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Abstract: Big data is stored in vast raw data stores called Data Lakes (DL). To make the data useful by 

its customers and to uncover the connections tying its content together, these BD necessitate new 

techniques of data integration and schema alignment. Metadata services that find and describe their 

material can offer this. A systematic method for such metadata discovery and administration does not 

yet exist, though. As a result, we offer a methodology that we refer to as information profiling for the 

profiling of informative content that is stored in the DL. To aid with data analysis, the profiles are saved 

as metadata. We explicitly design a metadata management method that outlines the essential tasks need 

to handle this properly. Using a prototype implementation handling a real-world case study from the 

OpenML DL, we show the effectiveness and viability of our method as well as other methodologies. 

 

1. Introduction 

The quantity, variety, and speed of data being absorbed into analytical data repositories are all increasing 

dramatically right now. Big Data is a frequent term for such information (BD). Data Lakes (DL) are widely used 

to refer to data repositories that store such Information in their original raw format [1]. The huge amount of data 

encompassing various topics that makes up DL must be analysed by non-IT experts, also known as "data 

aficionados" [2]. There must be a data governance mechanism that uses metadata to characterise the information 

in order to assist the data enthusiast in analysing the data in the DL. Using the least intrusive methods possible, 

such a process should explain the informational content of the data ingested. The data enthusiast can then use the 

metadata to find correlations between datasets, duplicate data, and outliers that are unrelated to other datasets. 

In this study, we look into the methods and procedures needed to handle the metadata related to the DL's 

informational content. We pay particular attention to resolving the problems associated with the variety and 

heterogeneity of BD consumed in the DL. The newly found metadata helps data consumers locate the necessary 

data among the vast amounts of data stored inside the DL for analytical purposes [3]. Presently, 70% of the time 

spent on data analytics projects is spent on information discovery to identify, locate, integrate, and reengineer 

data, which obviously needs to be reduced. This study suggests two solutions to this problem: I a methodical 

procedure for the schema annotation of data consumed in the DL; and 

(ii) the systematic extraction, maintenance, and utilisation of metadata regarding the content and 

relationships of the datasets using ontology alignment and existing schema matching approaches [4], [5], [6]. 

The suggested procedure enables the DL's data governance activities to be automated. As far as we are 

aware, the proposed framework is the first comprehensive strategy that incorporates automated methodologies for 

assisting analytical discovery of cross-DL content linkages, which we refer to as information profiles as will be 

discussed below. To avoid the DL from turning into a data swamp—a DL that is poorly controlled and unable to 

maintain sufficient data quality—this should address the current gap in a codified metadata management approach. 

Without information characterising them, data floods hold data, which reduces their usefulness [4]. 
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Information ProfilingAnalyzing raw data to find structural patterns and statistical distributions is a 

traditional step in schema extraction and data profiling [7]. Higher-level profiling is currently required, which 

entails analysing data on the approximate schema and examples of relationships between several datasets rather 

than just single datasets [8]. We expressly characterise this as information profiling. This entails applying ontology 

alignment techniques [5], [6] to analyse metadata and schema [8], [9] that were retrieved from the raw data. Such 

methods use metadata from the data profile and the schema to match various attributes across several datasets and 

produce the information profile. A schema profile provides information on the attributes of a dataset, including 

their number, data type, and names [10]. The data profiles under consideration describe the single-attribute 

statistics of values, or the values in the dataset [7]. The third category of content metadata, information profiles, 

takes advantage of data profiles and data schemas' patterns [3]. Adding annotations to attributes that can be linked 

based on the general similarity of data distributions and data types is one example. metadata for content. All 

different sorts of profiles are represented by content metadata in the DL. Enhancing metadata to describe the 

informational content of datasets as first-class citizens is of interest to us in order to promote exploratory DL 

navigation. In order to do this, the schema and profiles of data ingested in semantically capable standards like 

RDF 1 must be represented. 

Contributions which the W3C recommends using to represent metadata. As ontology alignment and 

schema matching approaches like [5], [6] provide information profiling, semantically enabled formats for 

metadata are crucial. 

