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Abstract: Supervised topic modeling algorithms have been successfully applied to multi-label document classification tasks. 
Representative models include labeled latent Dirichlet allocation (L-LDA) and dependency-LDA. However, these models neglect 
the class frequency information of words (i.e., the number of classes where a word has occurred in the training data), which is 
significant for classification. To address this, we propose a method, namely the class frequency weight (CF-weight), to weight 
words by considering the class frequency knowledge. This CF-weight is based on the intuition that a word with higher (lower) 
class frequency will be less (more) discriminative. In this study, the CF-weight is used to improve L-LDA and dependency-LDA. 
A number of experiments have been conducted on real-world multi-label datasets. Experimental results demonstrate that 
CF-weight based algorithms are competitive with the existing supervised topic models. 
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1  Introduction 
 

Latent Dirichlet allocation (LDA) (Blei et al., 
2003) is a probabilistic Bayesian model (Ghahramani, 
2001) used to process discrete data, e.g., text docu-
ment collections. During the past decade, this model 
has been studied extensively and successfully applied 
to various document-related tasks, such as classifica-
tion, clustering, and summarization. Because the 
original LDA model is unsupervised, the develop-
ment of supervised modifications for classification is 
one of the most active topics in topic modeling re-
search. Nowadays, the representative supervised topic 
models include: supervised LDA (Blei and McAuliffe, 

2007), discriminative LDA (Lacoste-Julien et al., 
2008), and maximum entropy discrimination LDA 
(Zhu et al., 2012) for single-label classification; la-
beled LDA (L-LDA) (Ramage et al., 2009), partially 
labeled LDA (Ramage et al., 2011), Dirichlet process 
with mixed random measures (Kim et al., 2012), 
dependency-LDA (Rubin et al., 2012), and depend-
ency frequency LDA (DF-LDA) (Li et al., 2015b) for 
multi-label classification. 

To our knowledge, L-LDA is the first supervised 
LDA model for multi-label document classification. It 
incorporates the supervision, i.e., the class label, into 
the LDA model by first defining a 1:1 correspondence 
between labels and topics, and then constraining each 
document to its pre-assigned label set. Dependency- 
LDA and DF-LDA further extend L-LDA by consid-
ering the label frequency and label dependency. These 
models have achieved competitive empirical results 
against popular discriminative algorithms. However, 
the class frequency information for words—the 
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number of classes where a word has occurred in the 
training data—is neglected. That is, these models are 
concerned mainly about the intra-label word weight, 
but neglect the inter-label word weight, resulting in a 
lack of feature selection. 

To address the problem mentioned above, we 
attempt to add a word (i.e., feature) weight assign-
ment step into the supervised topic models. In this 
study, we weight words by the class frequency, which 
is a more discriminative knowledge classification 
(Guan et al., 2009; Li et al., 2015a). Note that if a 
word occurs only in a few labels (i.e., low-class fre-
quency), it should be discriminative for these labels. 
In this sense, we propose a word weighting method, 
namely class frequency weight (CF-weight), which 
provides low (high) class frequency words with large 
(small) weights. In this study, we use the CF-weight 
to improve L-LDA and dependency-LDA models for 
multi-label document classification. To evaluate the 
performance of the proposed models, a number of 
experiments have been conducted on real-world 
multi-label datasets. Experimental results demon-
strate that the supervised topic models with the 
CF-weight can improve the multi-label classification 
performance. Some important notations are summa-
rized in Table 1. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

2  Background 

2.1  Labeled latent Dirichlet allocation (L-LDA) 

L-LDA (Ramage et al., 2009) is an extension of 
the unsupervised LDA model. To incorporate the 

supervision, it applies a 1:1 correspondence between 
topics and labels, and assumes that each document d 
is restricted to a description by a multinomial distri-
bution θd over labels included in its label set yd, where 
each label c is a multinomial distribution c over 
words. The generative process of L-LDA is shown in 
Algorithm 1. 

During model training, the goal of L-LDA is to 
estimate all C label-word distributions . During the 
testing, L-LDA predicts test documents by estimating 
the document-label distributions θ. Because the label 
sets of the test documents are unknown, L-LDA re-
duces to the unsupervised LDA model during the 
testing. 

