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Abstract: Teachers adopting CSCL often face the challenge of handling massive textual 

information, and finding it difficult to have a clear grasp of the topics being addressed in the 

discourse. Topic modeling, an emerging field in machine learning, has the potential to solve 

this problem by automatically extracting from text collections formal representations of latent

topics. However, the interpretation of latent topics is still a challenge, which hinders the use 

of this state-of-the-art technology from wider use in CSCL contexts. In a recent paper, we put 

forward a novel topic discovery method, the fLDA model, based on Minsky’s Frame theory. 

This method has the advantage of providing outputs that are potentially more easily 

interpretable for generating the topic of each thematic cluster. In this paper, we show how 

fLDA can be used in extracting and visualizing the topics of asynchronous online discourse 

from four classrooms. 

Introduction
Online discussion forums provide students with the opportunity to explore different problems and topics 

through discussion in an unconstrained manner, allowing more student-centered interactions to take place. It 

also provides a record of the explorations that teachers can use to gain an understanding of the students’ 

concerns and on that basis to make facilitation decisions. However, making sense of the massive amounts of text 

in the posted messages is a daunting challenge for teachers adopting CSCL in their teaching repertoire. How can 

a teacher readily find out the key topics of discussion among hundreds of posted messages? There is a need for 

semantic tools that can identify key topics in online discussions to support pedagogical decision-making. 

Summarizing massive free style text has been a long-standing issue in computer science, esp. in 

machine learning. One of the most relevant research areas to tackle this problem is text clustering (also referred 

to as document clustering). Text clustering methods can be used to automatically group documents into a list of 

clusters. Each cluster is regarded as a collection of documents on a latent topic. By interpreting latent topics and 

examining their distribution, users can gain an overview of the content focus of a collection of texts. 

Recent research in text clustering shows that the interpretability of latent topics is still a challenge (Blei, 

in press). Earlier text clustering methods based on the Vector Space Model (Salton, Wong, and Yang, 1975) 

using vector similarity measures (e.g. cosine similarity) do not provide further semantic clues for the 

interpretation of topics. Latent Semantic Analysis (Deerwester, Dumais, Landauer, Furnas, Harshman, 1990) 

uses a set of latent variables to represent topics, but still fails to provide intuitive interpretation for each topic. 

Topic models such as LDA (Blei, Ng and Jordan, 2003) use a set of weighted words to represent each topic. 

These have been used successfully to identify research topics among tens of thousands of scientific articles 

(Griffiths and Steyvers, 2004). Other work related to the interpretability of topic models include coherence 

measures of topics manually (Chang, Boyd-Graber, Gerris, Wang, and Blei, 2009), automatically (Newman, 

Han-Lau, Grieser and Baldwin, 2010; Musat, Velcin, Trausan-Matu, and Rizoiu, 2011), interpretability 

improvement by semi-supervised method (Zheng, 2008) and connecting topics, e.g. hLDA (Blei, Griffiths, 

Jordan and Tenenbaum, 2003), PAM(Wei and Andrew, 2006), hPAM (David,Wei and Andrew, 2007).  

This paper introduces our recent work on a novel topic discovery method, the fLDA model (Zhang, Li 

and Huang, under review), and presents our preliminary exploration on using this to identify and interpret the 

online discourse data collected from four classrooms that used Knowledge Forum® to support students’ 

learning.

Topic Models and the Interpretability Challenge 
Probabilistic topic models are a suite of algorithms whose aim is to discover the hidden thematic structure in 

large archives of documents (Blei, in press). The most famous topic model is Latent Dirichlet Allocation (LDA) 

(Blei et al, 2003). The intuition behind LDA is that documents exhibit multiple topics. A topic is formally 

defined as a distribution over a fixed vocabulary. For example, a document on the topic of education would 

have a high probability of containing words about pedagogy and learning while one on the topic of computer 
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science would likely contains words about hardware and software. Technically, LDA assumes that topics are 

specified before any document is generated. Each document in a collection is regarded as generated in a two-

stage process (document generative process): 

1.  Randomly choose a distribution over topics. 

2.  For each word in the document 

(a) Randomly choose a topic from the distribution over topics in step #1. 