 Here, an end-to-end content metadata management procedure that offers a methodical approach to data 

governance is the key contribution. For alignment-related reasons, we outline the essential duties and activities 

for managing content metadata in the DL [11]. We concentrate on finding three different kinds of relationships: 

outlier datasets, related datasets (i.e., datasets with "joinable" data properties), and duplicate datasets. In order to 

identify associations across datasets, it is necessary to I identify the content meta-data that must be gathered. Also, 

(ii) strategies for gathering such metadata to annotate the datasets are identified. Lastly, (iii) we use a prototype 

to demonstrate the viability of our strategy in a real-world case study. The solution to these problems is not simple 

given the problem of new forms of raw data flowing inside the DL and the significant variability of such data. 

Using the proper matching algorithms and effectively using them for convergence, as well as effective methods 

for sampling the data to increase efficiency, present challenges. We put forth a paradigm that takes into account 

the management schema, data, and information profile metadata in order to address these issues. 

The remaining sections of the paper are as follows: Section II reviews related work; Section III uses a 

motivational case study to illustrate our approach; Section IV proposes a framework and process for managing 

such metadata; Section V displays a prototype that implements our approach; Section VI follows with 

experimentation findings using the prototype on the DL from the motivational example; and Section VII discusses 

the metadata management app. 

 

2. Related Work 

To support data enthusiasts, a comprehensive strategy to information content metadata management is 

currently lacking [1], [2]. To keep the DL from turning into a data swamp, it also needs to contain supporting 

metadata [4]. Data profiling and annotation are currently a hot issue for research and are crucial for understanding 

DL architectures [3], [12], and [13]. Several methods and strategies have been studied in the past, although the 

majority of them are concentrated on relational content metadata [7, 10], free-text metadata [13], or data 

provenance metadata [1], [14]. The majority of recent research initiatives point to the necessity of a regulated 

metadata management approach for merging several BD kinds [8, [13], [15]. The present method of handling this 

involves manually inspecting the data in the DL, which takes a lot of time and causes a significant analytical 

latency [15]. Our suggested approach uses automated methods to manage this metadata. 

Schema and content metadata extraction is the focus of numerous research projects. They give a general 

overview of the methods, algorithms, and strategies used to extract schemas, match schemas, and identify patterns 

in the data included in data files [13], [16]. There is also study on cross-data linkages, which aims to find similar 

data files with related notions in terms of information [15], [17]. 
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The techniques of ontology alignment and schema matching, which look for similarities between 

instances of data and data schemas, can also be used to combine datasets [5]. 

This can be done by first extracting the data's schema and ontology, then using matching algorithms to 

combine the two [16]. 

The current flaw in research on managing metadata in the DL is that the techniques are still only 

applicable to relational data warehouses, are not formally defined as a systematic process for data governance, 

and do not deal with the automatic annotation of informational content of datasets in the DL. 

By suggesting an automated content metadata management system, we close this gap. Ontology 

alignment approaches have traditionally been used to compare two big ontologies [6]; however, they have not 

been sufficiently applied to duplicate identification, outlier detection, or the extraction of crossdataset links on 

several discrete datasets. 

 

3. Motivational Case Study 

We implement a prototype dubbed Content Metadata for Data Lakes to show the viability and importance 

of our systematic approach for content metadata discovery (CM4DL). This prototype is examined using 

OpenML2, a practical illustration of a DL. Data scientists can donate various datasets for use in data mining 

research through OpenML, a web-based data repository [18]. The OpenML platform allows for the loading of a 

variety of WEKA3- formatted data formats (i.e. ARFF). Since it uses raw data imported without a specified 

integration schema and represents a variety of subject-areas meant for analytics, OpenML saves datasets that 

represent many data domains and can be regarded as a DL. Table I shows the subset of this DL that was used in 

our research. It contains 15 datasets divided into 5 subject areas and uses the OpenML dataset-ID, which can be 

used to retrieve the data using the OpenML API4. The last column contains the OpenML dataset names 

We have parsed the pre-computed data profiles that OpenML provides as JSON files for each dataset 

(retrievable via the API as well) and utilised them to compare the datasets to one another. This comprises the 

nominal attribute value frequency distribution and the statistical distribution of numerical attributes [18]. The 
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datasets will serve as the input datasets for our investigations. They'll have automatic annotations for their content 

(attributes and instances). For each instance, each dataset has a number of properties. A dataset's instances all 

share the same properties. 

x = [d(d − 1)/2] ∗ m2 (1) There are typically 10 attributes per dataset. Equation 1 states that there must 

be approximately 10500 comparisons in order to compare all attributes from those datasets collectively. By 

avoiding comparing a dataset to itself or to other datasets more than once, this approximates the number of 

comparisons x in terms of d number of datasets and m number of characteristics. For a human to accomplish this, 

it will take a great deal of work (as will be described in the experiments in Section VI). Thus, it's crucial to have 

an automated method that can carry out those comparisons effectively and capture the key informational linkages 

between the datasets. The efficient handling of OpenML's broad variety of datasets is one of the issues that arises. 

