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The objective of this paper is to raise the accuracy
of multiclass text classification through Graph-Based
Semi-Supervised Learning (GBSSL). In GBSSL, it
is essential to construct a proper graph which ex-
presses the relation among nodes. We propose a
method to construct a similarity graph by employ-
ing both surface information and latent information to
express similarity between nodes. Experimenting on
a Reuters-21578 corpus, we have confirmed that our
proposal works well in raising the accuracy of GBSSL
in a multiclass text classification task.
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1. Introduction

Semi-Supervised Learning (SSL) is a method to give
a label to a large amount of unlabeled data with a
small amount of labeled data, e.g., self-training [1],
co-training [2], transductive support vector machine
(TSVM) [3], and graph-based SSL methods [4-6].
Graph-Based Semi-Supervised Learning (GBSSL) is a
SSL method with labeled data and unlabeled data repre-
sented on a similarity graph. It is reported that GBSSL is
superior to the major machine learning methods such as
SVM and TSVM in text classification task [4].

The accuracy of GBSSL relies on which datum is se-
lected from a data set to be labeled and on how a graph
is constructed [6, 7]. Regarding the former issue, it is im-
portant how the informative training data is selected. In
general, Active Learning tackles the problem of selecting
training data, i.e., labeled data. Some methods were pro-
posed in order to raise the accuracy of GBSSL [6, 8]. In
the latter graph construction, it matters how relations be-
tween the nodes of a graph are represented, since graph
construction “is more of an art, than science” [7]. The
sparse graph construction for GBSSL has recently at-
tracted attention. The k-Nearest Neighbor (k-NN) graph,
which is constructed with each node linked to its k-NN
nodes, is known as a basic sparse graph construction. The
b-matching graph [9], which has predefined degree b for
all of its nodes, is the state-of-the-art graph for GBSSL,
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although it takes much more time to construct (O(bn?))
than the k-NN graph (O(n? + knlogn)). Ozaki et al. [10]
reported that nodes with a high degree, called hub nodes,
lower the accuracy of GBSSL and proposed the mutual
k-NN graph, which limits degrees of all nodes in a graph
to k or less. They confirmed that the mutual k-NN graph
achieves accuracy nearly equal to that of the b-matching
graph in word sense disambiguation task.

In graph-based classification for text, a weighted graph
is constructed based on a certain relation between nodes,
i.e., documents, — similarity often used to express the rela-
tion between nodes in a graph. We use two types of sim-
ilarity: the one is between surface information obtained
by document vector [11] and the other is between latent
information obtained by a topic model (Latent Dirichlet
Allocation [12]). In this paper, we propose employing
both surface information and latent information at a ratio
of (1—a):a (0<a<1)toconstruct a similarity graph
for GBSSL and investigate the optimal ¢ for raising the
accuracy in GBSSL. We run GBSSL on a multiclass text
classification task. The precision recall break even point
(PRBEP) is introduced as a performance measure of our
proposed method. Experimenting on the Reuters-21578
corpus, we confirm that using both surface information
and latent information improves the accuracy of GBSSL
rather than the methods using either of two types of infor-
mation.

2. Graph-Based Semi-Supervised Learning for
Text Classification

Our proposed GBSSL in multiclass text classification
is detailed in this section.

2.1. Graph Construction

We use a weighted undirected graph G = (V, E) whose
node represents a document and whose edge represents
similarity between nodes. Similarity is regarded as
weight. V and E represent the nodes and edges of a
graph, respectively. The graph G is represented as an ad-
jacency matrix, and w;; € W represents similarity between
the nodes i and j. In the case of the GBSSL, similarity
between nodes is formed as shown in Eq. (1),

wij = sim(x;,x;)«8(jEK(®), . . . . . . (1
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where K(i) is a set of i’s k-NN nodes, and 6(z) is 1 if z is
true, otherwise 0.

2.2. Metric: Similarity Between Texts

In constructing a graph to represent a relation among
documents, we use cosine similarity (sim.,s) of document
vectors (tf-idf vectors) [11] as similarity based on surface
information. Cosine similarity is often used as a similarity
measure in text clustering [4, 13]. We also use similarity
(simygeny) Of latent topic distributions by a topic model as
similarity based on latent information. We use similar-
ity (simygen;) based on latent information and similarity
(simcs) based on surface information in the proportion of
o:(1—a) (0<a<1). We define the sum of simju,,; and
SiMgyrface AS SiMpoqes (EQ. (2)).

