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Abstract
Data mining is widely applied in the database research area in order 
to extract frequent correlations of values from both structured and 
semi structured datasets. In this work we describe an approach to 
mine Decision Tree learning association rules from how people 
interact in a meeting. In this paper, we propose a mining method 
to extract frequent patterns of human interaction based on the 
captured content of face-to-face meetings. Human interactions, 
such as proposing an idea, giving comments, and expressing a 
positive opinion, indicate user intention toward a topic or role in 
a discussion. Human interaction flow in a discussion session is 
represented as a tree. Decision Tree interaction mining algorithms 
are designed to analyze the structures of the trees and to extract 
interaction flow patterns. The experimental results show that we 
can successfully extract several interesting patterns that are useful 
for the interpretation of human behaviour in meeting discussions, 
such as determining frequent interactions, typical interaction flows, 
and relationships between different types of interactions.
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I. Introduction
Meetings are important events in our daily life. People are usually 
not able to attend all relevant meetings or to remember all the 
important information produced in meetings. This precipitates 
the advent of smart meeting that automatically records a meeting 
and analyses the generated audiovisual content for future viewing. 
While most of current smart meeting systems analyse the meeting 
content for understanding what conclusion was made, it is more 
interesting and important to know how a conclusion was made, for 
example, did all members agree on the outcome, who did not give 
his opinion, who spoke a little or  a lot, etc. Such kind of group 
social dynamics can be useful for determining whether the meeting 
was well organized and whether the conclusion was rational. 
Human interaction plays an important role in understanding this 
communicative information. Different from physical interactions 
(e.g. turn-taking and addressing), the human interactions here 
are defined as behaviours among meeting participants with 
respect to the current topic, such as proposing an idea, giving 
some comments, expressing positive opinion, and requesting 
information. When incorporated with semantics (i.e. user intention 
or attitude towards a topic), interactions are more meaningful in 
understanding conclusion drawing and meeting organization. The 
interactions can be further used for mirroring group activity for 
the purpose of group monitoring of the way that it operates.
Human interaction in meetings has attracted much research in the 
fields of image/speech processing, computer vision, and human-
computer interaction two-layer Hidden Markov Model (HMM) 
framework. The AMI project was proposed for studying human 
interaction issues in meetings, such as turn-taking, gaze behaviour, 
influence, and talkativeness. Otsuka et al. used gaze, head gestures, 
and utterances in determining interactions regarding who responds 
to whom in multiparty face-to-face conversations. DiMicco et 
al. Presented visualization systems for reviewing a group’s 

interaction dynamics, e.g., speaking time, gaze behaviour, turn-
taking patterns, and overlapping speech in meetings. In general, the 
above-mentioned systems aim at detecting and visualizing human 
interactions in meetings, while our work focuses on discovering 
higher level knowledge about human interaction.

A. Decision Trees
A decision tree is a decision support tool that uses a tree-
like graph or model of decisions and their possible consequences, 
including chance event outcomes, resource costs, and utility. It is 
one way to display an algorithm.
Decision trees are commonly used in operations research, 
specifically in decision analysis, to help identify a strategy most 
likely to reach a goal.
In decision analysis a decision tree and the closely related influence 
diagram is used as a visual and analytical decision support tool, 
where the expected values (or expected utility) of competing 
alternatives are calculated.
A decision tree consists of 3 types of nodes:

Decision nodes - commonly represented by squares1. 
Chance nodes - represented by circles2. 
End nodes - represented by triangles3. 

Decision trees are commonly used in operations research, 
specifically in decision analysis, to help identify a strategy most 
likely to reach a goal. If in practice decisions have to be taken online 
with no recall under incomplete knowledge, a decision tree should 
be paralleled by a probability model as a best choice model or 
online selection model algorithm. Another use of decision trees is 
as a descriptive means for calculating conditional probabilities.
Decision trees, influence diagrams, utility functions, and 
other decision analysis tools and methods are taught to undergraduate 
students in schools of business, health economics, and public 
health, and are examples of operations research or management 
science methods.

B. Decision Tree Elements

Fig. 1: Decision Tree Example

Drawn from left to right, a decision tree has only burst nodes 
(splitting paths) but no sink nodes (converging paths). Therefore, 
used manually, they can grow very big and are then often hard to 
draw fully by hand. Traditionally, decision trees have been created 
manually - as the aside example shows - although increasingly, 
specialized software is employed.
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II. Influence Diagram
A decision tree can be represented more compactly as an influence 
diagram, focusing attention on the issues and relationships between 
events.

Fig. 2: Decision for Relation Between Events

The squares represent decisions, the ovals represent action, and 
the diamond represents results.
Based on the interaction defined and recognized, we now describe 
the notion of interaction flow and its construction. An interaction 
flow is a list of all interactions in a discussion session with triggering 
relationship between them. We first give the definition of a session 
in a meeting discussion.
Definition 1 (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.

