80.10 81.83 8270 83.04 85.02
Agr—Fin 58.62  63.11 61.89 63.92 64.17 64.64 66.82
Agr—Sto 59.41 63.66 63.29 6499 6533 6584 67.77
Gam—Spo 8390 8856  88.85 87.92 90.78 90.26  92.36
Gam—Car  83.24  87.01 87.65 88.86  90.07 89.83 91.87
Mean 72.67 76.44  76.58 7749 7856 79.02  80.99

(Kit). Each product also represents a domain. To facilitate
comparison with existing methods, 2,000 comments are selected
respectively, including 1,000 positive comments and 1,000
negative comments. I use 80% texts in the source domain and
10% texts in the target domain as the training dataset, and the
rest of the texts in the target domain are used for testing.

I investigate the performance of TLDDL compared with
several algorithms on two text corpora. For comparison, the
K-SVD algorithm (Aharon et al., 2006) is used as the baseline

TABLE 4 | F1-score results for each cross-domain task on Chinese corpus.

Tasks K-SVD ARTL DMTTL SMITL WAAR SFA TLDDL
Stor—Cul 7250 7591 76.44 76.41 79.09 78.62  80.55
Stor—Ent 7741  79.44  80.54 80.62 82.76 83.06 84.76
Cul—Ent 76.23 79.90 80.44 80.93 82.03 8248 84.70
Cul—Edu 7726  80.97 80.19 82.34 8326 83.34 84.66
Ent—Spo 84563 88.76  87.83 89.94 9134 9197 93.48
Ent—Edu 75.83 7898  79.86 80.40 8217 81.77 84.22
Spo—Wor 62.63 66.18  65.75 66.31 67.89 6852 70.85
Spo—Gam  80.71  83.54  83.34 84.83 86.72 86.40 88.45
Fin—Car 84.83  87.72 87.91 89.61 89.69 90.53 92.68
Fin—Agr 78.08  81.22 81.50 8119 8259 8454  86.02
Hou—Wor 62.93 67.18  66.99 66.93  68.53 69.51 71.01
Hou—Fin 57.92 60.16  61.20 62.57 63.61 63.70 66.05
Car—Tec 78.47 8320  83.05 84.10 8437 85.68 86.75
Car—Gam 80.37  84.15 85.17 86.08 86.00 86.85 88.81
Edu—Tec 78.88  81.77 82.27 82.99 83.17 8490 86.93
Edu— Stor 61.08 65.37 65.34 64.68 67.43 67.60 69.38
Tec—Wor 61.85 65.72 65.87 66.72  68.24 6840 70.33
Tec—Mil 7728 81.46  80.43 82.39 8287 8394 85.73
Mil—Sto 60.14 6429 64.76 64.87 66.86 66.75 69.22
Mil—Agr 7449 7899  78.66 80.76  80.56 81.64 83.01
Wor— Mil 77.81 80.48 8272 83.756  83.89 84.24 86.41
Wor—Cul 69.84 7358 72.86 74.60 75.94 75.60 78.25
Agr—Fin 58.47  63.05 61.76 63.93 64.05 64.87 67.03
Agr—Sto 59.67  64.21 63.51 65.59 65.88 66.34 68.44
Gam—Spo  84.18 89.08 88.98 88.52 9151 90.65 93.07
Gam—Car  83.66 87.58  88.21 89.37  90.50 90.26  92.22
Mean 7296 76.65 76.75 77.71 78.88 79.31  81.27

The best classification results are indicated in bold in Table.

TABLE 5 | Accuracy results for each cross-domain task on English corpus.

Tasks K-SVD ARTL DMTTL SMITL WAAR SFA TLDDL
DVD—Boo 74.44 7676  77.18 78.00 79.95 81.05 8298
DVD—Ele 70.28  72.44 73.30 73.68 74.65  76.01 76.78
DVD—Kit 71.09 73.70 73.79 74.92 75.03 75.67  76.09
Boo—DVD  76.32  79.02 79.20 81.02 82.01 8294 84.74
Boo—Ele 7132  73.41 7412 75.52 7629 77.28 78.07
Boo—Kit 73.64 7636 76.64 78.13 7743 7767 7812
Ele—DVD 73.04  75.78 75.96 77.56 79.02 80.54 81.63
Ele—Boo 70.88 73.88 73.34 75.68 76.67 78.66  80.33
Ele— Kit 83.23  85.61 86.32 87.71 856.39 86.37 87.54
Kit—DVD 7473 77.44 77.04 78.77 79.27  80.14  80.78
Kit—Boo 82.07  84.53 85.11 86.03 86.02 86.90 87.28
Kit—Ele 73.65  75.95 76.59 77.57 78.88 79.67  80.76
Mean 7456  77.07 77.38 78.72 79.22 80.24 81.26

The best classification results are indicated in bold in Table.