In Eq. (2), P and Q represent latent topic distributions
of documents S and T, respectively. We estimate the la-
tent topic distribution of a document by means of Latent
Dirichlet Allocation (LDA) [12]. We use L2 norm dis-
tance (Eq. (5)) for the metric between topic distributions.
If they are similar, the value of L2 norm distance becomes
0, which contradicts the idea of similarity. We introduce
a standard sigmoid function to get the value of L2 norm
distance ranging between [0, 1]. The simjgen, in Eq. (2) is
expressed by Eq. (4).

Simnndes(Sy T) =0 * Simlatent<P7 Q)
+(1 - OC) * simmface(S, T), )]

Silgugace (S,T) = cos(tfidf (S),tfidf (T)), . . . (3)

2
Simygrens (P, Q) = m7 . @
2. = [(Px)-0w)dx. . . . ©

2.3. Label Propagation

We use label propagation [5, 6] — a type of GBSSL —to
classify texts. It estimates the value of a label based on the
cluster assumption that nodes mutually linked in a graph
should belong to the same category.

The goal of the learning procedure is to estimate the
values f for given n nodes. The values are obtained as
the solution (Eq. (8)) to the following objective function
of an optimal problem (Eq. (6)). The first and second
terms in Eq. (6) express the deviation between an esti-
mated value and a correct value of training data and the
difference between the estimated values of nodes that are
next to one another in the adjacency graph, respectively.
Here, A (>0) is a parameter balancing both terms. [ indi-
cates the number of training data among all n nodes in a
graph. y\) is a label of node i. f) is an estimation value
for a label to be given to node i . w(id) is a weight between
nodes i and j. Eq. (6) is transformed into Eq. (7) through
Laplacian matrix L (= D—W). Here, W indicates an ad-
jacency matrix of texts. D is a diagonal matrix, each of
whose diagonal elements is equal to the sum of elements
in each row (or column) of W. Minimizing the first and
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second terms in Eq. (6) and solving it, we get a closed-
form solution (Eq. (8)) using L. I is an identity matrix.

l

=y (ym _ f(i>)2 LAY wlid) ( ) f(j))2 ©)

i=1 i<j
=lly—fl3+AfTLE, .. ... ... D
f=U+AL)"Yy. .. ... ®

3. Experimental Settings

We use a Reuters-21578 corpus data set' collected from
the Reuters newswire in 1987 as target documents for
the multiclass text classification. It consists of English
news articles classified into 135 categories. We use the
“ModApte” split to get training documents, i.e., labeled
data, and test documents, i.e., unlabeled data, extract doc-
uments that have only a title and text body, and apply
the stemming and the stop-word removal processes to
the documents. We use the 10 most frequent out of the
135 potential topic categories — earn, acq, grain, wheat,
money-fx, crude, trade, interest, ship, and corn [3,4].

We prepare 15 data sets, each of which consists of
3,299 common test data and 20 training data. We use
11 types of categories for training data: the above men-
tioned 10 categories and the category (other) that indi-
cates 125 categories. The categories of 20 training data
are chosen randomly only if one of the 11 categories is
chosen at least once.

In a graph construction for GBSSL, we estimate la-
tent topics in target documents with LDA using Collapsed
Gibbs sampling. Iteration number of the sampling is 200.
We regard the average of topic distributions after 5 tri-
als as topic distribution in target documents. The optimal
number of latent topics in target documents is decided by
averaging 5 trials of perplexity values (Eq. (9)). Here, N
is the number of all words in target documents. wy,, is the
n-th word in the m-th document. 6 is the occurrence prob-
ability of latent topics for documents. ¢ is the occurrence
probability of words for each latent topic.

