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Abstract
We proposed an online topic detection approach using random forest based on topic graph cluster which models 
a topic in the form of graph comprised of terms and the edges among terms. The topic graph structure can largely 
enhance the semantic information hidden in the corpus, thus avoided the shortcoming of bag-of-words. Random 
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1. Introduction
Topic detection is a fundamental task in the field of 

information retrieval especially public opinion moni-
toring which is a fully unsupervised learning task 
with no prior knowledge[1]. How to represent topic 
without loss of semantic and detect the topic hidden 
in text collection is a challenging problem, and top-
ic was frequently used in user modeling, especially 
emotional topic[2]. With the development of web2.0, 
text data grows exponentially and comes as stream in 
social media, such as twitter[3] and blogs[4], which 
poses new challenge in topic detection[5]. Existed 
work based on term co-occurrence frequency and 
probabilistic topic model treats topics as a distribu-
tion over term space, which overlooks the semantic 
information hidden in topic[6]. Most previous stud-
ies have focused on how to analyze text corpus rather 
than text stream. Text data’s multi-dimension be-
comes extremely common, and we need to process 
topic detection in real time. The complexity of tra-
ditional algorithm made it loss their efficiency when 
facing high-speed text stream. Thus there are three 
challenges in total in topic detection for text stream. 
Firstly, traditional algorithm such as topic model and 
variational inference or sampling methods is based 
on probabilistic statistics, which ignore the semantic 
information hidden in corpus, thus a novel semantic 
based topic representation is needed. Secondly, text 
stream comes in bulk, and traditional method suffers 
higher time and space complexity, thus online topic 
detection with simple algorithm is strongly needed. 
Lastly, traditional topic detection primarily based on 
slide window technology, and therefore loss the cor-
relativity among topics in different time slice. Tradi-
tional detection methods are performed on time slice, 
and topics between time slice corpuses can be hard 
to identify. There existed work LDA, OLDA and 
PAM[6-8] which treat this problem well, but fail to 
perform in log-linear complexity, especially in text 
stream.

The basic idea in this paper is: first, topic modeling 
with term graph, secondly, extract topic in one slice 
of text stream using topic graph. Thirdly, Random 
Forest is used to detection topic online. This paper is 
organized as follows: In section 2, we gave a brief in-

troduction and background about topic modeling with 
topic graph as well as random forest. We built topics 
using a network called topic graph where topics were 
represented as concept nodes and their weight edge 
among them to avoid semantic loss. In order to gain 
lower time and space complexity we choose random 
forest to construct online topic detection, which can 
also detect the correlations among topics in different 
time slice in section 3. Section 4 and section 5 is fol-
lowed by giving an experiment and the result com-
pared to the baseline topic detection.

2. Background
In order to reduce the complexity of topic detec-

tion, we need to partition text stream into multiple 
sub-collections, for online text stream, one can parti-
tion data according to time slices, each of which is a 
fixed time slot. For large text stream, it can be divided 
by a fixed number N, in which N pieces of text is a 
sub-collection. Our topic graph based online detec-
tion construct topic graph cluster for each sub-collec-
tion, and topics in each collection is obtained in units 
of topic graph. With the arrival of text sub-collection 
containing N text, an updating operation is performed 
for current topic graph cluster and previous topic 
graph cluster. Topic graph cluster for the whole text 
collection was updated and generated. 

2.1. topic graph
Formally, we take the concept and relation be-

tween concepts into account. This can be done by us-
ing an adjacent matrix over term space in which the 
relation weight over any two concept nodes implies 
the closeness strength. The basis of building a topic 
network from corpus is vector space model. Given 
a corpus, we can build a term-document matrix, and 
each column is a vector representing a document us-
ing TF-IDF.

