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Abstract
Mining person Interaction in Meetings is useful to recognize 
how a person reacts in different conditions. Activities represents 
the nature of the person and mining helps to scrutinize, how 
the person demonstrates his/her opinion. Detecting semantic 
knowledge is important. Meeting interactions are categorized as 
propose, comment, acknowledgement, request-information, ask-
opinion, post-opinion and negative opinion. Semantic knowledge 
of meetings can be discovered interaction patterns from these 
meetings. 
The interaction related tree mining algorithms are designed to 
analyze the structures of the trees and to extract interaction flow 
patterns. The sequence of human interactions is represented as a 
Tree. Tree structure is used to capture how the person interacts 
in Meetings and to discover the interaction flow often occurs 
in a Meetings and to reveal the relationship exist among the 
interactions. Tree pattern mining and sub tree pattern mining 
algorithms are automated to analyze the structure and to extract 
interaction flow patterns. The extracted patterns are interpreted 
from human interactions. The frequent patterns are used as an 
indexing tool to access a particular semantics.
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I. Introduction
Meetings and human interactions are essential parts of workplace 
dynamics for communicating between members participate in a 
meeting. During a meeting, different types of human interactions 
may occur. 
Examples include 

proposing an idea• 
 positively or negatively reacting to a proposal• 
Acceptance of a proposal.• 

To gather major information regarding the success rate of the 
judgment made in a meeting, one can mine patterns from person 
interactions Data mining is useful in discovering implicit, 
previously unknown, and potentially valuable information or 
knowledge from large datasets. For instance, frequent pattern 
mining [1] is helpful in finding frequently occurring patterns, such 
as interaction patterns from meetings. The discovered interaction 
patterns help to (i) estimate the effectiveness of decisions made in 
meetings, (ii) designate whether a meeting discussion is fruitful, 
(iii) compare two meeting discussions using interaction flow as a 
key feature [10] and (iv) index meetings for further ease of access 
in database. occurred in the meeting.

II. Related Works
To get the important point in the semantic information from 
a meeting, researchers extracted the meeting contents and 
characterized them in a machine readable format. 
For instance, Waibel et al. [9] presented a meeting browser that 
describes the dynamics of human interactions. 
McCowan et al. [5] recognized group actions in meetings by 
modeling the joint behavior of participants and expressed group 
actions as a two-layer process by a hidden Markov model 

framework. 
Otsuka et al. [6] used gaze, head gestures, and utterances to 
determine who responds to whom in multiparty face-to-face 
conversations. 
Yu et al. [8] proposed a multimodal approach for interaction 
recognition; they [3] also used a tree-based mining method to 
discover frequent patterns from human interactions occurred 
in meetings. Such a method focuses mostly on capturing direct 
parent-child relations.

III. Existing System
Example 1. Let us consider a scenario about a meeting of four 
persons (e.g., professor A, assistant professor B, and two lecturers 
C & D) with different weights/ranks. At the beginning of the 
meeting, B proposes an idea which triggers three interactions:

C expresses his negative opinion towards the proposed • 
idea,
C asks D for opinion on the idea,• 
And A expresses some positive opinion towards the idea. • 
Now, the interaction of C’s request for D’s opinion triggers 
a single interaction performed by D. Although the response 
of D is triggered by C’s request of opinion, such a response is 
generally influenced by A’s positive opinion. To elaborate, D 
may initially feel negatively regarding B’s proposed idea. But, 
after listening to A’s positive comments, B may change his 
mind and lean towards a neutral or even positive opinion.

Example 1 said that (i) an interaction can be triggered or influenced 
by multiple interactions and (ii) the extent of influence can be 
significantly dependent on the weight/rank of the person triggering 
that interaction. However, the abovementioned existing method 
[2,4,7] does not capture these triggering relations. Moreover, as 
this method does not associate the actions with the rank of the 
person causing the actions, it does not distinguish the same kinds 
of actions performed by two persons having different weights/
ranks.

IV. Proposed System
A Tree-based representation of interaction flow in decision-making 
meetings. human being interactions occurred in these meetings 
can be mainly categorized into the following nine classes:

PRO: A participant proposes an idea.1. 
ASK: A participant asks for opinion regarding a proposal.2. 
POS: A participant expresses positive attitude towards a 3. 
proposal.
NEG: A participant expresses negative attitude towards a 4. 
proposal.
ACK: A participant agrees on some other’s comment, 5. 
decision, or attitude.
COM: A participant comments on another action (PRO, ACK, 6. 
POS, etc.).
REQ: A participant requests information regarding an 7. 
issue.
ACC: A participant accepts the proposed idea.8. 
REJ: A participant rejects the proposed idea .When building 9. 
a DAG to model the interaction flow occurred in meetings, 
we label each node in the DAG with one of the above nine 
classes of human interactions.
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Interaction Flow
It is a list of all interactions in a discussion session with triggering 
relationship between them.
A person spontaneously, and reactive interactions are triggered 
in response to another interaction. For instance, propose 
and askOpinion are usually spontaneous interactions, while 
acknowledgement is always a reactive interaction.

Session
A session is a unit of a meeting that begins with a spontaneous 
interaction and concludes with an interaction that is not followed 
by any reactive interactions.

