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Abstract. Data acquisition is no longer a problem for organizations, as many 

efforts have been performed in automating data collection and storage, providing 

access to a wide amount of heterogeneous data sources that can be used to support 

the decision-making process. Nevertheless, those efforts were not extended to the 

context of data integration, as many data transformation and integration tasks 

such as entity and attribute matching remain highly manual. This is not suitable 

for complex and dynamic contexts where Information Systems must be adapta-

tive enough to mitigate the difficulties derived from the frequent addition and 

removal of sources. This work proposes a method for the automatic inference of 

the appropriate data mapping of heterogeneous sources, supporting the data inte-

gration process by providing a semantic overview of the data sources, with quan-

titative measures of the confidence level. The proposed method includes both 

technical and domain knowledge and has been evaluated through the implemen-

tation of a prototype and its application in a particularly dynamic and complex 

domain where data integration remains an open problem, i.e., genomics. 
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1 Introduction 

Data is becoming more and more relevant as decision support in organizations can ben-

efit from retrieving value from the vast amounts of data that are nowadays collected 

from a wide range of data sources. Many efforts in automating data collection and stor-

age provided the context to have access to a wide range of data sources that can be used 

to support the decision needs of organizations. Nevertheless, those efforts were not ex-

tended to the context of data integration, as many data transformation and integration 

tasks remain highly manual. This problem is even more critical when we move to a Big 

Data context in which the volume, variety and velocity of data impose several chal-

lenges to this data integration needs.  

The problem that motivates this work occurs when new data sources become avail-

able and there is the need to integrate this new data into existing data systems. This 
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problem is amplified when those data sources need to be added and removed, in highly 

dynamical domains due to the variability of the available repositories. In those cases, 

data engineers need to inspect those data sources to identify the available attributes, 

their possible values and distribution, assess their quality and then think about their 

integration in the destination systems. Parts of this work are supported by several tools 

that can automate data transformation and integration tasks, but data pipelines defini-

tion and data modeling (and remodeling) are tasks that are deeply connected to the 

business knowledge of the data engineer, being often manually performed and highly 

time consuming.   

To overcome these limitations, this work proposes a method for the automatic infer-

ence of the appropriate data mapping of new data sources, supporting the data integra-

tion process between these data sources and the corresponding destination systems. 

This method supports data engineers in this process, providing a semantic overview of 

the data sources, with various quantitative measures of the confidence level of the rela-

tionships between the data, taking as input the data sources and the characteristics (e.g., 

possible values and data distribution) of their several attributes. 

This paper is organized as follows. Section 2 presents the related work. Section 3 

describes the method for data integration. Section 4 addresses the demonstration case 

in the genomics field, while Section 5 presents the obtained results, and concludes with 

some proposals of future work. 

2 Related Work 

In data-intensive systems, general data processing approaches include data extraction, 

transformation and management with the purpose of making available information to 

the user [1]. In a Data Warehouse, a data system built to consolidate and make available 

relevant information for decision support, data from different sources goes through a 

complex process of data integration that ensures a unified and coherent view of the 

organizational or application domain data.  

Nowadays, with the advent of Big Data, new challenges emerge in Data Warehous-

ing or other data storage systems, as the volume, variety, or velocity of the data require 

performant solutions able to deal with these data characteristics [2]. In this context, data 

storage systems need to be seen as flexible, scalable and highly performant systems that 

use Big Data techniques and technologies to support mixed and complex analytical 

workloads (e.g., streaming analysis, ad hoc querying, data visualization, data mining, 

simulations) in several emerging contexts [3]. The data understanding and integration 

tasks are generally manual-based, supported by tools that give some hints about the 

available data, but that miss an overall and integrated approach about the data and their 

characteristics and how a semantic integration of the data sources can be made. Match-

ing entities and attributes of an application domain is usually a human-based time con-

suming task, which is not suitable for Big Data contexts [4] that must consider highly 

dynamic environments with data needs that can add or remove data sources in a very 

dynamic way due to the variability of the available repositories. 

