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Abstract.  This paper investigates a new extension of the Probabilis-
tic Latent Semantic Analysis (PLSA) model [6] for text class ication
where the training set is partially labeled. The proposed ap proach iter-
atively labels the unlabeled documents and estimates the probabilities
of its labeling errors. These probabilities are then taken into account
in the estimation of the new model parameters before the next round.
Our approach outperforms an earlier semi-supervised extersion of PLSA
introduced by [9] which is based on the use of fake labels However, it
maintains its simplicity and ability to solve multiclass pr oblems. In ad-
dition, it gives valuable information about the most uncert ain and dif-
cult classes to label. We perform experiments over the 20Newsgroups
WebKBand Reuters document collections and show the e ectiveness of
our approach over two other semi-supervised algorithms applied to these
text classi cation problems.

1 Introduction

In this paper we present a new semi-supervised variant of thé&robabilistic La-
tent Semantic Analysis (PLSA) algorithm [6] for text classi cation in which a
mislabeling error model is incorporated.

Semi-supervised learning (SSL) algorithms have widely beestudied since
the 1990s mostly thanks to Information Access (IA) and Natural Language Pro-
cessing (NLP) applications. In these applications unlabetd data are signi cantly
easier to come by than labeled examples which generally reqe expert knowl-
edge for correct and consistent annotation [3,4,13,16,11]. The underlying
assumption of SSL algorithms is, if two points areclose then they should be
labeled similarly, resulting in that the search of a decisim boundary should take
place in low-density regions. This assumption does not impl that classes are
formed from single compact clusters, only that objects fromtwo distinct classes
are not likely to be in the same cluster. This cluster assumption has rst been



expressed by [12] who proposed a mixture model to estimate & generation
probability of examples by using both the labeled and unlabéed data. Predic-
tion (the classi cation of new examples) is done by applyingBayes rule. Many
practical algorithms have been implemented within this gererative framework
and successfully been applied to text classi cation [13].

Following the cluster assumption, we propose a new algoritin that iteratively
computes class labels for unlabeled data and estimates thdass labeling error
using a mislabeling error model.

The parameters of this mislabeling error model are estimaté within a semi-
supervised PLSA (ssPLSA) model by maximizing the data log-kelihood, taking
into account the class labels and their corresponding erroestimates over the
unlabeled examples. This work generalizes the study in [2where a mislabeling
error model was also proposed for SSL of discriminative mod in the case of
binary classi cation problems. We further show why the geneative assumption
leading to the ssPLSA we propose is more likely to hold than tle one which
serves to develop the semi-supervised Naive Bayes (ssNB) whel. The empirical
results we obtained con rm the e ectiveness of our approachon 20Newsgroups
WebKEnd Reuters document collections over the ssNB [13], the transductive
Support Vector Machine (SVM) [8] and a previously developedssPLSA model
[9] in which fake labels are assigned to unlabeled examples.

In the remainder of the paper, we rst brie y describe in section 2.2, the ssNB
model proposed by [13] for text classi cation. Then in secton 2.3, we present our
extension of the aspect PLSA model for semi-supervised leaing, in which we
incorporate a mislabeling error. The previously developedssPLSA model with
fake labels is presented in the same section. The experimentve conducted are
described in section 3. Finally, in section 4, we discuss theutcomes of this study
and we also draw some pointers for the continuation of this reearch.

2 Semi-supervised generative models for document
classi cation

This section presents two probabilistic frameworks for moeling the nature of
documents in the case where a partially labeled training seis available. Each
framework de nes a generative model for documents and encopasses di erent
probabilistic assumptions for their generation and their labeling. The ultimate
aim of each framework is to assign a label to an unseen docunmten

2.1 Notations

We assume that the training set is a collection of partially labeled documents

D, and D, denote respectively the set of labeled and unlabeled documts in D.
All documents from D| have a class labey 2 C = fys; ::; yk g and each document
d 2 D is represented by the vector of word frequencied =< n (w; d) > 2w .



