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ABSTRACT: 

Nonverbal behavior coding is conducted manually but automatic recording and removing 

of nonverbal behavior via ubiquitous social sensing platforms can be achieved and personality 

plays an important role in human interactions. The sequence of human interaction is generally 

represented as a tree structure that is used to capture the person interaction in meetings and 

discover the patterns. Frequent interaction tree pattern mining algorithm is utilized to analysis the 

structure and to extract interaction flow patterns, where only the co-occurring tags are 

considered. To overcome this problem, pattern discovery is proposed to the entire flow of 

interaction in meetings. It is an important yet challenging task to develop an intelligent system in 

a way that it automatically classifies human personality traits. Regular categorization of human 

personality requires the knowledge of significant attributes and features that contribute to the 

prediction of a given trait. Aggravated by the detail that recognition of significant features is an 

essential part of a personality recognition system, we present in this project an in-depth analysis 

of response features, demographic, audio visual, and text, for classification of multi-modal 

personality traits namely meticulousness, sociability, emotional constancy and extraversion 

openness to skill. In addition to the audio-visual features and gender information provided with 

the data set, we constructed three related verbal categories of features. The features include bag-

of-word, sentiments and word statistics from text. We perform feature selection on the data and 

report the best performing feature subset for each individual personality type after extensive 

experimental evaluation. 
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1. INTRODUCTION: 

Human interactions in a meeting discussion are defined as social behaviors or 

communicative actions [4] taken by meeting participants corresponding to the current topic. In 

meeting discussion human interaction are categorized as; propose, comment, acknowledgement, 

request Info, ask Opinion, pos Opinion, and neg Opinion. The detailed meanings are as follows: 

propose- a user proposes an idea with respect to a topic; comment- a user comments on a 

proposal[3], or answers a question;  acknowledgement- a user confirms someone else’s comment 

or explanation, e.g., “yeah,” “uh huh,” and “OK,” request Info- a user requests unknown 

information about a topic; ask Opinion-a user asks someone else’s opinion about a proposal; pos 

Opinion- a user expresses a positive opinion, i.e., supports a proposal; and neg Opinion- a user 

expresses a negative opinion, i.e., disagrees with a proposal. Based on the interaction defined and 

recognized, we now describe the notion of interaction flow and its construction [2]. An 

interaction flow is a list of all interactions in a discussion session with triggering relationship 

between them.  

We proposed a tree-based mining method for discovering frequent patterns of human 

interaction in meeting discussions [5]. It determines frequent interactions, typical interaction 

flows, and relationships between different types of interactions. The mining results would be 

useful for summarization, indexing, and comparison of meeting records [1]. They also can be 

used for interpretation of human interaction in meetings.  

The Human interaction is represented as a Tree. Tree structure is used to capture how the 

person is interacted in meeting and discovers the interaction flow in meeting [8]. Tree pattern 

mining and sub tree pattern mining will automatically analyze the structure and extract 

interaction flow pattern. Interaction flow helps to assume the probability of another type of 

interaction[1]. The frequent interaction pattern and behavior of the person is determined. 

The greatest problem with audio/video recordings is that they are sequential and do not 

provide any structural information but time to navigate. Efficient mining sub tree must be 

connected and two candidates from each pair of elements must  join. Cannot conclude human 

activities. Writing down the content of a meeting is a difficult task and very slow process. Room 

with a rear is not possible to capture the entire meeting record. Association rule may provide 

infeasible solutions and minimum transactional support. Impossible to attend all relevant 

meetings and it takes several time for data collection.Multi-modal approach is critical for 

identifying the simultaneous interaction and suffers several difficulties then fails if a person’s 

head is turned away from the camera. Portable effective meeting cannot be able to capture 

important events. Meeting indexing is able to focus only quality video.  