The work of [5] highlights a road map for researching in Big Data Management, 

including data integration and data matching issues. In [6], the authors argue that data 
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matching can be defined as the challenge of proposing a match between elements of 

two different datasets, with the aim of proposing a unified dataset based on datasets 

developed and made available in an independent way. 

Based in [6, 7], some matching technics are enumerated: (1) Schema matching – 

based on the comparison between data schemas; (2) Graph matching – based on the 

comparison of the relations between different elements of the schemas; (3) Usage-based 

matching – based on the databases’ logs that show the users’ frequent joins between 

different datasets; (4) Linguistic matching – based on the name or the description of the 

elements using similarity on strings; (5) Auxiliary matching – using dictionaries and 

incompatibility lists; (6) Instance-based matching –  using the elements statistics and 

metadata similarity analysis; and (7) Constraint-based matching – based on data types, 

values’ distributions, foreign keys, unique values, among other constrains. 

These different techniques have different degrees of compliance with the data inte-

gration tasks, namely in the accuracy and utility of the results. Namely, techniques that 

address the content of the data tend to have better results, such as the (1) Cosine, (2) 

Jaccard, (3) Jaro-Winkler, and (4) Levenshtein [8–12] measures.  

Due to the characteristics of those measures, mainly analyzing data content in a 

highly detailed way and comparing all pairs of possible combinations, they may not be 

the most suited ones for Big Data contexts, if the objective is to compare all pairs of 

strings and the characters inside them. In some techniques, instead of comparing all 

sequences of characters, if the comparison is made between strings, the computation of 

the similarity can be enhanced. This is the case of the Jaccard Index. Based on some of 

these well-known measures, Zhu et al. [13] present the Set Containment similarity 

measure, analyzing if a new dataset is contained in an existing one, a measure that is 

helpful in Big Data contexts. Although the utility of this measure, it cannot be used in 

an isolated way, as the complexity of the Big Data domain, with a high diversity of new 

data sources, requires the use of an integrated and automated approach. 

In the last years, the scientific community has been addressing the data integration 

challenge, proposing some works with interesting results. The work of [14] states that 

the main issues in this area are related with the use of different names and structures 

for describing the same information. So, the authors propose the use of semantic dic-

tionaries to overcome this problem and verified that, although the obtained time reduc-

tion, the dictionary is specific and for a broader use it requires the definition of new 

ontologies by domain experts. Moreover, a set of data integration frameworks based on 

ontologies, for unified multidimensional models, are presented in [15, 16].  

A semi-automatic approach for Data Warehouses integration with similarity 

measures applied at a syntactic, semantic and structural level is proposed in [17]. The 

results of this work show that the proposed similarity methods are not adequate for vast 

amounts of data, as the ones existing in Big Data contexts. 

The KAYAK framework [18] aims to help data scientists in the definition and opti-

mization of the data preparation processes for Data Lakes. This framework uses the 

available metadata to calculate similarity measures like joinability and affinity. The 

usage of metadata for the integration of data in Big Data contexts is also explored in 

[19]. Although their capability to work in Big Data contexts, these works do not address 

the problem of adapting existing data models and repositories, in a dynamic way, in 
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order to adjust these models and repositories to new data requirements and decision-

support needs. 

Having addressed the related work and the main limitations of the existing ap-

proaches, this paper presents a method for data integration in Big Data contexts that 

makes use of several similarity measures to identify the inter datasets similarity in an 

automated way. This method is supported by a prototype that computes the measures 

and maps the several attributes, in an approach that supports the integration of the sev-

eral external data sources and in the integration of those data sources with existing data 

systems.   

3 Data Integration in Adaptive and Data-intensive 

Information Systems  

The method for data integration here proposed assumes that in a Big Data context there 

is the continuous need for searching new data sources relevant to the organization, ap-

plication domain or problem at hands. Those data sources are then extracted, analyzed 

(applying the similarity measures), transformed, validated and loaded to a destination 

data system that has a unified and coherent view of the data. As the structured practice 

of this method is here instantiated and evaluated through the implementation of a pro-

totype and its application to a demonstration case, respectively, this section embeds the 

structured practices proposed for the method in a prototype, presenting its system ar-

chitecture, with its several components, interfaces and data flows. For the several com-

ponents, the main technologies used in their implementation are also pointed. 