The next Section provides details on the automated procedure handling this. 

 

4. A Framework for Content Metadata Management 

We offer a framework for the automatic administration of metadata about the DL in this area. An 

intuitive, aware of cross-dataset relationships DL is the desired outcome. 

For the objective of information profiling, this system combines various schema matching and ontology 

alignment techniques. As demonstrated in related experiments like [13], [14] and in our tests in Section VI, 

metadata annotation can be effective and has little to no impact on how quickly datasets are processed in the DL. 

There are three primary stages to the framework. Data ingestion is the first stage, during which new data 

is found using provenance metadata, parsed to extract the data's schema in a manner similar to [16], and then 

stored in the DL along with its annotated schema metadata. Data digestion, or the second phase, entails analysing 

the data flowing to the DL to identify informative ideas and data elements. In this phase, information profiles are 

extracted (i.e., all content metadata artefacts are extracted) using data profiling, schema profiling, and ontology 

alignment. The metadata repository annotates the datasets with their profiles. In the third stage, linkages between 

datasets are found through the use of metadata. Information profiling is used in this procedure to identify and 

annotate the connections between a dataset and other related datasets that may be analysed in conjunction [3]. It 

does this by utilising the content metadata from the data digestion process. Cross-dataset relationship metadata 

are what they are termed. A organised metadata management approach, depicted in Figure 1, is used to implement 

the framework. This makes it easier to manage and collect information in a methodical manner over the life of the 

DL. We propose a BPMN process model to specify the framework's actions. The technique used for each activity 

in the BPMN model is outlined below, along with how difficult it was to compute and what was accomplished. 

Begin and consume data. When a signal signifying the upload of a new dataset to the DL reaches the 

metadata engine, the dataset annotation procedure begins. The dataset is located in ING01 in O(1) time utilising 

its provenance metadata. It is then parsed in ING02 in O(n) time to check for structural correctness, where n is 

the number of instances. In activity ING03, the dataset is then analysed to quickly extract and annotate the schema 

semantics, where m is the number of attributes. 

RDF ontology extraction methods similar to those in [16] are used for this. A semantically aware 

metadata repository houses the created metadata (i.e. RDF Triplestore5). 

Digestion of data. The content metadata is then extracted after the dataset has been digested. Starting 

with DIG01, which uses straightforward statistical methods and profiling algorithms comparable to [7], the data 

profile and schema profile are created. This process takes O(n) time. The subsequent action In order to increase 

the effectiveness of the information profiling algorithms in the following activity, which is finished in O(1) time, 

DIG02 samples the data instances. In DIG03, ontology alignment techniques are used to compare the dataset and 

its profiles to other datasets and their profiles. In the worst case, this needs O(m2) [11]. 

In Part V, we suggest a method to lessen this complexity. To reduce the number of comparisons 

conducted during this activity, there should be certain cut-off thresholds of schema similarity (like [13], [16], [17]) 

and data profile similarity [12] to determine whether to align two datasets together. To extract metadata about the 

connections to other datasets, ontology alignment is utilised. In order to match the attributes from the datasets, we 

use the current alignment approaches to first hash and index the values from the data instances, as in [19], and 

then use an alignment algorithm, as in [6]. The dataset is analysed to determine its information profile before 

moving on to the framework's exploitation step. 
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Figure 3: Architecture of CM4DL System 

Exploiting metadata. This begins in the EXP01 subprocess, which uses the content information kept in 

the Metadata Repository to identify connections with other datasets. As shown in Figure 2, this. This includes 

EXP01-1, which determines whether similar qualities exist in other datasets by comparing the stored similarity 

between attributes in other datasets against a predetermined threshold. The cycle continues with EXP01- 4, which 

annotates the cross-profile relationships and stores this information as the Cross-Profile Metadata, if the similarity 

of attributes above the threshold and related datasets are found. In EXP01-4, we also find duplicate datasets. These 

datasets share similar data profiles (i.e., overlapping value frequency distributions), the same schema structure, 

and the same amount of characteristics. Otherwise, the dataset is examined in EXP01-2 to determine whether it is 

an outlier if no similar datasets were found in EXP01-1 [10]. If a dataset in the metadata repository does not share 

any properties with any other datasets, it is considered an outlier and is noted as such in EXP01-3. 