2.2  Dependency-LDA 

Recently, dependency-LDA (Rubin et al., 2012) 
further considers the label frequency and label de-
pendency observed in the training data by using an 
asymmetric document-label Dirichlet prior. To cap-
ture the label frequency, dependency-LDA introduces 
a corpus-wide distribution φ over the labels (i.e., a 
power-law distribution of label frequency), drawn 
from a Dirichlet prior β'. For each document d, it 
independently draws Md label tokens from distribu-
tion φ, and then constructs its asymmetric document- 
label Dirichlet prior αd as follows: 

 

,1 ,2 ,,  ,  ,  ,d d d C
d d d d d d d

d d d

N N N

M M M
     
 

    
 



(1) 
where Nd,i is the number of times that label i has been 
sampled from φ, ηd is the scale coefficient, and αd is 
the smoothing parameter. Given the prior αd, the fol-
lowing word generation process is the same as that in 
L-LDA. 
 

Algorithm 1    Generative process of L-LDA 
1    for each label c{1, 2, …, C} do 
2        Sample a distribution over words c~Dirichlet(β) 
3    end for 
4    for each document d{1, 2, …, D} do 
5        Sample a distribution over labels in its label set yd:  
   θd~Dirichlet(α) 
6        for each word wd,n of Nd words do 
7            Sample a label zd,n~Multinomial(θd) 
8            Sample a word wd,n~Multinomial(zd,n) 
9        end for 
10  end for 

Table 1  Notation description 

Notation Description 
D Number of documents 
V Number of words 
C Number of labels 
T Number of topics in dependency-LDA 
z Label assignments 

(α, θ) Document-label Dirichlet-multinomial pair 
in L-LDA 

(β, ) Label-word Dirichlet-multinomial pair 
z′ Topic assignments in dependency-LDA 
c′ Label assignments from  in dependency-

LDA 
(α′, θ′) Document-topic Dirichlet-multinomial pair 

in dependency-LDA 
(β′, ′) Topic-label Dirichlet-multinomial pair in 

dependency-LDA 
(αd, θ) Document-label Dirichlet-multinomial pair 

in dependency-LDA 

 



Zou et al. / Front Inform Technol Electron Eng   2018 19(4):513-523 515

To further capture the label dependencies,  
dependency-LDA assumes that there exist T corpus- 
wide distributions φt of label frequency, referred to as 
a ‘topic’. To construct the asymmetric Dirichlet prior 
αd of each document d, it first samples a document- 
topic distribution θd from a Dirichlet prior α′, and then 
repeats the following process Md times for Md label 
tokens: (1) sampling a topic z′ from θd; (2) sampling a 
label token c′ from topic φz′; (3) finally computing αd 
using Eq. (1). The generative process of dependency- 
LDA is shown in Algorithm 2. 

During model training, the goal of dependency- 
LDA is to estimate all T topic-label distributions φ 
and all C label-word distributions . During the test-
ing, dependency-LDA also predicts test documents by 
estimating the document-label distributions θ. 
 

Algorithm 2    Generative process of dependency- 
LDA 

1    for each topic t{1, 2, …, T} do 

2        Sample a distribution over words φt~Dirichlet(β′) 
3    end for 
4    for each label c{1, 2, …, C} do 
5        Sample a distribution over words c~Dirichlet(β) 
6    end for 
7    for each document d{1, 2, …, D} do 

8        Sample a distribution over topics θd~Dirichlet(α′) 
9        for each label i{1, 2, …, Md} do 
10          Sample a topic z′d,i~Multinomial(θd′) 
11          Sample a label in yd: c′d,i~Multinomial(φz′d,i) 
12      end for 
13      Compute the asymmetric Dirichlet prior αd using 
    Eq. (1) 
14      Sample a distribution over labels in yd: θd~ 
    Dirichlet(α) 
15      for each word wd,n of Nd words do 
16          Sample a label zd,n~Multinomial(θd) 
17          Sample a word wd,n~Multinomial(zd,n) 
18      end for 
19  end for 

 
 

 

3  Weighting the words 
 

Supervised topic models have been successfully 
applied to multi-label document classification 
(Ramage et al., 2009; Rubin et al., 2012; Li et al., 
2015b). However, they neglect the class frequency 
information for words, which is quite significant for 
classification. Taking L-LDA as an example, this 

problem can be described as follows: Given an ob-
served collection, L-LDA will estimate all C label- 
word distributions , which are independent of each 
other. If word v occurs frequently in label c, its value 
for label-word probability φc,v may be large. That is, 
word v will be significant in predicting whether a test 
document belongs to label c. However, if word v also 
occurs frequently in most of the other labels (i.e., 
large class frequency), it is less discriminative. This 
leads to a conflict, and may reduce the accuracy of 
classification. 