3.1 System Architecture 

The Domain Knowledge side, that can be considered an external component of the Data 

Integration system (Fig. 1), aims to include semantic knowledge in the method using 

knowledge obtained from a Domain Expert and/or Conceptual Schema. The Concep-

tual Schema is a domain dependent data model, which may already exist, including the 

relevant entities of the application domain, their attributes and how the entities are re-

lated to each other.  It is important to highlight that this conceptual schema provides the 

context and the ontological background required to perform an accurate validation. In 

case this schema does not exist, or is not updated, the transformed data can be used to 

infer such schema or to update it.  

Metadata Conceptual Schemas are general knowledge about how the data should be 

organized, depending on the Destination System that will store the data. For example, 

if the data will be stored in a relational database, the Metadata Conceptual Model de-

fines what elements a relational database should have, such as Tables, Attributes, Pri-

mary and Foreign Keys, among others. This information is needed to automatically 

devise the most suited data structure to store the data. In a Big Data context, where file 

systems, NoSQL, NewSQL, or other data systems can be used, this component ensures 

that a broad range of destination systems can be used. 
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For extracting the relevant data, a set of general Search and Extraction Rules needs 

to be defined by a domain expert, including some guidelines about the relevant data to 

be found and the extraction rules to be followed, in order to ensure that the data has 

some value, as the number of potential (existing) data sources is quite high. As an ex-

ample, and using now the application domain in which the demonstration case will be 

based, the genomic domain and the supporting information system, the search rules can 

include guidelines that express the need to find out datasets about the DNA variants 

associated to the Alzheimer disease. An extraction rule can include constraints such as 

the format of the information to be retrieved (VCF files, XML, etc.) or the source 

Fig. 1. System Architecture 
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systems to be considered, ensuring that only data from trusted data sources are used, 

such as well-known repositories in the genomic domain. 

Beside the transformations made to map the attributes, other transformations are 

usually needed in any data context, in order to clean and to put the data in the appropri-

ate data format. For that, the Transformation Rules includes the set of data-dependent 

transformation rules needed, such as adding or removing prefixes, normalizing Boole-

ans, among others. Also, dependent on the Domain Knowledge are the Quality Rules, 

making explicit quality measures that the data must comply in order to be considered 

in the data integration method. These quality rules can express general data quality 

measures like handling missing values, noise, outliers, among others. 

Looking for relevant data, the proposed method looks for external data sources, col-

lecting data from those systems (Source Systems), using different technological ap-

proaches that can include several database drivers, Web Services that can send the out-

put as CSV, XML or other raw format, and Terminal Systems like production machines 

able to send data in real-time. 

Regarding the Technical knowledge, the Extraction component uses the information 

made available in the Search and Extraction Rules, extracting the identified data into 

the Staging Area, which in the case of the proposed prototype uses the Hadoop Distrib-

uted File System. This Extraction component can be implemented using different 

scripting languages or specific applications like Talend Open Studio for Big Data, the 

case in this prototype. 

The Metadata Conceptual Schema, the Extracted Data, the Transformation Rules, 

and the Similarity Measures are inputs of the Transformation component, that will do 

the transformations needed to map the Extracted Data to the Destination Systems, inte-

grating those external data sources between them and, additionally, with the data al-

ready available in the Destination Systems. The Transformation component can be im-

plemented using a scripting language or any available Extraction, Transformation and 

Loading (ETL) tool, such as Talend.  

The Similarity Assessment uses a set of similarity measures to compare two datasets 

and returns a graph of possible data matches and the corresponding Similarity 

Measures. As one of the main goals of this work is the use of the similarity measures 

to automatically identify the data matches, the Similarity Assessment component is fur-

ther detailed in the next sub-section. 

The Validation component uses the Transformed Data, the Quality Rules and the 

domain Conceptual Schema (when available) to run validation tasks that ensure that the 

data to be stored in the Destination Systems comply with the domain needs. The Quality 

Rules can have a lower or higher degree of complexity, requiring different approaches 

when handling them. In this method, it is proposed that the rules are expressed in a 

scripting language, in order to be automatically used by the Validation component. 