 

5. The CM4DL prototype 

We construct a prototype called Content Metadata For Data Lakes in order to instantiate the BPMN 

model in Figures 1 and 2 and to demonstrate its viability (CM4DL). The system architecture of the prototype, 

which comprises of numerous components, is shown in Figure 3. A Java implementation is the foundation of the 

prototype. Tools and APIs created by third parties but used are represented by a separate symbol, as can be seen 

in the legend. 

 

5.1 Prototype buildings 

The prototype includes the DL dataset files in addition to three main layers. The OpenML Java- based 

API library is used to read the OpenML DL files holding the datasets and the JSON data that goes with them. 

This uses the local server system to access the OpenML library, download the ARFF datasets, and save 

the JSON metadata objects. The layer of the data intake engine makes use of a Java data parser component. The 

data parser uses the WEKA Java API to read the ARFF files and converts the datasets to CSV files. For this 

translation, the ARFF characteristics are translated to CSV columns. The parser uses the JSON metadata files 

from the OpenML API to provide the data type and explanation of each attribute. As a consequence, pre-computed 

dataprofiles that describe the dataset and each attribute included in it are sent to us. 

The metadata for numerical attributes comprises minimum, maximum, mean, and standard deviation. 

The whole frequency distribution of values is provided for nominal and string properties. 

The core part of managing content metadata, known as content metadata middleware, is found in the next 

layer. 

It is in charge of transforming the datasets from OpenML to RDF schemas first. This is accomplished by 

loading the CSV files into a Jena TDB RDF triplestore using the schema extractor. 

The Jena RDF library for Java6 is used to parse such files after sampling them for a given number of 

instances. 

The end result is an RDF N-triple ontology that maps each dataset that has been ingested to the schema 

and its sampled instances. Each dataset is represented by an RDF class, and each attribute is an RDF property. A 

metadata annotator uses the created ontology mappings to find links between datasets that have similar attribute 

sets. 
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Because it discovers schema- and instance-based links between datasets and delivers these associations 

to the metadata annotator so they may be added to the Metadata Repository, the ontology alignment engine at the 

bottom layer is employed for this matching operation. 

The BPMN procedure shown in Figure is implemented and automated in every component of the 

prototype's system architecture. The ING01 and ING02 operations are managed by the Java Data Parser. Activity 

The middleware layer's schema extractor is in charge of ING03. The data and schema profile are ingested via the 

OpenML JSON metadata and JSON parser, which provide the middleware the profile metadata. The middleware's 

metadata annotator may utilise both the profile metadata and the schema information to discover duplication using 

profile searching and ontology alignment. 

It controls DIG03 activity. In order to identify connections between datasets and their related qualities, 

EXP01 is applied in the ontology alignment layer after assessing the information profiles acquired in DIG03. 

 

5.2 A component of ontology alignment 

We make use of the current ontology alignment engines in the CM4DL prototype to make our method 

easier. Ontology alignment is a highly established field, and the following references can help you grasp the 

fundamental principles behind these tools: [5], [6], and [19]. We reviewed the study literature in quest of a tool 

that supports the following in order to choose one that would be suited for our task: 

Ontology alignment based on schema and instance analysis: To determine similarity, the tool must 

examine both the schema (attribute types and dependencies) and the instances (attribute values). [5] compares 

these methods 

Indexing and hashing methods, such as the MinHash algorithm [19], are crucial for accelerating and 

improving the efficiency of dataset comparison. 

Various methods of comparing instance-based similarity: The tool should use many methods of 

comparing instance-based values, such as various string comparison methods (such as normalised identities [6], 

shingling-MinHash distances [19], etc.). With various types of data, the various similarity comparison algorithms 

can produce varying degrees of efficacy. 

It is crucial to research various comparison approaches in order to do our assignment effectively and 

efficiently. 

Java open-source API: The tool needs to expose a Java open-source API that can be integrated with the 

developed prototype we have created. 