To address the problem mentioned above, we 
investigate weighting words in supervised topic 
models. For each word v, we compute its weight value 
based on the class frequency (CF-weight) as 

 

CFW log ,
CFv

v

C 
 

  
 

                 (2) 

 
where CFv is the class frequency of word v, i.e., the 
number of labels where word v has occurred in the 
training data, η is the scale coefficient, and γ is the 
smoothing factor. Two parameters, η and γ, are used to 
tune the influence of the CF-weight. 

A word with a higher (lower) class frequency 
will correspond to a smaller (larger) CF-weight  
(Eq. (2)). This is based on the thinking that a word 
with a higher/lower class frequency will be less/more 
discriminative for classification. For supervised topic 
models, CF-weight can be considered to be the soft 
count of words based on the class frequency. In this 
study, we use the CF-weight to improve L-LDA and 
dependency-LDA. An example of L-LDA is shown in 
Fig. 1. 

3.1  Weighting the words for L-LDA 

CF-weight is used for L-LDA, and then a 
weighted L-LDA (WL-LDA) is proposed. In 
WL-LDA, each word token is weighted by its corre-
sponding CF-weight. 

3.1.1  Model training 

The goal of model training for WL-LDA is to 
estimate all C label-word distributions . Given an 
observed data W, this is achieved by approximating 
the posterior distribution of latent variables p(, θ, z|W, 
α, β). Both variational inference (VI) and the Gibbs 
sampler are used in this study. 
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1. VI 
The basic idea of VI (Blei et al., 2003) is to use 

Jensen’s inequality to approach the tightest lower 
bound on the log likelihood. Toward this goal, it in-

troduces a variational distribution q(, θ, z |   , ,   ):  
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where 
 
and   are Dirichlet parameters, and   is 

the multinomial distribution parameter. The task of 
finding the tightest lower bound on the log likelihood 
can be transformed to maximize the following lower 
bound: 
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where Eq[] is the expectation with respect to the 
variational distribution. A coordinate ascent algo-
rithm is used to maximize the function L with respect 

to the variational parameters  ,  , and  . For each 

document d with the label set yd, two variational pa-

rameters   and   are updated as follows: 
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(5) 
where Ψ() is the digamma function. After the optimal 
  and   are obtained for all the documents, the 

variational parameter   is updated as follows: 
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where f(wd,n) is equal to 1 or 0 depending on whether 
wd,n is equal to v or not. Finally, the label-word dis-
tribution  is calculated for each label c as 
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The VI algorithm for WL-LDA is outlined in 

Algorithm 3. 
 

Algorithm 3    VI for WL-LDA 
1    Initialize: parameters 
2    repeat 
3        for d=1, 2, …, D do 

4             cyd, initialize 
,,

1

ˆ CFW /
d

d n

N

d c w d
n

y 


    

      and , ,
ˆ 1 /d n c dy   

5            repeat 

6                Compute ̂d and ̂d  using Eq. (5) 

7            until convergence 
8        end for 

9        Compute ̂ using Eq. (6) 

10  until convergence 
11  Compute all C  using Eq. (7) 

 
2. Gibbs sampler 
The Gibbs sampler is a kind of Markov chain 

Monte Carlo (MCMC) algorithm. It trains topic 
models (Griffiths and Steyvers, 2004) by sequentially 
updating the latent assignment zd,n for each word 
token. For our WL-LDA model, because the label sets 
of the training data are observed, the update rule of 

Fig. 1  Models of labeled latent Dirichlet allocation
(L-LDA) (a) and weighted L-LDA (WL-LDA) (b) 
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zd,n is derived as follows: 
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where SNd,c and SNd are the number of words with the 
CF-weight assigned to label c and the total number of 
words with the CF-weight in document d, respectively, 
SNc,wd,n and SNc are the number of words v with the 
CF-weight assigned to label c and the total number of 
words with the CF-weight assigned to label c, re-
spectively, and the superscript ‘–n’ is a quantity ex-
cept for the word token in position n. Given the 
burn-in samples, we can obtain a point estimate of the 
label-word distribution  for each label c as 
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The Gibbs sampler for WL-LDA is outlined in 
Algorithm 4. 

