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Abstract
For the development and evaluation of data integration tools, developers require test datasets that represent
realistic data integration scenarios. Due to a lack of publicly accessible test datasets with ground truth information,
developers often use dataset generators to create their integration scenarios. Existing dataset generators are,
however, often limited in functionality and offer only limited configuration options. We therefore develop the
synthetic dataset generator SYDAG that generates realistic integration scenarios from real-world seed datasets
and offers highly customizable configurations for output fine-tuning. It supports the injection of a wide range of
error types and structural changes, which enable the generation of heterogeneous integration scenarios. For the
generation, we propose a logical sequence of processing steps and efficiently implement them in the SYDAG
system. For the evaluation of SYDAG, we generate integration scenarios of three complexity levels and examine
how different schema matchers perform on them. Our results show that the performance of all matchers decreases
as the complexity of the integration scenario increases, confirming that SYDAG is capable of generating complex
integration scenarios.
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1. Synthetic Data for Integration

In recent years, the volume of stored data has grown significantly across nearly every sector of life
[1, 2]. This data is highly diverse [3]. To describe the totality of large, diverse, and challenging amounts
of data, scientists use the term Big Data [4]. The integration of datasets with such different properties
can be very difficult [2].

An essential task for data scientists is to analyze and merge diverse data [5]. Therefore, data
integration represents a significant academic research focus and has been a long-standing topic in the
data management community [5, 6]. Data integration scenarios often target datasets whose structure or
semantics are unknown to the data scientists beforehand [5]. The applied data integration algorithms
must, therefore, be able to work with various characteristics of datasets. Consequently, high-quality test
datasets that represent diverse scenarios are essential to benchmark any designed integration algorithm.
For a reliable evaluation, data scientists also require ground truth information about these datasets
[7]. The test datasets are expected to be of high quality, meaning the ground truth must be completely
accurate. Furthermore, these datasets should be adaptable to different user requirements [8].

Because the generation of ground truth data is very labor-intensive, there is a ubiquitous lack of
publicly accessible real-world datasets with ground truth that can be used to test novel integration
methods [7, 9]. An algorithm or domain expert first needs to identify the correspondences in the
datasets before creating the ground truth from them. Sometimes, the ground truth needs to be created
manually without the help of algorithms [10]. Static test data is useful only to obtain a rough idea of
the quality of an algorithm; for a better and more comprehensive evaluation, test data generators are
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preferable [2]. These generators can quickly generate different benchmarking scenarios and can be
tailored to the user’s needs (e.g., degree of heterogeneity, noise or pollution). Therefore, data generators
are an effective tool for creating heterogeneous data integration scenarios that represent different types
of data sources [7].

The development of data integration algorithms continues to increase [5]. However, while there
is much research on integration, there is comparatively less research on test data generators that are
needed to evaluate the integration algorithms [2]. Additionally, benchmarks are often limited to specific
tasks [6]. This paper addresses these facts and aims to advance the generation of test datasets. To
achieve this, we introduce the Synthetic Dataset Generator SYDAG for the creation of data integration
scenarios. SYDAG meets the described requirements for the generation of realistic and heterogeneous
integration scenarios and introduces various features and configuration options that allow a particularly
precise customization and distinguish our approach from existing data generators. The customizations
include the horizontal and/or vertical splitting of the input dataset, the injection of a variety of schema
and data errors, the adjustment of normalization degrees, and the obfuscation of schema and instance
correspondences via merge and shuffle operations on rows and/or columns. Because relational databases
are one of the most common formats for structuring data, SYDAG also targets this particular data
model as in- and output [11]. We also provide a Graphical User Interface (GUI) to enable an easy way
of configuration [9]. We test and evaluate SYDAG’s ability to create integration scenarios of varying
complexity by measuring the performance of three simple schema matchers in different integration
scenarios generated by SYDAG.