According to the aforementioned criteria, we chose COMA++ [5] and PARIS probabilistic ontology 

alignment [6] from the short-listed tools as potential choices. In comparison to other tools and benchmarks, PARIS 

was cited as being highly successful for large-scale ontology alignment, which is why we chose it. Its integration 

with a Java-based API is also simple (see [11]). By identifying RDF subclasses, which in our instance show the 

similarity of datasets, and RDF subproperties, which imply similarity of attributes in the datasets, PARIS aligns 

ontologies [6]. A percentage of similarity is provided; a larger value indicates greater similarity. The ontology 

alignment tool can read two ontologies and assess how similar they are to one another based on the schema and 

instances in the ontology [6]. It is necessary to represent the ontology using N-Triples7 RDF. When the metadata 

annotator component accepts any two datasets in N-Triples format (modelled as RDF properties), the tool will 

provide the similarity of classes (i.e. datasets) from both ontologies (coefficient between 0 and 1) as well as 

similarity between both datasets' attributes. 

Instances (modelled as RDF concepts) are compared using string matching techniques to determine 

similarity. We employed both the identity-based precise match [6] and the shingling- based MinHash 

approximation matching [19] methods described in PARIS [6] in our prototype. The attribute values are 

normalised for the identity-based method by eliminating punctuation and changing the characters' case. After that, 

exact matches are looked for in the normalised text. For numerical properties with precise values, this works well. 
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The shingling- based approach is better suited for approximating string matching because it compares n-grams of 

text (i.e., a certain amount of letter sequences). 

Examples like those in Table II, which are based on the OpenML datasets used in the trials, are examples 

of relationships found in this layer. The table compares properties by demonstrating their link across two datasets. 

The dataset name and OpenML ID are used to identify each dataset. The name of the attribute from each dataset 

is then provided. The final classification of a relationship is either related, duplicate, or outlier. To find similar 

features that can be utilised to "link" the datasets together, the relationship linked is employed. The similarities in 

the actual value distribution of the attributes as displayed by the instances of data in the dataset are examined in 

order to identify the correlations [6]. The distribution of values for related attributes should overlap, making it 

possible to connect them. The ontology alignment algorithms should be able to recognise relationships between 

attributes, such as those in relationships 2, 4, and 5. 

Despite having different names in the schema, the attributes' values overlap and have comparable 

character or numeric values. In order to find these linkages, it is crucial to apply instance-based ontology 

alignment. 

Also, we refer to a relationship as a duplicate relation when all attributes are linked to attributes from 

another dataset. 

This indicates that all of the datasets' properties share a similar amount of information. As an illustration, 

look at Table II row 3. By removing or merging duplicates, duplicate detection can assist in data cleansing and 

de-duplication, preserving excellent data quality in the DL with reduced redundancy. It works by using an 

ontology alignment tool's cut-off threshold of similarity to determine whether two datasets are duplicates (e.g. 

taking 0.8 for similarity of all attributes). A dataset that lacks relevant features in any of the other datasets in the 

data lake is an outlier, to sum up. Every attribute in a dataset that is an outlier has no counterparts in any other 

dataset. 

 

5.3 Algorithm for dataset comparison 

In order to match the datasets, we use Algorithm 1. But keep in mind that the algorithm specifies how 

datasets are handled overall and collectively, but the BPMN tells how each dataset is handled separately. The 

information profiling activity DIG03 in Figure 1 is automated by it. The average data and schema profile similarity 

[6] and the ontology alignment similarity metric are the foundations of the matching method. The profile similarity 

is calculated using the average of the discrepancies between the normalised profile characteristics from each 

dataset. The list of profile features used includes the number of attributes in the dataset, the number and percentage 

of numerical, binary, or symbolic attributes, the quantity of target variable classes, the size and proportion of 

majority and minority classes, the quantity of instances in the dataset, the proportion of instances with missing 

values, and the dimensionality measure. Due to the fact that the OpenML JSON metadata contains the most 

occurrences of these traits, they were selected. 

DL N-Triple files, JSON metadata features, thresholds for matching datasets based on profile metadata, 

or thresholds for matching attributes in the ontology alignment tool as related (Relation- Threshold) or duplicates 

(DuplicateThreshold) are all required as inputs for the algorithm. The programme produces three sets of 

relationships that were found. 

