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Part II: Semantic Data 
Enrichment, Applications and 
Requirements
1) Semantics and KGs for data enrichment

“What is data enrichment and what is the impact of Knowledge Graphs 
and other semantic technologies?”
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Data for AI Applications
• Tabular data

• Proprietary data (business / science)
• Spreadsheets: ~ 400 million worldwide 

users (50 to 80% of companies use 
spreadsheets)

• RDBS and other NoSQL databases (incl. 
JSON)

• Web data (encyclopaedic knowledge)
• Common Crawl*: ~230 million tables in 

2016 [Lehmberg et al. 2016]
• Wikipedia: ~ 3.23 million tables in 2019 

[Fetahu et al. 2019]

• Textual data
• Mails
• Social media 
• News
• Laws
• Science 
• Web content
• User manuals
• …

• Images
• …

• Audio
• …

• Video
• …
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Data Enrichment vs Semantics 

• Part of data preparation
• Goal: add context to an input data set
• Related to data cleaning (blurred boundaries)

• Structure and terminology
• Input: a data set D
• Output: a data set D’ with additional data

• fetched from external data sources
• inferred / computed

• ... also “data augmentation” (tables) and “data annotation” 
(tables and documents)

• The role of semantics
• Integration-related tasks and annotations
• Knowledge graphs as enrichment sources
• Inference based on semantics, e.g., classification

Table 2: Data preparation tool feature matrix

Categories Available features Data preparation tools
Altair Paxata SAP SAS Tableau Talend Trifacta

Data discovery Locate missing values (nulls) X X X X X X X
Locate outliers X X X
Search by pattern X X X X X X X
Sort data X X X X X X X

Data validation Compare values (selection and join) X X X X X X
Check data range X X X X X X
Check permitted characters X
Check column uniqueness X X X X X X
Find type-mismatched data X X X X X
Find data-mismatched datatypes X X X

Data structuring Change column data type X X X X X X X
Delete column X X X X X X X
Detect & change encoding X X
Pivot / unpivot X X X X X
Rename column X X X X X X X
Split column X X X X X X X
Transform by example [13] X X

Data enrichment Assign semantic data type X X X
Calculate column using expressions X X X X X X X
Discover & merge external data X X X X X
Duplicate column X X X X X X
Generate primary key column X X
Join & union X X X X X X X
Merge columns X X X X X
Normalize numeric values X X X X X X X

Data filtering Delete/keep filtered rows X X X X X X X
Delete empty and invalid rows X X X X X X X
Extract value parts X X X X
Filter with regular expressions X

Data cleaning Change date & time format X X X X X X X
Change letter case X X X X X X X
Change number format X X X X X X X
Deduplicate data X X X X X X
Delete by pattern X X X X X X
Edit & replace cell data X X X X X X X
Fill empty cells X X X X
Remove extra whitespace X X X X X X X
Remove diacritics X
Standardize strings by pattern X X X X X X
Standardize values in clusters X X X X X X

• Relational data (no nested or graph-structured
data, such as XML, JSON or RDF)

Some of the aforementioned assumptions pose in-
teresting research problems in themselves, which
have been addressed in isolation by other researchers,
such as detecting tables in complex spreadsheets [6]
or converting HTML tables to relations [19].

User expertise needed: Another challenge we
experienced was the need of the combination of do-
main knowledge and IT-knowledge for tool usabil-
ity. Most tools require the user to be an expert in
the dataset domain and have prior knowledge and
understanding of the datasets and of the data pre-
paration goal.
Moreover, beyond simple predicates, most tools

allow the use of regular expressions to match, split,

or delete data. A typical domain-expert cannot be
expected to formulate often intricate regular expres-
sions.

