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Executive Summary
knowlEdge Decision Support Framework consists the main component that will interact with
project’s end-users. The component is responsible to provide suggestions,
recommendations and observation regarding the various use case of the project. This would
be enabled by advanced reasoning and inference on analytics outcomes of WP4 and pilot
data from WP3. DSF will deliver the reasoning outcomes in form of visualizations, KPIs and
notifications for enhancing the decision making. Furthermore, DSF will provide
corresponding information to end-users to make them aware of AI outcomes and decision
for boosting eXplainable AI (XAI) as this is a core functionality of the designed DSF.
It is worth mentioning that this report includes only the info related to core reasoning services
and overall back-end part of DSF. The front-end part including user interfaces and
visualizations is described on D7.4 Initial user-centric dashboards as enable explainable AI
that will be delivered in parallel with D7.2. Moreover, as we intend to deliver a complete
report for technical readers, researchers and developers regarding DSF design and
implementation we have added parts related to architecture and requirements considering
DSF, even though they are also available on WP2 documents.
Another important fact is that this report is delivered before WP4 reports including AI models
and algorithms that are a core input for decision making. Furthermore, the data collection
and pilot integration with WP3 components are still in progress, so the other core input
source for DSF is not available as well. Therefore, in this first stage the work so far has been
focused on a thorough review of current state of the art related to decision support,
implementation of initial inference techniques and evaluating available XAI frameworks for
DSF. Moreover, a questionnaire has been available to pilot partners for collection technical
KPIs for DSF. We have tested and implemented some first core inference services based
on fuzzy logic and graph/rule-based inference. The XAI approaches were tested against a
public available data set related to predictive maintenance. This decision was made for three
reasons: (a) partial un-availability of some inputs relevant to other WPs as described before
and it was expected based on project’s timeline and work structure, (b) to not include a lot
of details related to pilot data in a public deliverable and (c) to support predictive
maintenance as use case. Based on DoA it should be supported by the project artefacts in
order to deliver a generic platform covering various aspects of industry 4.0 and towards
Industry 5.0. However predictive maintenance is not one of the core problems that will be
solve in knowlEdge project’s pilot sites.
An updated version of this report, including final developments, improvements, updates and
outcomes will be released on M30 as D7.3 Final Decision Support Framework.
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0 Introduction
0.1

knowlEdge Project Overview

The knowlEdge project is funded by the H2020 Framework Programme of the European
Commission under Grant Agreement 957331 and conducted from January 2021 until
December 2023. The knowlEdge consortium consists of 12 partners from 7 EU countries,
and its solution will be tested and evaluated in 3 manufacturing sectors with a total budget
of circa 6M€. Further information can be found at www.knowlEdge-project.eu
AI is one of the biggest mega-trends towards the 4th industrial revolution. While these
technologies promise business sustainability and product/process quality, it seems that the
ever-changing market demands and the lack of skilled humans, in combination with the
complexity of technologies, raise an urgent need for new suggestions. Suggestions that will
be agile, reusable, distributed, scalable, accountable, secure, standardized and
collaborative.
To break the entry barriers for these technologies and unleash their potential, the knowlEdge
project will develop a new generation of AI methods, systems and data management
infrastructure. This framework will provide means for the secure management of distributed
data and the computational infrastructure to execute the needed analytic algorithms and
redistribute the knowledge towards a knowledge exchange society. To do so, knowlEdge
proposes 6 major innovations in the areas of data management, data analytics and
knowledge management: (i) A set of AI services that allow the usage of edge deployments
as computational and live data infrastructure, an edge continuous learning execution
pipeline; (ii) A digital twin of the shop-floor to test the AI models; (iii) A data management
framework deployed from the edge to the cloud ensuring data quality, privacy and
confidentiality, building a data safe fog continuum; (iv) Human-AI Collaboration and Domain
Knowledge Fusion tools for domain experts to inject their experience into the system to
trigger an automatic discovery of knowledge that allows the system to adapt automatically
to system changes; (v) A set of standardization mechanisms for the exchange of trained AImodels from one context to another; (vi) A knowledge marketplace platform to distribute and
interchange AI trained models.

0.2

Deliverable Purpose and Scope

The purpose of this knowlEdge deliverable, D7.2, is to documents the design and initial
implementation of the integrated 2-Axis DSF, that encapsulates decision strategies and
rules, recommendation and reasoning methods, processes for extracting KPIs, approaches
for XAI that were tested and first outcomes.

0.3

Target Audience

The D7.2 Initial Explainable Mechanisms DSF aims primarily at researchers and developers
active on Industry 4.0 related solutions. Furthermore, it will be in general an interesting report
for people working in recommendations, inference and decision support domains in various
fields beyond Industry 4.0. Of course, the report also aims to inform project’s technical and
pilot partners and reviewers as well for the WP7 outcomes so far.
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0.4

Deliverable Context

This report is based on the project procedures and delivery plan as defined within the
knowlEdge Description of Action and WP7 activities.
About the deliverable structure it is following the methodology we have applied so far for
first research and developments related to knowlEdge Decision Support Framework. In
particular:
•

First, we have conducted a state-of-the-art analysis related to Decision Support
Systems. A summary of this analysis is available on Chapter 1.

•

Following the state-of-the-art analysis, we have collected and analyzed the
requirements that have been documented so far. The requirements related to DSF
are documented on Chapter 2.

•

Following the study of the requirements, we define the role of the component in the
project, design the initial architecture, the expected interfaces and possible
deployment options alongside related core technologies to be used. All these
outcomes are available on Chapter 3.

•

After the aforementioned designs and decisions, the part of defining the core
reasoning engine that is considered as the ‘heart’ of a decision support system was
the next and most critical step. Therefore, Chapter 4 can be considered as the core
part of this deliverable. All the details related to both graph-based and fuzzy logic
based recommender modules are documented there.