 

2. RELATED WORK:  

 

In [5] Neil Anderson et al. 
The influence of candidate non-verbal behaviour (NVB) upon interviewer impression 

formation in the graduate selection interview was investigated using a modified Brunswik lens 

model approach. There is considerable circumstantial evidence, however, that graduate selection 

procedures lack predictive validity. The 'similar-to-me effect' and conclude that the tendency for 

interviewers to recruit in their own self-image exerts substantive influence upon their decision-

making process. Another bias affecting outcome decisions is to be interviewer's personal liking 

for the candidate. The third bias concerning this study may be termed 'prototype bias'. 

Instructions to interviewers requested that immediately following each interview they should 



International Journal of Computer Application                                      Issue 5, Volume 1 (Jan.- Feb. 2015)                       

Available online on http://www.rspublication.com/ijca/ijca_index.htm                             ISSN: 2250-1797 
 

R S. Publication, rspublicationhouse@gmail.com Page 63 
 

complete the two-part Interviewee Assessment Form (IAF) developed for the earlier laboratory 

experiment. On all dependent variables, candidate facial area NVBs of eye-contact and positive 

facial expressions account for significant proportions of total variance.  

In common with the earlier laboratory experiment, the findings of this study illustrate the 

linear dependence of interviewer impression formation upon microscopic facial area of candidate 

NVB. It is significant that the participating interviewers applied the criterion of a universally 

appropriate personality prototype when determining whether to accept or reject candidates. The 

image of graduate interviewer decision making which emerges from this study is not an 

encouraging one. Interviewers were prone to several errors in information processing, the 

combined effect of which is almost certainly to reduce the predictive validity of outcome 

assessments. 

 

In [9] Joan-Isaac Biel, Oya Aran, Daniel Gatica-Perez et al.  
In this paper, the study of personality impressions in vlogging, under the lens of audio-visual 

behavioral analysis is addressed and investigate the use of nonverbal behavioral cues as 

descriptors of vloggers’ behavior and their association to the process of impression formation in 

this type of social media and also collected videos from YouTube with a keyword-based search 

for “vlog” and “vlogging” using the API, and manually filtered the retrieved results to gather a 

sample of conversational vlogs featuring one person only.  

The work  limited the size of the dataset in order to bound the amount of annotations required 

for our experiments. The study about association between vlogger’s personality and social media 

attention in YouTube is carried and presented what, is the first study on personality impressions 

from brief behavioral slices of online videos extracted from YouTube. In addition to that the 

combination of audio and visual cues can be used to predict 34% of the variance for the 

Extraversion trait, which corresponds to the most reliably judged personality trait. 

 

 

3. FUTURE BASED TIME SERIES CLASSIFICATION: 

 

In this proposed system extracted features are useful for interpreting human interaction in 

interviews. Mining results can be used for indexing meeting semantics, also existing meeting 

capture systems could use this technique as a smarter indexing tool to search and access 

particular semantics of the meetings.  

Various interactions imply different user roles, attitudes, and intentions about a topic during a 

discussion. The definition of interaction types naturally varies according to usage. This focuses 

on the task-oriented interactions that address task-related aspect. The other communicative 

actions that concern the meeting and the group itself  are included. Cognitive science researchers 

could use them as domain knowledge for further analysis of human interaction. Moreover, the 

discovered patterns can be utilized to evaluate whether a meeting discussion is efficient and to 

compare two meeting discussions using interaction flow as a key feature.  

Fuzzy-rule-base system recognizes automatically the behavior profile of a computer user 

with the time evolving in a very effective way. Cosine distance tolerates different samples to 

have different number of attributes. Embedded Tree Mining performs Hidden interaction pattern 

discovery. Discovered patterns can be evaluate whether a meeting discussion and also compare 

two meeting discussions.  
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Interactive pattern mining system is based on sampling of regular patterns. Instead of 

enumerating all the frequent patterns in the dataset, the above system uses a sampler for 

returning a small set of randomly selected frequent patterns to the analyst. Through an interactive 

console, it enables the analyst to provide feedbacks on the quality of the sampled patterns. Based 

on these feedbacks, the mining engine updates its sampling criteria so that in subsequent 

iterations it samples patterns that are of better quality. 