2.2 Naive Bayes model

In this framework each document is assumed to be generated kgymixture model:

X
p(d; )= plyk] )pd]yk; ) (1)

k=1

We further assume that there is an univocal correspondencediween each class
y 2 C and each mixture component. A documentd is therefore generated by rst
selecting a mixture component according to the prior class mbabilities p(yx j

), and then generating the document from the selected mixtue component,
with probability p(dj yk; ) (Figure 1 (a)).

The probability of a new document is the sum over all mixture components
as the true class to which the document belongs to is unknown.

In the Naive Bayes model the co-occurrence of words within ezn document
is assumed to be independent; this essentially corresponds the bag-of-words
assumption. From this assumption the probability of a document d given the
classyx can be expressed as

, Yoo )
p(djye; )/ pjk (2)
j=1

Where, pj« is the probability of generating word w; in classyx. The complete
set of model parameters consists of multinomial parametergor the class priors
p(yx) and word generation probabilities pj :

=fply) iy 2Cipk :w; 2Wyc 2Cg

[13] propose to estimate by maximizing the complete data log-likelihood using
an Expectation-Maximization (EM) algorithm, and modulati ng the in uence of
unlabeled documents in the estimation of the log-likelihoa using a weighting
parameter . The algorithm we used in our experiments may be sketched ouas
follows (refer to [13] for further details). The initial set of Naive Bayes parameters

©) is obtained by maximizing the likelihood over the set of labded documents
D, D . We then iteratively estimate the probability that each mix ture compo-
nent yx 2 C generates each documentl 2 D using the current parameters (),
and update the Naive Bayes parameters (*) by maximizing the complete-
data log-likelihood in which the e ect of unlabeled documens are moderated
via a parameter 2 [0; 1]. The complexity of this algorithm is O(K M), where
M =# f(w;d)jn(w;d) > Og.

2.3 Probabilistic Latent Semantic Analysis

The PLSA model introduced by Ho mann [6] is a probabilistic model which
characterizes each word in a document as a sample from a mixta model, where
mixture components are conditionally-independent multinomial distributions.



This model, also known as the aspect model [14], associates anobserved la-
tent variable (called aspect, topic or component) 2 A =f 1;::; _gto each
observation corresponding to the occurrence of a woradv 2 W within a docu-

ment d 2 D. One component or topic can coincide with one class or, in anber

setting, a class can be associated to more than one componemtlthough orig-

inally proposed in an unsupervised setting, this latent vaiable model is easily
extended to classi cation with the following underlying generation process:

{ Pick a document d with probability p(d),

{ Choose a latent variable according to its conditional probability p( j d)
{ Generate a word w with probability p(wj )

{ Generate the document classy according to the probability p(yj )

The nal result of this generation process is the document cassy 2 C as well
as wordsw 2 W within it, while the latent variable is discarded. Figure 1
depicts the generation processes for the aspect models antiet Naive Bayes
model introduced earlier.

The generation of a wordw within a document d can then be translated by
the following joint probability model:

X
P(w;d)=p(d) p(wj )P( jd) 3)

2A

for unlabeled data and, for labeled data:
X
P(w;d;y) = p(d) pwj )P( jd)P(yj ) (4)
2A

This model overcomes some simplifying assumptions of NaivBayes in two
important ways. First, it relaxes the assumption that a classy is associated to a
single topic. In PLSA, the number of topics jAj may be larger than the number
of classeK . The second and crucial di erence is that in Naive Bayes, allwords
must be generated from the same topic (eq. 2). This requireshe use of clever
smoothing strategies to counter the fact that some words th& are unrelated to
a topic may appear by coincidence in a document from that topc. On the other
hand, in PLSA, a topic is drawn independently from p( j d) each time a new
word is generated in a document. This provides a much more natral way to
handle unusual words or multi-topicality.

