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Abstract
The present generations in research show that some package 
recommendation models are easier to use instead of single data. 
The problem is challenging due to different ways of object 
direction models. Here we first analyze the characteristics of the 
prevailing travel packages and develop a tourist-area-season topic 
(TAST) model .Real time results show the TAST model effectively 
captures the unique characteristics of the travel data and the cocktail 
model is much more effective than traditional techniques for travel 
packages .We provide the new models and we update the current 
news status regarding that place. With the help of this information 
the tourist find the shortest path for their destination region. We 
also extend the TAST model to the tourist-relation-area-season 
topic (TRAST) model for capturing the latent relationships among 
the tourists in each travel group. A new approach called Clustering 
and typicality based Collaborative Filtering has been detailed 
out herewith this paper, which includes preprocessing methods, 
clustering of items and measuring user typicality degree in user 
groups. After pre-processing the remaining recommendation 
process is done based on user typicality degree instead of coated 
items as in present Collaborative Filtering.The developed model is 
test on aTrip Advisor information and compared with a proposed 
method for package recommendation. Finally we evaluate TAST 
model, TRAST model, and Cocktail Approach and Clustering 
techniques on real world travel package data.
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I. Introduction
The number of times internet travel data changes is increasing, it 
became difficult for tourists to take from a large number of different 
travel packages for satisfying their personalized commitments [1]. 
Additionally, to increase the revenue, the travel companies have 
to recognize the preferences from various tourists and provide 
more attractive packages. The demand for sharp travel services is 
projected to increase dramatically. Despite of the increasing benefit 
in this field, the problem of leveraging unique characteristics 
to discriminate personalized travel package endorsement from 
traditional endorsement systems remains pretty open.
In fact, there are many methodological and domain challenges 
intrinsic in designing and implementing an effective endorsement 
system for personalized travel package endorsement. A distinct 
feature of the clustering with typicality-based Collaborative 
Filtering recommendation is that it selects the neighbours of users 
by calculating typicality degrees in user groups, which differentiates 
it from previous methods [2]. The mechanism of clustering with 
typicality-based Collaborative Filtering recommendation of our 
real-user study showed that the map based interface is more 
effective than the list-based interface that is typically used in 
recommender systems. It is also found that the integration of a 
map based interface in a recommender system increases user taken 
number models than previous models. Package taken is focused 
on different areas usually motivated by very attractive application 

fields such as tourism. In the design of an effective recommender 
system, some of the domain challenges have been addressed often 
resulting  in the development hardly generaliazable [2-4]. There 
is also a lot of work dealing with different package directions for 
a generic model different data is carried out [1, 5-7]. Additional 
factors including the seasonal behaviours of tourists, the prices of 
travel packages and the cold start to take different new packages 
are taken in to account. Finally the cocktail model is evaluated 
on real world datasets. The experimental results show that the 
TAST model can effectively capture the unique model of the 
travel data. The Data Mining Tool will contain different models 
[8] the prime functionality of the task will be analyzing the data 
and generate the results. Data mining tools need to be versatile, 
scalable and capable of accurately predicting responses between 
actions and results, and capable of automatic implementation [9]. 
Data mining has become increasingly common in both the public 
and private sectors. Some departments use data mining as a tool 
to survey customer data and to reduce fraud and insufficient data 
and assist in research model.   

II. Objective
The main objective of proposed system is to cluster the items and 
then find neighbours of users based on user typicality degree in 
user groups and predict the ratings. In recommendation system 
the input is given as dataset which contains users, packages and 
ratings given by users for any packages. By using such inputs 
the expected outputs are recommended packages for a user 
and predicted ratings [4]. Collaborative filtering (CF) methods 
generate tourist specific endorsement for similarities without need 
for unwanted information. The output of TAST model i.e. the topic 
and package are considered for finding the similarities between 
tourist and tourist topic. Through CF the tourist having similar 
interests and similar packages are endorsed. The tourists having 
same interest in specific topic are grouped together. The package 
recommendation for tourist is little bit complex as the groups are 
formed so that they enjoy each other’s company. Tourists who 
enjoy the seasons with the other tourist are kept in to similar group 
as an endorsement set.