After that, term-document matrix is decomposed 
and then transformed into a term-term model using 
Equation (1).
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Finally, we set a threshold to get rid of edges of 
which weight was less than that threshold, and an 
edge between the term pair with non-zero weight can 

Forest was used to simplify the online topic detection process in a considerate way thus gain low complexity in 
terms of time and space. Our approach can link two different corpuses, and investigate the linkage among topics 
between two corpuses. Furthermore, RF-OTD can detect outliers and novelty in text stream by computing the 
proximity of two topic graph. Experimental results showed that, compared to baseline topic detection algorithm, 
our approach gain better performance in computational efficiency, consistency and semantic explanation. 
Keywords: ONLINE TOPIC DETECTION, TOPIC GRAPH, RANDOM FOREST
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be created. We can use this graph to build topic by 
segment the whole graph into several non-connected 
graphs. It’s clear that larger the threshold is and fewer 
topics we obtained. 

2.2. Random Forest
Combination model is a research hotspot in recent 

years; one can gain a strong model by combining 
multiple relatively simple models. Random forests 
is first put forward by Leo Breiman [9], a classic in-
stance of model combined with decision tree, which 
is mainly used for classification and regression. We 
choose random forest for our classification algorithm 
since its high precise, efficiency, low complexity and 
simplicity, and it has the properties that no variable 
selection is needed, and it can deal with large data.

For classification, the idea of random forests are 
randomly constructing multiple decision trees to form 
a forest, and the decision trees are considered to be 
independent identically distributed. The class label  
y = {C1, C2, ...} is obtained by each decision tree via 
samples, i.e., each tree vote for the samples, then 
samples we are predicted for the category that gets the 
most votes. The judgment to vote made by each tree 
is independent. This process is similar to the judges 
scoring mechanism in a game or election process[10]. 
Although the ability of each tree or the perspective of 
each judge is limited, when all the power of decision 
tree gathered together, the forest becomes powerful, 
thus can get a more suitable decision.

3. Random Forest based topic detection using 
topic graph

After introducing topic graph and random for-
est, we try to maintain semantic relation in order to 
discover new semantic structure and relation base on 
original topic graph structure and the relation among 
terms. We choose RF for two reasons, one is the in-
herent properties of RF, and the other is for incremen-
tal process.

3.1. model training
The training process of Random forest can be 

done in several steps.
(1) Transforming topic graph cluster into data 

table. For convenience, topic graph in sub-collection 
need to be represented as sheets of records, all of 
which form table with size of M*(|V|+1), where |V| is 
the size of selected term vocabulary. Each row stands 
for a node in a topic graph, where the value of each 
element is the weight between current node and the 
column node. The last column denotes the topic ID 
in which the current node belongs to. That is to say, 
this model classifies a node according to the relation-
ship between current node and other node in the same 
topic graph. We take these data as our training set, 
which is used to make prediction via random forests. 
Since the same word node in topic graph cluster may 
be in different topic graph, column size should be 
greater than or equal to the size of row. The mapping 
from the topic graph cluster to data table is shown in 
Figure 1. 

(2) Random sampling. This step is to build data 
set for each tree in random forest, and here we choose 
bagging algorithm[11] which is a relatively simple 
model combination algorithm, and can increase the 
stability and accuracy of classification or regression. 
For dataset D with size of n, we select n’ samples by 
randomly sampling with replacement. There can be 
duplicate data for sampling with replacement. When 
data quantity is big enough, the remaining data is 
about one third of the total amount[12], which is used 
for out-of-bag (OOB) error estimation. Random sam-
pling and repeat exceedingly reduce over fitting. 

(3) Building classification tree. Decision tree can 
be divided in to two type, classification and regres-
sion tree. For the value to be predicted is discrete, we 
will build classification tree. Each tree is trained by 
evaluating the gini impurity of input variable in terms 
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Figure 1. Mapping from topic graph cluster to data table.
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of predicted variable according to each cycle of sam-
pling data. All tree is combined into the whole forest. 
The detail is as follows. 