Semi-supervised PLSA with fake labels As the aspect PLSA model char-
acterizes the generation of the co-occurrence between a wbw and a document
d, for learning the semi-supervised models we have to form twother labeled Z,
and unlabeled X, training sets from D, and D,. We consider nhow each observa-
tion as a pair x = (w; d) such that observations in Z, are assigned to the same
class label than the documentd they contain.

We recall that we still characterize the data using a mixture model with L
latent topic variables , under the graphical assumption of aspect models (that



d and w are independent conditionally to a latent topic variable ). In this case
the model parameters are

=fp( jd);plyj )ip(wj );p(d): 2A;d2D;w2Wg

Krithara et al. [9], introduced a semi-supervised variant d PLSA, following
the work of [5], where additional fake labels were introduced for the unlabeled
data. The motivation for the latter was to try to solve the pro blem of the un-
labeled components (components which contain only unlabeld examples). The
lack of labeled examples in these components can lead to athkary class probabil-
ities, and as a result, to arbitrary classi cation decisions. So all labeled examples
in Z, are kept with their real class labels and all unlabeled examies in X, are
assigned a newfake label y = 0.

The model parameters are obtained by maximizing the complete data log-
likelihood, X X
L= logp(x;y) = logp(w; d;y) 5)

X2Z ([X o X2Z ([X o
using the Expectation-Maximization algorithm. [9] showed how the EM itera-
tions could be implemented via a single multiplicative updae.

Once the model parameters are obtained, each new documedte,, must rst
be \folded in" the model, by maximizing the likelihood on the new document us-
ing EM, in order to obtain the posteriors P( jdnew ). We then need to distribute
the probability associated with the fake label y = 0, on the "true" labels:

X X
8y 6 0; P(yjdnew) / P( jdnew )P (Y] )+ P( X)P(y=0j ) (6)

with << 1. This model corresponds to the graphical model in gure 1(f). A
new documentd is then assigned the class with maximum posterior probabitiy.
The complexity of this algorithm is O(2 j Aj M) where, as before M =
# f(w;d)jn(w;d) > Og.

Semi-supervised PLSA with a mislabeling error model In this section
we present a new version of a semi-supervised PLSA model in wdh a misclas-
si cation error is incorporated. We assume that the labeling errors made by the
generative model for unlabeled data come from a stochasticrpcess and that
these errors are inherent to semi-supervised learning algithms. The idea here
is to characterize this stochastic process in order to redux the labeling errors
computed by the classi er for unlabeled documents in the traning set.

We assume that for each unlabeled example 2 D, there exists a perfect,
true label y, and an imperfect labely; estimated by the classi er. We model the
stochastic nature of the labeling by the following probabiities:

8(k;h)2C C; «n = p(y = Kjy = h) ()

P
with the constraint that 8h; |« = 1.
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Fig. 1. Graphical model representation of the Naive Bayes model (a), PLSA/aspect
models for labeled (b) and unlabeled (c) documents. The "plates” indicate repeated
sampling of the enclosed variables.

In this case, the new extension of the aspect model to unlabetl documents
can be expressed by the graphical model represented in guré(c).

The underlying generation process associated to this secdratent variable
model for unlabeled documents is:

{ Pick a document d with probability p(d),

{ Choose a latent variable according to its conditional probability p( j d)
{ Generate a word w with probability p(wj )

{ Generate the latent document classy according to the probability p(yj )
{ The imperfect class labely-is generated with probability , = p(yj y)

With this new graphical model, the joint probability betwee n an unlabeled
examplex 2 X and its imperfect class label estimated by the classi er carbe
expressed as

X X
8x 2 Xy;p(w;d;y) = p(d)  p(wj )p( jd) yiyP(y] )

2A y2C
With this formulation it becomes apparent that for each unlabeled document,
the imperfect class probabilities esymated by the classier is weighted over all
possible true classes (i.ep(yj )= y p(yj y)p(yj )). This lessens the possibil-
ity that the classi er makes a mistake over the document clas as it aggregates
the estimates over all true classes.

