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Abstract— A major problem of classification learning is the lack of ground-truth labeled data. It is usually 

expensive to label new data instances for training a model. To solve this problem, domain adaptation in 

transferring learning has been proposed to classify target domain data by using some other source domain 

data, even when the data may have different distributions. However, domain adaptation may not work well 

when the differences between the source and target domains are large. In this paper, we design a novel 

transfer learning approach, called BIG (Bridging Information Gap), to effectively extract useful knowledge 

in a worldwide knowledge base, which is then used to link the source and target domains for improving the 

classification performance. BIG works when the source and target domains share the same feature space, but 

different underlying data distributions. A major contribution of this work with BIG, a large amount of 

worldwide knowledge can be easily adapted and used for learning in the target domain. 

Keywords— domain adaptation, BIG algorithm, Local Mining. 

I. INTRODUCTION 

The incredible increase in the amount of information on the World Wide Web has caused the beginning of 

topic specific crawling of the Web. During a focused crawling process, an automatic Web page classification 

mechanism is needed to determine whether the page being considered is on the topic or not. Text classification, 

which aims to assign a document to one or more categories based on its content. It is a fundamental task for 

Web and document data mining applications, ranging from information retrieval, spam detection, to online 

advertisement and Web search. Traditional supervised learning approaches for text classification require 

sufficient labeled instances in a problem domain in order to train a high quality model. However, it is not always 

easy or feasible to obtain new labeled data in a domain of interest. The lack of labeled data problem can 

seriously damage classification performance in many real world applications [1]. To solve this problem, transfer 

learning techniques, in particular domain adaptation techniques in transferring learning is introduced by 

capturing the shared knowledge from some related domains where labeled data are available, and use the 

knowledge to improve the performance of data mining tasks in a target domain. In transfer learning 

terminologies, one or more auxiliary domain is identified as the source of knowledge transfer, and the domain of 

interest is known as the target domain. Much effort has been dedicated to this problem in recent years in 

machine learning; data mining, and information retrieval [2]. However, transfer learning may not work well 

when the difference between the source and target domains is large. In particular, when the distribution gap 

between the source and target domains is large, transfer learning can hardly be used to benefit learning in the 

target domain.  
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Domain adaptation addresses a common situation that arises when applying machine learning to diverse data. 

Sample data drawn from a source domain to train a model, but little or no training data from the target domain 

where we wish to use the model .Domain adaptation has attracted more and more attention in the recent years. 

In general, previous domain adaptation approaches can be classified into two categories: instance based 

approaches or feature-based approaches [3]. Instance-based methods try to seek some rewiring strategies on the 

source data, such that the source distribution can match the target distribution. Feature-based methods try to 

discover a shared feature space on which the distributions of different domains are pulled closer. Both types are 

trying to discover the relation between source and target domains within the scope of two domains. For the 

feature-based domain adaptation models, they assume that different domains may share some features, for 

instance, a subset of explicit features or implicit features. Here, consider some well-known instance-based 

domain adaptation methods.  

The instance weighting method for natural language processing, where the method used is a type of 

importance sampling method for solving sample selection bias problems. Propose a boosting-style reweighing 

method and provide different weighting schemes for data in different domains. Other feature-based methods 

have been developed and are compared for instance-based methods. A major component of this approach is to 

use online knowledge repositories as auxiliary information sources to help bridge the gap between the source 

domain and the target domain. Therefore, we review some latest approaches of data mining with online 

knowledge repositories. In recent years, understanding and using online knowledge repositories to aid real world 

data mining tasks has become a hot research topic. There are more and more works trying to use the Wikipedia 

for further enrichment. The Open Directory Paper (ODP) for further enrichment in the text, they also show that 

using Wikipedia as the external Web knowledge resource for further enrichment performs better than using 

ODP. Their semantic analysis is explicit in the sense that they manipulate manifest concepts grounded in human 

cognition, rather than latent concepts used by LSA. A general framework for building classifiers with hidden 

topics discovered from large-scale data collections is proposed [4]. The framework is mainly based on latent 

topic analysis models like PLSA and LDA and machine learning methods like maximum entropy and SVMs. 

The underlying idea of such a framework is that for each classification task, a very large external data collection 

is collected and called a “universal data set,” then a classification model on both a small set of labeled training 

data and a rich set of hidden topics discovered from that data collection is built. Currently, few previous 

approaches are using auxiliary knowledge, such as an online knowledge database for transfer learning or domain 

adaptation. Kannuri Lahr et al.[5] make an extension to the feature-based transfer learning models via 

incorporating a semantic kernel learned from Wikipedia. However, building a semantic kernel from the whole 

knowledge base is costly. 

The remainder structures are followed in below sections. Section II briefly reviews the related work. The 

proposed work is respectively introduced in Section III. Section IV details the experimental results and analysis, 

followed by our concluding remarks in Section V. 