Fig. 3: Examples of Tree Representation of Interaction Flow

Fig. 4: Isomorphic Trees

Here, spontaneous interactions are those that are initiated by 
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. Whether an 
interaction is spontaneous or reactive is not determined by its type 
(e.g., propose, askOpinion, or acknowledgement), but labeled by 
the annotator manually. Hence, a session contains at least one 
interaction (i.e., a spontaneous interaction). A meeting discussion 
consists of a sequence of sessions, in which participants discuss 
topics continuously. When annotating reactive interactions, we also 
specify which interaction a reactive interaction really responds to. 
Based on these annotations, sessions are identified and interaction 
flows in the sessions could be formed. Interaction flows are the 
objects that our mining method manipulates.

III. Decision Tree Learning
Decision tree learning, used in statistics, data mining and machine 
learning, uses a decision tree as a predictive model which maps 
observations about an item to conclusions about the item’s target 
value. More descriptive names for such tree models are classification 
trees or regression trees. In these tree structures, leaves represent 
class labels and branches represent conjunctions of features that 
lead to those class labels.
In decision analysis, a decision tree can be used to visually and 
explicitly represent decisions and decision making. In data mining, 
a decision tree describes data but not decisions; rather the resulting 
classification tree can be an input for decision making. This page 
deals with decision trees in data mining.
Decision tree learning is a method commonly used in data mining. 
The goal is to create a model that predicts the value of a target 
variable based on several input variables. An example is shown 
on the right. Each interior node corresponds to one of the input 
variables; there are edges to children for each of the possible 
values of that input variable. Each leaf represents a value of the 
target variable given the values of the input variables represented 
by the path from the root to the leaf.
A tree can be “learned” by splitting the source set into subsets 
based on an attribute value test. This process is repeated on each 
derived subset in a recursive manner called recursive partitioning. 
The recursion is completed when the subset at a node has all the 
same value of the target variable, or when splitting no longer adds 
value to the predictions. This process of top-down induction of 
decision trees (TDIDT) is an example of a greedy algorithm, and it 
is by far the most common strategy for learning decision trees from 
data, but it is not the only strategy. In fact, some approaches have 
been developed recently allowing tree induction to be performed 
in a bottom-up fashion.
In data mining, decision trees can be described also as the 
combination of mathematical and computational techniques to 
aid the description, categorization and generalization of a given 
set of data.
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Fig. 3: A Tree Showing Survival of Passengers on the Titanic (“sibsp” 
is the Number of Spouses or Siblings Aboard)

Data comes in records of the form:

The dependent variable, Y, is the target variable that we are trying 
to understand, classify or generalize. The vector x is composed of 
the input variables, x1, x2, x3 etc., that are used for that task.
The figures under the leaves show the probability of survival and 
the percentage of observations in the leaf.
The algorithms that are used for constructing decision trees usually 
work top-down by choosing a variable at each step that is the next 
best variable to use in splitting the set of items. “Best” is defined 
by how well the variable splits the set into homogeneous subsets 
that have the same value of the target variable. Different algorithms 
use different formulae for measuring “best”. This section presents 
a few of the most common formulae. These formulae are applied 
to each candidate subset, and the resulting values are combined 
(e.g., averaged) to provide a measure of the quality of the split.

A. Gini Impurity
Used by the CART (classification and regression tree) algorithm, 
Gini impurity is a measure of how often a randomly chosen element 
from the set would be incorrectly labeled if it were randomly 
labeled according to the distribution of labels in the subset. Gini 
impurity can be computed by summing the probability of each item 
being chosen times the probability of a mistake in categorizing 
that item. It reaches its minimum (zero) when all cases in the node 
fall into a single target category.
To compute Gini impurity for a set of items, suppose i takes on 
values in {1, 2, ..., m}, and let fi = the fraction of items labeled 
with value i in the set.

B. Information Gain
Used by the ID3, C4.5 and C5.0 tree generation 
algorithms. Information gain is based on the concept of entropy used 
in information theory.