We selected m out of |V| feature terms in random, 
and computed the frequency these samples occurs for 
each possible composition a1=x1, a2=x2, ..., am=xm, m 
dimensional column list was generated. For all sam-
ples, evaluate Gini impurity of each feature term in 
terms of class labeled y Gini(ai)(i = 1, …, m). Fea-
ture term ai of the minimal gini impurity is chosen as 
the first split variable. We use gini to select variable 
because the smaller gini is, the larger the probabil-
ity that the consequent node sample come from the 
same category. Since the variables are real numbers, 
if variable is splitted according to real number, the 
classification tree branch data set is divided into small 
pieces, lead to overfitting. We divided node sample 
into two parts{S1

j, S2
j}, x ≥ xj and x<xj respectively 

according to the possible value of ai that it takes for 
each xj (j= 1,…,t), and estimate gini impurity Ginij(ai) 
for ai in terms of xj. 
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Thus we can get ' argmin Gini ( )j i
j

j a=  that 

minimize gini impurity. In this method, the gini of 
variable ai won’t change with j’, so all variable needs 
to traverse to get further spliting every time the split 
variable is selected, not only the variable that never 
be traversed. 

(4) The out-of-bag error estimates. When build 
each classification tree, about one third records have 
not been selected as the training set, and this part of 
the record is used as OOB error estimates. Category 
vote result is obtained by trained classification tree 
for remaining records. For each sample, calculate the 
vote result givien by classification tree when it is used 
as oob sample, and return the result category that gets 
the most vote as the class label of that sample. the 
proportion of the number of mis-classifited samples 
and the total samples is oob error estimates[12]. Oob 
error estimation diagram as shown in Figure 2.

Figure 2. Mapping from topic graph cluster to data table
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RF can be regarded as the collection of tree-

shaped classifiers which formed a more powerful 
classifier {h(x, Θk), k=1, …}. x is the input variable, 
i.e. one record, and Θk is a identified and independent 
distributed(iid) variable, which determined the grow-
ing process of the k-th classifier. The class marginal 
function can be represented as 

1 1

1 1( , ) ( ( , ) ) max ( ( , ) )
K K

k kj yk k
mf y I h y I h j

K K≠
= =

= Θ = − Θ =∑ ∑x x x (3)

where, mf(x, y) represents the margin of the maxi-
mum average votes number between the correctly 
classified average vote number, while I(.) is the index 
function. The larger the marginal is, the better the ef-
fect we get. Thus, the generalized error (GE) of ran-
dom forest can be represented as

, ( ( , ) 0)yge P mf y= <x x , (4)

and when the number of classifier get larger. The 
GE of a random forest can converge in a relatively 
index as

2

2

(1 )* sge
s
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The error rate of RF depends on two aspects: one 
is based on the original interval function relationship 
between the classification tree, greater the correlation 
is, higher the error rate is; the other is classification 
tree’s intensity, which is in fact the average devia-
tion of the right votes number and the wrong votes 
number. Bigger intensity indicated higher classifica-
tion accuracy, and the classifier is stronger, and thus 
get lower error rate. While the number of variable 
m is big indicates more powerful classification tree, 
but greater correlation, and vice versa. In order to get 
minimum generalized error, greater intensity and less 
relevance is desirable. Thus we have to find the trade-
off of strength and relevance.

Generalized error of random forests are deter-
mined by the correlation between the strength of the 
classification tree and the correlations among classifi-
cation trees, while the OOB error estimates are unbi-
ased estimation of the generalization error of random 
forest, therefore, the best value for m occurs when the 
oob error arrive at its minimum[12]. Originally we 
can choose root of M as the initial value of m, M is 
the number of all variables, and then to calculate the 
initial value gradually do OOB error estimate, so as to 
find the best value of m. 

(5) Balance error. There is phenomenon that 
the error of some class label is very low, while that 
of other class label is huge, and this is so-called er-
ror unbalanced phenomenon. This is due to that the 
sample number of different categories differs a lot. 