(b) Randomly choose a word from the corresponding distribution over the vocabulary. 

Based on this assumption, the goal of topic modeling is to automatically discover the topics from a 

collection of documents. The documents themselves are treated as observed data, while the topic structure—the 

topics, per-document topic distribution, and the per-document per-word topic assignment—is the hidden 

structure. The central computational problem for topic modeling is to use the observed documents to infer the 

hidden topic structure, and hence is a “reverse generative process.  

Topic modeling algorithms generally fall into to two categories—sampling-based algorithms (Steyvers 

and Griffiths, 2006) and variational algorithms (Wainwright and Jordan, 2008). For a good discussion of the 

merits and drawbacks of both, see Asuncion, Welling, Smyth and Teh (2009). Topic modeling is an emerging 

field in machine learning. Among the many challenges in this field, the most basic one may be the evaluation 

and model checking problem—how to evaluate a topic model by the meaningfulness of the topics identified 

(Blei, in press). This problem has led to many efforts on evaluation and improvement of topic interpretability.  

Current topic interpretability research focuses on evaluation of topic interpretability and interpretability 

improvement. To evaluate topic interpretability, popular strategies include the use of coherence measure of 

topics using a qualitative approach (Chang et al, 2009) and a lexicon-based automatic approach (Newman et al, 

2010; Musat et al, 2011). To improve topic interpretability, many efforts have focused on discovering topic 

hierarchy. Ning (2008) incorporates human intervention in the topic modeling process, such as shaping topics 

with human knowledge. Current topic models use a set of weighted words to represent a topic.  

The fLDA Model 
Our work focuses on improving topic interpretability by representing each topic in a more human-readable form. 

To improve user interpretability of topics, we need to understand how humans achieve understanding of 

situations represented by words. There are many theories in discourse psychology that try to explain text 

comprehension, e.g. Frame Theory (Minsky, 1975), Script Theory (Schank, 1975), Story Grammar (Rumelhart, 

1975) and propositional representation of discourse  (Kintsch and van Dijk, 1978). Among these theories, 

Minsky’s Frame Theory can be more easily implemented in artificial intelligence applications in terms of its 

data structure.  

According to Minsky’s (1975) Frame Theory (or Schema Theory), when one encounters a new 

situation or makes a substantial change in one's view of the situation, one selects from memory a structure, 

called a frame. A frame is a data-structure for representing a stereotypical situation, like being in some ordinary 

living spaces or performing certain activities. From a computational perspective, a frame is a set of slot-value 

pairs. Slots are stable for a frame while the value for each slot is adaptively assigned to represent each specific 

situation. For example, a story frame may have slots named time, place, thing and event. So a theft story may be: 

At 8:00 pm inside a jewelry store, a diamond watch was stolen when the shop-keeper was distracted by a mob 

shouting outside. Then a frame for this story can be written as ( time=“8:00 pm”, place=“a jewelry store”, 

things=“a diamond watch”, shop-keeper, a mob shouting, event=“distracted, stolen”). The level of detail in 

value assignment of frame slots is assumed to reflect the extent of one’s understanding of the situation. For 

example, event=“the shop-keeper was distracted by a mob, a diamond watch was stolen” is more 

understandable than event=“distracted, stolen”. The Frame Theory has inspired much productive research in 

cognition (Solso, MacLin and MacLin, 2004). It is apparent that the externalization of topics in the form of 

frames helps one to understand the topics. Hence in this study we explore the use of a frame-based method to 

extract topics from document collections in order to find out whether the output is more readily interpretable as 

meaningful topics by human readers. In the remainder of this section, we will briefly describe the frame-based 

topic discovery model we developed based on the LDA model, named fLDA (Zhang et al, under review). 

Definitions of key terms in the fLDA model 
The following are the definitions of some basic terms used in the fLDA model. 

Word—A word w is the basic unit in text, and is defined as a string in its original form. 

Document—A document d is a sequence of words extracted from the text. It can be denoted as d = {w1,w2, . . . , 

wn}. The i-th element of d is referred to as the i-th word token or i-th token, which is conceptually 

different from the term word.

Corpus—A corpus c is a collection of documents. 