•

Last but not least, is the addition of XAI services to knowlEdge DSF. This part was
studied and relevant XAI libraries were tested. The first outcomes are available on
Chapter 5.

0.5

Document Status

This document is listed in the Description of Action as “public”.

0.6

Document Dependencies

This document has one expected further formal iteration. D7.3 Final Decision Support
Framework will be delivered on M30 of the project.

0.7

Glossary and Abbreviations

A definition of common terms related to knowlEdge, as well as a list of abbreviations, is
available at www.knowlEdge-project.eu/glossary

0.8

External Annexes and Supporting Documents

External Documents:
● Annexes:
● Annex Β: OpenML Ontology Core Classes and Properties
● Annex C: Questionnaire for KPIs Extraction
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● Annex D: References
● Supporting Documents:
●

0.9

D7.4 Initial User-centric Dashboards as Enable Explainable AI. This document
is delivered in parallel with D7.2 and contains all the information related to DSF
user interfaces and visualization dashboards.

Reading Notes

● Please consider that we are using both DSF (Decision Support Framework) and DSS
(Decision Support System) as terminologies. DSF is the complete system that will be
delivered related to decision support including reasoning mechanisms, user interfaces,
KPIs, interfaces to other components etc. As DSS we are considering here mainly the
core reasoning engine.
● Please also consider that there is a chapter including a state-of-the-art- analysis for
decision support in general related to Industry 4.0. However, in chapters related to
Recommender and XAI we have added some more specific state-of-the-art parts
related to this specific components/concepts

0.10

Document Updates

D7.3 Final Decision Support Framework will be delivered on M30 of the project
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1 State-of-the-Art Analysis for Decision Support Systems
in Industry 4.0
It is indisputable that Industry 4.0 is revolutionizing how companies organize, manufacture
and distribute their products. New technologies are integrated into the production facilities
and throughout their operations, such as cloud computing and analytics and Internet of
Things (IoT). This way, products and means of production are connected and can
communicate, enabling new methods of production and real-time optimization. The biggest
changes that these adjustments ensue, reflect on the growth of data availability and data
processing. This is the reason why a Decision Support System (DSS) can assist in an
industry 4.0 environment. It can be utilized to manage big data through various techniques,
such as data analytics and machine learning (also see Section 2.3 methods) and generally
compile information to synthesize it into actionable intelligence [1]. Therefore, this increase
in data and communication between the components of a manufacturing process enhances
the capabilities of a DSS. The goal of a DSS is to support and improve the decisions of
experts and guide them to choose the best set of actions in order to achieve efficiency in
their business activities [2].
These activities stem from various fields (e.g., from health to energy) and according to [3]
there are many researches on DSS applications covering them (Figure 1).

Figure 1: Applications of DSS (2016-2020) [3]
Some examples include the use of DSS in agriculture [4], where computerized decisions
are provided to farmers and aim to assist in better resource management and planning. In
this way they can avoid risks and reduce their costs. Another example is the use of DSS in
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supply chain, where the most common practice is to utilize them when there are supply and
delivery conflicts or to solve distribution and transportation scheduling problems [5]. In
general, effective scheduling is a very common problem in a manufacturing environment,
that is why many companies invest on DSS research, to monitor and schedule their
production effectively and especially in cases where there are multiple production plants [7].
Lastly, as the Figure 2 depicts, one of the most popular fields in the DSS research is
healthcare. DSS systems which gather historical medical data from patients and propose
treatment plans, clinical DSS which combine knowledge from experts and clinical guidelines
to diagnose headache disorders, are among the numerous applications of DSS in the
medical field [6].
In the following sections we present a summary of current state-of-the-art related to generic
types of DSS, core reasoning/recommendation methods and XAI related to DSS. All these
aspects are strongly correlated with the needs of knowlEdge DSF. Of course the state-ofthe-art analysis related to decision support systems could include further aspect related to
real-world applications etc. however we consider that it is beyond the purposes of this report
so we documented here some key concepts and works that are connected to knowlEdge
DSF requirements and activities.

1.1 Categories of Decision Support Systems
According to bibliography DSS there is no standard DSS classification, but the most prime
distinction considers the following types regardless of the scientific background: Modeldriven, Data-driven and Knowledge-driven [6, 8, 9].
Model-driven DSS:
Model-driven DSS, as the name states, utilize different kinds of models to assist the
decision-making process. These models include, decision tree and multi-criteria analysis or
use statistical tools. Together with the intervention of the user, who can manipulate the
model parameters, these models can provide a simulation of the real-life process and deal
with prediction problems. The key element in building such systems is the appropriate choice
of models and the definition of data format.
Data-driven DSS:
A data-driven DSS facilitates access to internal and external data sources, which may
include company data and real-time data and is capable of manipulating them. According to
bibliography, the requirements for an efficient data-driven DSS is to provide connection to
large data amounts with high quality, meaning that they are valid and organized and thus
can be exploited in the most effective way possible.
Knowledge-driven DSS:
Knowledge-driven DSS are systems that utilize the power of AI technologies, data mining
technologies and communication mechanisms and aim to identify specific knowledge. In this
category there is use of rule-based systems that use heuristic methods, which find the
appropriate problem solution, using also human expert knowledge. Moreover, neural
networks, fuzzy logic and genetic algorithms are utilized in parameter optimization problems.
D7.2 Initial Explainable Mechanisms DSF- Vs:1.0 - Public
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With all these technologies Knowledge-driven DSS have the objective to identify specific
knowledge and select the appropriate tools and technologies which will support the decisionmaking process.

Figure 2: Decision Support System categories [6]
The above figure sums up the definition of the DSS categories and shows how these
elements can be combined to produce an even more sophisticated DSS.