Lack of intelligent solutions: All surveyed tools
o↵er useful data preparation functions. However,
most tools and most preparators lack intelligent so-
lutions for more automated data preparation tasks.
For example Deduplicate data removes duplicate rec-
ords from a source. The surveyed tools deduplicate
data only on exact match conditions, a more sophis-
ticated version would involve deduplication based
on similarity measures. Another problem for many
tools is column heterogeneity, i.e., if columns con-
tain data in multiple formats. Currently, users need
to manually filter those di↵erent groups and pre-
pare them separately. An automatic homogeniza-
tion would be helpful but also poses a challenging

24 SIGMOD Record, September 2020 (Vol. 49, No. 3)
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Impact of Enriched 
Features on ML 

Similar more complex approach 
with features from Wikipedia 
[Harari & Katz 2022b]

Impact of wrong links (!)

3. Problem definition

This study addresses the challenge of automating the extraction and selection of features from external data sources for
tabular datasets. This goal is to be accomplished even in cases where the entity names in the external data source only par-
tially overlap with those in tabular dataset (e.g., spelling errors). The only prerequisite to the application of our approach
should be that the analyzed tabular datasets have at least one column containing entities.

Formally, we assume a dataset of input–output pairs where each instance comes with a set of original features. Some of
these features may represent entities. Additionally, we assume an external data source which consists of entities and their
features. Our goal is twofold: first, we seek to link entities in the external data source to those of specific instances in the
dataset. Secondly, we seek to generate new features from the entities found in the external data source and add them to
the dataset. These added features will enable the learning algorithm to better approximate the true underlying input–output
function of the dataset.

More formally, we have:

! Dataset D :¼ Iall # Finit .
! The dataset features Fd ¼ ff 1; . . . ; f ng.
! The dataset entities Ed ¼ fe1; . . . ; emg.
! External data source EXj.
! Entities of the External data source Eex ¼ feex1 ; . . . ; eexk g.
! Potential new features Fcand ¼ ff

cand
1 ; . . . ; f candz g.

! A learning procedure C which takes Fd; Fcand and produces a score to each candidate feature Scand ¼ fscand1 ; . . . ; scandz g.
! An evaluation procedure XðD [ f candi Þ, which computes the error of a dataset D after adding candidate feature f candi .

Then we want to obtain

argminFselect&Fcand
XðCðItrain # Fd [ FselectÞ; Itest # Fd [ FselectÞ

Where Fselect is the set of features selected from all potential features extracted from the external data sources.

4. The proposed method

Overview. In this section we provide a detailed description of our proposed approach for generating features for tabular
datasets from external data sources. Our feature generation process is presented in Fig. 1 and Algorithm 1. The process com-

Fig. 1. Diagram of the proposed method.

A. Harari and G. Katz Information Sciences 582 (2022) 398–414

401

6.2. Results

Comprehensive evaluation results. The results of our experiments are presented in Table 3. FGSES performs better than
both baselines (original set of features and the IG-based candidate features selection method) in 11 out of 18 evaluated data-
sets, and it outperforms the IG baseline in 12. Moreover, our approach achieved an average error reduction of 16.5% across all
datasets, compared to IG’s 4.3%. The differences in median improvements are even starker, with FGSES achieving 6.4% and IG
achieving 0%.

The average error-reduction per-iteration of the algorithms is presented in Fig. 4. During each iteration, a single candidate
feature is evaluated and added to the dataset if it reduced the error. It is clear that while both methods improve over the
original datasets, FGSES achieves significantly higher improvement in early iterations, and then maintains a significant lead
over IG. For example, our approach is able to achieve a 14% error reduction after only three iterations, compared to IG’s 1.5%.

Reported performance. In [20], the authors evaluate their framework, called lodsyndesisML, on two datasets: Books and
Movies [32]. KAFE [11] was only evaluated on the Zoo dataset. Additionally, each study uses different evaluation metrics. We
therefore compute all evaluation measures, and present the results in Table 4. We now discuss FGSES’s results compared to
each of the baselines:

! lodsyndesisML – the results show that FGSES underperforms this baseline on the Books dataset (39.6% to 46% on the
accuracy metric), but outperforms on Movies (69.6% to 67%). Overall, both approaches show overall comparable perfor-
mance. Nonetheless, it is important to stress again that unlike lodsyndesisML, FGSES was neither optimized for these two
dataset, nor for the accuracy metric.