The best classification results are indicated in bold in Table.
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TABLE 6 | Precision results for each cross-domain task on English corpus.

TABLE 8 | F1-score results for each cross-domain task on English corpus.

Tasks K-SVD ARTL DMTTL SMITL WAAR SFA TLDDL Tasks K-SVD ARTL DMTTL SMITL WAAR SFA TLDDL
DVD—Boo  74.75 77.65 77.45 78.57 80.26 81.36 83.25 DVvD—Boo  74.08 76.90 77.49 78.03 80.13  80.85 82.89
DVD—Ele 71.03 73.02 73.82 73.96 7528 76.16 77.12 DVD—Ele 70.08 72.18 73.25 73.96 7470 75.72 76.58
DVD—Kit ~ 71.85 73.84 7389 7513 7568 76.32 76.43 DVD—Kit 7154 7313 7366 7507 7481 7571 76.56
Boo—DVD  76.51 79.88 79.45 81.02 82.76  83.71 85.42 Boo—DVD  76.05 79.53 78.79 80.89 82.42 82.84 84.83
Boo—Ele 7218 73.93 74.75 75.58 7715 77.49 78.40 Boo—Ele 71.25 73.94 74.43 75.42 76.43  77.37 77.97
Boo—Kit 73.96 76.83 77.02 78.26 77.82  78.57 78.61 Boo—Kit 73.69 75.84 76.58 78.37 7718  77.68 77.98
Ele~DVD  73.15 7580 76.16 77.77 7985 81.16 81.80 FEle—DVD 7262 7597 7592 7724 7911 8051 81.40
Ele—Boo 71.60 74.16 73.75 75.98 77.42 7897 80.90 Ele—Boo 71.16 73.39 73.77 75.17 76.50 78.57 79.96
Ele— Kit 83.78 85.68 86.84 88.21 85.73 87.06 88.39 Ele—Kit 83.05 85.39 86.34 87.63 84.83 86.56  88.09
Kit—DVD 75.53 77.81 77.28 79.26 79.39 80.85 81.30 Kit—DVD 74.77 77.37 76.77 78.98 79.37  80.09 80.96
Kit—Boo 82.58 84.90 85.62 86.77 86.54 87.26 87.67 Kit—Boo 81.86 84.19 85.30 86.36 86.36 87.12 87.29
Kit—Ele 73.80 76.73 77.05 78.31 79.60 79.86 80.77 Kit—Ele 74.06 76.26 76.83 77.50 79.01 79.94  80.50
Mean 75.06 77.52 77.76 79.07 79.79  80.73 81.67 Mean 74.52 77.01 77.43 78.72 79.24  80.25 81.25
The best classification results are indicated in bold in Table. The best classification results are indicated in bold in Table.

TABLE 7 | Recall results for each cross-domain task on English corpus. grid {102’ 5 % 102’ 2% 104}. In SMITL, the Gaussian kernel is
Tasks K-SVD ARTL DMTTL SMITL WAAR SFA TLDDL used, and the kernel and penalty parameters are set in the grid
DVD—Boo 73.86 76.23 7714 77.30 79.93 80.44 82.69 {10_4, 10_3, ceey 103} In WAAR, the parameter l is set to 600,
DVD—Ele 6948 71.69 72.82 7351 7398 7538 7644  min-support = 0.014, min-confidence = 0.08, and ¢ = 0.005.
DVD—Kit ~ 70.87 7295 7370 7420 7443 7503 76.04 In SFA, the parameters [, k and y are set to 500, 100 and 0.6,
Boo—~DVD 7678 7839 7854 8040 8175 8220 8405  respectively. In the proposed TLDDL, the subspace dimension
Boo—~FEle 7118 7321 7393 7477 7605 77.06  T7.57  ap( the size of dictionary are set to 500 and 300, respectively. The
Boo—Kit 7343 7561 7607 7812 7668 77.36 77.39 parameters 8, 8¢, s, Ve, Bs and Brare set in the grid {0.01, 0.05,...,
Ele—DVD 72.35 75.77 75.81 77.02 78.35  80.02 81.06 . . . .

