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Abstract
Human interaction is one of the most important characteristics of 
group social dynamics in meetings. Mining Human Interaction 
in Meetings is useful to identify how a person reacts in different 
situations. Behavior represents the nature of the person and 
mining helps to analyze, how the person exhibits his/her opinion. 
Detecting semantic knowledge is significant. Meeting interactions 
are categorized as propose, comment, acknowledgement, request-
information, ask-opinion, post-opinion and negative opinion. 
Semantic knowledge of meetings can be revealed by discovering 
interaction patterns from these meetings. An existing method mines 
interaction patterns from meetings using tree structures. However, 
such a tree-based method may not capture all kinds of triggering 
relations between interactions, and it may not distinguish a participant 
of a certain rank from another participant of a different rank in a 
meeting. Hence, the tree-based method may not be able to find all 
interaction patterns such as those about correlated interaction. In 
this paper, we propose to mine interaction patterns from meetings 
using an alternative data structure—namely, a Directed Acyclic 
Graph (DAG). Specifically, a DAG captures both temporal and 
triggering relations between interactions in meetings. Moreover, to 
distinguish one participant of a certain rank from another, we assign 
weights to nodes in the DAG. As such, a meeting can be modeled as 
a weighted DAG, from which weighted frequent interaction patterns 
can be discovered. Experimental results showed the effectiveness 
of our proposed DAG-based method for mining interaction patterns 
from meetings.
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I. Introduction
Data mining discovers patterns hidden in data and associations 
between the patterns. Frequent pattern mining plays an essential role 
in many data mining tasks such as mining association rules, mining 
correlations, mining closed patterns, mining sequential patterns and 
so on. First introduced in 1993 by Agarwal et al. frequent pattern 
mining has been one of the hottest issues in the data mining field. 
Mining information and knowledge from very large databases is 
not an easy work. It takes a long time to process the large datasets 
and the amount of discovered knowledge and number of patterns 
can also be very large. It is also well known that frequent pattern 
mining generates a very large number of frequent item sets.
The World Wide Web and its associated distributed information 
services, such as Yahoo!, Google, America Online, and AltaVista, 
provide rich, worldwide, on-line information services, where 
data objects are linked together to facilitate interactive access. 
Users seeking information of interest traverse from one object via 
links to another. Such systems provide ample opportunities and 
challenges for data mining. For example, understanding user access 
patterns will not only help improve system design but also leads 
to better marketing decisions (e.g., by placing advertisements in 
frequently visited documents, or by providing better customer/user 
classification and behaviour analysis) [2].
Human interaction is one of the most important characteristics 