1.2 Decision Support Systems methods
In the previous subsection we saw that there are various DSS categories and the
construction of such a system can vary depending the nature of the problem it tries to solve.
In addition, there is also a variety of approaches and methods that one can choose from.
The most common problems in recent bibliography are the scheduling problems, whether
they are referring to optimizing production in manufacturing or managing demand in supply
chain. The main tools that assist in such decision-making problems are fuzzy-logic systems,
rule-based systems, genetic algorithms and combinations of them.
Fuzzy-logic is a form of a many-valued logic trying to imitate human reasoning. Systems
that use fuzzy reasoning have more intermediate truth values instead of 0 or 1 and this type
of logic can be exploited on decision problems where there is no clear bound between
certainties and uncertainties. For example, in [10], they use a fuzzy logic inference system,
which uses fuzzy rules in conjunction to medical experts’ knowledge and therefore can
render decisions regarding which cases of Covid-19 are needed to be treated first.
As far as rules is concerned, another helpful approach are the rule-based systems. They
exploit specific-knowledge and use methods to learn which rules are more useful than the
D7.2 Initial Explainable Mechanisms DSF- Vs:1.0 - Public
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others. This can be helpful in choosing the best possible job-schedule in a production line
[11] with the help of real-time data and a set of rules concerning the shop floor. When critical
situations emerge the DSS is responsible change the production plan based on the
aforementioned rules in order to optimize the procedure.
Lastly, genetic algorithms are also used to deal scheduling problems. A genetic is a
metaheuristic method, which generates solutions mainly for optimization and search
problems. In [12], the deployment of a genetic algorithm along with key process indicators
solves the optimization problem of the production processing time.

1.3 Explainability of Decision Support Systems
Another important aspect of a DSS is the level of confidence it inspires to the end user.
Experts consulting decisions from such systems should trust the output and this can only be
feasible if the process of extracting the decision is transparent. This is the domain of
explainable AI. The artificial intelligence models’ outputs should provide additional
information on how they concluded this particular result. There are many explainable AI
methods, which vary in terms of complexity. For example, in [13] the system can explain the
chain of events leading to a decision for a loan application by providing info about the rules
used to infer this particular decision. Moreover, in [14] the purpose of the research is to
create an explainable clinical decision support system. Their methods include graph creation
of the prediction results such as, ROC curves graphs and tables with validation results. More
complex methods also exist [15], which include the description of the procedure inside an
artificial model itself. Because of the complexity and technicality of those methods a simple
reference will be quoted. There are visual methods, such as Class Activation Mapping
(CAM), Layer-Wise Relevance Propagation (LRP), CLass-Enhanced Attentive Response
(CLEAR), textual methods like Cell Activation Value and Semantic information to interpret
Neural Networks and lastly numerical explanation methods indicatively, Concept Activation
Vectors (CAVs) and Local Interpretable Model-Agnostic Explanations (LIME).
To sum up, DSS are emerging in this era of industry 4.0 and can assist many industries and
companies, from different backgrounds, by optimizing their internal processes. Depending
on the use case, DSS can be structured according to various principles (data-driven, hybrid
etc.), and solve complex problems. The main problems in this field of research are the
scheduling and resource management problems, where a DSS is appointed to provide the
best sets of actions to increase production efficiency or cost savings depending on the use
case. Almost all recent researches, utilize a similar set of methods for the creation of a DSS.
Most common are the rule-based and fuzzy logic powered DSS, which due to their nature
can handle the uncertainties in a scheduling environment. Moreover, recent researches
have added the explainability parameter into their DSS to further enhance the transparency
of the decision-making procedures, rendering them more reliable from the user’s
perspective. This project’s DSS relies on graph-based and fuzzy-logic principles which will
be described thoroughly in Section 4 and will provide insightful explanations regarding the
decision process.
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7 / 68

Towards AI powered manufacturing services, processes, and products in an edge-to-cloudknowlEdge continuum for humans [in-the-loop]–www.knowlEdge-project.eu

2

System and User Requirements related to
knowlEdge Decision Support Framework

This section is devoted to analyse the requirements gathered in the scope of D2.2
and refer to the Decision Support Framework (DFS). Table 1 provides the requirements
regarding the KAUTEX use case and how they are addressed by the DFS. Respectively
Table 2 illustrates the requirements and their coverage regarding the Bonfiglioli use case
while Table 3 depicts the requirements and their coverage regarding Parmalat.
Table 1: Description of requirements for KAUTEX pilot
RID

Requirement Description

Coverage

RQ_8_KAUTEX_001

DSS should be able to provide
information about the machines that
are important for the set up processes

RQ_8_KAUTEX_007

DSS should be able to provide
information about previous failures
and their patterns

RQ_8_KAUTEX_015

DSS should provide access to any
stored files/documents

The DSS would display machines
status as part of the monitoring UI’s
will be developed in T7.3. Of course
corresponding live information/data
should be available by the pilot and
WP3 components.
The framework contains an
ElasticSearch instance where it stores
information regarding the production
process along with reports of the AI
analytics.
DSS provides authorized APIs for
querying the stored data from the
ElasticSearch instance.