! KAFE – the results on the Zoo dataset (the only one evaluated by these baselines), show that KAFE outperforms FGSES
(56.67% to 20%). Two points regarding should be raised regarding these results: a) unlike lodsyndesisML, KAFE does
not specify the learning algorithm used to produce its classification. This is significant, since different algorithms may
vary significantly on individual datasets; b) KAFE’s evaluation metric is the F1 score, which is very sensitive to the clas-
sification algorithm’s threshold (i.e., the confidence score above which a sample is classified as belonging to one class or
another). In this experiment we used FGSES’s default classification threshold without any optimization, and this is likely
to have reduced our performance relative to KAFE.

6.3. Discussion

In this section we explore multiple aspects of our proposed approach, and present our conclusions. Our analysis focuses
on the strengths and weaknesses of FGSES, as well as a comparison to the IG baseline.

The Effect of Entity Linking Quality on Performance. The entity linking phase is a fundamental part of FGSES. Incorrect
matches to entities in external data sources will lead to the extraction of irrelevant information, thus hurting our model’s
performance. In this section we analyze the relationship between the quality of the linking process and the improvement
in performance (i.e., error reduction) obtained by FGSES. To this end, we define two measures that function as potent indi-
cators of the quality of the linking process:

Table 3
The percentage of error reduction (relative to the original set of features) obtained by Information Gain and the Meta Model, after 20 iterations.

Name Initial AUC IG ML

189 Baseball 0.70 "0.1% 74.8%
9 Autos 0.86 0.6% 0.4%
Aaup 0.77 "0.4% 9.2%
Adult 0.75 "0.1% 0.1%
Anime 0.57 0.0% "0.1%
Autos 0.50 0.0% 0.0%
Books 0.50 9.4% 39.4%

Conference Attendance 0.50 0.0% 0.0%
WDI 0.69 3.2% 26.3%

Country Codes 0.84 0.5% 12.8%
Movies 0.50 34.9% 69.9%

Netflix Titles 0.50 0.0% 3.0%
Reviewer 0.66 "0.6% "0.5%

Rmftsa Ctoarrivals 0.89 10.5% 26.1%
S&P 500 Companies 0.66 18.1% 15.9%

Shanghai 0.92 2.6% 4.2%
Waterbody 0.62 0.0% 0.0%

Zoo 0.94 "1.6% 16.7%

Average (Median) 4.3% (0.0%) 16.5% (6.4%)

A. Harari and G. Katz Information Sciences 582 (2022) 398–414

409

Harari, A., & Katz, G. (2022). Automatic features generation and selection from external sources: 
a DBpedia use case. Information Sciences, 582, 398-414.

[Harari & Katz 2022a]
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The Python kgextension Package
10 T.-C. Bucher et al.

Fig. 1. Data analysis pipeline using background knowledge from knowledge graphs

those graphs. It comes with preconfigured connections to DBpedia andWikidata,
but can also be used with custom SPARQL endpoints and local RDF dumps.

2 Package Functionalities

A data analytics pipeline using background knowledge from knowledge graphs
typically comprises different steps, as shown in Fig. 1. The final step is perform-
ing the actual data analysis, for which built-in methods of scikit-learn or
other data mining packages are used. The remaining steps are supported by
kgextension.

2.1 Linking and Link Exploration

The first step is to identify entities from the dataset to analyze in a knowledge
graph. For example, on a dataset of cities, this step would be in identifying the
corresponding cities in a knowledge graph. To that end, different entity linkers
are available, which implement techniques such as user-defined URI patterns5,
lookup via SPARQL queries, or wrappers for specific services such as DBpedia
Lookup6. Once links to one knowledge graph are established, links to other
datasets (e.g., owl:sameAs) may be explored for generating additional links.