of group social dynamics in meetings. Meetings are an important 
communication and coordination activity of teams: status is 
discussed, decisions are made, alternatives are considered, details 
are explained, information is presented, and ideas are generated. 
We are developing a smart meeting system for capturing human 
interactions and recognizing their types, such as proposing an idea, 
giving comments, expressing a positive opinion, and requesting 
information. To further understand and interpret human interactions 
in meetings, we need to discover higher level semantic knowledge 
about them, such as which interactions often occur in a discussion, 
what interaction flow a discussion usually follows, and what 
relationships exist among interactions. This knowledge likely 
describes important patterns of interaction.
Meetings and human interactions are integral parts of workplace 
dynamics for communicating between members participating in 
a meeting. During a meeting, several kinds of human interactions 
may occur. Examples include (i) proposing an idea, (ii) positively 
or negatively reacting to a proposal, (iii) acceptance of a proposal. 
To gather significant information regarding the success rate of the 
decision made in a meeting, one can mine patterns from human 
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, 4, 7] 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 acquire the semantic information from a meeting, researchers 
extracted the meeting contents and represented 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: (i) C expresses 
his negative opinion towards the proposed idea, (ii) C asks D for 
opinion on the idea, and (iii) 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 
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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 reveals 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 aforementioned tree-based 
method [12] 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
Observing that (i) Directed Acyclic Graphs (DAGs) and trees are both 
specializations of graphs and (ii) trees may not capture all triggering 
relations or person’s weight/rank, we explore the use of DAGs (as 
alternatives to trees) for modeling meetings. As interactions occur 
in meetings flow in only one direction with respect to time (i.e., no 
cycle), DAGs would be a logical choice for modeling meetings. 
A key contribution of this paper is our DAG-based modeling of 
interactions occurred in meetings. In particular, DAGs capture two 
kinds of relations: (i) temporal relations and (ii) triggering relations 
(cf. trees capture temporal relations but not all triggering relations). 
By doing so, each interaction is represented by a node in a DAG, 
and the label of the node indicates the class of interaction. Moreover, 
every node is associated with a weight, indicating the rank of the 
person who initiates the interaction.
We introduce a DAG-based representation of interaction flow 
in decision-making meetings. Human interactions occurred in 
these meetings can be mainly categorized into the following nine 
classes:
1. PRO: A participant proposes an idea.
2. ASK: A participant asks for opinion regarding a proposal.
3. POS: A participant expresses positive attitude towards a 
proposal.
4. NEG: A participant expresses negative attitude towards a 
proposal.
5. ACK: A participant agrees on some other’s comment, decision, 
or attitude.
6. COM: A participant comments on another action (PRO, ACK, 
POS, etc.).
7. REQ: A participant requests information regarding an issue.
8. ACC: A participant accepts the proposed idea.
9. REJ: A participant rejects the proposed idea.When building 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.

Fig. 1: A DAG-Based Representation of Interaction Flow Showing 
Triggering Relations

To further specify the rank of the person who initiated the interaction, 
we assign a weight with value ranging from 1 to n inclusive (e.g., 
n=3, 4 or 5). Although the same response can be made from different 

persons of different ranks, a response from a person having a heavier 
weight usually strongly influences the decision making process than 
that from a person of a lighter weight. Each node in the weighted 
DAG in Fig. 1 denotes an instance of human interaction occurred 
in a meeting. The label and weight of the nodes indicate the class of 
the interaction and the corresponding impact factor, respectively.
So far, we have categorized interactions into nine classes (e.g., PRO, 
ASK) based on the activities in a meeting. From the perspective 
of spontaneity, these interactions can also be categorized into two 
types of interactions: (i) triggering interaction and (ii) triggered 
interaction. For example, the PRO node in Fig. 1 reflects a triggering 
interaction, which represents an assistant professor proposes an 
idea spontaneously. The remaining nodes (POS, ASK & NEG) 
reflect three triggered interactions, which occur in response to 
the triggering interaction. Directed edges between nodes indicate 
triggering relations between the nodes, and the arrows point from 
the triggering interaction to the triggered one. Consequently, We 
generate a DAG-based interaction flow diagram for modeling 
meetings.
Besides those triggering relations, our proposed DAG-based 
representation of interaction flow also captures temporal relations. 
To elaborate, a DAG represents the temporal relations by topological 
level. Nodes of a certain topological level appear temporally before 
nodes of the next/lower level. Within the same topological level, 
the node on the left appears temporally before the node on the 
right. See Example 2.

Fig. 2: A DAG-Based Representation of Interaction Flow Showing 
Both Triggering Relations and Temporal Relations in a Meeting

Example 2. Fig. 2 shows a sample session of a meeting, in which an 
assistant professor A proposes an idea. Triggered by A’s proposed 
idea, one of his colleagues B first expresses her negative opinion 
and then asks others’ opinions. On the other hand, a professor C 
(with heavier weight) expresses his positive opinion on A’s idea. 
An associate professor D first comments on B’s negative opinions. 
Based on both his comments and B’s negative opinion, D then 
expresses his negative opinion in response to B’s asking of opinion. 
Finally, based on two negative opinion from assistant professor 
B and associate professor D as well as the positive opinion from 
professor C, professor E accepts A’s idea, biased to the interaction 
performed by person of higher rank. Note that, Fig. 2 captures not 
only single triggering relations but also interactions triggered by 
multiple triggering interactions.