FomBoo 7087 7338 7390 75.05 7617 77.97 78.97 2}. In the experiments, the dimension of the text word vectors is
Ele—Kit 82.91 85.48 85.55 87.35 84.78 86.15 87.48 set to 300. I take the first 100 text units in each text. Following
Kit-DVD  73.98 7696 76.55 78.70 7894 7941 80.76 (Meng et al, 2019), a convolutional neural network composed
Kit—Boo 8203 8378 8508 8529 8585 86.78 86.68 of five layers is used to extract the text features. The mini-batch
Kit—Ele 7363 7550 76.07 7735 7809 79.66 80.64  gize is set to 16, and the number of convolution kernels is set to
Mean 7420 7658 77.06 7826 7875 79.79 80.87

The best classification results are indicated in bold in Table.

of the proposed algorithm. The size of dictionary in K-SVD
is set to 300. In addition, six transfer learning algorithms are
used, including: ARTL (Long et al., 2014), DMTTL (Zheng et al.,
2019), SMITL (Liu et al., 2018), WAAR (Jia et al., 2018), and
SFA (Pan et al,, 2010). In ARTL, the parameter A\ is set in the
grid {1072,1071, ..., 102}, the parameter y is set in the grid
{0.01, 0.05, 0.1, 0.5, 1.5, 10}, and the parameter o is set in the
grid {0.01, 0.02, 0.1, 0.5, 1, 2, 5}. In DMTTL, the parameters
X, s, At are set in the grid {1074, 1073, ..., 10%}, y is set in the

256. Finally, these vectors are set to 768 dimensions when I treat
them into the training model. All the experiments are executed in
Matlab 2018a environment. I repeat the experiments five times.
The performances of experimental results are generally evaluated
based on accuracy, precision, recall, and F1-score.

Experiments on Chinese Corpus

Tables 1-4 show the classification results on Chinese corpus
based on accuracy, precision, recall, and F1-score, respectively.
For example, task “Stor— Cul” indicates that the source domain
is “Story” and the target domain is “Culture.” In the respect
of classification accuracy, the best average accuracy obtained by
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FIGURE 1 | The accuracy of TLDDL with different size of n¢, (A) Chinese corpus; (B) English corpus.
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TLDDL is 81.23%, followed by SFA, and its average accuracy
is 79.24%. The non-transfer learning algorithm K-SVD is
the lowest. In the respect of precision, recall, and Fl-score,
all transfer learning algorithms are always better than the
non-transfer learning algorithm K-SVD in each classification
task. The proposed TLDDL algorithm also obtains the best
performance. Compared with the second-best algorithm, the
average precision, recall, and F1 score exceed 1.99, 1.97, and
1.96%, respectively. Therefore, the generalization ability of the
proposed TLDDL algorithm is higher. The experimental results
indicate that under the framework of the dictionary learning
algorithm, TLDDL uses the projection technology to reduce the
differences between different domains, and builds a domain-
invariant dictionary to establish a bridge between the related
domains. The transferring discriminative information of the
source domain to the target domain can improve the cross-
domain classification performance.

Experiments on English Corpus

Tables 5-8 show the classification results on the English
corpus based on accuracy, precision, recall, and Fl-score,
respectively. I can see that all transfer learning algorithms
outperform the baseline algorithm K-SVD. Some tasks have high
classification performance, such as DVD— Boo and Boo—DVD.
The reason for the high classification performance is that the
differences between the source domain and the target domain
are similar. Some tasks have low classification performance, such
as DVD—Ele and DVD—Kit. The reason is that the domain-
invariant information transferring from the source domain to the
target domain is insufficient due to the great differences between
domains. The results in Tables 5-8 show that the TLDDL
algorithm obtains the best performance. TLDDL obtains the
classification performance 81.26, 81.67, 80.87, and 81.25% in the
respect of accuracy, precision, recall and F1-score, respectively.
TLDDL is 1.02, 0.94, 0.98, and 1.00% higher than the second-best
algorithm in four evaluation indexes. The results indicate that
joint learning of projection technology and dictionary learning
is an efficient strategy in cross-domain text classification tasks.
In addition, the discrimination information preserved and PCA
terms are helping to improve the generalization of the classifier.

Experiments With Different Training

Samples in the Target Domain

To show the influence of the number of training samples in the
target domain on the proposed TLDDL algorithm, I compare
its classification accuracy on the Chinese and English corpora in
Figure 1. The size of n; is set to be 0, 50, 100, 200, 400, and 500,
respectively. Since the size of n; should be less than that of n;, the
maximum size of n; is set to 500. The results of Sto— Cul and
Fin— Agr on the Chinese corpus are shown in Figure 1A. When
the size of n; is 0, the classification accuracy of the two tasks is
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