RQ_8_KAUTEX_019

DSS should provide information,
visualizations and notifications related
to failures and deviations related to
both processes and machines'
operation

RQ_8_KAUTEX_022

DSS should be able to display data
comparisons and document results

RQ_8_KAUTEX_025

DSS interfaces should be adaptive to
smaller screens and devices such as
smartphones and tablets

This will be covered by interactive and
adaptive UI will be designed in T7.3

RQ_8_KAUTEX_029

DSS should provide various statistical
information and comparisons

RQ_8_KAUTEX_034

DSS should provide suggestions for
improvement of processes

The DSS deploys explainability
mechanisms for the AI models along
with the recommendation system
which is responsible
The recommender module of the DSS
system provides suggestions for the
improvements of the processes

D7.2 Initial Explainable Mechanisms DSF- Vs:1.0 - Public

DSS is equipped with a graph-rule
based recommendation engine and a
fuzzy logic based recommendation
engine, which provide notifications
and information regarding failures and
deviations.
DSS provides APIs for querying data
regarding comparisons and results.
The data are visualized by T7.3.
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RQ_8_KAUTEX_035

The knowlEdge DSS will provide
automated reports based on various
parameters, factors etc, in order to
properly assess the situation

RQ_8_KAUTEX_036

DSS should provide information,
visualizations, notifications and
recommendations for processes
optimization based on historical and
real data, and predictions from AI
models
The knowlEdge DSS will be able to
generate alerts in real time, in case a
problem arises and will provide
decision support and an error report if
needed
DSS will present various KPIs to the
user

RQ_8_KAUTEX_045

RQ_8_KAUTEX_054

RQ_8_KAUTEX_066

RQ_8_KAUTEX_068

RQ_8_KAUTEX_072

RQ_8_KAUTEX_073

RQ_8_KAUTEX_077

RQ_8_KAUTEX_079

RQ_8_KAUTEX_081

DSS Dashboard should provide
comparative analysis between
factories and parameter display (in
case this info can be available)
DSS should provide information,
visualizations, notifications and
recommendations for issues and
failures based on historical and real
data, and predictions from AI models
DSS should provide information,
visualizations, notifications and
recommendations for processes
optimization based on historical and
real data, and predictions from AI
models and information about
reasoning that have been applied for
the optimization
The knowlEdge DSS will be able to
generate alerts in real time(though
visualizations), in case a problem
arises and will provide decision
support and an error report(containing
root cause analysis results) if needed
DSS can examine and suggest after
reasoning possible actions to users
for a specific situation
DSS should provide planning and
suggestions for solving issues and
problems forseen by AI predictive
models
DSS should keep track of errors and
present their frequency of appearance
etc in a corresponding graph diagram

D7.2 Initial Explainable Mechanisms DSF- Vs:1.0 - Public

The fuzzy logic-based recommender
module provides action plans to
maximize the productivity along with
the availability of machines and
personnel.
The DSS is equipped with authorized
APIs which provide information about
process optimization based on
historical and real data. Those APIs
are triggered by Task 7.3
The recommender module of the DSS
triggers alerts if the values of the KPIs
are low.

The fuzzy logic recommender module
takes as input the values of the KPIs
and proposes action plans. These
KPIs are going to visualized by Task
7.3
The requirement is covered in Task
7.3

The recommender module is handling
this requirement.

The recommender module is handling
this requirement.

The recommender modules of the
DSS triggers alerts and provide root
cause analysis if needed, based on
the KPIs

This requirement is covered by the
graph & fuzzy logic recommender
modules since it generates action
plans for production optimization
Through the recommender module,
DSS provides planning and
suggestions for future issues.
Information regarding errors and their
frequency of appearance are stored in
the Elasticsearch instance
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Table 2: Description of requirements for BONFIGLIOLI pilot.
RID

Requirement Description

Coverage

RQ_8_BONFIGLIOLI_00
4

DSS should provide
recommendations based on
feasibility check regarding the
items to be made

RQ_8_BONFIGLIOLI_00
5

DSS should provide
recommendations whether new
technologies should be used

RQ_8_BONFIGLIOLI_00
7

The knowlEdge DSS will provide
the possibility of displaying
images/drawings.DSS should
provide recommendations based
on feasibility check regarding the
items to be made
DSS should provide information,
visualizations, notifications related
to quality and quantity check
based on analysis and
predictions from AI models
The knowlEdge DSS will be able
to generate alerts in real time, in
case a problem arises and will
provide decision support and an
error report if needed
DSS should provide information,
visualizations, notifications and
recommendations for processes
monitoring and optimization based
on historical and real data, and
predictions from AI models
The knowlEdge DSS will
provide/export automated reports
based on various parameters,
factors etc, in order to properly
assess the situation. On demand
exportation will be feasible by
clicking a corresponding button
that triggers file download

DSS is equipped with a graph-rule
based recommendation engine and a
fuzzy logic based recommendation
engine, which provide notifications
and information regarding the items to
be made
It is a bit unclear as a requirement and
it will be updated. It is out of DSS’
scope to provide this type of
recommendation. It could provide
recommendations about future
machine failures, or defects.
The DSS is equipped with authorized
APIs which deliver to the front end
which is described in T7.3 live and
historical data of every format.

RQ_8_BONFIGLIOLI_01
5

RQ_8_BONFIGLIOLI_01
7

RQ_8_BONFIGLIOLI_01
8

RQ_8_BONFIGLIOLI_04
0

The DSS is equipped with authorized
APIs which provide information about
process optimization based on
historical and real data. Those APIs
are triggered by Task 7.3
The recommender module of the DSS
triggers alerts and provide root cause
analysis if needed, based on the KPIs

The DSS is equipped with authorized
APIs which provide information about
process optimization based on
historical and real data coming from
WP4 and WP3 respectively. Those
APIs are triggered by Task 7.3
The DSS is equipped with an API
which is triggered by T7.3 and
performs exportation of the reports.