A. DAG-Based Frequent Pattern Mining from Interaction 
Flow DAGs
Once the DAG-based interaction flow diagram is generated, we 
can mine frequent interaction patterns (sub-DAG patterns) from the 
diagram. Before describing the key steps in this interaction pattern 
mining process, let us consider the following definitions.
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Definition 1 (DAG-based Interaction Flow)
One single meeting may consist of several sessions. Interaction flow 
within each session can be represented by a DAG D = (V,E), where 
V = {v1, v2,…, vn} is a set of n vertices and E = {e1, e2,…, em} is 
a set of m directed edges. All DAGs are connected acyclic graphs 
and no two DAGs, representing sessions of the same meeting, are 
connected to each other. Each node vi is assigned a class label L(vi), 
where L(vi) ∈ {PRO, ASK, POS, NEG, ACK, COM, REQ, ACC, 
REJ}. Each node is associated with a weight W (vi) that carries 
information regarding the (absolute or relative) rank of a participant 
who initiates an interaction in a meeting. Each edge is a directed 
connection between two vertices, i.e., E = {(vi, vj)|1 ≤ I, j ≤ n, vi, 
vj ∈ V }. Here, vi denotes the source/origin of the directed edge 
and vj denotes the destination of that edge. An edge from vi to vj 
implies that vi (completely or partially) triggers vj . The levels of 
interactions can be determined according to their topological orders. 
Interactions of higher levels occur earlier than those of lower levels. 
Within the same level, interactions on the left occur earlier than 
those on the right. 

Definition 2 (Sub-DAG and Super-DAG). 
Consider two DAGs D = (V;E) and D′ = (V ′;E′) such that (i) D′ 
is a connected DAG; (ii) V ′ ⊆ V; (iii) E′ ⊆ E; (iv) for each v′i∈ V 
′,L(v′i) = L(vi) and W(v′i) = W(vi) for a vi ∈ V ; (v) foreach e(v′i; 
v′j) ∈ E′, these v′i & v′j∈ V ′ are mapped to the corresponding 
vi & vj ∈ V . Then, D′ is a sub-DAG of D. Equivalently, D is a 
super-DAG of D′. 
6 A. Fariha, C.F. Ahmed, C.K.-S. Leung, S M Abdullah, and L. 
Cao

Definition 3 (Support)
Given (i) a sub-DAG D′ and (ii) a database DB, thesupport of D′ 
is defined by the following equation.

 (1)
This definition of support allows us to discover sub-DAGs containing 
nodes that are not too frequent but are associated with heavy weights. 
See Example 3. Example 3. Consider a sample DAG D, consisting 
of 10 directed edges (i.e.,10 triggering relations) on 20 nodes (i.e., 
20 interactions): Professor A proposes three ideas (PRO), and each 
of them are rejected (REJ) by Professor B. Lecturer C makes 7 
comments (COM), and each of them triggers Lecturer F’s comments 
(COM). In other words, D = (V;E), where (i) V = {v1; :::; v20}, 
(ii) L(v1) = L(v3) = L(v5) = PRO, (iii) L(v2) = L(v4) = L(v6) = 
REJ, (iv) L(v7) = ::: = L(v20) = COM, (v) E = {(v1; v2); (v3; v4); 
:::; (v19; v20)}, (vi) W(v1) = ::: = W(v6) = 5, and (vii) W(v7) = 
::: = W(v20) = 1.
Here, the frequency of the pattern “A proposes an idea, which is 
rejected by B” is 3; the frequency of another pattern “C makes a 
comment, which is commented by F” is 7. Between them, the first 
pattern is more interesting than the second one because interactions 
between persons of higher rank (i.e., heavier weights) are usually 
more important and useful in analyzing decision-making meetings 
even when the frequency of these interactions is not too high. 

Definition 4 (Frequent Pattern or Fragment)
Sub-DAGs, having support greater than the user-specific minimum 
support threshold minsup are considered frequent sub-DAG 
pattern (or fragment). 

Definition 5 (Mining Frequent Interaction Patterns from 
Meeting DB). 