The remainder of this paper is structured as follows: First, Section 2 provides a review of related
work on dataset generators. Next, Section 3 describes the configuration options and design of SYDAG.
Afterwards, Section 4 introduces SYDAG’s implementation and accessibility. Then, Section 5 presents
our evaluation with three standard matching techniques. Section 6 ends the paper with a conclusion.

2. Related Work

To evaluate the performance of integration tools, benchmarks are essential [12]. A practical approach is
to construct these benchmarks from real-world data. This enables developers to test schema matching
tools in realistic conditions [13]. An example of this approach is the benchmark Thalia provided by
Hammer et al. [14]. Thalia is a collection of over 25 publicly available test datasets, which include a large
number of syntactic and semantic heterogeneities. Cabrera et al. presented a similar benchmark, called
DIBS [12]. DIBS includes real data integration tasks from diverse domains and additionally provides
metrics to assess performance in these scenarios. Crescenzi et al. introduced another benchmark, called
Alaska [6], whose ground truth was created by experts. It consists of real datasets but differs from DIBS
because of its flexibility. Alaska is based on real data from 71 e-commerce websites, which ensures
that the benchmark reflects realistic challenges, and users can select subsets of the data to achieve
the desired level of difficulty. Our approach also uses real-world data, but we generate the integration
scenario automatically.

It is, in general, difficult to find real-world datasets with ground truth because the creation of ground
truth is highly labor-intensive [7]. Moreover, the increasing number of data sources across various
sectors and their heterogeneity require many different scenarios [2]. This has led to the creation of
dataset generators instead of benchmarks with real-world data. These generators can quickly produce
diverse synthetic datasets for benchmarking scenarios. Additionally, users can adapt the generated
datasets to their own expectations [7]. Hence, the goal is to generate realistic datasets that reflect
heterogeneity and volume.

Panse et al. introduced a test dataset generator called DaPo+ [2, 7], which is an extension of the
generator DaPo presented by Hildebrandt et al. [15]. The extended system takes an existing dataset
as input and uses it to create multiple datasets with errors and duplicates. Because it supports both
relational and non-relational data models, it can generate large and versatile datasets. The output
includes the created datasets and ground truth information.



Ioannou et al. developed a generator for schema matching scenarios, which is called EMBench++ [16].
EMBench++ works with relational databases and expects a user-defined configuration. Depending on
the configuration, it inserts duplicates and errors, such as misspellings or abbreviations, and simulates
time-based changes, such as entity splits. This allows developers to test algorithms in realistic scenarios.

Lee et al. presented eTuner [17], which is a system that automatically optimizes schema matching
algorithms by adjusting their parameters. It includes a workload generator that creates new schemata
from a given schema by splitting the schema into disjoint sets and introducing errors in attribute labels
and instance values. Because it creates schemata and their mappings, it can also be used to generate
realistic matching scenarios.

Koutras et al. introduced Valentine [18], an open-source experiment suite for evaluating schema
matching techniques. It includes a dataset generator that takes a tabular dataset and a user-defined
configuration as input. Valentine’s dataset generator, then, performs a horizontal and/or vertical split
on the relations while retaining some overlapping columns and/or rows. It also inserts errors into the
overlapping entries both at data and schema level. Additionally, it includes a user-friendly interface [9].

The generators that we mentioned so far use real data to create synthetic datasets. However, there
are also generators that produce datasets without receiving a data source as input. For example, Alexe
et al. introduced STBenchmark [19], which includes two generators for schemata and instances: First,
SGen creates a mapping scenario; then, IGen generates the actual data instances corresponding to the
created structures. While SGen can utilize either real or generated data, IGen does not require a real
data source to generate data instances. The same applies to iBench, presented by Arocena et al. [20]. It
is a metadata generator for the synthetic creation of schemata and their mappings from user-defined
configurations, which define i.a. desired size and complexity properties, without any seed data. Unlike
the other generators, iBench independently creates integrity constraints and other metadata.

