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The tutorial will run for 
90 minutes and cover a 
“full stack” discussion 
from raw data to 
insights

Q&A available at any 
time + 15 minutes 
reserved at the end

Outline Overview (15 min)

Data integration 

Hands-on session (60 min)

Putting a Knowledge Graph together

Using graph machine learning

Closing and Q&A (15 min)
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What this tutorial will and will not cover

The objective of the tutorial is to get an impression of the end-to-end pipeline for getting from raw 
data to predicting new links in the graph. No prior experience is needed.

What is covered
● General approach for predicting links in graph
● Using a no-code environment to design a graph easily

What is not covered
● In depth optimisation of the machine learning component
● Advanced features of Stardog

Dedicated tutorial material exists to explore things in depth: Ampligraph, Stardog
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https://docs.ampligraph.org/en/latest/tutorials.html
https://docs.stardog.com/tutorials/


Objective:

Get more familiar with 
the concepts behind the 
approach taken for the 
tutorial

Outline Overview (15 min)

Data integration 

Hands-on session (60 min)

Putting a Knowledge Graph together

Using graph machine learning

Closing and Q&A (15 min)
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Use-case

Could we use this dataset to predict 
which player could play for a particular 
team?

We will approach this using a 
knowledge graph and a machine 
learning technique based on graphs
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Approach

We will follow a common pattern that sees 
a team design a Knowledge Graph used 
by a machine learning team to derive 
insights.

Our tech stack will be:
● Stardog for the graph
● Ampligraph for the machine learning
● Jupyter for the user interface
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Connecting data

Knowledge Graphs are a flexible and scalable approach to 
integrate data from different silos around a defined target 
ontology
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https://www.stardog.com/blog/what-is-a-data-mesh-principles-and-architecture/ 

https://www.stardog.com/blog/what-is-a-data-mesh-principles-and-architecture/


Pragmatic and scalable approach

It is not necessary, nor useful, to aim for the ultimate KG from the 
start of an implementation

Instead, the creation is best approach as an iterative construction 
centered around solving a particular use-case

For the tutorial today we start from scratch and implement one 
use-case but we could have used an existing data fabric, or plan to 
use the one we will make as a base for more use-cases
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https://www.stardog.com/blog/5-steps-to-building-a-data-fabric 

https://www.stardog.com/blog/5-steps-to-building-a-data-fabric


Graph machine learning

This is a set of machine learning 
techniques that project a graph 
content into an embedding space (set 
of vectors of high dimensions)

This embedding space is then used 
to make predictions about potential 
new edges in the graph
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https://github.com/Accenture/AmpliGraph/ 

https://github.com/Accenture/AmpliGraph/


Mapping our use-case as link prediction

Our use-case objective of predicting 
who plays for which team can be cast 
as a link “plays for” between two 
types of nodes “Player” and “Team” 
(at any point in time)

What we will need to make it work is
● Instances of that edge as training 

data
● More contextual information 

about Players and Teams
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Target ontology

This is the target ontology. The design 
process (which we will cover) is to find a 
trade-off between what would be useful 
and what is available in the data

For example, the salary of the players 
and the budget of the teams likely play a 
big role in allocation. But this data was 
not available in the dataset considered
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Most likely associations

Skipping right to the end, here is an 
example of the results aimed at 

We will obtain proposal for new links 
between players and teams along with a 
likelihood score (uncalibrated so only 
meaningful as a rank)
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Objective:

Implement our 
use-case!

Outline Overview (15 min)

Data integration 

Hands-on session (60 min)

Putting a Knowledge Graph together

Using graph machine learning

Closing Q&A (15 min)
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Get a Stardog cloud account

We will use Stardog Cloud to create the 
Knowledge Graph

Head to https://cloud.stardog.com to 
create an account there
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https://cloud.stardog.com


Select a Stardog Cloud environment

Next, pick either a free instance to get 
started or register for the essentials 
pack for a more capable instance.