II. RELATED WORK 

Vivekanandan et al.[6] proposed a genetic algorithm which tries to gain maximum knowledge in between 

the generations and store them in the form of knowledge chromosomes. The gained knowledge is used to make 

predictions about the search space and to guide the search process in  an area with potential solutions in the 

subsequent generations. This makes the genetic algorithm to converge quickly, which in turn reduces the 

learning cost. The experiments show that the run time is reduced considerably when compared with the state-of-

the-art evolutionary algorithm. Liqiang et al. [7] presents a novel scheme to code the medical records by jointly 

utilizing local mining and global learning approaches, which are tightly linked and mutually reinforced. Local 

mining attempts to code the individual medical record by independently extracting the medical concepts from 

the medical record itself and then mapping them to authenticate terminologies. Global learning, on the other 

hand, works towards enhancing the local medical coding via collaboratively  discovering missing key 

terminologies and keeping off the irrelevant terminologies by analyzing the social neighbors. More importantly, 

the whole process of this approach is unsupervised and holds potential to handle large-scale data. 

Patrick et al. [8] implemented the system as a web-service system which consists of 3 modules such as an 

Augmented Lexicon, term compositor and negation detector. The algorithm uses an augmented lexicon to index 

concept describe in SNOMED CT, which allow a much faster mapping of longest concepts in system than naïve 

searching approach. A qualification identifier, and negation identifier have been implemented for recognizing 

composite terms and negative concepts, which can create a more effective information retrieval and information 

extraction. It is currently used in a hospital environment to capture patient data response with SNOMED-CT 

codes in real time at the point of care. The system is yet to be fully evaluated, nevertheless the test on sample 

data shows it is already meeting expectations. 
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Edwin et al. [9] suggested a new approach for solving the searching space to find the optimal distribution of 

object in the clusters represents a hard combinatorial problem. Genetic algorithms increased the intra and inter 

clusters entropy simultaneously and yield the best possible combination of elements for a present number of 

clusters.Xinmei et al.[10] explicitly formulates the problem in the Bayesian framework, i.e., maximizing the 

ranking score consistency between visually similar video shots while minimizing the ranking distance, which 

represents the disagreement between the objective ranking list and the initial text based. Two new methods are 

proposed in this paper to measure the ranking distance based on the disagreement in terms of pair-wise orders. 

By incorporating the proposed distances into the optimization objective, two reranking methods are developed 

which are solved using quadratic programming and matrix computation respectively. Daniel et al. [11] 

attempted to improve the coding performance by combing the advantages of rule-based and machine learning 

approaches. It described Auto coder, an automatic encoding system implemented at Mayo clinic. Autocoder 

combines example based rules and a machine learning module using Naıve Bayes. However, this integration is 

loosely coupled and the learning model cannot incorporate heterogeneous cues, which is not a good choice for 

the community-based health services. 

Saman et al. [12] introduced a cascade of two classifiers to assign diagnostic terminologies to radiology 

reports. In their model, when the first classifier made a known error, the output of the second classifier was used 

instead to give the final prediction. Bhuvaneswari et al.[13] presented an extensive survey on the performance of 

the clustering techniques based on the genetic algorithm. Yan et al. [14] proposed a multi-level large-margin 

formulation that explicitly incorporated the inter-terminology structure and prior domain knowledge 

simultaneously. This approach is feasible for a small terminology, set but is questionable in real-life settings 

where thousands of terminologies need to be considered. 

III.  PROPOSED WORK 

The proposed system presents a novel scheme that is able to code the records with corpus-aware 

terminologies. The proposed scheme consists of two mutually reinforced components, namely, local mining and 

global learning. Local mining aims to locally code the records by extracting the concepts from individual record 

and then mapping them to terminologies based on the external authenticated vocabularies. These systems 

establish a tri-stage framework to accomplish this task, which includes noun phrase extraction, domain 

adaptation and concept normalization. As a byproduct, a corpus-aware terminology is naturally constructed, 

which can be used as terminology space for further learning in the second component. However, the local 

mining approach may suffer from the problem of information loss and low precision due to the possible lack of 

some key concepts in the records and the presence of some irrelevant concepts. The global learning 

complements the local coding in a graph-based approach. It collaboratively learns missing key concepts and 

propagates precise terminologies among underlying connected records over a large collection. Besides the 

semantic similarity among medical records and terminology-sharing network, the inter-terminology and inter-

expert relationships are seamlessly integrated in the proposed model. The inter-terminology relationships are 

mined by exploiting the external well-structured ontology, which are able to alleviate the granularity mismatch 

problems and reduce the irrelevant sibling terminologies. The inter expert relationships are inferred from the 

experts’ historical data. It may be capable of excluding a wealth of domain-specific context information. 