If a dataset has connections with another dataset (similarity measure s between 0 and 1), the precise 

characteristics from both datasets a1 and a2 are added to the connections set as a tuple 'r' of the dataset identifier 

(dx). A tuple of the dataset identifier (dx) (d1; a1; d2; a2; s) is added to the Outliers collection if two datasets d1 

and d2 are identical copies of one another. 

The method cycles (Lines 3-10) on each dataset (and its associated profile) and compares it to each of 

the other datasets (in set 'P' from Line 4) before going on to the next dataset based on how similar their data and 

schema profiles are, or psimilarity. If the psimilarity is larger than the input threshold specified, the ontology 

similarity is determined in the inner-loop of Lines 5–9, which compares each dataset with each other dataset not 

previously checked by the algorithm. This filtering Ifstatement (Line 7) is intended to prevent costly, pointless 

comparisons with ontology alignment tools for datasets with divergent characteristics. In order to halt any filtering 

at this stage, we may set the ProfileThreshold to 0.  
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To calculate the psimilarity (AvgProfileSimilarity) (d1; d2), the data-profile and schemaprofile metadata 

characteristics for both datasets are averaged out. Line 7 computes the ontology similarity parisSimilarity [6] 

between each feature of the dataset and characteristics of other datasets not previously assessed by the algorithm 

(line 10's final loop prevents datasets from being checked again by removing them from the comparison list of 

'D'). In line 7, the set Sem has relationship tuples ('r'). If all characteristics between the two datasets have 

connections with similarity larger than the DuplicateThreshold, the datasets are added to the Duplicates set in 

Line 9. The dataset in lines 11–12 is added to the Outliers set in line 12 if there are no member tuples in the 

Relationships set and the dataset has no relationships with any other datasets. To improve the effectiveness of the 

algorithm, we gather samples of instances for comparison in the N-Triples of each dataset element of "D". The 

worst-case complexity of the method is given in Equation 1. 

 

 

6. Experiment and Results 

We go over the outcomes of running the prototype on the OpenML DL in this section. We run an 

experiment with OpenML data to contrast the automated method and algorithm with the human method. Our 

objective is to compare the viability and efficacy of our automated approach to manual human checks. We offer 

the sample data from 15 datasets connected to various domains as specified in Table I to 5 human specialists so 

they can analyse the relationships (such as those listed in Table II) and compare their findings to our automated 

method Postgraduate pharmacists who were data lovers made up the human participants. Also, we independently 

examined the datasets in 6 hours and produced a gold-standard of relationships, duplicates, and outliers against 

which to compare the manual and machine methods. Two primary categories of qualities are analysed in such 

relationships detection, and they are detailed below. 

Numerical attributes: These are those that are expressed as integers or real numbers. They have a data 

profile that includes distributions of statistical values like mean, min, max, and standard deviations. The properties 

in row no. 5 of Table II, which display the continuous numeric value of the weight of cars in kilos, serve as an 

illustration (e.g., 3000). 

Nominal and string attributes are those that have distinct values that can be nominal numbers or character 

strings. Frequency distributions of their unique values make up the majority of their data profile. An illustration 

would be the attributes in Table II's row no. 4, which list the character strings for the names of the car models in 

the dataset. the words "Volkswagen type 3" and "Volkswagen," for instance. The values should be recognised in 

the experiments as equivalent values even though they are expressed as various strings of characters because they 

still contain the same data about Volkswagen automobiles. 
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The thresholds utilised with Algorithm 1 for the automated CM4DL implementation were 0.5 or 0.0 for 

the ProfileThreshold, 0.5 for the RelationThreshold, and 0.75 for the DuplicatesThreshold. 

On a computer running 64-Bit Windows 7 with an i7-5500U quad-core processor, 8GB of memory, all 

trials were conducted. We consider utilising the following substitutes: 

Several sample sizes: To expedite the ontology alignment effort, random sampling is applied to the data 

instances. 

We do tests using samples with 100, 500, and 700 occurrences, respectively. different iteration times 

before convergence Ontology alignment techniques are often iterative in nature and need multiple rounds before 

convergence [6]. 

The matching results can be improved due to the iterative nature [11]. We experiment with various 

iterations before we give up on the alignment problem. Using 3,5,7, and 10 iterations, we test. 