For this tutorial the free instance is 
sufficient to play around
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Connecting to Knowledge Graph endpoints 
later on

The environment you just created will 
be automatically selected for you as 
your Knowledge Graph Endpoint. Your 
eventual additional endpoints 
connected to through Stardog Cloud will 
also be available

This interface can connect to any 
machine your web browser can reach

(it is a web client connecting directly to 
the server, no data transits via 
Stardog’s infrastructure)
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Stardog tooling
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A no-code, visual environment to 
model, map, and publish data for 
your Knowledge Graph

An intuitive interface to visually 
browse and query your 
Knowledge Graph

A complete IDE to program your 
Knowledge Graph



Get started in Designer

The first thing to do is create a project
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Designer interface

This is the interface of designer. It is 
organized around two key parts:
● The model, or ontology, which 

expressed how the data is integrated
● The dataset mapping which map the 

raw data to triples according to the 
model

We’ll now do several things:
● Add concepts
● Add relations
● Add attributes
● Add rules
● Map the raw data
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Adding 
concepts
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Let’s return to the data

We can use Kaggle to conveniently 
explore the concepts in the data

The exercise here consists in going 
from columns to concepts and figure 
out what the data is about
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Figuring out the concepts in the data

Table Content Concepts

Country Name of the countries Country

League List of leagues a particular country can be in

Match Competition details with list of players involved and outcomes Match, Team, Player

Player Demographics data about the players Player

Player_Attributes Key statistics about the players Player

Team Name of the teams Team

Team_Attributes Key statistics about the teams Team
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Below is an example of a result. We assume that league information will not be relevant for the 
use-case and therefore skip mapping it into the fabric.



Adding classes

Classes can be added with the button 
“circle+”

There are options for a concept 
hierarchy which we will not use
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End result

According to the table defined earlier 
we need to create a total of 4 concepts

• Match
• Country
• Team
• Player
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Adding 
relationships
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Returning to the definition of the concepts

Relationships are defined in the 
interface used to create the concepts

The objective is to describe the relation 
between nodes in semantically 
meaningful way

Most often the domain (source node) 
and range (target node) are not 
specified as part of the edge label
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End result

We are now very close to our ontology!

The last thing missing is some 
attributes about the players 
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Adding concept 
attributes
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Attributes are configured next to relations

An attribute is something that applies to 
an instance of a node but does not 
reflect a relation to another node. It’s 
still a triple in the graph nonetheless!

Typically, those attributes (also called 
“properties” sometimes) are the likes of
● Date of birth, etc
● Age, duration, etc
● Rank, rating, score, etc

Attributes have a data type. They can 
be a string, an integer, a timestamp, etc

Copyright © 2023 Accenture. All rights reserved. 29



Is this a relation or an attribute?

It depends…
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Adding rules
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Reasoning rules

We add a reasoning rule to deduce the 
“plays for” instances from other edges 
based on a IF / THEN pattern.

This allows for focusing on expressing 
core factual data in the graph, and let 
Stardog figure out the rest.
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Definition of the rules

Each rules consists in a set of triples to 
match as a condition, and another set 
of triples to create as an outcome

The rules are not executed when they 
are created. As we will observe later, 
they are instead use to re-write 
incoming queries (and are then 
consumed backwards to their definition)
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Checking that everything is fine

The end result is two rules expressing 
“plays for” for both the away and home 
team context
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Publishing the 
ontology
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Export to Stardog

All the work done in Designer can now 
be exported to the server
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Looking at the work done in Studio

If we switch to Studio we can see how 
many triples were created so far and 
see them in the text editor of the 
ontology
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Adding some 
data
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Download data

Go to:

https://raw2links-kgc23.github.io/ 

And download:

dataset.zip

Copyright © 2023 Accenture. All rights reserved. 39
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Upload data

Upload 5 CSVs

• Country.csv
• Match.csv
• Player_Attributes.csv
• Player.csv
• Team.csv
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Map data

● Mapping data can be done in 
variety of ways through Designer
○ In the canvas

 

Copyright © 2023 Accenture. All rights reserved. 41



Map data

● Mapping data can be done in 
variety of ways through Designer
○ In the canvas
○ Through suggestions
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Map data

● Mapping data can be done in 
variety of ways through Designer
○ In the canvas
○ Through suggestions

Don’t forget to also map your 
relationships!
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End result
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Playing with the 
graph
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Explore the data in Explorer

We can visualize the ontology and 
explore from there
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Nodes properties

Clicking on a node gives access to a 
panel showing all the ingoing and 
outgoing edges for it

If the node is a concept we find a list of 
instances for it and the rest of the 
ontology predicates
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Example of instance of Match

A match connects to two sets of 11 
players as expected, as well as two 
teams (one home, one away)

This kind of manual validation could be 
automated using SHACL shapes but we 
will not get into that during this tutorial
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More advanced queries

Explorer allows for more advanced 
investigations via the visual query 
builder
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Switching to Studio

We can go to Studio to query the data
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Simple query

A simple SPARQL query is a good start 
to see the kind of triple we have in the 
database
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Reasoning as query rewrite

Showing the query plan provides a view 
into what is happening under the hood 
for the rules we created in Designer

Their content is not executed to create 
the triples of the “THEN” part. Instead, 
these and the “IF” part are used to 
rewrite the query into the combination 
of condition triples
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Extracting the 
graph
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Figure out a target ontology

Right now Ampligraph would not know 
how to use the rating as an attribute.