Our data generator SYDAG is heavily inspired by related work and subsumes most of the unique
features that we listed above: horizontal and vertical splits, error and noise generation, attribute splits
and merges, etc. We consolidate and extend these features in a particularly adaptable data generator,
which allows the user to make exact configurations and create individual integration scenarios. In
contrast to existing works, SYDAG can also automatically change schema normalization degrees.
Additionally, it profiles key constraints and offers options for schema and instance shuffling. Overall,
SYDAG offers not only more features than every individual approach but also more customization
options for to-be-generated datasets. We developed SYDAG for relational datasets, because the relational
model is one of the most common data models [11].

3. Synthetic Dataset Generator

We aim to cover a wide selection of functionalities in SYDAG’s design and, therefore, combine various
features from existing generators with additional methods. For this, we consider how different generation
approaches logically build upon each other. Certain processing steps need to be performed before others
to generate datasets with desired properties. Figure 1 visualizes the sequence of SYDAG’s generation
pipeline that meets these requirements.

SYDAG takes a relational (real-world) dataset as input and lets the user specify the desired properties
of the matching scenario. The first processing step is the key determination. With the data profiling
algorithm HyUCC [21], this step automatically identifies all keys of the input relation; then, it selects
the smallest, most likely key of every relation as the relation’s primary key. Placing key inference at
the beginning is necessary because some of the following steps require keys as input. In particular, the
split and noise components depend on these keys to be known, because the keys must be maintained in
all newly formed relations [18].

The split component is the second processing step. It incorporates functionalities from Valentine’s
dataset generator, which supports both horizontal and vertical splits (and combinations of both). It also
allows users to specify the degree of overlap for rows and columns [18]. In addition, SYDAG provides
configuration options to control the distribution of non-overlapping columns or rows between the new



Figure 1: Overall procedure of SYDAG: An input dataset and a user-defined configuration are received. After
that, eight steps are executed sequentially. Finally, the created files are output.

relations, which enables one relation to have more columns than the other. For horizontal splits, the
user can choose whether the overlapping rows should be selected within a block or randomly scattered.
The split needs to be executed in the beginning of the process, because it determines the number of new
datasets that SYDAG creates and, therefore, provides the basis for the dataset generation. SYDAG splits
the input relation into either two or four new relations, each representing a distinct dataset of the final
integration scenario. By placing the split at the start, it is possible to select the error levels and structural
changes individually for each newly created dataset, which enables the creation of heterogeneous
integration scenarios.

Normalization to Boyce-Codd Normal Form (BCNF) follows as the next component and optional
computation step. It causes the datasets created during the split to no longer contain only one but
potentially multiple linked relations. The user can choose whether SYDAG should apply normalization
to BCNF individually for each of the two (or four) current datasets. Additionally, a percentage can be
specified that determines how many of the possible decomposition steps should be executed. To execute
the normalization, SYDAG applies the schema normalization algorithm Normalize [22]. Normalize
automatically profiles functional dependencies and uses them to transform relational datasets into
BCNF. We execute the normalization after the split and before any noise injection to create meaningful
decompositions and foreign key constraints. When SYDAG later adds noise to the relations, the user
can choose to preserve the key and foreign-key constraints or allow them to be broken.

The following component inserts noise, i.e., errors into the schemata. Because normalization has
already been applied, any schema within a dataset can receive errors. The split(s) that SYDAG performed
in the previous component provide information about the overlapping columns or rows. This enables the



selection of attributes in the schema that share overlapping entries with other relations. These attributes
are candidates for noise injection. For each newly created dataset, there are configuration options for
adding noise to the schema. The user can choose whether to include noise and, if so, whether key
attributes should be affected. If the user enables noise, she must specify the percentage of overlapping
attributes with other datasets that the generator will modify. The user can select from nine error
methods to introduce the noise or choose to delete the schema completely, which results in a relation
without headers. The available error methods include some approaches from existing generators, such
as perturbing the column names via prefixing, abbreviation or vowel dropping (Valentine [18]), and
replacing column names with synonyms or changing names to random characters (ETuner [17]). If a
relation includes these errors, it causes discrepancies with the names of the overlapping columns from
other relations and, hence, complicates integration scenarios. SYDAG additionally adds another four
noise options (see later), but also allows the user to apply no changes.