The figure 1 illustrates the architecture of bridge domain. To solve this problem, introduce a bridge between 

the two different domains by leveraging additional knowledge sources that are readily available and have wide 

coverage in scope. And then apply to semi supervised learning (SSL) to domain adaptation problems based on 

the use of the auxiliary data. The labeled data taken from the source domain and the unlabeled data taken from 

the target domain, as well as an auxiliary data taken from  sources such as the Wikipedia. After selecting the 

data from the various domains apply SSL to utilize the information contained in the unlabeled data to help in  

the classification task on the target data. Although domain adaptation (DA) and SSL share similar problem 

settings, which is directly using SSL to solve DA problems nevertheless the results would produce poor 

performance. However, the existence of the information gap can make the assumption invalid. Using this 

approach, the extracted bridge for filling in the information gap, SSL-based algorithms can be applied 

successfully to the classification problems. 
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Fig. 1 Architecture of bridge domain 

This paper also introduces a novel domain adaptation algorithm called BIG (Bridging Information Gap). Our 

BIG algorithm requires that the source domain and the target domain share the same feature space, but the 

distributions between domains can be highly different. A major contribution of this work is that use of a large 

amount of worldwide knowledge to build a bridge for linking the source and target domains, even when their 

distribution differences are large. It reduces the information gap between source domain and target domain. This 

is also worked in a large kind of domains. It shows that we can obtain useful information to bridge the source 

and the target domains from auxiliary data sources. Minmargin algorithm can effectively identify and reduce the 

information gap between two domains. An intuitive way to understand the concept of information gap is to 

consider separability of the source and target domains. Consider the simplest case when we want to transfer 

knowledge from a single source domain to a target domain intuitively, the difficulty in separating these domains 

shows how large the information gap is between them. If the two domains can be easily separated, then there 

exists a large information gap between them, which may prevent our adapting the original learned model from 

the source to the target domain. On the contrary, if the two domains cannot be separated from each other easily, 

then the information gap is small, in which case we can treat the two domains as essential data that are sampled 

from a single underlying distribution 

In other words, the original “domain adaptation problem” is transformed into a classification problem under 

the supervised setting or a semi supervised (transductive) setting. A similar idea is used where a classifier is 

trained to distinguish the source and target domains and the classification error is used as an empirical 

estimation for domain distance. Although this idea is useful, it did not consider the existence of auxiliary 

information sources that can be used to bridge two domains.This document is a template.  An electronic copy 

can be downloaded from the conference website.  For questions on paper guidelines, please contact the 

conference publications committee as indicated on the conference website.  Information about final paper 

submission is available from the conference website. 
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BIG ALGORITHM INTEGRATE A GREEDY ALGORITHM FOR MIN-MARGIN DOMAIN 

ADAPTATION  

 

 

 

IV. EXPERIMENT RESULT AND CONCLUSION 

In this experimental result, first demonstrate that our algorithm using .NET to reduce the information gap 

between domains during the process of including the unlabeled data from the related domains. Randomly selects 

sample for these tasks and for each of the data sets display the performance, together with their corresponding 

margin sizes. For each iteration, include the top level unlabeled data that are closest to the decision boundary for 

information gap. The x-axis is the iteration count. The BIG algorithm is able to reduce the information gap and 

converge quickly. To compare the performance of the classification methods that use classification accuracy, 

which is defined as the percentage of correct predictions among all test examples. In order to validate the 

robustness of this method, for each time randomly sampled ninety percent training data for training the model. 

Each experiment was repeated ten times, and both the mean and variance of the accuracies is reported. All the 

experiments in different tasks are consistent and validate the effectiveness of this proposed algorithm. After the 

execution, it will investigate how our proposed method can find where the bridging documents are located in the 

knowledge base, and verify that our BIG algorithm could converge and its performance is stable. Figure 2 

demonstrate the performance analysis between the BIG, local mining, and global learning 
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Fig. 2 Performance analysis 

 

V. CONCLUSION 

A major contribution of this work is that use of a large amount of worldwide knowledge to build a bridge for 

linking the source and target domains, even the distribution differences are large. It reduces the information gap 

between source domain and target domain. This is also worked in a large kind of domains. It shows that easily 

obtain useful information to bridge the source and the target domains from auxiliary data sources. Minmargin 

algorithm can effectively identify and reduce the information gap between two domains. Extensive evaluations 

on a real-world data set demonstrate that our scheme is able to produce a promising performance as compared to 

the prevailing coding methods. More importantly, the whole process is an unsupervised and holds potential to 

handle large-scale data. Every application has its own merits and demerits. This system has covered almost all 

the requirements. Further requirements and improvements can easily be done since the coding is mainly 

structured or modular in nature. First, to validate the effectiveness of this approach through other semi 

supervised learning algorithms and other relational knowledge bases to more extensively demonstrate the 

effectiveness of this approach. Second, investigate  the source, target and auxiliary data sources share the same 

feature space. In future plan to extend this approach to be able to consider heterogeneous transfer learning. 
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