We define a re-write of the graph with 
the following changes:
● Turn the rating attributes into 

resources
● Bucket the rating into ranges

We also simply the relation “team”

We need to design a graph optimised from machine learning
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Extract triples as is

The easiest is the triples we extract as 
is. One way to do this is to construct a 
set of triples and filter them on the 
predicates we want to keep
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Simplify a relationship

We construct a set of triples based on 
the ones we target, the trick is to 
change the predicate before it is 
returned
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Turn a literal into a node

Simply using a cast to a URI we can 
turn a literal into a URI

It’s important here not to forget to prefix 
the value with a distinct string (the 
range of the predicate is generally a 
good option) in order to avoid collisions
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Adding buckets

Ampligraph has no notion of values for 
rating so the node rating_1 will be as 
similar as rating_2 as it is to rating_80

To help the machine learning machinery 
we create buckets to group values by 
some proximity criteria

In other contexts predicates like 
skos:broader can be used with the 
same aim
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Merge it all back together

The last step of the construction of the 
graph is to merge all those extractions 
together as one query. “UNION” is the 
perfect keyword to achieve that

In order to export the graph as a CSV 
file, which we will input into Ampligraph, 
we replace the “CONSTRUCT” by a 
“SELECT”
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Running 
predictions
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Getting started

Open a Jupyter notebook somewhere 
(Google Colab, local machine, …) and 
import pandas as well as Ampligraph
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Load the data

Load the data we just exported from 
Stardog

PS: we apply here a distinct split 
(export/save/load) but it could also be 
possible to instead use PyStardog to 
directly connect to Stardog from the 
notebook and run the SPARQL query 
from it
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Preparing a training dataset

In a common ML pattern, we first 
prepare a train and validation set to 
train the ML and validate if something 
has actually been learnt
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Compile and train the model

The KGE models available in 
Ampligraph are defined as a 
combination of three blocks:
● A regularizer
● A loss function
● An optimizer

For each of them there are several 
option available, the code proposed 
here proposes a set experimentally 
found to work well for this tutorial 
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Validate the model

Once the model is trained we can 
validate its learning using some 
common metrics

The learning goal is for the model to be 
able to make the difference between a 
fact in the graph and a fact that is not in 
the graph:
● MR(R) looks at the predictive 

performance between the two
● Hits@N is “if we generate N triples 

at random, what is the percentage 
of them which are in the graph?”
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Creating the triples to test

Using the set of players and the set of 
teams we can create all the triples to 
test

Every single of those triple is an 
hypothesis: an edge we think may 
make sense and of which the AI model 
will assess the likelihood
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Getting the result

Now that the set of hypothesis is ready 
we need to remove all the links that are 
already in the graph (unless we want to 
check that they indeed rank high) and 
ask for the prediction scores

The scores are not calibrated so they 
have to absolute meaning and can be 
only used to rank the list

Copyright © 2023 Accenture. All rights reserved. 67



Adding labels
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Adding some labels

URIs are not very intuitive nor 
convenient to ready and they are not 
expected to be so

To make the results more user friendly 
we first need to connect to Stardog
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Get the labels

Once connected it is possible to extract 
with a SPARQL query all the labels 
matching the URIs

Copyright © 2023 Accenture. All rights reserved. 70



Objective:

Answer questions you 
may still have and 
share your insights

Outline Overview (15 min)

Data integration 

Hands-on session (60 min)

Putting a Knowledge Graph together

Using graph machine learning

Closing and Q&A (15 min)
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Share your results! 

Use different random seeds and share 
them among yourselves and with us!

All the content of this tutorial is on github so 
you can fork the repository, propose PR, 
etc.  
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Why not test some Knowledge Kits?

To explore further the capabilities of 
Stardog and get inspiration for more 
use-cases, you can have a go at the 
many Knowledge Kits available via 
the menu in “Learn Stardog”
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To infinity and beyond!

As you may have noticed, 
recent developments in the field 
of Large Language Models 
(LLMs) is rocketing AI 
capabilities into new horizons

Stardog recently introduced 
Voicebox to make what we just 
did in Designer even easier to 
do. And that is only the 
beginning so stay tuned for 
more features to come ;-)
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