To generate complex scenarios, generators should not only add errors into the schema but also into
the instance data [16]. For this purpose, data noise injection is the next component in SYDAG’s pipeline.
Similar to the schema noise component, SYDAG can use the information from the split to identify
overlapping rows or columns and insert errors specifically into their entries, as inserting errors in
non-overlapping records has less impact on integration scenarios. The configurations for data errors
are similar to those for the schema. For each created dataset, the user can select whether the generator
should introduce noise. This includes the specification whether SYDAG is allowed to break the key
constraints by adding errors to key columns. Additionally, the user can select the percentage of noisy
rows or columns based on the split type. For horizontal splits, the generator inserts a user specified
percentage of noise into the overlapping rows, while for vertical splits, it affects the overlapping columns.
Furthermore, the user can specify a percentage that indicates how many of the entries within a for
noise selected column or row should receive errors. There are 14 available noise methods that the user
can choose from (see Section 4). Again, some error methods are inspired by existing generators: random
typing errors based on keyboard probabilities and random numerical value changes based on value
distributions (Valentine [18]), as well as random data format changes (ETuner [17]), word permutations,
missing value injections, and word abbreviations in string values (EMBench++ [16]).

The merge component follows next in the pipeline and can merge two columns of a relation into a
single column. This procedure is inspired by eTuner [17], but SYDAG can execute multiple of these
merges. We visualize an example of the process in Figure 2. Each merge creates a new attribute that
contains concatenated values. SYDAG allows the user to individually select for each dataset whether to
apply the merge component. This includes the specification of the percentage of overlapping columns
to merge. Because we want to enable different errors within the linked values, we place the merge
component after noise insertion.

name surname age
Jane Smith 22
Tim Miller 45
Mike Brown 14

name, surname age
Jane, Smith 22
Tim, Miller 45
Mike, Brown 14

Merge

Figure 2: Example of the merge component for two columns.

The shuffle component is the last processing step before the output creation. For each created dataset,
the user can choose between no changes, shuffling rows, or shuffling columns. This means that relations
representing the same real-world entity no longer maintain the same order of entries, which can be a
significant challenge for matchers that consider the order of attributes or tuples [23]. Placing this step
at the end is necessary to allow users to select the block overlap as a split option. The shuffling later
disperses the overlapping rows/columns over the entire datasets. These rows originally belong to one
block and may share some similarities, but when SYDAG shuffles them, it makes it harder to rediscover
these blocks. The difference to using random overlap is that in that case SYDAG takes the overlapping
rows directly from different locations, meaning they might share less similarities.



After processing the datasets, SYDAG creates the output. The output covers the created relations
grouped by dataset, the metadata information on keys and foreign-keys, and the mapping information,
i.e., the gold standard information for a perfect matching of the resulting schemata. The mapping
information specifies which attributes in the new relations correspond to the original attributes. The
output format is inspired by the generators iBench [17] and eTuner [20], which also generate and output
precise mappings for the generated datasets. Developers can use these mappings to evaluate their
integration strategies. The output comprises two or four datasets, each with one or multiple relations
depending on the individual normalization steps.

4. SYDAG Implementation

To realize SYDAG as a practical application, we implemented the components described in Section 3 in
a typical backend-frontend architecture. We provide the core details of this implementation here and
further technical details online [24].

4.1. Backend

Our backend consists of multiple classes that SYDAG utilizes during the generation process. We
categorize the classes based on their functionality and explain the core components of SYDAG’s
generation algorithm in this section.