Term frequency—The term frequency of a word w in corpus c is the number of occurrences of w in all 

documents contained in c.
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Co-occurrence frequency—The co-occurrence frequency of word w1 and w2 in corpus c is the number of 

occurrences of w1 in any document containing w2 in c.

Topic frame—A topic frame f is a quadruple of semantic slots: focus, features, events and related things. A

focus is a single word representing an entity, and can be regarded as a central concept of a topic. A 

feature is a weighted word representing an entity property. Each frame contains a set of features. An 

event is a weighted word representing some action. A related thing is a weighted word representing 

entities. Each of the features, events and related things is weighted by its co-occurrence frequency with 

respect to the focus of the frame, for frames having non-zero weight. It should be noted that 

ontologically the focus words are also things. Features, events and related things can be regarded as foil 

concepts or foils to the central concept. A "foil" is used in text comprehension studies to refer to a 

concept associated with a central concept. In this study, a frame is make up of a focus and its foils, and 

a foil of a focus can be a feature, an event or a thing related to the focus.  

Topic—A topic T of corpus c is a set of topic frames and their weights pair, and these topic frames reflect the 

main content of the topic-related documents. It can be denoted as T = ( (f1,pf1), (f2,pf2), . . . , (ft ,pft) ), 

where pfi is equal to the term frequency of the focus of fi.

Input and output of fLDA topic modeling algorithm 
The topic modeling approach of fLDA is to input a corpus with POS (Part-Of-Speech) tags for each word, and 

output a set of topics defined by the previous sub-section. POS-tagging tools are available online in several 

languages, e.g. the Stanford POS tag tool for English and the ICTCLAS tool for Chinese.  

In the fLDA model, each word has a semantic class (one of “thing”, “feature”, “event” or “other”) and 

a topic. fLDA assumes a similar corpus generative process as LDA. Based on this assumption, we have 

developed a Gibbs sampling-based algorithm to assign a semantic class and a topic for each word. In Zhang, Li 

and Huang (2011), we use a pseudo dataset generated using the corpus generative process to test the recall rate 

and performance of this algorithm. Intuitively, every 10~30 new documents stay on one topic, and each word 

token in a document has 50% probability to be on the document topic and 50% to be of other topics randomly. 

Due to the lack of a fully trusted quality indicator for the topic-modeling algorithm, we present a visualization 

of the topic discovery process. This visualization is generated by the algorithm in JPG image format. Due to 

space limitations, only a part of the visualization is shown in figure 1. The numbers at the top of the images 

indicate the iteration number and each image represents the matrix for the document-topics. Each row of an 

image represents a document, and each column a topic. The darkness of a pixel indicates the topic word 

frequency of a document on a topic. Tiny horizontal lines are used to indicate the boundary of every 10 

documents. At iteration zero, the color of blocks in the image is uniformly distributed, as it is assumed that 

every document has similar word frequency on topics. As the number of iteration increases, four vertical line 

segments become more and more clear. Each of these segments is made up by several adjoining blocks in the 

same column. This indicates that the corresponding documents have high word frequency in the corresponding 

topic of the relevant blocks. The documents with darkened blocks in the same column relates to the same topic. 

The image of iteration 400 shows a clear topic distribution, and this distribution is consistent with the 

parameters predefined in the data generation rule. 

Figure 1. Visualization of the topic discovery process by the fLDA algorithm on a pseudo dataset. 

row 1 : document 1 

row 2 : document 2 

row 3 : document 3 

column 1: topic 1 

column 2 : topic 2

column 4 : topic 4

darkness indicate the 

word frequency on a 

topic 3 in both document 

2 and 3 is high 

iteration 

column 3: topic 3

We chose one of the four Knowledge Forum® discourse datasets used in this study to test the quality of tagging 

on the semantic classes, which is the basis of frame slots using this algorithm (the 6B dataset referred to in the 
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next section), and used Cohen’s Kappa (Jean, 1996) as the cross-validation indicator. Two graduate students 

achieved kappa=0.73 for their tagging, while the algorithm-human kappa=0.69. Although this is far from perfect, 

the result can be regarded as an acceptable one. 