2.2 Feature Generation

In the next step, features are extracted from the linked entities in the knowledge
graph. The package implements a number of techniques, ranging from the cre-
ation of individual features for datatype properties (e.g., the city population),
5 Such as http://dbpedia.org/resource/*ENTITY*.
6 https://lookup.dbpedia.org/.

Bucher, T. C., Jiang, X., Meyer, O., Waitz, S., Hertling, S., & Paulheim, H. (2021). scikit-learn Pipelines Meet Knowledge Graphs: 
The Python kgextension Package. ESWC Satellite Events: Revised Selected Papers 18

Data extraction from the KG

Direct semantic data enrichment
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Examples from the Industry
Domain Value Enrichment 

Data Sources
Data

eCommerce Predict impact of events on customer searches Events, weather Tabular

Retail Workforce/budget optimization Events, weather Tabular

CRM Workforce optimization Events, weather Tabular

IOT Customer flow analysis Events, weather Tabular

Digital Marketing Ad impression prediction for campaign optimization Weather Tabular

Digital Marketing Ad impression prediction for campaign optimization Events Tabular

Manufacturing AI-based analytics on welding robot data (tables and user manuals) Prorpetary ~KG Tabular, Texts

Manufacturing Troubleshooting and repair based on service manuals, records, log data Prorpetary ~KG Tabular, Texts

Open data Construction and maintenance of a European dataset of organizations in 
procurement from tenders

Prorpetary ~KG, 
Wikidata, Crunch Base

Tabular, Texts

Observatory on AI Construction and maintenance of a KG to track AI-related innovations from 
different data sources

Crunch Base, WikiData Tabular, Texts

Business analysis Cost-effective enrichment of client datasets’ with proprietary company KG Proprietary KG Tabular
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A Semantic Data 
Enrichment Example 

“Traditional” ML 
&

Data Analytics

• Weather-based 
optimization in 
digital 
marketing 
[ISWC19,Tech. 
and Appl. for 
BDV22]

Tabular data
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Digital Marketing at JOT

Performance Data

clicks
impressions

Conversion 
rate

Date

Location

Keyword
Category Ad Text
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Weather-based Campaign Scheduler

New services for campaign optimization 

● Main service: weather-based campaign 
scheduler
○ Predict the best dates to launch the campaign 

with weather-sensitive keywords
○ in the upcoming week
○ for each region

● + additional services 

● Why do we focus on data enrichment?
○ 80% time in data analysis project is spent for 

cleaning and enriching the data*

Input data Additional data 

Target data 

ML model
Business 
service 

*Worldwide Semiannual Big Data and Analytics Spending 
Guide from International Data Corporation (IDC)

Cutrona, V., De Paoli, F., Košmerlj, A., Nikolov, N., Palmonari, 
M., Perales, F., & Roman, D. (2019). Semantically-enabled 
optimization of digital marketing campaigns. ISWC

KEYWORD #im REGION Date

194906 64 Thuringia 11/03/2017

517827 50 Bavaria 12/03/2017

459143 42 Berlin 12/03/2017

Input data Additional data 

?

?

?

C°/+0 C°/+1

18 20

17 19

17 20

11

http://www.idc.com/getdoc.jsp?containerId=IDC_P33195
http://www.idc.com/getdoc.jsp?containerId=IDC_P33195
http://www.idc.com/


Weather-based Campaign Scheduler

New services for campaign optimization 

● Main service: weather-based campaign 
scheduler
○ Predict the best dates to launch the campaign 

with weather-sensitive keywords
○ in the upcoming week
○ for each region

● + additional services 

● Why do we focus on data enrichment?
○ 80% time in data analysis project is spent for 

cleaning and enriching the data*

Input data Additional data 

Target data 

ML model
Business 
service 

*Worldwide Semiannual Big Data and Analytics Spending 
Guide from International Data Corporation (IDC)