After all the Validation procedures are completed, the Load component is used to 

send the data to the Destination Systems. This component can be implemented using a 

scripting language or an ETL tool. 

Finally, the Destination Systems component includes the data repositories used as 

storage components. Several storage technologies can be used, depending on the data 

characteristics, volume of the data or even organizational technological constraints.  



7 

3.2 Similarity Assessment  

Given the nature of this work, propose a method for data integration in Big Data con-

texts, there is the need to identify and implement the similarity measures that allow an 

automatic data integration process. This component depicted in Fig. 1, central in the 

proposed method, is now detailed in Fig. 2. The Similarity Assessment component will 

produce a set of measures that indicate if two attributes are related and, therefore, they 

can be joined, mapped or merged.  

The Similarity Assessment uses new data (Extracted Data) and already existing data 

(Stored Data), when available in the Destination Systems, comparing the headers (name 

Fig. 2. Similarity Assessment component 
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of the attributes) and the content (different values for those attributes) for the different 

attributes and computing a set of similarity measures, such as Headers Similarity, Set 

Containment and Jaccard Index. These are then combined in order to evaluate the sim-

ilarity of the data sets and how their integration could be achieved. This semantic 

knowledge is stored in a Similarity Graph. The graph includes edges to express rela-

tionships between the attributes and the corresponding computed measures. 

In order to support the adequate computation of Headers Similarity, the headers need 

to be parsed. The rules here applied are defined in the Parsing Rules, and can include 

tasks such as removing all spaces, removing all special characters, renaming to lower-

case, among others. The Headers Similarity computation is done using the Cosine Sim-

ilarity Measure, which is suitable for contexts where the comparison of a few strings is 

needed [8].    

The analysis of the Content Similarity has two elements that compute three 

measures. The Set Containment is useful to identify the different data flows that can be 

followed when looking into the integration of different data sets. For this, the Set Con-

tainment measure proposed by Zhu et al. [13] is applied bidirectionally, measuring the 

set containment from X to Y (Equation 1) and from Y to X (Equation 2), as when sev-

eral external data sources are available, different paths of integration can be followed. 

 𝑆𝐶𝑥(𝑋, 𝑌) =
𝑋∩𝑌

𝑋
 (1) 

 𝑆𝐶𝑦(𝑋, 𝑌) =
𝑋∩𝑌

𝑌
 (2) 

The use of the Jaccard Index (Equation 3) is to verify the shared data values between 

the different attributes of the analyzed data sets. 

 𝐽𝐼(𝑋, 𝑌) =
𝑋∩𝑌

𝑋∪𝑌
 (3)  

The implementation of this Similarity Assessment component was done in Spark, 

using a computational distributed Hadoop platform, and makes available a CSV file 

with the pairs of all compared attributes and the corresponding computed measures, as 

well as a Cypher Script that can be used for implementing a graph database with this 

semantic knowledge in Neo4J. 

4 Demonstration  

The demonstration case used to validate the Similarity Assessment component is based 

on the genomic domain, which is characterized by its complexity, what means that the 

information required to succeed in a complex research is not usually available in only 

one data source. Frequently, several heterogeneous public databases with different 

sizes, formats and structures must be queried in order to join all the puzzle pieces to-

gether. New databases appear at a high pace thanks to the development of powerful 

sequencing technologies but, at the same time, a significant number of sources can be-

come obsolete quickly because over time they lose the technological maintenance re-

quired or because the information stored is no longer updated affecting its potential 
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usefulness for researchers. This situation makes the genomic domain very dynamic in 

terms of analysis and integration of new sources. In addition, the lack of a clear onto-

logical basis to define the key concepts of the field means that the same concept can be 

represented in different and sometimes ambiguous ways.  

This analysis and integration processes are mainly manual, which require a deep 

study of the structure used to represent the data on each source, as well as the mapping 

of the common concepts among different sources (name, format, etc.). Consequently, 

the process is tedious, repetitive and time consuming as well as prone to human errors 

due to the lack of explicit and systematic methods to support it. 