Table 3: Description of requirements for PARMALAT pilot.
RID

Requirement Description

Coverage

RQ_8_PARMALAT_046

DSS should provide a complete
dashboard enabling the
management of various
information and data sources

DSS provides APIs for querying data
regarding comparisons and results.
The data are visualized by T7.3.
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RQ_8_PARMALAT_05
6

DSS should provide a report with
results of root causes analysis

The recommender module of the DSS
triggers alerts and provide root cause
analysis if needed, based on the KPIs

RQ_8_PARMALAT_05
8

DSS should provide information,
visualizations and notifications
related to failures and deviations
related to both processes and
machines' operation

The DSS is equipped with authorized
APIs which provide information about
process optimization based on
historical and real data. Those APIs
are triggered by Task 7.3

RQ_8_PARMALAT_06
0

The knowlEdge DSS will provide
proper monitoring of processes and
the most critical activities, in order to
oversee and act if needed

RQ_8_PARMALAT_06
2

The knowlEdge DSS will provide
status overview, visual notifications
and alerts

The DSS is equipped with authorized
APIs which provide information about
the production monitoring based on
historical and real data. Those APIs
are triggered by Task 7.3
The fuzzy logic recommender module
of the DSS triggers notifications and
alerts

RQ_8_PARMALAT_06
3

The knowlEdge DSS will provide the
calculated KPIs based on the
delivery needs

RQ_8_PARMALAT_06
6

The knowlEdge DSS will be
providing the calculated KPIs
related to the production processes

RQ_8_PARMALAT_06
8

The knowlEdge DSS will provide
KPIs and automated reports based
on various parameters, factors etc,
in order to properly assess the
situation
The knowlEdge DSS will provide
recommendations based on
analysis of the entire process,
ensuring the optimal choices
The knowlEdge DSS will export and
display KPIs based on production,
cost and quality needs

RQ_8_PARMALAT_06
9

RQ_8_PARMALAT_07
5

RQ_8_PARMALAT_07
8

RQ_8_PARMALAT_08
0

RQ_8_PARMALAT_08
1

The knowlEdge DSS will be able to
generate alerts in real time, in case
a problem arises and will provide
decision support if needed
DSS could provide a visual
notification related to the 'weight' of
the problem
The knowlEdge DSS will monitor the
desired KPIs and generate alerts if
they go over or under a certain
threshold, in order for them to be
handled
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The fuzzy logic recommender module
takes as input the values of the KPIs
and proposes action plans. These
KPIs are going to visualized by Task
7.3
The recommender module takes as
input the values of the KPIs and
proposes action plans. These KPIs are
going to visualized by Task 7.3
The fuzzy logic recommender module
takes as input the values of the KPIs
and proposes action plans. These
KPIs are going to visualized by Task
7.3
The recommender module takes as
input the values of the KPIs and
proposes action plans. These KPIs are
going to visualized by Task 7.3
The recommender module takes as
input the values of the KPIs and
proposes action plans. These KPIs are
going to visualized by Task 7.3
The recommender module of the DSS
triggers notifications and alerts

The recommender module of the DSS
triggers notifications and alerts

The recommender module takes as
input the values of the KPIs and
proposes action plans. These KPIs are
going to visualized by Task 7.3
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RQ_8_PARMALAT_08
8

RQ_8_PARMALAT_08
9

The knowlEdge DSS will provide
decision support regarding
measures needed, based on
analysis of existing and live data
The knowlEdge DSS will keep track
of its relevant errors and create a
report of those, whenever needed

The analysis of existing and live data
will primarily be done on WP4.
DSS(T7.3) will display through its
interfaces
The framework contains an
ElasticSearch instance where it stores
information regarding the production
process along with reports of the AI
analytics.

As depicted from the above requirements, the knowlEdge DSF should be a component
strongly connected with the embedded pilots providing reasoning mechanisms, XAI
features, monitoring services for various KPIs and corresponding notifications and alerts to
the users.
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3

Decision Support Framework in knowlEdge
Architecture, Role and Connection with Other
Components

3.1 DSF in Overall Project Architecture
WP7 aims to provide an innovative decision support system for the improvement of the
quality of the involved processes and products. For the knowlEdge project the DSF will be
the main tool that will be available to the user. Based on the current state-of-the-art analysis
and the knowlEdge project requirements, the DSF should be able to generate
recommendations and suggestions, such as AI models' pipeline tailored to the user needs
and goals and be able to generate information for the proper computation of integrated KPIs,
etc. The support suggestions and actions will be based on inference mechanisms over AI
models’ outcomes and business targets/goals of the pilots. As it is depicted in the following
picture the DSF is part of the top layer in project’s architecture, the Smart Decision Making
Layer. The tools in these layer will be built over the tools coming from previous WPs and will
deliver integrated services to end-users through their UIs.

Figure 3: DSF in knowlEdge Overall Architecture
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3.2 DSF Architecture, Interfaces and Initial Data Streaming, and
Storage Services
3.2.1 DSF Architecture
For delivering the demanded functionalities and fulfilling both platform and user
requirements a series of sub-components for DSF has been defined alongside with various
interfaces/connections with other components as depicted in the following architecture
diagram:

Figure 4: knowlEdge Decision Support Framework Architecture
DSS Core Engine
This is the core layer of DSF and it is responsible to provide the main functionalities related
to reasoning. It consists of three sub-components:
● Reasoning / Recommender Module: this is the component that will provide the
inference/reasoning service of DSF based on various techniques such as
rule/graph- based reasoning and fuzzy logic. The reasoning will be enabled by
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using WP4 AI models outcomes and/or pilot data available through WP3
components.
● Data Management Module: it is responsible for collecting and managing data
from various data sources such as simulated data by Digital Twin or historical and
real data by WP3 components
● Model Management Module: it is responsible for the management of AI models
from WP5 knowlEdge Repository in order to provide them for execution in the
WP4 environment
HMI and SotA Visualization Interfaces
This layer will be responsible to deliver interactive UIs and visual analytics to end-users. It
is explained on detail on D7.4 that is delivered in parallel with this report
KPIs Generator Module
This component is responsible for extraction of Key Performance Indicators and it is strongly
connected with Reasoning module and HMI module
Alerts Generation Module
This module is monitoring the KPIs has been generated and notify users through UIs about
possible problems, recommend for possible actions etc.
Interfaces
● Model Executor Interface: it is the main interface with WP4 algorithms’ execution
outcomes, for example predictions etc.
● knowlEdge Marketplace Interface: connection with WP5 for enabling selection
of AI models in the marketplace and execution for DSF purposes. Data related to
users actions/selections will be communicated through this interface
● Data Streamer: the main interface for streaming data (simulated from Digital Twin
or historical and live data from pilots’ shopfloors)
● Model Streamer: this interface provides metadata about the AI model that should
be executed
● Domain knowlEdge: this interface connects DSF with the other WP7 core
component coming from T7.1 Human-AI Collaboration and Domain Knowledge
Fusion. This connections will enable human knowledge injection