Cutrona, V., De Paoli, F., Košmerlj, A., Nikolov, N., Palmonari, 
M., Perales, F., & Roman, D. (2019). Semantically-enabled 
optimization of digital marketing campaigns. ISWC

KEYWORD #im REGION Date

194906 64 Thuringia 11/03/2017

517827 50 Bavaria 12/03/2017

459143 42 Berlin 12/03/2017

Input data Additional data 

Region ID

gn:2822542

gn:2951839

gn:2950157

C°/+0 C°/+1

18 20

17 19

17 20

12

http://www.idc.com/getdoc.jsp?containerId=IDC_P33195
http://www.idc.com/getdoc.jsp?containerId=IDC_P33195
http://www.idc.com/


Weather Data Source
city: 2950157

- date: 2017-03- 12
2t: 17

- date: 2017-03-13
2t: 20

regionID (GeoNames) date (ISO 8601)

Digital Marketing Data Enrichment

mismatches

KEYWORD #im REGION Date

194906 64 Thuringia 11/03/2017

517827 50 Bavaria 12/03/2017

459143 42 Berlin 12/03/2017
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Weather Data Source
city: 2950157

- date: 2017-03- 12
2t: 17

- date: 2017-03-13
2t: 20

regionID (GeoNames) date (ISO 8601)

Digital Marketing Data Enrichment

KEYWORD #im REGION Date

194906 64 Thuringia 11/03/2017

517827 50 Bavaria 12/03/2017

459143 42 Berlin 12/03/2017

Date ISO

2017-03-11

2017-03-12

2017-03-12

Ok

Value 
manipulation
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Weather Data Source
city: 2950157

- date: 2017-03- 12
2t: 17

- date: 2017-03-13
2t: 20

regionID (GeoNames) date (ISO 8601)

Digital Marketing Data Enrichment

KEYWORD #im REGION Date

194906 64 Thuringia 11/03/2017

517827 50 Bavaria 12/03/2017

459143 42 Berlin 12/03/2017

Region ID

gn:2822542

gn:2951839

gn:2950157

gn:2822542

gn:2951839

gn:2950157

Date ISO

2017-03-11

2017-03-12

2017-03-12

Linking

Value 
manipulation

The region, not the city26/05/24 Tutorial @ ESWC 2024 15



Weather Data Source
city: 2950157

- date: 2017-03- 12
2t: 17

- date: 2017-03-13
2t: 20

regionID (GeoNames) date (ISO 8601)

Digital Marketing Data Enrichment

KEYWORD #im REGION Date

194906 64 Thuringia 11/03/2017

517827 50 Bavaria 12/03/2017

459143 42 Berlin 12/03/2017

Region ID

gn:2822542

gn:2951839

gn:2950157

Date ISO

2017-03-11

2017-03-12

2017-03-12

C°/+0 C°/+1

18 20

17 19

17 20

gn:2822542

gn:2951839

gn:2950157

Linking

Extension

Value 
manipulation
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Semantic Data Enrichment: 
in a Bigger Picture

“Traditional” ML 
&

Data Analytics

• Weather-based 
optimization in 
digital 
marketing 
[ISWC19,Tech. 
and Appl. for 
BDV22]

Tabular data
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Semantic Data Integration and 
KG Construction

Company data from 
.data.gouv.fr
https://annuaire-
entreprises.data.gouv.fr/entrepri
se/sienna-real-estate-holding-
france-492220553 

Person

Country

Org.