Given (i) a meeting database DB capturing human interactions 
in meetings.
(ii) a user-specific minimum support threshold minsup, the 
problem of mining frequent interaction patterns is to discover 
from DB every frequent interaction pattern, i.e., every sub-DAG 
D′ having sup(D′) ≥ minsup. 
Our proposed weighted DAG-based meeting mining algorithm 
(WDAG-meet) discovers frequent interaction patterns in the 
form of frequent sub-DAGs from weighted DAG database DB 
as follows. The algorithm first generates a set of all frequent nodes 
in DB. It then expands these nodes (i.e., singleton
sub-DAGs) using the following four expansion rules:
1. New Root: A new root (with no incoming edge) is inserted.
2. New Level: A new topological level is introduced with the 
insertion of a new node into that level and the insertion of an edge 
from a node in the previous topological level.
3. New Node: A new node (with a label lexicographically greater 
than the last node in current topological level) is inserted into the 
current topological level.
4. New Edge: A new edge from a previously inserted node to the 
most recently inserted node is added.
See Example 4 for illustration of these rules. Note that, these rules 
are designed in such a way that no duplicate DAG is generated. 
In the process of expansion of already found frequent sub-DAGs, 
duplicate sub-DAGs may be generated. Although these duplicates 
do not affect the mining result, they certainly ncrease the runtime of 
the algorithm. To avoid generating duplicates, all newly expanded 
sub-DAGs are checked for duplicate canonical form [10] because 
the canonical form is unique for all duplicate somorphic DAGs. 
Example 4. Consider Fig. 3, which shows some examples of 
applications of the four expansion rules: WDAG meet algorithm 
(a) inserts a new root PRO, 
(b) inserts another new root REQ, and (c) introduces a new level 
with the insertion of POS and of a triggering relation from PRO 
to POS. Afterwards, WDAG meet (d) inserts into the current level 
a new node NEG triggered by REQ, (e) adds a new edge from 
PRO to the most recently inserted NEG. Similarly, WDAGmeet 
(f) introduces another new level (with the insertion of NEG, to 
which a triggering relation from another NEG is inserted) and (g) 
adds a new edge from PRO. 

Fig. 3: New Edge: A New Edge From a Previously Inserted Node 
to the Most Recentlyinserted Node is Added
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Note that, some of the expanded DAGs are connected, but some are 
not. WDAGmeet algorithm only inserts frequent connected DAGs 
to the mining result. The algorithm repeats the above expansion 
process until no new expansion. is impossible. The pseudocode 
is given in Algorithm 1, and Fig. 4 illustrates the first few steps 
of the algorithm. One important observation on the WDAGmeet 
algorithm is that, when the patterns are expanded, it adds not 
only frequent nodes but all possible nodes. The reason is that, 
the expansion rules do not satisfy the anti-monotone property: A 
pattern f may not be frequent because of low average-weight of 
the nodes contained in it, but connecting some nodes (of heavier 
weight or high support) can make f frequent.

Fig. 3: Application of Expansion Rules

Fig. 4: First Few Steps of WDAGmeet Algorithm

V. Conclusion
In this paper, we modeled human interactions in meetings using 
a weighted Directed Acyclic Graph (DAG). The weight indicates 
the rank or importance of the person who initiates one of the 
nine classes of interactions. Such a DAGbased representation 
of interaction flow captures both (i) temporal relations and (ii) 
triggering relations (which connect the triggering interaction to 
the triggered interaction) in meetings. Moreover, we also proposed 
DAG-based frequent pattern mining from interaction flow DAGs. 
Specifically, our proposed WDAGmeet algorithm mines weighted 
DAG-based meeting for frequent interaction patterns. The key idea 
is to model each session (especially decision-making sessions) of 
a meeting using DAGs. Moreover, DAGs also include patterns 
or fragments that are connected without any common ancestor, 
previously missed by the existing tree-based method. The 
integration of weight assignment to each interaction makes the 
meeting mining process more robust and worthwhile.
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