With the aim of evaluating the usefulness of the proposed method to help mitigating 

the above-mentioned problems, a prototype for the Similarity Assessment was devel-

oped in Java to run on Apache Spark. This technology was chosen to be capable to deal 

with data that has Big Data characteristics. The demonstration will be done by running 

the prototype for the datasets presented in the next subsection. 

4.1 Datasets Description 

For this work four datasets coming from different sources have been used. The infor-

mation of each dataset represents DNA variants associated to the risk of suffering Alz-

heimer’s Disease. Each variant is mainly characterized by its structural information (its 

location in the genome), the change that occurs and the statistical evidence regarding 

the studies performed over specific populations. Each database provides a different 

number of attributes that must be integrated in order to provide a global information 

system that can support the genetic diagnosis of a patient. Next, a brief description of 

each dataset is provided. 

The Ensembl Dataset was extracted from the Ensembl database, developed as a joint 

project between EMBL-EBI and the Wellcome Trust Sanger Institute. It is composed 

of 36 attributes that represent data about the location of each variant in the genome, its 

pathogenicity and statistical information about the different studies found in the litera-

ture. Furthermore, the dataset that has called AlzForum has been extracted from the 

AlzForum database, a repository specialized in the different types of Alzheimer’s Dis-

ease and its genetic causes. The dataset includes 14 attributes with data about the loca-

tion of each variant, its pathogenicity and identifiers to external bibliography resources. 

This dataset does not include statistical information about the mentioned studies. 

GWAS dataset was extracted from the GWAS Catalog database, a repository that con-

tains data about different genotype-phenotype association studies. It is composed of 38 

attributes focused on the characteristics of each study regarding statistical significance, 

population and type of study performed. The dataset does not contain information about 

the pathogenicity of the variants. A least one, the DisGeNet dataset, has been extracted 

from the DisGeNet database, a repository that contains information about DNA variants 

associated to different human diseases. It is composed of 16 attributes about the location 

of the variants in the genome, specific statistics to measure the research interest (rele-

vance) of each variant and identifiers to external bibliography resources. 
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4.2 Similarity Graph  

For the demonstration, four similarity measures were calculated: Header Similarity 

(HS), Set Containment in both directions (SCx, SCy) and Jaccard Index (JI). The HS 

measure uses the Cosine Measure comparing the characters inside each header.  

The computation of all similarity measures was done for all pairs of attributes be-

tween all datasets pairs, resulting in a graph with 1647 relationships between attributes 

that score at least one measure with a value higher than zero. Due to the complexity of 

showing the measures in a graph with this amount of relationships, a sample of the 

Similarity Graph is presented in Fig. 3, including 3 nodes and 3 relationships. The label 

of each node is the name of the attribute, while the dataset is identified by the pattern 

of the node’s line. The relationships are named as has_similarity, meaning that at least 

one of the similarity measures has a computed value higher than zero, and the measures 

are represented as a relationship’s property.  

 

Fig. 3. Sample of the Similarity Graph 

5 Discussion and Conclusions 

In order to evaluate the results obtained after the analysis of the four datasets, a com-

parison between the Similarity Graph and a manual mapping performed by a domain 

expert was done. With the aim of increasing the legibility when presenting the results, 

a filter was applied removing an extensive set of low similarity values: HS>20 OR 

(JI>0 AND SCx>0 AND SCy>0).  

5.1 Analysis and Discussion of Results 

The intersection between the manually mapped graph and the Similarity Graph is pre-

sented in Fig. 4. The result is a set of subgraphs containing 31 nodes and 36 relation-

ships, extending the one presented in Fig. 3, by adding relationships with full lines that 

represent the relationships that were manually and automatically detected, and the 

dashed lines that represent the relationships that were only manually detected. Using 

were identified, even in a complex context were the names of the attributes are very 

different. Take, for example, the name of the variant: Variant name, snpid, SNPS and 

ID. By comparing the manually detected relationships (36) with those automatically 

detected (28), a match rate of 77.7% was achieved, representing a noteworthy result for 

a first approach. Other particularly difficult attributes, such as those associated with the 
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similar and approved using the domain restrictions. this approach, the relevant entities 

 

Fig. 4.   Graph with manual and automatic mapping relationships 
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phenotype, were partially identified. The first analysis of the graph points that some of 

the missed relationships could be inferred by transitivity. For example, if Variant name 

is similar to SNPS and SNPS is similar to ID, would not be Variant name similar to ID? 