Foundations firms 'offshore' customers through banks in Wikipedia

Annotations
Named Entity Recognition

Named Entity Linking

Entities in OffshoreLeaks linked to France 
https://offshoreleaks.icij.org/search?c=FRA&cat=0 

… Sienna …

NIL Prediction

=

=

Background KG

Tutorial @ ESWC 2024 18
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Semantic Enrichment vs Data Integration 
and KG Construction

• Users are interested in their content
• Background KGs useful to 

• support integraton
• extend their content with additional data

• The construction of a KG can be a byproduct 26/05/24 19



EventRegistry: Event Tracking at Scale with KGs

Events
clusters of news about a same topic, based on semantic 

annotations with entities, concepts, time, place

Link to web app (restricted access): https://eventregistry.org/ 

Graph

Sentiment

26/05/24 20
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Textual Data Enrichment for Twitter Analysis
in TWINE

[Nozza et al. 2017] D Nozza, F Ristagno, M Palmonari, E Fersini, P Manchanda, E Messina: TWINE: A real-
time system for TWeet analysis via INformation Extraction. EACL (DEMO) 2017, 2526/05/24 21



Data Enrichment Operations

• Linking & Integration
• Annotations: assign semantic data type 
• Discover & merge external data: matching)
• Join & union

• Extension
• Calculate column using expressions 
• Calculate column using inference / 

classification
• Discover & merge external data: fetching 

and merging
• Fill empty cells

• Manipulations: data structuring
• Change column data type
• Delete or duplicate column
• Detect & change encoding
• Change format 

• Manipulations: values
• Structure-based values

• Merge or split columns
• Normalize numeric values
• Generate primary key column 

• Filtering 
• Delete/keep filtered rows
• Delete empty and invalid rows 
• Extract value parts
• Filter with regular expressions

• Cleaning
• Change date & time format
• Change letter case / number format
• Delete by pattern
• Edit & replace cell data
• Remove extra whitespace
• Standardize strings by pattern 
• Standardize values in clusters 
• Deduplicate data

26/05/24 Tutorial @ ESWC 2024 22



Tabular Data Enrichment with Text 
Classification: the SN Example

• SpendNetwork: 
• built and maintains the largest database of open public tenders in the world: over 180 

million lines of tabular data
• needs better contextualization of the data: disambiguation of organizations and 

classification of the tenders/organizations 

• Enrichment task:
• Disambiguate key entities: buyers à Wikidata
• Classify the tenders and the corresponding organizations against canonical 

classification systems
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The SN Example: Input Data
Source data
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The SN Example: Target Output
Source data

Linked and extended data

Classified data
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The SN Example: Services/Steps
Source data

Linked and extended data

Classified data

#1
#2

#3 #4
#3 #4
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Part II: Semantic Data 
Enrichment, Applications and 
Requirements
2) The Link & Extend enrichment paradigm

“Extending the linked data idea for data enrichment”
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Semantic Data Enrichment:
a Sequential View 

• Inputs:
• a  source dataset D
• a pool of reference data sources

Data enrichment: a path on a data transformations graph GT 
Semantic data enrichment: at least one node is a linking operation or semantic data 
sources for extensionx

Output:
• a dataset D’

Linking Extension

Value 
manipulation

source output

External data sources 

reference
KGs

Algorithms26/05/24 28



Semantic Data Enrichment:
a Sequential View 

Linking Extension

Value 
manipulation

source output

External data sources 

reference
KGs

Algorithms

Linking vs extension: not a sharp distinction
• Extension:

• for each row, an array or a more complex 
object (e.g., a table)

• Linking: a function an identifier
• for each row, at most one identifier (e.g., IRI)

• Inputs:
• a  source dataset D
• a pool of reference data sources

Data enrichment: a path on a data transformations graph GT 
Semantic data enrichment: at least one node is a linking operation or semantic data 
sources for extensionx

Output:
• a dataset D’
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Semantic Data Enrichment:
Combining Steps

Keyword #im City Region ID 
(Geonames)

Latitude 
(Geonames)

Longitude 
(Geonames)

ID 
(Wikidata)

Population 
(Wikidata)

Temp
(ECMWF)