Interpretability of fLDA Generated Topic Outputs Using Authentic CSCL Data 
To explore whether fLDA can help one to interpret the topic foci of online discourse in CSCL settings, we 

analyzed the discourse corpuses from four primary school Chinese Language classrooms participating in the 

Knowledge Building Teacher Network led by HKU-CITE (http://kbtn.cite.hku.hk). Some basic information 

about these corpuses is shown in Table 1. A note is a message posted by one or more students. The four 

classrooms belong to two schools: 6B, 6C belong to one school and 5A, 5B belong to another. The classrooms 

from the same school shared the same discussion topic based on the set school curriculum. The theme “Hong 

Kong (HK) Kids” was centered around negative media reporting about Hong Kong children’s lack of general 

life skills and inability to handle adversity. “Ice duck” is the title of a passage in the Chinese Language textbook, 

which is a story about the pursuit of one’s ideal in life.  

Table 1: Basic information of the CSCL discourse corpuses selected for this study.

Class Number of notes generated Discussion duration (weeks) Theme of discussion 

6B 274 10 HK kids 

6C 76 8 HK kids 

5A 167 18 Ice duck 

5B 199 15 Ice duck 

Topic extraction
In order to be able to compare the topic frequencies in the discussions generated from different classrooms 

sharing the same theme, we combined the corpuses of 6B and 6C in one analysis, and the corpuses from 5A and 

5B in another. fLDA is an exploratory method and the user needs to pre-set the number of topics to be extracted. 

In our preliminary exploration, analyses using pre-set topic numbers from 4 to 10 were conducted. We find that 

outputs from too few or too many pre-set topics are more difficult to make meaningful interpretations. In this 

study, the topic number used is 5. In all runs of the algorithm, the number of iterations was set to 1000. 

In this paper, we focus our reporting on the 6B_6C corpus. The theme of the discussion is “Hong Kong 

Kids”. The output generated by the fLDA algorithm is reprocessed to show the top 3 weighted frames of each 

topic and the three documents that are most representative for the topic. Table 2 presents the high co-occurrence 

words for the top three frames generated by fLDA for each of the five topics. The original text of the students’ 

discourse was in Chinese. The English translation of the words are provided in brackets. 

The meaning of each topic is not immediately evident based only on the frame words in Table 2. The 

following steps are taken to formulate an understanding of the topics: 

1. For each focus word in a topic, identify the co-occurring words in the other frames and rank order 

them in decreasing frequency. 

2. For the high co-occurrence pairs, locate the text segments containing these pairs to understand the 

relationships expressed in the documents on these pairs. 

3. Synthesize the meanings of the co-occurring words in the top three frames of each topic to generate 

the meaning of each of the five identified topics. 

To illustrate how we can follow the above steps to arrive at the meaning of a topic, we use the first 

topic in Table 2 as an example. 

Table 2: High co-occurrence content words in frames of Topic 1 from a five-topic analysis of the 6B_6C corpus 

(English translation of words and frequency of occurrence in brackets).

Topic Focus (things) Feature Event Related things 

(system, 22) 
(difficult, 2) (learn,4), (education,4)

(occur,3), (reduce, 3)
 (education, 13) (Hong 

Kong, 8), (elitism, 7)  

(HK, 19) 
(poverty, 2) (learn, 4),  

(occur,3), (spread,3) 
(take care, 2) 

(system, 8), 
(elitism, 5) (education, 4),   

(country, 3)  

(education, 12) 
(difficult, 2) (learn, 4), (occur, 3),  

(admission, 2)  
(system, 13), (elite, 6), 
(Hong Kong, 4), (parent, 

3), (government, 3) 

1

(maid, 13) 
(encounter ,4), 

(help ,4), (train ,3), 
(listen,3), (independent,2) 

(training of maid, 4), 
(child, 2), (government, 2), 

(method, 2) 
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First, as we can see in Table 2, the foci of topic 1 are “system”, “Hong Kong” and “education”. 

According to our contextual knowledge and the high co-occurrence of these three words in the topic frames, we 

predict this topic is about the relation between Hong Kong’s education system and the cause of the “HK Kids” 

phenomenon (which refers to the children’s lack of general life skills and inability to handle adversity).  