The model parameters

=fp( jd;pwj );p(d); y4y:d2D;w2W; 2Ay2C;y2Cg

are estimated by maximizing the log-likelihood
X X X

L2= n(w;d)log  p(d)p(wj )p( jd)p(yi )

X X ) . X ] . (8)
+ n(w;d)log  p(d)p(wj )p( jd)  p(y¥iy)p(yi )

d2D, w y



Algorithm 1 : Semi-Supervised PLSA with mislabeling error model
Input
{ A set of partially labeled documents D = D[ Dy,
{ Training sets Z, and X, formed from D, and D,
{ Random initial model parameters © .
{i o

repeat

{ Re-estimate model parameters using multiplicative updat e rules (9{11)
{j i+1

until convergence ofL; (eg. 8) ;
Output  : A generative classi er with parameters ()

using an EM-type algorithm. Joining the E and M steps in a singe multiplicative
update, we get:

_ . X D jd)plyi )
G+D (wi )= ol (wi nW;dp-J—. 9
P (wj ) = pt(wj ) . (w;d) p() (w; yjd) . ©
O id) " pyi ) O
+ n(w; d) ST =S
. Pl (w; yd)
8 plyj )
| oy | 3 w842 D
pl*D (jdy= pW( jd)  n(w;d)pi) (wj ) 2P iy 0 (10)
w : W;Sdz Dy
_ X X () (w- vi
Q4 _ 0 -y PV (wsyjd)
) _ G n(w: d) > W:y19) 11
wy Y w 420, ( )p(l)(w;yjd) o
_ P -
where pl) (w; yjd) = p@ ( jd)pli) (wj )pF(yj ), and
pOwiyid) = pO( jdpDwi ), plyi ) U

Note that the mislabeling probabilities are estimated overthe unlabeled set.

In this new version of the semi-supervised PLSA algorithm,P(yj ) is xed,
and its values depend on the value of latent topic variable . The overall number
of topics, jAj, is given, and in addition, the number of latent topics per class is
also known. During initialization, we set P (yj ) = 0 for all latent topic variables

which do not belong to the particular classy. This algorithm (Algorithm 1,
above) is also an EM-like algorithm, and the iterative use ofequations 9, 10 and
11 corresponds to alternating theE-step and M-step. Convergence is therefore
guaranteed to a local maximum of the likelihood.

The complexity of this algorithm is O(jAj M  K), which is comparable
with the previous algorithms, as the number of latent variablesjAj is generally
set to a relatively low value.
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3 Experiments

In our experiments we used two collections from the CMU WorldWide Knowl-
edge Base projectWebKRBind 20Newsgroups$, and the widely used text classi-
cation collection Reuters 21578. For each dataset, we ran 4 algorithms: the
two avours of semi-supervised PLSA presented above (with nislabeling error
model and with fake labels), as well as the semi-supervisedaive Bayes and the
transductive Support Vector Machine (TSVM) algorithm [7]. For the latter, we
performed a one class vs. all TSVM for all existing classes ugy the SVM-light
package of Joachims [7]. We used the linear kernel and we hawptimized, for
each of the dierent ratio of labeled-unlabeled documents in the training set,
the cost parameterC by cross-validation. All performance reported below were
averaged over 10 randomly chosen labeled, unlabeled and tesets.

The 20Newsgroupsdataset is a commonly used document classi cation col-
lection. It contains 20000 messages collected from 20 di @nt Usenet news-
groups. The WebKRlataset contains web pages gathered from 4 di erent uni-
versity computer science departments. The pages are divideinto seven cat-
egories. In this paper, we focus on the four most often used tegories: stu-
dent, faculty, course and project, all together containing 4196 pages. Finally,
the Reuters dataset consists of 21578 articles and 90 topic categoriesom the
Reuters newswire. We selected the documents which belong nto one class,
and in addition we only kept the classes which contain at leas100 documents.
This gave us a base of 4381 documents belonging to 7 di erentlasses.