3.2.2 DSF Streaming and Storage Services
An initial DSF API has been implemented for testing some initial interfaces available from
knowlEdge Repository/Marketplace for getting high level information regarding AI Models.
It is illustrated in the following figures:
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Figure 5: Initial DSF API

Figure 6: DSF API - Service Description
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7: DSF API – Service Responses
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For covering the storage needs for DSF we setup an Elastic Search Instance. Currently,
S
the instance is deployed locally as a Docker image. Elastic Search is selected since it is
E to store, search, and analyze big volumes of data quickly and in near real time. This
able
Q perfectly with DSF needs especially regarding Data and Model Management modules
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that
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Figure 8: DSF Elastic Search Instance
A
P DSF Deployment
3.3
I
DSF
– is planned to be deployed mainly as a cloud-based component. Fog-based deployment
will
S be also possible for the cases that pilot data would not be available outside of the pilot
premises. For both cloud and fog deployment the DSF will be able to use resources coming
e
from a server machine so there will not be any limitations and possible constraints for
r
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inference processes of DSF. The demanding AI models and algorithms will be executed
outside the DSF component, in WP4 ones.
In addition to the above mentioned two types of deployment, the edge deployment is also
possible if this will be defined for any of the pilot scenarios. However, in this case the
hardware limitations were taken into consideration. A lab testing has been done using a
widely-used Raspberry PI 3B+ 1(RAM: 1GB LPDDR2 SDRAM, CPU: Broadcom
BCM2837B0 quad-core A53 (ARMv8) 64-bit @ 1.4GHz, GPU: Broadcom Videocore IV,
Connectivity: Bluetooth 4.2). It was found that:
•

Lightweight Tensorflow models (Tensorflow Lite2) can be utilized to run deep learning
algorithms on the raspberry pi (inference).

•

Tensorflow Lite converters for both Tensorflow 1 & 2 versions are available.

•

Training is not feasible due to the limited resources of the device and the models’
complexity.

To sum up, an edge deployment will be possible but only for inference based on pre-trained
models. Of course, inference capabilities of DSF would be supported by newer Raspberry
versions3 or NVDIA Jetsons 4 as well.

1

https://www.raspberrypi.com/products/raspberry-pi-3-model-b-plus/
https://www.tensorflow.org/lite/guide
3
https://www.raspberrypi.com/products/raspberry-pi-4-model-b/
4
https://www.nvidia.com/en-us/autonomous-machines/embedded-systems/
2
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4 Core Reasoning and Inference Engine for Decision
Support
To cover the needs of knowlEdge pilot cases and to deliver a generic DSF that could be
support various Industry 4.0 use cases both graph-based and fuzzy-based type of inference
are used for the recommendation engine. Both of them are analysed in the following
sections.

4.1 Graph Based Inference Engine
4.1.1 Recommendation System
The Graph-Based Strategy Recommender component is dedicated to providing support to
the expert in selecting the appropriate strategy (machine learning method) for a specific
problem (task), considering its nature. The recommendation process for
unsupervised/supervised methods and later on for trained models incorporates both an
Ontological component and a Reasoning component. The Ontological component is where
the knowledge about AI methods and Manufacturing problems will be represented in a
Graph-based formalism. In addition, it has a reasoning component which will exploit the
knowledge from the Ontological component to make inferences to suggest the best AI
methods/strategies and concrete AI models tuned with optimal hyper parameters.
First, a Meta-Knowledge Space is established using characteristics of a collection of
representative datasets (data descriptors), problems to be solved (task descriptors) and
strategies, along with some performance metrics (e.g., predictive accuracy). Whenever a
new dataset is presented to the system, its characteristics are extracted and checked
against the set of rules to produce a recommendation of a ranking of the suitable
unsupervised registered strategies to extract further knowledge. This new information will
be used to enrich the data descriptor, for instance, by highlighting relevant variables or
features. The component using the task descriptor and the enriched data descriptor
recommends and ranks a series of methods from the repository that could fit the problem.
Afterwards, the reasoning component using knowledge from either user's preferences or
previous similar experiences, or experts’ guidance uses inference rules to complete the
strategy description and engage the training process of the model.
The ontology of machine learning methods, datasets, tasks and experiments, based on an
extension of OpenML ontology [16], is incorporated in the recommender module for the
common conceptualization of the domain knowledge that helps to improve the reliability and
explainability of the recommendations.

4.1.2 Use Scenario of the Recommender System
We can distinguish two main examples of the use of the system:
● Scenario 1: Training phase, depictured in Figure 9 In this case a user in a role of data
scientist through User Interface can train the models based on specification of a task,
provided data’s descriptors, technical KPIs and optionally a partially filled strategy (for
example specification of a preferable algorithm type).
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● Scenario 2: Deployment phase, depictured in Figure 10 In this scenario a user of a role
of a production process specialist can provide information about task at the shopfloor
and the best previously trained model will be selected and deployed.