Date

194906 64 Altenburg Thuringia 2822542 50.98763 12.43684 Q1205 18° 2017-03-11

517827 50 Inglostadt Bavaria 2951839 48.76508 11.42372 Q980 17° 2017-03-12

459143 42 Berlin Berlin 2950157 52.52437 13.41053 Q648102 17° 2017-03-12

891139 36 Munich Bavaria 2951839 48.13743 11.57549 Q980 19° 2017-03-11

459143 30 Nuremberg Bavaria 2951839 49.45421 11.07752 Q980 186.45 km2 12° 2017-03-12

Reconciliation by owl:sameAs links

Example of data enrichment by composing different individual linking and extension steps

Identifiers support extension
Reconciliation by matching

Reconciliation against KGs on the web

Additional data from KGs available/made 
available on the web 

(large data sources for data enrichment)
Bridging across different KGs by exploiting

links among them
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Link & Extend

• Link
• Reconciliation against IDs that can be 

used for subsequent queries
• E.g., Wikidata, spatial queries, etc.

• Critical step in the enrichment process
• Uncertainty and error propagation
• Requires control

• Parameter space
• Configuration

• Which input?
• Which output?
• Which algorithm?
• Which threshold?
• …

• Extend
• Different families of operations

• Query-based
• Get info from the target source

• Inference-based
• Classification (also associated with uncertainty)
• Embedding 

• Parameter space
• Configuration (deterministic)

• Which input?
• Which output?

• Which properties to use in the target KG
• Which query  

• Configuration (uncertain extension)
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Link & Extend vs. Services

• Link by linking services
• Reconciliation against IDs that can be 

used for subsequent queries
• E.g., Wikidata, spatial queries, etc.

• Critical step in the enrichment process
• Uncertainty and error propagation
• Requires control

• Parameter space
• Configuration

• Which input?
• Which output?
• Which algorithm?
• Which threshold?
• …

• Extend by extension services
• Different families of operations

• Query-based
• Get info from the target source

• Inference-based
• Classification (also associated with uncertainty)
• Embedding 

• Parameter space
• Configuration (deterministic)

• Which input?
• Which output?

• Which properties to use in the target KG
• Which query  

• Configuration (uncertain extension)

API access
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Requirements for Link & Extend

• Setting up reconciliation services
• Interoperability

• W3C Reconciliation Service API v0.2
• A protocol for data matching on the Web
• Not a recommendation yet but good step towards

interoperability
• Supported by OpenRefine

• Data providers
• To increase data access, support also

linking to your data with by exposing
• A reconciliation service
• A lookup service

• Developers
• Can wrap existing reconciliation services  

for usage
• E.g., data matching by Atoka (SpazioDati)

• Setting up extension services
• Full-fledged query language, e.g., 

SPARQL
• What data? 

• Ontologies
• Data profiles, e.g., ABSTAT [Alva Principe & al. 

2022, Spahiu & al 2024]

• APIs
• Documentation

• Which parameters?
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Link & Extend: Interactive Exploration

• Web-scale search
• Which data?

• Dataset search [Chapman & al. 2019]
• Which services?

• API recommendation [Nawaz et al. 2022]

• Catalogue-based discovery 

Target data 

KEYWORD #im REGION Date

194906 64 Thuringia 11/03/2017

517827 50 Bavaria 12/03/2017

459143 42 Berlin 12/03/2017

?

?

?

C°/+0 C°/+1

18 20

17 19

17 20

Which source?
How are they accessible?
• Latitude, longitude coordinates
• Strings, e.g., string combination (disambiguation), IDs
• IRI, e.g., Geonames
How to get to have the input they require to be invoked?

…

Explorative analysis first
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Link & Extend: Interactive Exploration

• Web-scale search
• Which data?

• Dataset search [Chapman & al. 2019]
• Which services?

• API recommendation [Nawaz et al. 2022]

• Catalog-based discovery 

Target data 

KEYWORD #im REGION Date

194906 64 Thuringia 2017-03-11

517827 50 Bavaria 2017-03-12

459143 42 Berlin 2017-03-12

?

?

?