In the second step, we find that among the word pairs containing the foci words, the words with the 

highest co-occurrence frequency are “elitism” and “elite”.  We locate the text segments containing these pairs as 

bellow. The English translation of some of these segments are listed below: 

Prof. Chen point out that Hong Kong’s education system lead to elitism.

Since the whole society is focused on fostering elites, parents in our education system wants to send their 

kids to prestigious schools. Otherwise, it will be difficult for these kids to survive in an elitist society. 

If the Hong Kong education system does not encourage elitism, will the “Hong Kong Kids” phenomenon 

gradually disappear? 

 “Hong Kong Kids” may be caused by the elitism oriented education system in Hong Kong.

It is clear from these text segments that there is a strong semantic overlap across the 4 text segments 

and it is not controversial to identify that topic 1 is about the Hong Kong elitist education system being the root 

cause of the “HK Kids” phenomenon. Table 3 presents the interpretations we arrived at on the five topics 

generated by fLDA. The topic words found in the frames are highlighted in colors according to their semantic 

classes (things in blue, features in green, events in red).  

Table 3: Interpretation of the topics identified from the_6B_6C discourse corpus.

Topic Interpretation of topic 

1

(The HK kids syndrome occur

because of the elitist education system. Parents drill children for admission to famous schools. 

Parents pay too much attention to children’s school performance, ignoring the development of 

children’s integrity and independence.) 

2

(“3 low” means low self-care capacity, low EQ and low resilience to 

adversity. HK kids are helped by others in their daily life, not able to take care of themselves, with 

poor socialization capacity. ) 

3

, (Some HK children have mood disorders caused by 

overly protective parents who interfere with their children’s disputes with others, afraid of their kids 

being disadvantaged and always fighting on their kid’s behalf, causing their children to be unable to 

handle any adversity.) 

4 ,

(Parents should lead by example, and reflect on 

their own behavior and ideas, release their control as early as possible to let the children learn and 

experience failure so that they can build the capacity to solve problems.) 

5

(Parents hire maids to look after their children, making them rely on others for everything. Parents

should be taught to train their children’s capacity to be independent. )

Towards the end of this unit, the teacher asked the students to summarize their discussions. The content 

of the students’ summaries can be used as a reference for validation of our interpretation of the topics. The 

following is a translation of the students’ discussion summaries:  

First, we think the HK Kids’ parents would not try to remedy their ways of disciplining their children 

because they think sending  their children to prestigious schools and making them study all the time is 

correct, and do not pay attention to the real needs of their children. 

Second, we do not think that “HK Kids” are caused by the government enforcing the education system. 

Maybe parents are too busy with their work, and want to compensate for not giving enough love to their 

children by giving them more material comforts, and hiring maids to look after them. However, in this way, 

children cannot learn to become independent and they are used to rely on others to solve their problems. 

Some students consider the HK education system as fostering elitism which cause HK Kids 

Third, we think that in order to solve HK Kids problem, parents should pay attention to their children's 

habits and train them to become independent starting from childhood. The government should offer courses 

for children to improve their self-understanding, and to train them to manage their own emotions. 
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Fourth, the emergence of "Hong Kong Kids" is not a regional problem. Because of fast-paced lifestyle in 

Hong Kong, many parents do not have time to take care of their children. Another reason may be related to 

economic conditions. HK parents can employ maids to take care of their children leading to children's weak 

problem-solve skill. But in mainland China, children in poor families have to take care of themselves from 

childhood.) 

The first part of the above students’ summaries is similar to our interpretation of topic 1: parents over-

emphasizes children’s school education performance too much, and overlook the training of their childred’s 

independence. However, in this part, students do not mention elitism. 

The second part of the summary is similar to our interpretation of topic 5: parents employ maids to take 

care of their children, resulting in their weak ability to be independent. Here, elitism is mentioned as a factor 

associated with the HK Kid syndrome, though not as central as picked up by the fLDA algorithm.  

The third part is similar to topic 4: parents should foster children’s independence. The children’s 

summary is written in more concrete terms than the interpretation presented in Table 3.  