Figure 9: Use Scenario 1 - Training Phase
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Figure 10: Use Case Scenario 2 - Deployment Phase

4.1.3 State of the art in AI and ML methods recommendation
In the literature, there are several works proposing different strategies, for the AI and
Machine Learning method selection.
In the field of machine learning, several approaches have addressed the problem of
algorithm selection, mainly regarding the discrimination/classification task. For example,
Schaffer proposes a brute force method for selecting the appropriate algorithm [17] all
available algorithms are executed for the problem at hand, and their accuracy is estimated
using cross validation. The one achieving the highest score is selected. Other example is
the Statlog project [18], aiming at comparing the performance of a fixed set of algorithms on
several data sets. In the Statlog project twenty-three algorithms were evaluated on twentyone data sets. A similar approach on model selection can be found in [19], where these
ideas are the background motivation for the MLC++ library. In accordance with the Statlog
approach, the MLC++ library also advises to apply all available algorithms in order to select
the best algorithm for the current application. Another approach, to support classifier
selection is presented in [20] called NOEMON. They define different data characteristics
and use a nearest neighbor algorithm. However, they get only an estimated accuracy of
58% for the proposed algorithms. A CBR approach to algorithm selection is presented in
[21]. METAL project members developed a web-based implementation of a meta-learning
approach over classification algorithms showing very good results. Other approaches have
addressed the problem of feature selection for meta-learning, such as the works by [22] and
[23].
In fact, choosing the best algorithm and hyper-parameters can be viewed as an optimization
problem. [24], Luo explains this approach and summarizes most of the work done in this
direction. Luo outlines four main functionalities that an automated machine learning system
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can have: efficiently handle big data, handle a wide range of algorithms, handle various
types of hyper-parameters, handle any number of hyper-parameter value combinations. Of
all the algorithms presented by [24], none of them was able to show all these functionalities.
While some of these systems can be used in some domains, there is still work to be done
before they can be used efficiently in practice, especially for big data.
There are tools that were created for enabling non-experts to use machine learning easily,
as outlined in [25]. Some tools were Weka, RapidMiner or Scikit-Learn. These kinds of tools
were designed to give easy access to machine learning methods, even for non-computer
scientists. However, only access to a lot of machine learning methods without the knowledge
how to use it, does not solve the whole problem. Aiming to that, some systems such as
Hyperopt-Sklearn [25] and Auto-WEKA [26] were researched into and developed.
Nevertheless, although there are reported results using such systems, they are still mostly
theoretical without the possibility to be actually used in practice yet [27, 25].
Another related research field is that of meta-learning. Meta-learning, in computer science,
is related to understanding how the learning process is working, and developing automation
of these processes [27]. In more practical terms, some system is called to have used metalearning when learning on the meta-data of base learning algorithms is employed. Metalearning is quite a wide field, with various type of applications. According to [28] the
applications of meta-learning include: selecting and recommending machine learning
algorithms, combine base-level machine learning Systems, control the learning process and
bias management, transfer meta-knowledge across domains. Meta-learning is a wide
domain, but it includes the issue of recommending machine learning algorithms. In [27] a
good synthesis of algorithms used to select or recommend Machine learning methods using
meta-learning has been done.
In [27] there is yet another meta-learning system mentioned that is a machine learning
algorithm recommender: Intelligent Discovery Assistant (IDA). Actually, the IDA is a type of
technology that uses meta-learning to aid the process of knowledge discovery, and many
different IDAs have been developed [27¸ 29].
In [29] there is quite a comprehensive comparison between many different IDAs. From these
IDAs many have different scopes and applications. Most recent IDAs are the so-called
Workflow Composition Environments. These systems help the user to more easily create a
workflow for the knowledge discovery or data mining task he/she needs, but, in general, do
not automatically propose algorithms to use or hyper-parameters to tune.
Case-Based Reasoning (CBR) can be viewed as a paradigm for Artificial Intelligence
research as well as a methodology for developing practical systems [30]. CBR is a method
or process of solving problems that involves retaining some experiences (or cases) in a case
base, retrieving the most appropriate cases when a new problem arises, reuse and revise
those cases to solve the new problem, and finally, retain the experience of problem and
solution as a new case.
CBR can be used for problem solving as well as interpreting the state of the world [30]. CBR
is a complex field that has roots in many different research fields such as mathematics,
cognitive sciences or machine learning [31] and unlike some other methods derived from
artificial intelligence research, there were CBR applications successfully used in a customer
used environment even at the first appearances of the method [32]. CBR is used
commercially as well as in research in fields such as engineering, help-desk and customer
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support, e-commerce and so on [32]. There are even medical applications that are
developed upon the
Case-Based Reasoning methodology such as diagnosis and decision support systems [33].
And there are c kind of CBR systems called CBR recommender systems. CBR is a key
component of the content-based recommender systems, which is one of the main types of
recommender systems [34]. There are numerous applications that successfully use the
recommender system based on CBR [35, 34].
Actually, creating a way to determine what machine learning algorithm is the best only using
metadata coming from a given dataset and its corresponding data descriptors and the
additional knowledge coming from some inferential process through rule-based reasoning,
independent of previous problems is hard [27, 24].
Following this idea, other works such as in [36], propose an Intelligent Decision Support
System for Machine Learning algorithm recommendation, which considers two knowledge
sources: expert knowledge and case-based reasoning.

4.1.4 knowlEdge Graph-based Reasoning Recommendation Component
Overview
The Reasoning component will make the necessary inferences from the knowledge coded
into the Extended AI Model Ontology and from other knowledge sources, such as a Dataset
characterization generated from the Data Descriptor information, and a Model repository of
good AI tuned Models, to recommend the best strategies/methods for a given dataset and
a given task.
In the following sections details about the detailed architecture and the Ontology that will be
used for modeling and inference are described.