III. Literature Survey 
The recommendation system needs improvements at current 
situation as to make it effective in areas like financial services 
to investors and real-time applications.Tour recommendation 
is different from other recommendation as the tourist interest 
in package is directly affected by its cost. The travel logs are 
collected from different agents of company then analyzed for 
time and financial cost connected to every travel package. The 
tourist has different level of affordability for aspect of cost. The 
recommendation system focuses on such factors to make it more 
effective [3]. 
Collaborative filtering is a technique which filters the information 
using different technique of collaboration for different data sets. 
The large data sets of applications are involved for collaboration 
filtering. It is an approach that recommender systems are interested.  
Neighbourhood models are the foundation of the Collaborative 
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filtering. The Collaborative filtering is based on rating of items 
for different sets [4]. Recommender systems propose items from 
different choices for user by analyzing earlier interest or behaviour. 
The user behaviour has impact from unseen interests of user. 
To invest on getting information about the interest of user is 
favourable to make good recommendations.
The present recommender systems based on collaborative-filtering 
focuses on user’s interaction with the system. The information 
about inactive user is discarded. The topic model collaborated so 
that to find out the personalized ranking. The aim is to generate the 
item oriented collaborative filtering model. It deals with different 
problems that represent in old collaborative filtering scheme like 
overspecialization and cold start problem [5]. 
Recommender system focuses on advising user for interesting 
objects in personalized way for huge options. Content based 
recommendation schema recommends the similar items that the 
user had used those items earlier. The content based recommender 
matches the attributes users profile so that to get sorted set of 
interest with the object of attributes. Then recommend the 
interesting items to the user as per the sets [6].

IV. Related Topic Models

A. TAST Model
Here develop a tourist-area-season topic (TAST) model, which 
can represent travel packages and tourists by different topic 
distributions. In the TAST model, the extraction of topics is 
conditioned on both the tourists and the intrinsic features (i.e., 
locations, travel seasons) of the landscapes. As a result, the TAST 
model can well represent the content of the travel packages and 
the interests of the Travel package recommendation tourists. 
Based on this TAST model, a cocktail approach is developed for 
personalized travel package recommendation by considering some 
additional factors including the seasonal behaviours of tourists, 
the prices of travel packages and the cold start problem of new 
packages. In this work study some related topic models of the 
TAST model and corresponding travel package recommendation 
strategies are explained based on them.

Fig. 1: Collaborative Pricing

B. Trast Model      
We further study some related topic models of the TAST model 
and explain the corresponding travel package recommendation 
model based on them [14].We propose the tourist-relation-area-
season topic [TRAST] model which helps understand the reasons 
why Tourists form a travel group model. This is personalized  
package recommendations model and is helpful for capturing the 
latent relationships between number of models the tourists in each 
travel data models are different. We conduct systematic experiments 
on the real world information. These models demonstrate that the 
TRAST model can be used as an assessment for travel group 
automatic packet formation. It provides more insights into the 
TAST model and the cocktail recommendation methods. The 
TAST model can well represent the content of the travel packages 
and it can effectively capture the unique characteristics of travel 
data. The Bayesian networks is used to measure the different 
number of packages and tourists data  locations [15].

Fig. 2: Package Recommendation

Some data matrix methods to predict results has taken  recommender 
model applications where as bag of words representation for item 
number of data items is natural. 
The output of the comparison process is an overall performance 
score, which indicates the degree of matching between the user’s 
profile and each alternative. The higher score indicates higher 
performance of the alternative for a given user. Sometimes rating 
history of the user is considered. In this model the recommendation 
system relies on having an accurate data of the user preferences 
to be able to select the appropriate items [5]. Initially, two groups 
are created. In the first group people is focused on the creation 
of smart systems for the tourists in the travel stage for travel 
package data filtering, and inspiration [11]. The second category 
includes the research work related to topic models and their 
applications on endorsement systems. Topic models are usually 
based upon the idea that documents are mixtures of dormant topics. 
A preliminary experimentation on a Trip with different datasets 
is taken. The recommendation models of our methods despite 
proved the criticality of the selected domain nest generations. A 
comparative work seethes with a recently proposed method for 
comparative recommendations.