Perplexity(w) = exp (—% Y log (Z em)) L©)

m,n

In label propagation, we propagate labels on the above
graph. The number of nodes in a graph is |V,| =
n (=3,319), and similarity between nodes is based
on both surface information and latent information at
a ratio of (1 —a) : a(0 < a < 1) (Eq. (2)). Pa-
rameter & in Eq. (2) is varied from 0.0 to 1.0 every
0.1. We choose parameter k in the k-NN graph from
{2,10,50, 100,250,500, 1000,2000,n} and parameter A
in the label propagation method from {1,0.1,0.01, le—
4,1e—8}. Using 5 of the 15 data sets, we decide on a
pair of optimal parameters (k,A) for each category. We
categorize the remaining 10 data sets with the predeter-

1. http://www.daviddlewis.com/resources/testcollections/reuters21578/
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Table 1. The optimal parameters (k,A) for each category.

Category\ol 0.0 0.1 02 03 04 05 06 0.7 08 09 1.0
eamn (50,1) | (1000,1) | (1000,1) | (1000, 1) | (1000, 1) | (1000, 1) | (1000, 1) | (1000, 1) | (1000,1) | (1000,1) | (1000, 1)
acq (500,0.1) | (250,0.1) | (250,0.01) | (100, 0.01) | (100, Ie-8) | (50,0.1) | (10, [e-8) | (10, 1e-8) | (10, Ie-4) | (250, 0.01) | (500, le-4)
moneyfx ) ) 10,0.) | 200 @0 @1 | (50,1e-4) | (50,001) | (2,1e-8) | (50,0.00) | (10,0.)
erain 100,0.1) | (30, 1) (0, 1) 10,1) | (50,1e-8) | (10, 1) 10, 1) | (50, 1e8) | (50, 1e8) | (30, 1) (0, 1)
crude 10,1 | (50,0.) | (50,0.01) | (100, le-8) | (10,0.01) | (10, [e-8) | (50, Ie-8) | (2, Te-4) | (50, 1e-8) | (2. 1e-8) | (50, Ie-8)
trade 10,1) | (10, 1e-8) | (10,1e8) | (10, led) | (10,1e8) | (10, led) | (10, 1e-8) | (2,0.01) | (10, 1e:8) | (10, 1e8) | (10,0.1)
interest | (10,0.1) | (10,1) | (10,0.1) | (10, 1e-8) | (10, 1) 10, 1) o, 1 10,1) | (10,1) | (100, 1c-8) | (100, Ie-8)
ship 10,1) | (100, 1e8) | (30,0.1) | (10, e-8) | (10,0.1) | (10,0.1) | (10,0.) | (10,0.) | & 1) | (10,0.) | (10,0.0)
wheat | (100,0.01) | (100, 1e-8) | (100, 1e-8) | (50, 1e-d) | (50, le-4) | (50, led) | (100, 1e-8) | (50, 1e-8) | (30, 1e-8) | (50, e-8) | (50, Ie-8)
com o, 1) {0, 1) o, 1 (10, 1) 10,1) | (10,000) | (10,000 | (10,0.0) | (10,0.0) | (2 1e-8) | (10, [e-8)

mined parameters. In classification for multiclass texts,
we apply the one-versus-the-rest method to give a cate-
gory label to each test document. Labels are given when
estimation values of each document label exceed each of
the predefined thresholds. We obtain the value of the pre-
cision recall break even point (PRBEP) and the average
of PRBEP in each category. PRBEP is the point at which
the precision corresponds to the recall, and it is used as
an index for measuring information retrieval performance.
Each PRBEP depends on each predefined threshold. So,
we find thresholds at the best PRBEPs and let them pre-
defined thresholds.

4. Results

Table 1 shows a pair of the optimal parameters (k,A)
for each category corresponding to the value of o a range
from 0.0 to 1.0 every 0.1. Figs. 1-10 show the experi-
mental results in using these parameters in each category.
The horizontal axis indicates the value of ¢ and the verti-
cal axis that value of PRBEP. Each figure shows the aver-
age of PRBEP in each category after 10 trials for each «.
Fig. 11 shows the macro average of PRBEP after 10 trials
in the overall category corresponding to each ¢. Fig. 12
shows how the relative ratio of PRBEP changes corre-
sponding to the number of test data in each category, i.e.,
earn, acq, and money-fx at o =0, 0.2, and 1.0, and Fig. 13
also shows the correlation between PRBEP and the num-
ber of test data in each category, i.e., money-fx, grain,
crude, trade, interest, ship, wheat, and corn at @ =0, 0.2,
and 1.0. The horizontal axis indicates the number of test
data in each category and the vertical axis the value of
PRBEP. The dotted line shows the results for each cate-
gory at o = 0, the dashed-dotted line at o = 1, and the
solid line at @ = 0.2.