 

Algorithm 4   Gibbs sampler for WL-LDA 
1    for each document d do 
2        Randomly initialize the assignment zd according to yd 
3        repeat 
4            for d=1, 2, …, D do 
5                Update zd using Eq. (8) 
6            end for 
7        until convergence 
8        Compute all C  using Eq. (9) 
9    end for 

 

3.1.2  Inference for test documents 

During the testing, WL-LDA predicts unseen 
documents by their document-label distributions θ. 
Because the labels of text documents are unknown, 
each test document is free to sample all the labels. 
Suppose that * is the optimal label-word distribution 
obtained in the training procedure. 

For VI, each test document d is estimated as 
follows: 
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The corresponding document-label distribution 
θd can be obtained by 
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For the Gibbs sampler, each test document d is 

estimated as follows: 
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The corresponding document-label distribution 

θd can be obtained by 
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.

SN
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d c
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3.2  Weighting the words for dependency-LDA 

CF-weight is used for dependency-LDA, and 
then a weighted dependency-LDA (WD-LDA) is 
proposed. Again, in WD-LDA, each word token is 
weighted by its corresponding CF-weight. 

3.2.1  Model training 

The goal of model training for WD-LDA is to 
estimate all C label-word distributions  and all T 
topic-label distributions φ. Given an observed data W, 
it is achieved by approximating the posterior distri-
bution of the latent variables p(φ, , θ′, θ, z′, c′, z|W, β, 
β′, α, α′). In this study, the Gibbs sampler is used to 
learn WD-LDA. Following the original dependency- 
LDA model, we declare some settings for the training: 
(1) Restricting the training document to its own label 
set, the parameter αd is set to 0; (2) In Eq. (1), Md is set 
to the value of |yd|, and Nd,i is set to 1/|yd| or 0 de-
pending on whether iyd or not; (3) For each docu-
ment d, we randomly assign the upper label tokens’ 
cd′ labels included in yd and fix cd′ during training. 

Under the settings suggested above, the asym-
metric Dirichlet prior αd is in fact fixed; thus, the 
distributions  and φ are conditionally independent of 
each other. For the label-word distribution , we se-
quentially update the label assignment of each zd,n 
word token as follows: 
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    (14) 

 
For the topic-label distribution φ, because c′d is 

fixed, we can sequentially update each z'd,i of the Md 
topic assignments as follows: 
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where Nt,c is the number of times that label c has been 
assigned to topic t, and Nt is the total number of labels 
assigned to topic t. 

Given the burn-in samples, the label-word dis-
tribution  is estimated by Eq. (7), and the topic- 
label distribution φ is estimated as follows: 
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3.2.2  Inference for test documents 

During the testing, given the optimal distribu-
tions * and φ* obtained from the training procedure, 
we want to infer the document-label distributions θ 

for unseen documents. Because the labels for test 
documents are unknown, each test document is free to 
sample all the labels. The inference for WD-LDA is 
quite fussy and inefficient. To this end, the fast ap-
proximate Gibbs sampler inference method (Rubin et 
al., 2012) is used in our model. Suppose that Md=Nd 
for each test document d, we state a full cycle update 
process for this fast inference method as follows: 

1. Update the label assignment of word tokens to 
one of the C labels by 
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2. Set the upper label tokens as equal to the 

current label assignments c′d=zd. 
3. Update the topic assignment of the upper label 

tokens to one of the T topics by 
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4. Compute the asymmetric document-label  

Dirichlet prior αd by 
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where θ′d,t=(Nd,t+α′)/(Md+Tα′). 