All datasets were pre-processed by removing the email tagsna other nu-
meric terms, discarding the tokens which appear in less tharb documents, and
by removing a total of 608 stopwords from the CACMtoplist*. We used the mi-
croaverage F-score measure to compare the e ectiveness dfd semi-supervised
algorithms. To this end, for each generative classi er,GG , we rst compute its mi-
croaverage precisiorP and recallR by summing over all the individual decisions
it made on the test set:

" ka)
R(G)= P kel
@) Ezl(P(k;Gf)+ (k;G))
p(@)= pr iz (G

L ((kG)+ (KG))

Where, (k;G), (k;G) and (k;G) respectively denote the true positive,
false positive and false negative documents in clads found by G . The F-score
measure is then de ned as [10]:

2P(G)R(G)

F&)= 5+ r@G)

! http:/www.cs.cmu.edu/  webkb/
4 http://ir.dcs.gla.ac.uk/resources/test _collections/cacm/



3.1 Results

We rst compare the systems in a fully supervised way, that iswhere 100% of the
documents in the training set have their true labels and are sed for training the
classi ers. As there are no unlabeled training document to onsider here there
are no fakes or mislabeling errors to characterize, both sersupervised PLSA
models behave identically. This comparison hence gives anpper bound on the
performance of each generative approach and also provides est comparison
between these frameworks. We also compared our results witthe TSVM model
using the SVM-light package [8]. The number of latent class ariables we used
in the PLSA model, jAj, was found by cross-validation on each data set. Table
1 sums up these results. As we can notice, in all 3 datasets, ¢hperformance of
PLSA is slightly better than the Naive Bayes and SVM classi ers. These results
corroborate with the intuition that the generative hypothe sis, which leads to
the construction of the PLSA model, is more e cient than the N aive Bayes
document generation assumption (section 2.3).

20Newsgroups| WebKB Reuters
System F-score (%) ||F-score (%)||F-score (%)
Naive Bayes 88:23 84:32 93:89
jAj =40 jAj =16 jAj =14
PLSA 89.72 85.54 94.29
SVM 88:98 85:15 89:50
Table 1. Comparison of the F-score measures between the Naive Bayesad PLSA gen-

erative models as well as the SVM classi er on 20Newsgroups WebKBnd Reuters test
sets. All classi ers are trained in a fully supervised way.

Figures 2 and 3 (left) show the F-score measured over the testets on all
three data collections for semi-supervised learning at dierent ratio of labeled-
unlabeled documents in the training set. 5% in thex-axis means that 5% of
the training documents were labeled [D,j), the remaining 95% being used as
unlabeled training documents (D j). The ssPLSA with mislabeling consistently
outperforms the three other models on these datasets. With nly 5% of labeled
documents in the training set, the F-score of the ssPLSA withmislabeling al-
gorithm is about 15% higher than that of the ssPLSA with fake labels, on the
Reuters dataset. Labeling only 10% of the documents allows to reach 3% F-
score onReuters while the 90% remaining labeled documents allows to reach
the maximum performance level. The semi-supervised Naive &es model out-
performs in the other hand the ssPLSA with fake labels on bothdatasets. This
might be due to the fact that fake label parameterization makes it inappropriate
to apply PLSA over both labeled and unlabeled documents.

The bad results of the TSVM in these experiments can be explaied by the
fact that the model was initially designed for 2-class clasiscation problems and
the one vs. all strategy does not give adequate recognitionfalasses.
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5 15 25 %5 45 5 & 75 % % 5 15 25 %5 45 5 & 75 % %
% of the labeled data in the training set % of the labeled data in the training set

Fig.2. F-Score (y-axis) vs. percentage of labeled training examples (x-axis), for the
four algorithms on Reuters (left, jAj = 14) and WebKRBright, jAj = 16).