IV. Algorithms for Pattern Discovery
Based on graph mining and tree mining algorithms, we designed an 
algorithm for interaction flow mining. We formulate the frequent 
tree pattern mining algorithm in this section (see Algorithm 1). 
For each tree in TD, the algorithm first exchanges the places of 
siblings (i.e., performs commutation processing) to generate the 
full set of isomorphic trees, ITD. For instance, the tree PROCOM 
*ACK can be transformed into two trees, PROCOM * ACK and 
PROACK_COM. If the siblings of a tree are the same (e.g., 
PRO-COM_COM), this process can be omitted. The purpose 
of generating isomorphic trees is to ease string matching. It then 
calculates the support of each tree in ITD (Steps 2-3). In Step 4, 
it selects the trees whose supports are larger than _ and detects 
isomorphic trees within them. If m trees are isomorphic, it selects 
one of them and discards the others. It finally outputs the frequent 
trees.
Algorithm 1. fitm (TD, σ) (Frequent interaction tree pattern
mining)
Input: a tree database TD and a support threshold _
Output: all frequent tree patterns with respect to _
Procedure:
scan database TD, generate its full set of isomorphic trees, ITD
scan database ITD, count the number of occurrences for each 
tree t
calculate the support of each tree
select the trees whose supports are larger than _ and detect 
isomorphic trees; if m trees are isomorphic, select one of them 
and discard the others
output the frequent trees

The sub procedure, Subtree_Support_Calculating, first creates 
sub trees of each tree t in TD with the size of sub trees the same 
as that of st (Steps 3-4). Then, or each sub tree of t, it generates 
its isomorphic trees and compares their string codes with that of 
st. If it matches, the number of occurrences of st is increased by 
1 (Steps 5-14). It finally calculates and returns the support of st 
(Steps 15-16).
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V. Experimental Results
Our studies involve four real meetings, lasting 20 minutes on 
average. Multiple devices, such as video cameras, microphones, 
and motion sensors, were used for capturing the meetings. The four 
meetings include one PC purchase meeting (26 min, discussing 
PCs to be ordered for the laboratory, such as types, configuration, 
size, weight, manufacturer, etc.), one trip-planning meeting (18 
min, discussing time, place, activities, and transportation for a 
summer trip), one soccer preparation meeting (23 min, talking 
about the players and their roles and positions in an upcoming 
match), and one job selection meeting (10 min, talking about 
factors that will be considered in seeking a job, such as salary, 
working place, employer, position, interest, etc.). Each meeting 
had four participants seated around a table. Human interactions 
were detected by using a multimodal approach In order to use a 
correct data for mining, we tuned the interaction types manually 
after applying the recognition method. We ultimately got a data 
set comprising a total of 1,406 interactions and 356 sessions. 
Hence, the data set contains 356 interaction trees. The goal of 
our studies is to discover frequent interaction trees, and analyze 
the behavior of the algorithms on the data set, focusing on the 
effect of threshold.
Fig. 4 shows the session distribution according to the number of 
interactions in one session. We observe that sessions consisting 
of three interactions are the most numerous. The longest sessions 
(those with the most interactions) are composed of 14 interactions. 
Sessions containing one to five interactions, which account for 
around 80 percent of all sessions, could be regarded as ordinary 
sessions. Other sessions, with six interactions, and especially 
those with 9 to 14 interactions, are considered special. They might 
be hot sessions in which participants engaged in emphatic and 
heated discussion. Actually hotspots in meetings are proofed to 
be associated with high degree of crossover of utterances and 
large number of back-channel feedbacks [7]. The three longest 
(or hottest) sessions, with 14 interactions, are “PRO-PRO-
ACK_(COM-(COMACK_(COM-COM-COM-(COM - COM  
-COM)_REQ))_COM),” “COM-(COMREQ_(COM- ACK-
COM-COM-(COM-COM-COM_(NEG-COM))_COM))_ ACK,” 
and “COM-(COM-ACK_ACK_ACK_ ACK_ACK)_ ACK_ 
ACK_ACK_ACK_ACK_ACK_ACK,” represented with our 
tree string codes

Number of interactions in one 
session Session Percentage%

1 11
2 16
3 24
4 16
5 11
6 7
7 5
8 5
9 2
10 3
11 1
12 2
13 0
14 2

Fig. 4: Session Distribution

VI. Conclusion
This paper describes an approach for collaborative capturing and 
detection of human interaction that is helpful for understanding 
social dynamics in meetings. As future work, we plan to integrate 
more contexts (e.g. 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.
We proposed a Decision Tree Learning mining method for 
discovering frequent patterns of human interaction in meeting 
discussions. The mining results would be useful for summarization, 
indexing, and comparison of meeting records. They also can 
be used for interpretation of human interaction in meetings. In 
the future, we will develop several applications based on the 
discovered patterns. We also plan to explore embedded tree mining 
for hidden interaction pattern discovery. Embedded sub trees are 
a generalization of induced sub trees, which allow not only direct 
parent child branches, but ancestor-descendant branches. For 
example, when there is an interaction of propose, there always 
follows a comment, directly or indirectly. Finally, we plan to 
incorporate more meeting content in both amount and category. 
The current meetings are all task oriented. It is valuable to capture 
various categories of meetings for analysis such as panel, debate, 
interview, etc. There would be some differences in the frequent 
interaction patterns for different meeting styles.
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