Finally, each test document d is predicted by es-
timating the posterior distribution θd over labels: 
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3.3  Related work 

There are some works that weighted words in 
topic modeling (Debole and Sebastiani, 2004; Mad-
sen et al., 2005; Guan et al., 2009; Petterson et al., 
2010; Reisinger et al., 2010; Wilson and Chew, 2010; 
Shang et al., 2011; Lee et al., 2015; Li et al., 2015a). 
They used mainly traditional word weighting 
schemes like term frequency-inverse document fre-
quency (TF-IDF) and pairwise mutual information 
(PMI). A spherical topic model (Reisinger et al., 2010) 
uses TF-IDF directly to weight all words and a similar 
word weighting topic model can be found in Madsen 
et al. (2005). The model proposed by Wilson and 
Chew (2010) computes document-level PMI values 
as word weights. In contrast to these models, the 
focus of our model is on multi-label classification, 
and we weight words by the class frequency infor-
mation, which is a more discriminative knowledge in 
classification (Guan et al., 2009; Li et al., 2015a). In 
addition, a recent topic model (Lee et al., 2015) con-
siders word weights by introducing the ‘variance’ 
among topic-word distributions in the model genera-
tive process, and then uses the topic proportions of 
documents as features for document classification. 
The empirical results showed that the model achieved 
a competitive classification performance. However, it 
is a little bit time-consuming since it introduces an 
additional generative step. In our models, only the 
simpler single-labeled setting is considered. 
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4  Experiment 

4.1  Experimental settings 

4.1.1  Dataset 

The proposed models were evaluated on seven 
commonly used multi-label datasets (Machine 
Learning & Knowledge Discovery Group, 2011), 
including medical, enron, rcv1subset1, bibtex, a 
subset of bookmarks, and two subdirectory datasets of 
Yahoo! (arts and health). The statistics of these da-
tasets are outlined in Table 2, including the numbers 
of documents and labels, and the cardinality (i.e., the 
average number of labels per document). 

 
 
 
 
 
 
 
 
 
 
 

4.1.2  Baseline algorithm 

Four baseline algorithms were used: two super-
vised topic-modeling algorithms, L-LDA and  
dependency-LDA, and two discriminative algorithms, 
support vector machines (SVMs) and random 
k-labelsets (RAkLE) (Tsoumakas et al., 2011b). For 
the two discriminative algorithms, the normalized 
TF-IDF representation (Salton and Buckley, 1988) 
was used to encode the documents. 

The settings of all these baseline algorithms are 
given as follows: 

 
 
 
 
 
 
 
 
 
 
 
 

1. For L-LDA, we implemented an in-house 
code using the Gibbs sampler. In our experiments, the 
symmetric Dirichlet priors were used, where α=50/C 
and β=0.01. 

2. For dependency-LDA, we implemented an 
in-house code for the fast inference method. We tuned 
all the parameters according to the suggestions from 
Rubin et al. (2012). The final parameter settings are 
shown in Table 3. 

3. For SVMs, we used the popular LibSVM tool 
(Chang and Lin, 2016) and tuned its parameters by a 
linear search on the set {2i|i=−5, −4, …, 4, 5}. 

4. For RAkLE, the well-known Mulan tool 
(Tsoumakas et al., 2011a) was employed. Following 
the suggestions from Tsoumakas et al. (2011b), the 
size of the labelsets was set to 3, the number of la-
belsets was set to 2C, and the C4.5 decision tree was 
chosen as the base-level algorithm. 

4.1.3  Evaluation metric 

Two popular evaluation methods for multi-label 
classification, the Micro-F1 and Macro-F1, were used 
in our experiments. The F1 metric is the harmonic 
mean of precision and recall. Given the number of 
true positives (TP), true negatives (TN), false posi-
tives (FP), and false negatives (FN), the F1 metric is 
obtained by 

 

2 TP
F1 .

2 TP FP FN




  
                 (21) 

 
Micro-F1 and Macro-F1 are the micro- and 

macro-averaged versions with respect to the F1 met-
ric, respectively. They are used to measure the binary 
prediction performance across labels. Define a binary 
evaluation measure B(TP, FP, TN, FN). Let TPc, FPc,  
 

 
 
 
 
 
 
 
 
 
 
 

Table 2  Statistics of the datasets used

Dataset 
Number of 
documents

Number 
of labels 

Cardinality

Yahoo! arts 7484 26 1.7 

Yahoo! health 9205 32 1.6 

Medical 978 45 1.2 

Enron 1694 53 3.4 

Rcv1subset1 6000 101 2.9 

Bibtex 7395 159 2.4 

Bookmarks 15 000 208 2.0 

Table 3  Parameter settings for dependency-LDA 

Dataset 
Model training Testing 

ηd αd β T β′ α′ ηd αd (sum) α′ (sum)