The Splitting Components are an important part of SYDAG, because they divide the input relation into
new relations. The ‘Split’ class provides methods for the different split options. For the vertical split,
it provides a method that generates a uniformly random column overlap: First, the method adds the
key columns to both newly created relations. Then, it randomly selects non-key columns proportional
to the user-specified percentage of overlap and inserts them into both new relations. After that, it
randomly distributes the remaining columns to the new relations according to the configuration. For
the horizontal split, there are two different methods. One of the two horizontal methods creates a block
overlap; it, first, selects a random start index for the overlapping rows; then, it determines the end index
based on the user-selected percentage of overlap and inserts the rows between start and end as the first
rows in both new relations; after that, it distributes the remaining rows to the new relations according
to the configuration. The other horizontal split method creates an overlap of random rows; unlike block
overlap, it picks overlapping rows randomly from the entire dataset rather than selecting consecutive
rows. If the user chooses both split types, SYDAG first applies the horizontal split to create two new
relations; then, it splits both of the created relations vertically, resulting in four relations.

The Structure Change Components include four classes that SYDAG uses to modify the structure of
the relations. Their ‘Merge’ class is responsible for merging columns within a relation. It relies on
the user-defined percentage to determine how many of the overlapping columns should be merged.
The merge process is repeated until the desired number of merged columns is reached. In each step, a
method identifies the best column pair for merging by calculating a score for all possible pairs. Pairs
receive a higher score if they share the same enumeration type, if their column indices are close to
each other, and if they have not yet been merged with another column. The method selects the column
pair with the highest score and, then, merges the attribute names and data entries of the columns
into a new column; the new column gets inserted into the relation and the two original columns are
removed. The other classes in the Structure Change Components are responsible for normalization.
The ‘Normalization’ class provides methods that decompose a relation into BCNF. Its core method first
applies the Normalize algorithm [22] to find BCNF-compliant relations. It stores the column and key
indices of these relations in ‘IndexSummary’ objects. Then, the method adjusts the indices to the input
relation so that they reference the correct column positions. Afterwards, the method executes as many
of Normalize’s decomposition steps as the user specified in the configuration. The final step is the
creation of the selected relations. The method extracts the columns corresponding to the indices in the
‘IndexSummary’ object, removes the overlapping rows, and then outputs the generated relations.



The Noise Insertion Components are the most essential part of SYDAG and cover the following error
methods:

1. Removal of all vowels from a given string
2. Abbreviation of all words’ first letters in a string
3. Shortening of all words in a string to random lengths
4. Shuffling of all letters within a string
5. Shuffling of all words within a string
6. Generation of random strings with length in [1,10]
7. Adding of random character prefixes of length [1,4]
8. Replacing words in a string with synonyms
9. Replacing words in a string with their translations

10. Generation of null values
11. Insertion of phonetic errors in strings
12. Insertion of OCR errors in strings
13. Insertion of random typing errors in strings
14. Reformatting strings by swapping "-", "_", ".", and " "
15. Abbreviation of words in strings to random lengths
16. Generation of a random numeric value from a column’s normal distribution of values
17. Generation of a random numeric outlier for a column
18. Mapping of string values to numeric values

SYDAG can apply Methods 1 to 9 to the schema of the relations and Methods 5 to 18 to the instance
data. Methods 8 and 9 rely on external API calls: Synonyms for data entries are generated using the
Datamuse API [25], while translations are provided by the MyMemory API [26]. If the user selects the
methods that generate synonyms or translations, the generation process of SYDAG can take longer
than without this selection, because calling the APIs is more time-consuming than using a naive error
method.

The ‘SchemaNoise’ class is part of the Noise Insertion Components and extends the ‘Noise’ class.
We use it to add errors to the attribute names. It includes a method, which receives a relation and the
user’s configuration. If chosen, the method deletes the schema; otherwise, it determines the overlapping
attributes and includes or excludes the key columns from the noise based on the configuration. Then,
the method selects attributes uniformly at random from the overlapping attributes to receive noise. For
each of the selected attributes, it applies one of the user-selected error methods. It reuses a method
only after all other selected methods have been applied at least once. An exception to this are Methods
1 and 5 because they are not always applicable. They require the attribute name to contain vowels or
several words. If selected, SYDAG first attempts to use Methods 1 and 5. If this is not possible for the
current attribute, it uses another user-selected error method. If the user selected only Methods 1 and 5,
but neither is applicable, Methods 6 and 7 serve as fallback.