Therefore, we need to balance the error, and we can 
inverse proportion of different categories according 
to the number of samples set with different weights. 
Having Y class labels, for example, the total sample 
number is S, the sample number of each class is 
S1, S2, ..., SY, then the weight of each class label cwy is

1 2
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where [S1, S2, ..., SY] denotes the least common 
multiple. We can evaluate error under each class ac-
cording to the weight, and adjust weight value aptly 
to get fairly balanced result. It is noted that balanced 
error will amplify the total error to a certain degree. 
Our model is completed. We can also find the novel 
record in training set based on this model, which can 
inversely correct original topic graph. For the upcom-
ing new topic graph cluster, through the model of 
the new topic graph cluster formation of each record 
category prediction as well as new categories of test-
ing, so as to complete incremental update of two topic 
graph cluster.

3.2. Correlation prediction
We can do online topic detection via correlation 

prediction which can be done by following actions. 
Represent the topic graph cluster of newly coming 
text subset in the form of data table. Re-predict the 
record table’s topic label in each classifier using the 
well trained random forest, and summarize the vote 
result of all classifier trees as the current record’s pre-
diction result. Since the same term of a topic graph 
cluster may be in different topic graph, one term may 
be classified into different topic class for the dif-
ference of related feature term. Each record can be 
viewed as a star structure, representing the relation-
ship of each term and other terms. Class prediction 
will break a new topic graph cluster into several star-
structured elements, and then attributed to the topic 
graph in original cluster. 

Since all the elements were attributed to existed 
topic graph, while new collection may contain new 
topic, novelty detection on these elements is needed 
to perform before integrating into topic graphs, which 
may form new topic graph. 

3.3. Novelty detection
Proximity evaluation. Each record represents the 

relationship between a feature term and another term 
in a topic graph. Similarity between each pair of re-
cords can be expressed as a proximity matrix. When 
traveling classifier tree, if two records are of the same 
poll, the proximity value increase 1, and standardiza-
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tion operation is performed on proximity matrix. The 
proximity of two record ri and ri is evaluated as 

1
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I y y
pr r r

K
=

=
=
∑

  (7)

where K is the number of classifier tree, and yi is 
the category of record ri. Ik(.) is the indicator function, 
which mean if condition in brackets is meet the value 
of that function is 1, otherwise 0. it is obvious that the 
proximity degree matrix is symmetric, positive defi-
nite, and matrix element is less than or equal to 1, and 
diagonal elements are 1.

Novelty record detection. We can detect novel 
record by finding one that has the smallest proximity 
compared to other records in the same class. Note that 
novel record is in terms of the original corpus. The 
average of proximity of a record of class y is

2

,
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So the original novelty degree of ri is

1( )
( )i

i

rpoutlier r
avgpr r

=  .  (9)

We standardize for rpoutlier(ri), and get novelty 
degree of ri. Thus novelty record detection can be per-
formed.

4. Results and Discussion
We select NIPS12 as our data, and we generate 

topic graph cluster according to section 2.1, then set 
the threshold so that each time slice have less than 20 
topics, and we transform the cluster into data table, 
transforming a fully unsupervised learning problem 
into a classification problem. We set the threshold 
so as to remove the redundant information between 
terms. Table 1 demonstrates the corresponding rela-
tion between threshold and total topic number. From 
the table we can see that the total topic number reach 
to its maximum when threshold equals to 0.8. Thus in 
our experiment we set the threshold to 0.8.

Table 1. Relation between threshold and topics number 

thre Topic num thre Topic num
0.1 3 0.6 8
0.2 4 0.7 12
0.3 4 0.8 18
0.4 4 0.9 11
0.5 5 1 3

4.1. NIPSdata
We choose nips12 research literature as our test 

corpus, which include abstraction from 13 years of 
papers in Conference on Neural Information Pro-

cessing Systems(NIPS). For convenience, we down-
load from url http://www.cs.nyu.edu/~roweis/ for the 
word-frequency matrix data nips12raw_str602 which 
was prepared for further research purpose, and there 
are 1740 papers in 13 years in total, and the size of 
word list is 13649. Detailed about topic graph cluster 
in NIPS12 is shown in Table 2.