Yahoo! arts 50 0 0.01 20 1 0.01 100 1 1 

Yahoo! health 50 0 0.01 20 1 0.01 100 1 1 

Medical 50 0 0.01 100 10 0.01 100 1 10 

Enron 50 0 0.01 100 10 0.01 100 1 10 

Rcv1subset1 50 0 0.01 100 10 0.01 100 1 10 

Bibtex 50 0 0.01 200 10 0.01 100 1 10 

Bookmarks 50 0 0.01 200 10 0.01 100 1 10 
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TNc, and FNc be the numbers of true positives, false 
positives, true negatives, and false negatives after 
binary evaluation in terms of the label c, respectively. 
The Micro-F1 and Macro-F1 metrics can be com-
puted as follows: 

 

1 1 1 1

Micro-F1 TP , FP , TN , FN ,
C C C C

c c c c
c c c c

B
   

   
 
     (22) 

  
1

1
Macro-F1 TP , FP , TN , FN .

C

c c c c
c

B
C 

   (23) 

 

Both of them suffice for the higher the better. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

4.2  Comparison with baseline algorithms 

For WL-LDA, we set the two parameters in 
Eq. (2) as η=2 and γ=0.01. The other parameters were 
set the same as those of L-LDA. For clarity, WL-LDA 
estimated by VI and the Gibbs sampler are called 
WL-LDAV and WL-LDAG, respectively. For WD- 
LDA, we set the two parameters in Eq. (2) as η=3 and 
γ=0.01. The other parameters were set the same as 
those of dependency-LDA. 

For all datasets, we generated repeatedly 10 
splits, where each split used 66% of the documents as 
the training data and the rest as the test data. The  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 4  Experimental performance of Micro-F1

Dataset 
Micro-F1 

WL-LDAV WL-LDAG L-LDA WD-LDA Dep-LDA SVMs RAkLE 
Yahoo! arts 0.451 

±0.0039 
0.437 

±0.0019 
0.412 

±0.0059 
0.468 

±0.0014 
0.454 

±0.0031 
0.435 

±0.0025 
0.446 

±0.0121 
Yahoo! health 0.603 

±0.0058 
0.591 

±0.0096 
0.578 

±0.0129 
0.626 

±0.0073 
0.616 

±0.0098 
0.617 

±0.0132 
0.614 

±0.0095 

Medical 0.795 
±0.0108 

0.782 
±0.0091 

0.769 
±0.0139 

0.805 
±0.0125 

0.792 
±0.0174 

0.791 
±0.0102 

0.793 
±0.0121 

Enron 0.393 
±0.0168 

0.401 
±0.0124 

0.381 
±0.0228 

0.523 
±0.0114 

0.514 
±0.0132 

0.526 
±0.0183 

0.554 
±0.0091 

Rcv1subset1 0.257 
±0.0034 

0.248 
±0.0085 

0232 
±0.0101 

0.269 
±0.0028 

0.248 
±0.0084 

0.258 
±0.0045 

0.239 
±0.0095 

Bibtex 0.376 
±0.0065 

0.369 
±0.0103 

0.361 
±0.0085 

0.411 
±0.0021 

0.375 
±0.0025 

0.398 
±0.0046 

0.404 
±0.0068 

Bookmarks 0.225 
±0.0113 

0.218 
±0.0057 

0.193 
±0.0124 

0.239 
±0.0065 

0.211 
±0.0095 

0.212 
±0.0086 

0.216 
±0.0093 

Dep-LDA is the abbreviation for dependence-LDA. The best results of each dataset are in boldface 