Also, after sharing the results with the domain expert, the pairs (Reference, Minor allele 

(ALL)) and (Alt, Minor allele (ALL)) that were not manually identified, were considered 

required to do the integration of the different datasets  

To better understand the identified false positives, further analyses were made in 

other to identify the False Positive Challenges (FPC). In this context, CM (Content 

Measures) stands for all content similarity measures considered in this work (JI, SCx 

and SCy). All pairs with HS=100 and CM = 0 automatically classified were also man-

ually classified, but there are cases with HS values around 70%-80% that alone cannot 

be used to say that two attributes are similar. For example, the pair of attributes Disease 

and diseaseType with HS= 78% and CM=0 do not match, as one is the name of the 

disease and the other its type (FPC1). Also, comparisons with attributes of low cardi-

nality tend to increase the number of false positives (FPC2). Higher thresholds for the 

metrics reduce the number of the of False Positives, but also increase the number of 

unmatched pairs (FPC3).  

Furthermore, the analysis of results showed the Unmatched Pair Challenges (UPC) 

identified in this domain: i) some attributes contain more information than needed. For 

instance, the attribute STRONGEST SNP-RISK ALLELE has values like 

rs144573434-T, including both an alternative allele and a variant identifier. This 

situation was noticed by the human domain expert when performing the manual map-

ping who identified that the attribute is referring to the allele (UPC1); ii) the range of 

values for the attributes are different. For example, the variant identifiers of two da-

tasets associated to different types of diseases or chromosomes (UPC2); iii) the free 

writing of attributes, with values that do not match (UPC3); iv) the lack of patterns or 

standards to represent the data that needs prefixes or any other coding (UPC4). 

A set of suggestions for future work will be made next in other to overcome the 

identified challenges: (FPC1) The addition of a new dimension of analysis for the HS, 

like the use of a semantic analysis using word dictionaries, as those could improve the 

reliability of the HS; (FPC2) Include in the Content Similarity some basic statistics such 

as the number of district values, frequency distribution, among others; (FPC3) Identify 

relevant thresholds for filtering the obtained results; (UPC1) Apply rules for data clean-

ing; (UPC2) Analyze the syntax of the possible values for the attributes with Frequent 

Pattern Mining techniques (for instance, if two attributes have different values like 

rs123456 and rs654321, they do not automatically match, but they share the same 

prefix/syntax, rs<number>, meaning that they are likely similar); (UPC3) Identify 

additional string content measures suitable for Big Data contexts, able to analyze if 

there is a match between the intersection of the characters of two strings, detecting 

similarities between two different strings with the same meaning (like late-onset 

Alzheimer disease and Alzheimer disease);  (UPC4) Identify a set of rules 

for data cleaning and transformation using frequent pattern detection. 

Those suggestions for possible improvements could be applied to the proposed 

method without the need to adapt it or extend it, just by adding those new metrics or 

rules. 
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5.2 Conclusions 

This paper highlighted the challenge of the manual effort needed for data integration 

tasks, namely in highly dynamical domains due to the variability of the available repos-

itories. This work proposes a method capable of automating data integration tasks in 

adaptive and data-intensive information systems. The instantiation of the proposed 

method was implemented in Apache Spark to support Big Data contexts.  

The evaluation was made by comparing the manual and automatic mapping of the 

attributes present in four datasets from a particularly complex and dynamic domain: 

genomics. Besides being satisfactory and showing a high matching rate, the results 

highlighted some challenges that need to be further addressed, like the occurrence of 

false positives and the threshold that can be considered to automatically have a certain 

degree of confidence on the obtained results.   

Some improvements were identified for future work, aiming to increase the match 

rate, highlighting the concept of transitivity that infer the missed relationships, the use 

of word dictionaries to have a semantic dimension of analysis and the syntax analysis. 

With these future improvements this method will be applied in other contexts, such as 

manufacturing, to better understand how the method handles data from other domains. 
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