Table 2. Detailed about topic graph cluster in NIPS12 

Time Topic no. Topic term no. Record no.
2000 3 18 10
2001 4 21 15
2002 3 23 16
2003 3 25 21
2004 4 28 24
2005 3 30 26
2006 3 27 21
2007 3 39 30
2008 3 41 34
2009 3 43 35
2010 3 51 39
2011 3 49 38
2012 3 44 34

4.2. Importance Selection
In order to gain better effect, feature selection is 

needed, and we use the tf-idf technology to rebuild 
the document-term matrix data, and transform the 
data into adjacent matrix and compute the word im-
portance using random forest, and the result is shown 
in figure 3. We selected the most 100 important terms 
as our training feature. Figure 3 showed the 100 most 
important terms using two models: Random Forest 
and ExtrTrees[13]. We see from Figure 3 that the re-
sult is much alike to each other, and the result, along 
with the detail top 40 word list in Table 3 from 100 
most important terms also verified the efficiency of 
our method. Another purpose of term selection is that 
we can largely reduce the computation cost while 
maintain the effectiveness.

Table 3. Top 40 word list from 100 most important term 

Word list

Top 10 timing, techniques, receiver, sharing, span, 
positions, stress, strings, optimum, panel

Top 20
suggest, finding, repetition, subsets, spa, 
increasing, software, foundation, study, 
logarithm

Top 30 fraction, sets, spatially, text, severe, tissue, 
exploratory, rev, successfully, piecewise

Top 40 shavlik, periods, parity, lattice, atkeson, 
divide, central, denoted, adversary, factorial
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4.3. Online Topic Detection
For comparison, we set up experiment based on 

four kinds of algorithms, i.e. Decision Tree, Ex-
trTrees, RF and Adaboost classifier, three of which 
are ensemble learning models and one is merely tree 
algorithm. For demonstration, we compared these 
four algorithms in terms of pairwise feature terms, 
and in our experiment, these feature term-pairs were 
{92, 90}, {92, 68}, {90, 68}, {68, 77}, and {77, 81}. 
We firstly standardize our data, then trained the data 
one after the other by years to discover interesting 
topic.

5. Result and Analysis 
Our experiment is designed in two incremental 

ways, i.e. (1) model training is based on the first year 
data, and the data in consequent years is used as test 

data; (2) iteration way: we trained data in previous 
year as labeled data, and data in next year is used as 
unlabeled testing data, and re-construct on topic clus-
ter to form new data as new cycle labeled data, and 
again treat data in next year as unlabeled testing data, 
and so forth. 

According to section 4.3, we showed experiment 
result in Figure 4, where there are 5 classes or top-
ics which are marked with red, green, yellow, blue 
and cyan. From figure 4, we can see that decision tree 
is too strict, and have binarization effect. When used 
in first three term pairs, Adaboost gain poor perfor-
mance. The effect of RF and ExtraTrees are nearly 
the same, but RF outperformed ExtraTrees in time 
complexity. 

Figure 3. Top-100 important terms using RF, ExtraTrees

Figure 4. Five term-pairs with five class topic labels using DecisionTree[14], ExtraTrees[13], Random Forest and 
AdaBoost[15] classifier
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6. Conclusion
According to empirical result, our online topic 

detection algorithm is simple and effective. In this 
paper, we used a topic graph construction technolo-
gy to convert an unsupervised learning problem into 
a classification task, and trained the previous cor-
pus topic graph data to predict the backward data, 
and partition all the record in a topic graph cluster 
into either existed topic class or a new type of topic. 
In construction process, we have update, merging, 
and add operation. Before training, we used the term 
importance evaluation to select top 100 topic terms, 
and it’s clear that iteration way is better than the ba-
sic incremental way. Further, compared to adaboost, 
ExtraTrees, DecisionTree, RF gain better classifica-
tion effect, and can be executed in distributed envi-
ronment. Besides, no extension operation is needed 
for data table, and our method can be used to deal 
with large data. The larger the data is, the more ob-
vious the advantage is.
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