Table 5  Experimental performance of Macro-F1 

Dataset 
Macro-F1 

WL-LDAV WL-LDAG L-LDA WD-LDA Dep-LDA SVMs RAkLE 

Yahoo! arts 0.302 
±0.0017 

0.306 
±0.0033 

0.287 
±0.0014 

0.322 
±0.0029 

0.318 
±0.0032 

0.301 
±0.0053 

0.314 
±0.0025 

Yahoo! health 0.271 
±0.0051 

0.269 
±0.0067 

0.218 
±0.0083 

0.319 
±0.0153 

0.310 
±0.0143 

0.288 
±0.0072 

0.289 
±0.0059 

Medical 0.341 
±0.0242 

0.334 
±0.0153 

0.329 
±0.0295 

0.356 
±0.0192 

0.324 
±0.0348 

0.358 
±0.0246 

0.369 
±0.0183 

Enron 0.123 
±0.0097 

0.127 
±0.0137 

0.094 
±0.0101 

0.149 
±0.0057 

0.113 
±0.0062 

0.142 
±0.0089 

0.147 
±0.0064 

Rcv1subset1 0.136 
±0.0057 

0.132 
±0.0072 

0.131 
±0.0094 

0.142 
±0.0068 

0.133 
±0.0102 

0.139 
±0.0088 

0.137 
±0.0053 

Bibtex 0.272 
±0.0062 

0.283 
±0.0048 

0.221 
±0.0083 

0.301 
±0.0037 

0.293 
±0.0049 

0.282 
±0.0068 

0.268 
±0.0054 

Bookmarks 0.114 
±0.0086 

0.115 
±0.0052 

0.098 
±0.0136 

0.132 
±0.0084 

0.112 
±0.0102 

0.082 
±0.0077 

0.088 
±0.0126 

Dep-LDA is the abbreviation for dependence-LDA. The best results of each dataset are in boldface 
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mean and standard deviation values of all the algo-
rithms were then reported. 

Experimental results are shown in Tables 4 and 5. 
Overall, we observe that WD-LDA outperforms the 
other algorithms in most cases, and that our weighted 
models perform better than the non-weighted versions. 
Further discussions are given as follows: 

1. WL-LDA vs. L-LDA 
First, we see that the performance of WL-LDA is 

higher than that of L-LDA on all the datasets. For the 
datasets with fewer labels, i.e., Yahoo! arts, Yahoo! 
health, medical, and enron, WL-LDA achieves about 
0.01–0.04 Micro-F1 improvements and about 0.01– 
0.05 Macro-F1 improvements over L-LDA. For other 
datasets with more labels, the performance gaps be-
tween WL-LDA and L-LDA are relatively small, e.g., 
about 0.01 on Micro-F1 of the bibtex dataset and 
about 0.005 on Macro-F1 of the rcv1subset1 dataset. 
The only exception is the gap on Macro-F1 of the 
bibtex dataset (0.06). This indicates that our CF- 
weight algorithm can improve the classification ac-
curacy for rare labels. Second, for the two WL-LDA 
versions, WL-LDAV performs better (6/7 datasets on 
Micro-F1 and 3/7 datasets on Macro-F1) than 
WL-LDAG, where the largest gap is 0.014. 

2. WD-LDA vs. Dependency-LDA 
Obviously, WD-LDA outperforms the non- 

weighted dependency-LDA on both Micro-F1 and 
Macro-F1 across all the datasets. The improvements 
are stable on different types of datasets, i.e., about 
0.004–0.036. For the datasets with more labels, the 
improvements of WD-LDA are larger, e.g., about 
0.036 on Micro-F1 across the bibtex dataset and about 
0.02 on Macro-F1 across the bookmarks dataset. 
These results indicate that using the CF-weight im-
proves successfully the multi-label classification 
performance of the dependency-LDA. 

3. CF-weight based models vs. SVMs and 
RAkLE 

First, the simpler WL-LDA model can achieve 
competitive performance with SVMs (6/14 datasets) 
and RAkLE (6/14 datasets). The two discriminative 
algorithms use the TF-IDF method to represent 
documents. In this sense, they have considered the 
document frequency information, i.e., the number of 
documents where the word has occurred. Both class 
frequency and document frequency focus on the 
universality of words. This is the main reason that 
SVMs and RAkLE outperform L-LDA, but they are 
almost competitive with WL-LDA. Second, WD- 

LDA performs better than SVMs and RAkLE. Com-
pared to SVMs, WD-LDA achieves about 0.003– 
0.05 improvements on most of the settings (12/14 
datasets), and its performance is a bit lower on the 
Micro-F1 (0.003) across the enron dataset and on 
Macro-F1 (0.002) across the medical dataset. Com-
pared to RAkLE, WD-LDA also achieves improve-
ments on most of the settings (12/14 datasets), e.g., 
about 0.030 on Micro-F1 across the rcv1subset1 da-
taset and about 0.030 on Macro-F1 across the health 
dataset. We argue that the lead performance of 
WD-LDA is due to the fact that WD-LDA considers 
the class frequency of the word, label frequency, and 
label dependency at the same time, but other algo-
rithms consider only some of these attributes. 