C°/+0 C°/+1

18 20

17 19

17 20

Which source?
How are they accessible?
• Latitude, longitude coordinates
• Strings, e.g., string combination (disambiguation), IDs
• IRI, e.g., Geonames
How to get to have the input they require to be invoked?
• String(s) > Geonames > Coordinates IRI via reconciliation
• String(s) > Coordinates IRI via geocoding
How accurate are the links?

Region ID

gn:2822542

gn:2951839

gn:2950157

C°/+0 C°/+1

18 20

17 19

17 20

KEYWORD #im REGION Date

194906 64 Thuringia 2017-03-11

517827 50 Bavaria 2017-03-12

459143 42 Berlin 2017-03-12Coordinates

50.86111,11.05194

48.7775 11.43111

52.52437,13.41053

C°/+0 C°/+1

18 20

17 19

17 20

KEYWORD #im REGION Date

194906 64 Thuringia 2017-03-11

517827 50 Bavaria 2017-03-12

459143 42 Berlin 2017-03-12

Explorative analysis first
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Link & Extend: Scalability

• Example from digital marketing
• Size of data to enrich

• 1,000 millions of active keywords
• 20 TB of historical performance data
• 1GB of new data every day

• Frequency
• Event collection: monthly 
• Weather enrichment: weekly
• Keyword categorization: daily
• Daily update of new keywords

• Execution models
• In browswer / notebook with PC

• Interactive enrichment
• Scripting 

• Batch processing
• Distributed Computation 

Infrastructures
• E.g., scheduling, speed-up 
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Applications of Data Enrichment
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Query 
Answering 

Semantic Search
& 

Data Exploration

“Traditional” ML 
&

Data Analytics

Analyses with 
Representation 

Learning

• Criminal investigations 
[SDSM20]

• Explorinig data-
contexts to 
contextualize news 
articles [ISWCdemo15, 
ESWC17]

• Enrichment and 
analysis of social 
media [EACLdemo17]

• Weather-based 
optimization in 
digital 
marketing 
[ISWC19,Tech. 
and Appl. for 
BDV22]

• Text-based entity 
embeddings and 
time-aware entity 
similarity 
[ISWC18]

• Entity evolution 
(+ with CADE 
alignment 
[AAAI19])

Documents Tabular data
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enRichMyData – Addressed Challenges

Related to data enrichment
• Lack of holistic end-to-end support for data enrichment 

lifecycle
• Steep learning curve for performing data enrichment tasks
• Lack of Humans-In-The-Loop approach 

Related to infrastructure for data enrichment
• Limited support for scalable execution of data enrichment 

pipelines
• Little repeatability and reusability of data enrichment 

pipelines
• Low sustainability due to inefficient use of resources
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enRichMyData – Contributions

Toolbox for building rich, high-quality, valuable, and FAIR-compliant 
datasets to feed downstream Big Data and AI applications in the 
context of Data-sharing Ecosystems

Applications in 
Digital Marketing 
Manufacturing
Predictive Maintenance
Public Procurement
Innovation Ecosystems
Mineral Processing
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Phases &
Architectures

• Exploration / Discovery
• Interactivity, HITL
• Data and tool exploration
• Out: enriched sample, task specification, 

configuration files

• Design
• Workflow definition and management
• Reusable components, versioning
• Out: data pipeline definition

• Runtime
• Workflow execution
• Horizontal scalability
• Execution monitoring
• Out: enriched data, data to be reviewed

• Continuous enhancement (e.g., linking)
• Revise uncertain results for some records
• Out: updated data, updated pipeline
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Digital Marketing Data Enrichment

enrichmydata component platform

Weather 
data

Calendar 
events

enriched 
marketing 

data

Campaign 
Adjustment

Optimization 
actions

Correlations and 
prediction services

JOT campaign optimization service

Marketing 
data

IT 
Manager

Data 
Scientist

Marketing 
Manager
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Digital Marketing enRichMyData
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