In order to evaluate empirically the e ect of unlabeled documents for train-
ing the models we have also trained the PLSA model in a supersed manner
using only the percentage of labeled documents in the traimig set. Figure 3
(right) shows these results on20Newsgroups We can see that semi-supervised
algorithms are able to take advantage from unlabeled data. Br example, with
5% labeled data (corresponding to approximately 800 label® documents with
40 documents per class), the fully supervised PLSA reache2%% F-score ac-
curacy while semi-supervised Naive Bayes and ssPLSA with k& labels achieve
63% and ssPLSA with mislabeling achieves 72%. This represtna 32% gain in
F-score for the two former models.

[ 20Newsgroups |
| [ % | 5% [ 20% | 40% | 8% |
ssNB 51:45 3:45|66:45 0:67 | 75:65 0:91 (83:46 0:46|87:98 0:82

Ai =20 ssPLSA-mem || 53:69 5:49 |75:520 0:22| 81:59 0:6 |84:54 0:3|87:76 1:115
1A= SSPLSA-f 54:67 4:11]75:48 0:75[80:45 1:09[78:86 0:39]84:11 0:93

ssPLSA-mem ||53.52 6.46 |77.18 0.66 |82.89 0.73 |85.9 0.85 [89.04 0.75
SSPLSA-f 54.04 6.98 [ 64:65 3:54[67:61 1:69[79:59 0:28]88.96 0.64
TSVM 50:64 1:79 | 54:37 0:55|65:21 0:75|71:31 0:85|82:37 1:03

jAj =40

Table 2. F-score for varying proportions of labeled-unlabeled trai ning data, for semi-
supervised Naive Bayes (ssNB), TSVM as well as semi-supervéed PLSA with either
the fake label (ssPLSA-f) or the mislabeling error model (ssPLSA-mem), and di erent
numbers of latent topics jAj. Bold indicates statistically signi cantly better result s,
measured using a t-test at the 5% signi cance level.

One interesting aspect of our experimental results is that he behavior of the
two ssPLSA variants is very di erent when the number of latent variables per
class increases (Table 2).
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20 Newsgroups 20 Newsgroups

-+ssPLSA-Mislabeling
--ssPLSA-Fake
—~—ssNB
—-—TSVM

-—ssPLSA-Mislabeling
o8- --ssPLSA-Fake
—-Supervised PLSA

5 15 25 %5 45 55 & 75 % %5 5 15 25 %5 45 5 & 75 % %
% of the labeled data in the training set % of the labeled data in the training set

Fig. 3. Comparison of the ssPLSA models with the fully supervised PL SA (right) and
with the other algorithms (left) for the 20Newsgroupsdataset (jAj = 40)

For the fake label approach, the performance tends to decrease when more
components are added to the model, and the variability of theresults increases.
Overall, this approach yields consistently lower performance than the "Misla-
beling" approach, which in addition seems less sensitive twarying numbers of
components. Notice in Table 2 how, when the number of componds per class
is increased from 1 to 2 - corresponding respectively t§Aj = 20 and jAj = 40
(20Newsgroups$, the performance of the mislabeling approach increasesightly,
but consistently. In addition, the variability of the resul ts is mostly well con-
tained and generally smaller than for the "fake label" approach. The results are
similar for the other two datasets.

4 Conclusion

We have presented a new version of the semi-supervised PLSAgarithm, where
a mislabeling error model is incorporated in the generativeaspect model. Our
model has been compared to two state-of-the-art semi-supeised Naive Bayes
and TSVM models as well as a previously designed ssPLSA algtim. Perfor-
mances on the20Newsgroups WebKRnd Reuters datasets have shown promis-
ing results indicating decreases in the number of labeled dmments used for
training needed to achieve good accuracy, if an unlabeled dmment set is avail-
able. One of the advantages of our model is that it can be usedickctly to
perform multiclass classi cation tasks, and as a result it s easily applicable to
real world problems. A next step would be to try to combine the two presented
variants of PLSA, that is the ‘'fake' label and the mislabeling error models. This
combination would bene t from the advantages of each of the wo versions and
would hopefully improve the performance of our classi er. Hbwever, further ex-
perimental observations would be required to fully undersaind the behavior and
the performance of these models.
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