The ‘Data Noise’ class also extends the ‘Noise’ class. We use it to insert errors into instance data. It
provides two different methods, which are used depending on the chosen split type. SYDAG perturbs
the columns in case of a vertical split, the rows in case of a horizontal split, and both when a double
split is performed. The row perturbation consists of many sequential steps. First, the method calculates
the number of rows that will receive errors based on the user-specified percentage. If the value exceeds
0, the method selects that many row indices uniformly at random. Next, the method filters the column
indices to determine where it can insert errors. If the user chooses to preserve key constraints, the
method removes the key indices from the available error positions. In case of a double split, the method
also removes the overlapping column indices because these columns already received noise through
the column perturbation. Then, for each row selected for noise, the method determines the number of
affected entries based on the user-defined percentage. After that, it randomly selects the calculated
number of entries from the available error positions in the row. For each selected entry, it checks which
of the user-specified error methods are applicable, then selects one uniformly at random and executes
it. The new entry replaces the original entry in the relation. The column perturbation method uses



Figure 3: Example of SYDAG’s graphical user interface.

a similar approach. However, a difference lies in the selection of the entries that receive noise. This
method selects the columns that will receive noise while maintaining the same ratio of numeric to
alphanumeric columns as in the relation. Then it calls two individual methods: One of them inserts
errors into the selected numeric columns and the other into the alphanumeric columns. Both of these
methods first randomly select the entries in the column and, then, apply a random error method. Lastly,
the perturbed relation is output.

The last important group are the File Processing Components, which include the ‘CSVTool’ class.
This class includes methods that write the generated relations to CSV-files. Depending on the user’s
configuration, SYDAG may shuffle columns or rows before writing the CSV-file. Therefore, three
different methods exist: one for writing the file without shuffling, one for shuffling columns before
writing, and one for shuffling rows before writing. In addition, there is a method that generates a
TXT-file containing the key relationships for a generated dataset. Finally, another method writes the
entire mapping between the generated datasets to a TXT-file.

4.2. Frontend

To make SYDAG user-friendly, we provide a GUI through which users can specify input parameters and
generation configurations. The GUI also offers an option to upload a JSON configuration file containing
all of the input parameters; SYDAG provides a template with an example of a JSON configuration file to
create these configurations. Figure 3 shows a screenshot of the GUI for configuring data noise settings.
For a simple and efficient application startup, we use Docker to containerize SYDAG with its backend
and frontend components [27]. Our generator is publicly available on GitHub [24].

5. Evaluation

The goal of our evaluation is to assess SYDAG’s ability to generate integration scenarios of different
complexity that actually challenge schema matchers. To achieve this, we alter SYDAG’s configuration
parameters to create different integration scenarios. After that, we evaluate the performance of three
schema matchers in these scenarios.



Table 1
Characteristics of the four datasets used for evaluation.

Dataset Rows
Numeric
Columns

Alphanumeric
Columns

Key
Columns

Bridges 108 4 9 1
Diabetes 768 9 0 3
Mental 5000 7 13 1
Gym 973 13 2 2

Table 2
Average F-measure values across the different datasets for each matcher and complexity level.

F-Measure

Complexity Level Level 1 Level 2 Level 3

Levenshtein Matcher 1.0000 0.5905 0.1383
Jaccard Matcher 0.9393 0.3338 0.2482
Distinct-Count Matcher 0.6942 0.2205 0.1545

5.1. Experimental Setup

For the evaluation, we choose four datasets with diverse properties to test SYDAG across different
requirements. Table 1 summarizes the characteristics of the four datasets. The dataset ‘Bridges’ [28] is
available in the UCI Machine Learning Repository; ‘Diabetes’ [29], ‘Mental’ [30], and ‘Gym’ [31] can all
be found on Kaggle. We apply SYDAG to generate integration scenarios of three complexity levels for
each test dataset, which creates 12 scenarios in total. To create the higher complexity levels, we increase
the percentages of structural changes, noise and shuffling, and decrease the overlap percentages of the
split; the different SYDAG configuration files and definitions can be found on GitHub [24].