Several methods for detecting similarity We test the identity-based matching method and the shingling-

based matching method as two different ways for similarity discovery between characteristics. 

 

 
 

 
By applying both methods to the data and combining the results, we may also combine them to find 

relationships. We look at ways to exclude ontology alignment comparisons using the average profile similarity 

across datasets using a variety of profile similarity cutoffs. 

This entails removing datasets with a profile similarity below a predetermined level. We test 0.5 and 0 

as our two thresholds. We do not filter any comparisons if we use the later threshold. We contrast the identified 

associations' total standard accuracy, recall, and F1 measures [20]. The outcomes for the humanexperts are given 

in Table III. As can be seen, manually comparing the datasets requires a lot of time and work. The human 

annotation of the datasets takes, on average, more than 2 hours and sometimes up to 4 hours. With a minimum of 

20.5% and a maximum of 91.3%, the precision average is likewise noticeably low at 57.5%. It was also at a low 

average of 61.1% for recall. The entire F1 mean is 55.6%, which indicates that automated approaches need to be 

improved. 

Figure 4's graphs display the evaluation of the F1 measure and the timing of running the automated 

method on the experiment data. The execution times for ontology alignment between all of the datasets in the 

experimental setting include the loading of the datasets into the triplestore along with the JSON metadata, the 
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tasks of the content metadata middleware in parsing the data and converting it into RDF N-Triples, and the tasks 

of the content metadata middleware in converting the data into RDF N-Triples. We look at and contrast different 

sample and data profile similarity filtration levels, as well as different rounds of the ontology alignment and 

matching execution. In graph (b), which represents the F1 for the combined identity-similarity and shingling-

similarity instance-matching techniques, the execution time of Algorithm 1 is shown. According to the legend, 

each line in the graphs represents the following: ProfileThreshold for the sampling sizesimilarity method of 

Algorithm 1. Indicated by the word "no," ProfileThreshold was tested at 0.5 and without any restrictions. 

The figures in Figure 4 show that for sample sizes between 500 and 700 occurrences, the automatic 

technique produces good F1 scores between 82% and 91%. In general, sampling has a negative influence on the 

algorithm's F1 score, but it is more pronounced for lower sample sizes, such as 100 examples, which produced an 

F1 between 46% and 50%. Before doing comparisons, filtering the data profiles improved processing speeds while 

having a minimal impact on the F1 score. Even with a reduction of just 3% from comparing all datasets, we can 

still get 87% F1 for a sample of 700 occurrences while significantly reducing calculation time from 151s to 92s. 

As anticipated, it was found that the ontology alignment technique requires greater calculation time as it goes 

through more iterations. Yet, there are no significant drawbacks to employing fewer repetitions, even though 

processing time can be greatly reduced. We just use the graphs in Figure 4 to show the outcomes of the combined 

method. It should be emphasised that in all studies, identity-similarity matching performed better than shingle- 

similarity matching. Shingling's F1 score ranged from 35% to 49% while its computation time ranged from 63 

seconds to 82 seconds for no filtering and from 40 seconds to 50 seconds for filtering the data profiles. For sample 

sizes between 500 and 700 instances, identity earned an F1 score between 86% and 89%. For 100 samples of 

occurrences, the effectiveness fell precipitously between 50% and 55%. 

 

 

7. Conclusion 

 

We have discussed our system for managing content information, which simplifies DL alignment. We 

have used the OpenML DL environment to showcase our methodology. Our research demonstrates the viability 

of our automatic method for identifying links between datasets. The results demonstrate that using sample 

strategies, filtering the datasets for comparison, and applying various ontology matching algorithms can increase 

the approach's efficiency while maintaining good efficacy. The kinds of content metadata to gather for schema, 

data profiles, and information profiles have also been illustrated. To make navigating and analysing the DL easier, 

this content metadata was employed in a structured approach to identify links across datasets. 

To determine the best similarity thresholds and weightings of the similarity measures to utilise in our 

method, we will investigate the usage of several supervised learning techniques in the future. We will also look 

into ways to dynamically choose the sample size based on how heterogeneous the datasets are that are being 

compared. We also admit that by building a third reference integration ontology after each intake, we can increase 

the algorithm's performance by reducing the number of times it compares the new ontology to the original one. 

We intend to parallelize the computations in a parallel computing framework like MapReduce to increase the 

performance of our algorithm. 
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