We were extracting appropriate scenes from the  viewpoints of 
individual users by clustering events  having spatial and temporal 
relationships. „R‟ denotes  Root and „P‟ the person who participated 
in the meeting.  Participating persons are numbered from left to 
right. (E.g.P4 denotes Persons4). Root denoting the  person who  
organizes the interaction. Figure 1 specifies Root, person  4 and 
Person 2 are initiating the new statement with . Based on the 
person4‟s comment person3,  person1, person2 were exhibits 
their comment. Tree  Hierarchy represents the flow in which the 
person  represents their comments. 

Fig. 1: Representation of Tree

From the fig. 2 R represent the root, “PR‟ represents propose, ‟PO‟ 
represents positive opinion, ‟A‟ represents Acknowledgement, 
‟N‟ represents Negative Opinion, ‟C‟ represents comment,”R” 
represents request,”AS” represents askopion . In the above 
Interaction Tree Hierarchy PO positive opinions verbalized 5 
times, PR Proposing verbalized 3 times, AC acknowledgements 
verbalized 2 times, C comments verbalized 2 times and N negative 
opinions verbalized 2 times. 

Fig. 2: Representation of Interaction Tree 

Interaction Dependency Table depicts the Dependency that 
every person has in the meeting session and the  Independent 
speakers. 

Table 1: Interaction Dependency
Persons 
ID

Interaction
(%)

Dependence 
Link

Independence 
Link

P1 27 P2,P3,P4 4times
P2 27 P1,P4,P3 5times
P3 27 P1,P2,P4 3times
P4 19 P1,P2,P3 4times

Pattern Discovery
Patterns are frequent trees or sub trees in the tree database. TD 
denotes of Interaction trees.ITD denotes the full set of isomorphic 
trees to TD. t denotes a tree.tk denotes a sub tree with k nodes, 
Ck denotes a set of candidates with k nodes. Fk denotes a set of 
frequent k-sub tress. σ denotes a support threshold of minimum 
support. Support is with given a tree or sub tree T and a data set 
of trees TD.

If the value of supp(T) is more than a threshold value Minimum 
support T is called a frequent tree or frequent sub tree. We have 
a data set of interaction trees TD. Given a minimum support σ, 
we would like to find all trees and sub trees that appear at least σ 
× | TD | times in the data set.

Construction of Tree Pattern
The frequent-pattern tree is a compressed formation that stores 
quantitative information about frequent patterns in a database. 
Each node in the item-prefix sub tree consists of three fields. Links 
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between depicts links to the next node in the FP-tree carrying the 
same item-name. Each entry in the frequent-item-header table 
consists of two fields. Head of node-link depicts pointer to the 
first node in the FP-tree carrying the item-name.
Tree Database TD and Threshold value is given as an Input. 

Generate its full set of isomorphic trees ITD,  from the 1. 
Database TD 
Count the number of occurrences for each tree t in the 2. 
Database ITD. 
Calculate the support of each tree 3. 
Select the trees whose supports are larger than σ and Detect 4. 
isomorphic trees.

(4.1) if m trees are isomorphic select one of them and discard 
the others. 

Output the frequent trees. 5. 

IV. Experimental Results
Our work involves real meetings lasting 15 minutes on average. 
Video camera was used for capturing the meetings. Each meeting 
had four participants seated around a table. In order to use a 
correct data for mining, we tuned the interaction types manually 
after applying the recognition method. The goal of our work is to 
discover frequent interaction trees and analyze the behavior of the 
algorithms on the data set, focusing on the effect of threshold.

Table 2: Subtree Pattern
Rule Association Rule Supp(T)
1 Pro->com->askopion 0.02272
2 Neg->askopion->pos 0.04545
3 Ask->neg->pos 0.1363
4 Pro->com->neg->askopion 0.02272
5 Pro->ask->neg->askopion 0.02272
6 Com->req->neq->askopion->pos 0.02272
7 Ask->req->neg->askopion 0.09090

If we set the threshold value as 0.045, frequent sub trees cannot 
be identified, because threshold value is less than the support 
value. If we set the threshold value as 0.022, frequent sub trees is 
identified. Because threshold value is less then support value. If we 
set threshold value as 0.136, frequent sub tree cannot be displayed, 
because threshold value is greater than the support value. Frequent 
trees were identified which satisfies the threshold value.
In our work all the sub trees were found as frequent trees, because 
threshold value is greater than the support value. Each person 
interaction in the meeting is calculated as 1 for COM, ACK, POS, 
PRO, and NEG,REQ,ASKOPION. The person‟s interaction ratio 
is shown in the following table,

Table 3: Interaction Type Measure
No.of persons

 
Interactions

P1 P2 P3 P4

Com 0 2 0 2
Ack 2 1 0 2
Pro 1 0 1 1
Neg 4 6 2 1
Pos 2 1 2 0
Askopion 2 1 5 0
Req 1 1 2 1

In the above Table specifies the interaction measures of each 
person. Each Interaction type is taken as 1, if it arises in the 
meeting with regard of each person.
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V. Conclusion
We have proposed an Interaction based tree mining method for 
discovering frequent interaction. From the Interaction based 
clustering analysis we have evaluated the persons behavior. As 
future work, we have planned to integrate more contexts like 
lexical cues in the detection process in order to improve the 
recognition accuracy. We also plan to design a visualization system 
for reviewing the human interactions.

Fig. 3: Interaction Measure in Distinct Persons

Using this evaluation we can able to find each person‟s interest 
level in participating the meetings. The Interaction measure of 
distinct persons explores how far one person involves in meetings 
in-depth. So that we can evaluate the percentage of interest level 
in propose, acknowledge, comment, positive opinion and negative 
opinion.
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Fig. 4: Participants Interaction
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