 

                                                        
 

FIGURE 2: PROPOSED ARCHITECTURE 

 

The general goal of pattern discovery may be described ascending frequent, a priori 

unidentified patterns or links thereof among the objects stored in a given data depository, both 

with or with no the supposition of some domain-specific prior knowledge. The tenet is that a 

pattern, association or rule that occurs more frequently than one would expect is potentially 

informative and thus interesting. 

 

Audio Nonverbal Features: 

 

1) Speaking Turn Features: The Microphone automatically generates binary speaker 

segmentation, using as a basic principle a filter-sum beam former followed by a post-filtering 

stage, for each of the six spatial segments of the microphone array. The segmentation is stored in 

a file containing relative time in seconds (start and end), the subject label. Similar techniques 

have shown that the performance in terms of speech quality is relatively close to the performance 

using headset microphones, and better than lapels. The work did not evaluate objectively the 
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quality of the speaker segmentation, but inspected many files and observed that the speaker turns 

(even if they are short) are detected correctly by the device; furthermore, the device can recover 

turns’ beginning and endings well. Note that as the study aims at aggregating features over 

longer periods of time, the features tolerate minor errors in the estimation of exact boundaries of 

speaker turns. The speaker segmentation results in a binary segmentation for each participant, 

where status 1 represents speech and status 0 represents non-speech. From the binary 

segmentation, the following features for each participant are computed: Total Speaking Length 

(TSLi): The total time that participant i speaks according to the binary speaking status. 

 

Total Speaking Turns (TSTi): The number of turns accumulated over the entire meeting for each 

participant i, where each turn is a segment defined by a series of active speaking status and added 

a variant (TST fi) which only accumulates turns longer than two seconds. 

 

Average Speaking Turn Duration (ASTi): The average turn duration per participant i over the 

entire meeting.Total Successful Interruptions (TSIi): Two definitions are available to calculate 

this feature: TSI1 i: Participant i interrupts participant j if i starts talking when j is speaking, and j 

finishes his/her turn before i does. TSI2 i : Participant i interrupts participant j if i starts talking 

when j is speaking; when i finishes his/her turn j is not speaking anymore. For each of the two 

cases, and added a variant (TSIf1 i and TSIf2 i) which only accumulates interruptions in turns 

longer than two seconds. Speaking Turn Matrix (STM): The matrix which counts as events, who 

speaks after whom over the entire meeting. 

 

2) Prosodic nonverbal cues: Obtain the speech signal for each participant with the speaker 

segmentation then, compute two well known prosodic speech features, energy and pitch (the 

perceived fundamental frequency (F0) of voice, and it is the rate of vibration of vocal cords). 

  

Tracking-based features: 

 

a) Head activity: To measure the head activity of each participant, first track the face with a 

Particle Filter, using an ellipse face model. The dynamic model of the PF uses a damped velocity 

model for the position and velocity, and a random walk model for the shape parameters (i.e., the 

size of the ellipse) as observations, the skin color probability image, which has a positive 

probability for skin color pixels and zero probability for other colors is used. Skin color models 

are learned on additional data to calculate the likelihood.  

 

Two measurements based on the ellipse that is defined by the state vector of the particle are 

made: The ratio of the skin colored pixels to the total number of pixels (i) inside the ellipse, and 

(ii) at the boundary of the ellipse. High likelihood is assigned to cases where the first 

measurement is high and the latter is low additionally, applied the mean shift algorithm to move 

the particle centers to the areas with high skin color probability. 
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Fig 3: Motion detection 

 
Fig 4: Body activity detection 

 

4. CONCLUSION: 

 

 We presented a proposed system on diverse feature categories such as audio visual cues, 

text, and attitude of the text, word statistics and demographic features for computational 

personality recognition task using personality data set. We found that non-verbal features such as 

audio-visual and sentiment features help in identification of personality types of extraversion, 

delicacy and emotional constancy. A complicated combination of preferred audio-visual and text 

features are useful for prediction of Agreeableness class while audio-visual features affects 

negatively to the prediction of Openness to experience personality type. We found that text 

features are more significant in predicting Openness to experience personality type. In 
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conclusion our in-depth feature analysis showed helpful insights regarding the task of multi-

modal personality recognition.  
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