To measure how different matchers perform on our created integration scenarios, we use a schema-
based Levenshtein Matcher, an instance-based Jaccard Matcher (with 2-gram tokenization), and a
Distinct-Count Matcher that calculates the similarity of two columns by counting their distinct entries
and dividing the smaller count by the larger count [32, 33, 34]. The schema matching tool Schematch [34]
provides their implementations. To evaluate the matching, we calculate the F-measure using the smallest
similarity value that describes an actual match as our threshold [34].

5.2. Analysis of Results

We compare the overall performance of the three matchers by calculating the average F-measure across
all integration scenarios for each complexity level (see Table 2). More detailed analyses of matcher’s
performances on the individual datasets are available on GitHub [24].

Figure 4 visualizes the results of the average performances of the three matchers. For all matchers,
we notice a significant drop in performance across the complexity levels. For both the Distinct-Count
Matcher and the Jaccard Matcher, we observe that the performance drops are higher from the first to
the second complexity level than from the second to the third. The performance of the Distinct-Count
Matcher decreases by 0.47 between Complexity Levels 1 and 2 and by 0.07 between Complexity Levels
2 and 3, which shows that even small percentages of inserted errors present a challenge, because they
distort the number of distinct elements in the columns. For the Jaccard Matcher, the performance drops
by 0.6 from Complexity Level 1 to 2 and by 0.09 from Complexity Level 2 to 3. This means that when
the goal is to identify all matches, the error insertion in the second complexity level already has a strong
impact on the performance. It also shows that error insertion presents a significant challenge, even
when only minor structural changes are made.

In contrast, the Levenshtein Matcher shows a different behavior. We observe a decrease of 0.41
between the first and second complexity levels and a further drop of 0.45 between the second and third,



Figure 4: Overview of the performance of three matchers, averaged across all four test datasets.

reflecting a consistent rise in difficulty across levels. This indicates that even the small percentages
of errors that we created in Complexity Level 2 make matching more difficult. However, since we
mostly use error methods that do not make attribute names unrecognizable, the matcher can still ensure
relatively high performance. The performance drop between Complexity Levels 2 and 3 is caused by
the high number of inserted errors, the use of complex error methods and structural changes, which
include in particular complex merged attribute names.

For all matchers, we observe a decline in performance across the complexity levels. We can identify
some common configurations that increase the overall complexity. These include the number of
splits. The more datasets SYDAG splits an integration scenario into, the greater the challenges for the
integration tool. Another aspect are the structural changes. As SYDAG applies more diverse structural
changes or shuffle options, the integration of the datasets becomes increasingly heterogeneous and
challenging. Furthermore, data and schema noise play an important role. The more noisy relations we
create and the higher the noise percentages are chosen, the more challenging it becomes for matchers to
identify overlapping attributes and recognize that they represent the same real-world entities. Overall,
we can state that the complexity of the integration scenarios clearly increases with increasing noise
percentages. With SYDAG, users can, hence, create individual challenges by fine-tuning the difficulty
of their scenarios to the weaknesses of the integration tools they are testing.

6. Conclusion

We introduced the synthetic dataset generator SYDAG, which developers can use to create customized
data integration scenarios. Our performance evaluation of three schema matchers showed that SYDAG
is able to generate complex integration scenarios. SYDAG offers the following advantages over existing
dataset generators: It combines error insertion and structural changes, enabling it to generate integration
scenarios with high heterogeneity. Additionally, SYDAG allows the user to customize the generation
by specifying percentages of modifications and selecting combinations of error methods. SYDAG is
applicable to datasets with and without headers and contains a built-in key identification tool, meaning
the user does not have to specify the keys.

Despite its advantages, SYDAG requires seed input data, because it does not generate data itself and
only restructures and perturbs the input. Additionally, SYDAG is currently limited to CSV input files,
but extensions to relational databases and semi-structured formats are planned.
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