The final part of the students’ summary is similar to topic 5: Due to the better economic conditions in 

HK, parents are able to employ maids to take care of their children. The content of this summary is also related 

to topic 1: in the frames of topic 1, the words “poverty” and “countries” turn out to be mentioned when 

comparing HK with other regions.  

Through this comparison, we find that our interpretation can cover most of the ideas students expressed 

in their own summary of discussions. On the other hand, we cannot find summaries with content similar to 

topics 2 and 3. So our approach may have potential in helping readers identify and interpret topics. 

Topic trend analysis  
One use of topic analyses is to compare the discussion topics across corpuses and over time. To do so, we first 

tag each note with relevant topics. A note is tagged with a specific topic if it contains at least 2 topic words of 

the topic. It is possible for a note to have all five or none of the identified topics tagged. Then we create for each 

corpus a visualization, called per-week topic trend graph, to show the number of notes containing each of the 

topics for each week. As shown in figure 2, this visualization of the 6B corpus reveals that the number of notes 

change significantly over time. In week 2, there are peaks for all topics. Afterwards, all topics have a low 

occurrence except for the “none-of-the-topics” category, which had another peak in week 6.  

Note # of topics per week for Class 6B

Week

N
o
te

#

Figure 2. Per-week topic trend graph of the 6B corpus.

However, per-week topic trend graph of class 6B cannot reveal clear changes in topical focus when the level of 

discourse activity changes significantly over time. To provide a better representation of the change in topic 

focus in terms of the concerns expressed in notes, we make another visualization, per-N-notes topic trend graph, 

based on grouping every N=20 notes in order of created time. Per 20-notes topic trend graphs for all datasets are 

shown from figure 3 to 5. 

As shown in figure 3, the wave shape curves in the visualization reveal note numbers of topics have 

declined and increased for more than two times. By looking at the curves within first 60 notes, we find that topic 

3 is more stable than other topics. This may indicate that the 6B students focus more on family problems than 

other causes of Hong Kong kids. Another interesting finding can be recognized at the point of 121-140 notes 

where the note number of none-of-the-topics category suddenly increases while other categories reduce a lot, 

indicating possibly some new topics may have emerged. 

Figure 4 shows the topic trend graph for the 6C corpus, which is quite different from that for the 6B 

corpus. From the point of 20-40 notes to the one of 40-60 notes, the note number of the “none” category goes 

down while the numbers of topical notes increase. This indicates different topical foci for the classes 6B and 6C 

in their discussions on the same theme. 
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Note # of topics per 20 notes for Class 6B

N
o
te

#

Figure 3. Per-week topic trend graph of 6B data set.

Note # of topics per 20 notes for Class 6C

N
o
te

#

Figure 4. Per-week topic trend graph of the 6C corpus.

We analyzed another set of corpus from a pair of classrooms from another school, 5A and 5B, and compare the 

topic trends between them based on their per-20-notes topic trend graphs, as shown in figure 5. It seems 5A had 

very few notes related topic 4 and 5. In contrast, 6B had very few notes on topics 1, 2 and 3. The ways the 

discourse developed in terms of the major topics are different as well. For 5A, topic 1 became a hot topic in the 

stage of 1-80 notes, then “cooled down” slowly afterwards, and finally disappeared. For 5B, topic 4 become a 

hot topic in the stage of 1-40 notes, became a rare one in the 41-80 stage, and then become a normal topic found 

in 25% of the notes in the later stage.

N
o
te

#

N
o
te

#

Figure 5. Per-week topic trend graph of the 5A (left) and 5B(right) corpuses.

Conclusion
We have demonstrated two promising applications of fLDA in analyzing CSCL discourse corpuses: topic 

extraction and topic trend analysis. Topic extraction starts with performing the fLDA algorithm to generate 
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frames for topics from a collection of notes. Notes can be tagged with different topics according to topic word 

frequency. Based on these frames, we can make meaningful interpretations for each topic through a few steps. 

Topic trend analysis can be done with per-N-notes topic trend visualization. Interpretation of this kind of 

visualization can potentially be used to help teachers to identify the focal concerns in students’ online 

discussions. More work involving the participation of teachers in evaluating the validity and usefulness of such 

analyses is necessary to determine the value of such a topic discovery and visualization tool.  
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