V. Algorithm
A new attribute relationship is added so that it gets the connections 
between tourists. This topic is known as TRAST [8]. It focuses on 
the relation the tourist maintains with other tourist. The relationship 
is grouped through age or other. The Algorithm is based on the 
Clustering and Typicality based approach. 
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FCM algorithm was selected as an alternative for the typical 
K-means algorithm to allow each element in the dataset that 
belong to more than one cluster. Despite of this improvement, 
the K-means algorithm still suffers from some drawbacks [13]. 

A. Algorithm 1
Clustering and typicality based approach for recommendation

Input: Dataset having users, packages and ratings
Output: Recommended packages, Predicted ratings

1. Preprocessing
(i) Package grouping is done using fuzzy c-means clustering 

[Algorithm 2]
(ii) User grouping-For each package group form a group of users 

who like those packages.
(iii) Calculate typicality degree of each user in that group. It can 

be calculated by considering two user properties-
Users having rated items in corresponding package group to • 
the highest degrees      
Users having frequently rated packages in the corresponding • 
package group. 

The pseudo-code of the FCM algorithm is described as the 
following

B. Algorithm 2
Fuzzy C Means(FCM)

Initiates with c random initial cluster centres for each 1. 
iteration.
Calculate the membership matrix of each data point in 2. 
cluster.
Cluster centres are recalculated for  each iteration.3. 
Repeat steps 2 and 3 until no further change in the cluster 4. 
centers the FCM algorithm will be terminated.

C. Recommendation Process
Neighbour selection is calculated using distance based similarity 
measure based on typicality degree.
 Prediction is determined using set of neighbours of user and it will 
return weighted sum of all ratings given by neighbours of user.
Based on neighbours of user’s preferences, system will return 
recommended packages [12].

VI. Experimental Results
 To evaluate this recommendation method, we use the dataset that 
contains 150 travel packages and 5000 user’s ratings for those 
packages. The ratings follow the 1 to 5 numerical scales. The 
metric used to evaluate recommendation system is Mean Absolute 
Error (MAE) which is defined as the average absolute difference 
between predicted ratings and actual ratings. A lower MAE value 
means that the recommendation method can predict user’s ratings 
more accurately. Thus, for MAE values of a recommendation 
method, the smaller are the better.

Table 1: Result for MAE with Different Train/Test Ratios for 
γ=0.6

Fig. 3: Graph for MAE

Another measure used is Coverage. It measures the percentage 
of items for which a recommender system is capable of making 
predictions [14]. Larger the coverage values are better for 
recommendation that means it can predict more ratings for users 
on unrated items. For example, if recommendation system can 
predict 8500 out of 10,000 ratings then the coverage is 85%. 

Table 2: Result for Coverage with Different Train/Test Ratios 
for γ = 0.6

Fig. 4:Graph for Coverage

The graphs are plotted for MAE and Coverage respectively 
according to values of Table I and II. Using fuzzy C means clustering 
for preprocessing will help to get more accurate neighbors and 
will have a chance to get more coverage. Also time, cost which 
further results can be examined and improved [15].

VII. Conclusion
The proposed perspective of collaborative filtering recommendation 
method named ‘clustering and typicality based approach’ helps 
to overcome these challenges. It will find the extent that the 
user depending upon typicality degree in the item group. It will 
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address the problem of data sparsely. This outperforms many CF 
recommendation methods on recommendation accuracy with an 
improvement and has more coverage and it will predict more 
unknown ratings. The cocktail model is taken a hybrid object 
direction models strategy and combine different constraints which 
is used in personalized travel package model. The TAST model is 
extended to TRAST model which acquire the relations between 
tourists in each group. TRAST model is used for effective analysis 
of automatic formation. This results in many CF recommendation 
methods that can work efficiently with an improvement and has 
more coverage.
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