In all figures, the cases at @ = 0 mean that only surface
information is used in the graph for GBSSL, and the cases
at o = 1 mean that only latent information is used. The re-
sults at & # 0 or 1 indicate the cases of latent information
and surface information mixed at a ratio of & : (1 — @)
(0 < ax < 1). We consider the result at oo = 0 to be the
baseline.

We start by explaining Figs. 1-10. The PRBEPs at @ €
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(0,1] (& # 0) are greater than that at oo = 0 in Figs. 1-
3 and Figs. 6-8. Some PRBEPs at o € (0,1] (a # 0)
are greater than at o = 0, and other PRBEPs are less in
Figs. 4, 5, 9, and 10. The PRBEP in Fig. 10 tends to
decline as « increases.

Second, the macro average at & = 0 is 45.2 in Fig. 11.
The maximum value of the macro average is 51.0 at o =
0.2 and the minimum is 44.5 at & = 1. The macro average
increases monotonically from 45.2 to 51.0 as o increases
from 0.0 to 0.2. When « exceeds 0.2, the macro average
decreases monotonically from 51.0 to 44.5.

We lastly find the direct proportion between the PRBEP
value and the number of test data of the categories: earn,
acq, and money-fx in Fig. 12. We do not find any signif-
icant correlation between PRBEP and the number of test
data for the categories: money-fx, grain, crude, trade, in-
terest, ship, wheat, and corn in Fig. 13.

5. Discussions

Looking at Figs. 1-10, each optimal & at which PRBEP
is the maximum is different and not uniform in the respec-
tive categories, so we cannot simply tell a specific ratio for
balancing both types of information — i.e., surface infor-
mation and latent information — that gives the best accu-
racy.

From a total viewpoint, however, we see a definite
trend. The upward trend for PREBP appears in more than
half of the categories in Figs. 1-10. The macro average
for the overall category is shown in Fig. 11. Regarding
the macro average at @ = 0 as a baseline, the maximum
macro average at & = 0.2 exceeds at @ = 0 by 5.8% and
is still greater than that at & = 1 by 6.5%. Differences
between the values at & = [0.1,0.5] and that at & = 0 are
also significant in a ¢-test at the 0.05 significant level. We
can thus say that using both types of information gives
higher accuracy than using only surface information, and,
of course, than using only latent information. If an appro-
priate o is decided, we will get better accuracy in GBSSL.

Regarding the correlations between PRBEP and the
number of test data in a category, the more test data for
each category we have, the higher the accuracy of GBSSL
we probably get. The Reuters-21578 corpus does not have
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enough test data in each of the 10 categories, so it will be

necessary to confirm the above findings using another cor-

pus data set. We also can say that we need a large amount of the categories at & = 1 are worse than those at ¢ = 0 or
of data to extract better latent information from them. We 0.2. The shortage of test data prevented us from estimat-
confirmed this for the categories: ship, wheat and corn, ing latent topics well in the three categories: ship, wheat,
where the number of test data is less than 100. PRBEPs and corn.
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6. Conclusions

To improve the accuracy of GBSSL, more studies have
been done from the viewpoint of the selection of training
data and the graph construction. In the latter graph con-
struction, some types of sparse graph constructions have
been proposed, but the sparse graph construction methods
simply decide which edge is cut off from a graph.

We have proposed new graph construction for GB-
SSL from the viewpoint of measuring similarity between
nodes, rather than of selecting important edges. We have
used a topic model (LDA) and estimated latent informa-
tion for documents. We then employed both latent infor-
mation and surface information, which is usually used in
text classification task, in the proportion of a : (1 — )
(0 < a < 1). The proposal has been applied to a multi-
class text classification task using GBSSL. We have con-
firmed that our proposal for constructing the graph for
GBSSL based on both surface information and latent in-
formation gives higher accuracy than that based on either
surface information or latent information alone.
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