4. Comparisons with discriminate algorithms 
with feature selection 

Since the CF-weight scheme can be deemed a 
word (i.e., feature) selection in supervised topic 
models, we further compared our algorithms with 
discriminate algorithms with feature selection. Two 
feature selection methods for classification, infor-
mation gain and Chi-square, were used. We reported 
only the better Micro-F1 scores between the two 
feature selection methods since Macro-F1 scores are 
very close to Micro-F1 ones, and compared them with 
those of WD-LDA. The results are shown in Table 6. 
We can see that WD-LDA outperforms the two dis-
criminative algorithms with feature selection in most 
of the settings. This indicates that the CF-weight has a 
greater influence on positive classification. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 6  Comparisons between WD-LDA and discrim-
inative algorithms (SVMs and RAkLE) with feature 
selection on Micro-F1 

Dataset 
Micro-F1 

WD-LDA SVMs RAkLE 

Yahoo! arts 0.468 
±0.0014 

0.441 
±0.0022 

0.441 
±0.0095 

Yahoo! health 0.626 
±0.0073 

0.616 
±0.0106 

0.615 
±0.0108 

Medical 0.805 
±0.0125 

0.799 
±0.0082 

0.796 
±0.0151 

Enron 0.523 
±0.0114 

0.537 
±0.0205 

0.551 
±0.0084 

Rcv1subset1 0.269 
±0.0028 

0.261 
±0.0037 

0.247 
±0.0107 

Bibtex 0.411 
±0.0021 

0.402 
±0.0063 

0.407 
±0.0054 

Bookmarks 0.239 
±0.0065 

0.217 
±0.0059 

0.219
±0.0072 

The best results of each dataset are in boldface 
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4.3  Study on the parameters 

The scale coefficient η of CF-weight was inves-
tigated for WL-LDA and WD-LDA. In the experi-
ments, η was evaluated with different values from the 
set {1, 2, …, 8}. Since early experimental results 
indicated that the performances of Micro-F1 and 
Macro-F1 have very similar trends, we reported only 
the Micro-F1 scores. Four datasets with different 
statistics were used: the Yahoo! arts dataset with 
fewer labels and smaller cardinality, the enron dataset 
with fewer labels and larger cardinality, the 
rcv1subset1 dataset with more labels and larger car-
dinality, and the bookmarks dataset with more labels 
and lower cardinality. 

Experimental results are shown in Table 7. 
Overall, we can observe that the Micro-F1 scores are 
higher when η is relatively small, and they go down as 
η increases. For example, the Micro-F1 performance 
gap between η=8 and η=2 is about 0.05–0.1. The 
possible reason is as follows: In our algorithm, the 
parameter η is used to control the importance of the 
CF-weight; i.e., the CF-weight becomes more im-
portant as η increases. We may lose other useful 
knowledge like word co-occurrences if we overem-
phasize the CF-weight. Additionally, we observe that 
the best scores are around η=2 for WL-LDA and 
around η=3 for WD-LDA. The optimal setting of η in 
WD-LDA is larger than that in WL-LDA. This is 
because during model training, the asymmetric 
document-label Dirichlet prior for WD-LDA is often 
very large, dominating the document-label inference.  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

It needs larger η values to enlarge the CF-weights. In 
practice, we suggest η=2 or 3 as the default settings in 
our weighted supervised topic models. 

 
 

5  Conclusions 
 

In this paper, we have investigated the problem 
that the existing supervised topic models neglect the 
class frequencies of words, which is significant for 
classification. To this end, we have suggested a 
weighted word method based on class frequency 
knowledge, namely CF-weight, which provides 
higher weights for the words with small class fre-
quency. We have considered the CF-weight to be the 
soft count of words, and then used it to improve two 
of the state-of-the-art supervised topic models L-LDA 
and dependency-LDA. Extensive experiments have 
been conducted to evaluate our algorithms. The em-
pirical results validated that the proposed CF-weight 
is beneficial to both L-LDA and dependency-LDA, 
and it can achieve competitive multi-label classifica-
tion performance. 
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