4.1.5 Architecture of Graph-based Recommender System
The Decision Support System’s Recommender component consists of the following
modules:
● Data Descriptor Filler
● Strategy Generator
● Strategy Ranker
● Model Filler
The structure of the component is depicted in the following figure:
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Figure 11: Graph-based Recommender Architecture
Due to the complexity of the issue to be solved, the main idea is to use a twofold knowledge
sources and reasoning mechanisms: the Extended AI Model Ontology and a Case Base of
Models.
Let us analyze the work undertaken by each one of these components of the Recommender
System:
● Data Descriptor Filler: this component is in charge to fill the missing required information
regarding the data descriptors. Some descriptors can be already filled by the user, such
as the dataset identifier, and a basic characterization of the dataset, such as the number
of features, the number of instances, etc. However, other interesting characteristics from
the dataset, other descriptors could be needed to be computed, such as average
correlation coefficient among features, the ratio of numerical features regarding the total
number of features, percentage of missing values, etc., just to name a few ones. This
component will compute and fill the needed information about the dataset
characterization, which will be needed for the next component: the strategy generator.
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● Strategy Generator: this component is the core of the Recommender System. The
strategy generator has the role of generating a fully instantiated strategy list, with the
most suitable AI techniques/algorithms that can be applied to the concrete dataset, for
solving a given task. The suggestion or recommendation of the strategies is made
considering technical aspects. To generate the possible alternative strategies, two
knowledge sources and two reasoning mechanisms will be used: the Extended AI Model
Ontology which has been built up to support this reasoning process, and a Case Base
formed of previously “good-evaluated” AI models. To exploit the knowledge from the
ontology a graph-based inferential reasoning step must be done to traverse the ontology,
and get some possible strategies, considering the given task, the data descriptors, etc.
The Case Base will be retrieved, using a CBR mechanism, to obtain some previous
“good” AI models similar to the current problem to be solved, characterized by the data
descriptors, the given task, etc. Those similar problems, will provide some strategies to
be integrated with the previously obtained ones from the Ontology finally all the strategies
will be joined, and eventually could be filtered according some known fact about the
problem to be solved.
● Strategy Ranker: this component is in charge to generate the final list of available
strategies, having considered some aspects related to the performance of the AI models.
Firstly, this component receives the performance feedback of the all strategies generated
by the strategy generator, which have been sent to the AI Model Generation component
(task T4.2). The AI Model Generation component executes different strategies with
different hyper parameters to obtain some performance measures. This means that the
AI strategies are transformed to concrete AI trained models which are stored in an internal
Model repository from the AI Model Generation component. Secondly, once the
performance data of each possible strategy is analyzed, such as the execution cost or
other technical/business KPIs, this component ranks the different strategies according to
the performance measures obtained, which will be sent to the user for her/his validation
or approval.
● Model Filtering: the fourth component is the Model filtering component, which is the
responsible to decide when a new AI trained model, with its characteristics and
performance associated information is of interest to be learnt by the Case Base Model
Repository of the Recommender System. This means that this component is providing
an automatic learning mechanism to the Recommender System that will be more
competent, as much as new AI trained models are generated in the knowlEdge platform
system. This component will be able to make the decision whether a new AI Model trained
could be enough relevant to be learnt in the CB Model Repository or it must be discarded.

4.1.6 Integration with Other Components
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Table 4: Communication with other components
Needs/Gives

What

With

Needs

Information about task-setup, data descriptors, KPIs
and optionally a partially filled strategy.

T7.1 Human AI
collaboration & Domain
Knowledge fusion

Gives

Fully instantiated strategy list

T4.2 AI Model Generation

Needs

Performance analysis data

T4.2 AI Model Generation

Gives

List of available strategies with cost + recommended
strategy arrangement

T7.1 Human AI
collaboration & Domain
Knowledge fusion

4.1.7 Description of the Ontological Components
An ontology is considered as a formal specification of a shared conceptualization in a given
domain. In this sense, ontologies are constituted of concepts and can be understood as an
approach to represent knowledge [37]. In general, ontologies represent concepts in a logical
way, adopting the so-called classical theory of representation. Nowadays, they are widely
adopted for knowledge reusing and for promoting semantic interoperability among different
systems (and humans).
Therefore, the main role of ontology in recommender systems is to make it possible to
formally declare a certain amount of knowledge used to characterise the information
managed by the system and to be based on these characterisations and the formalization
of their meaning in order to increase interoperability of a system and interpretability of the
recommendations. For knowlEdge project we propose an extended version of the MLSchema which provides a taxonomic classification of AI methods and Manufacturing
problems which are represented as a hierarchical tree-like graph. The extended ontology
has the advantage of supporting similarity-based reasoning, besides the usual logical
reasoning.
This section provides the full description of the designed ontology. It starts with an overview
of the original ML-Schema in section 4.1.1 and its extended version specialized to fit to
knowlEdge project domain 4.1.2. Then section 4.2 analyses the candidate technologies that
were considered to build a graph. Different aspects of the candidates’ platforms were
analyzed, not only related to technical properties, but also to management and maintenance
properties that would become as important as technical ones in the future of the project.

D7.2 Initial Explainable Mechanisms DSF- Vs:1.0 - Public

26 / 68

Towards AI powered manufacturing services, processes, and products in an edge-to-cloudknowlEdge continuum for humans [in-the-loop]–www.knowlEdge-project.eu

4.1.8 OpenML AI Model Ontology

Figure 12: ML-Schema Core classes. Boxes represent classes. Arrows without filled heads
represent properties, arrows with empty heads represent subclass relations, and arrows with
diamonds represent part-of relations. Source: [38]
The schema, which is graphically depicted in Figure 12, contains classes for representing
different aspects of machine learning. This includes representations data, datasets and
data/dataset characteristics. Next, it includes representations of algorithms,
implementations, parameters of implementations and software. Furthermore, the schema
contains representations of models, model characteristics and model evaluations. Finally,
the schema has the ability to represent machine learning experiments with different
granularity. This includes representations of runs of implementations of algorithms on the
lowest level and representation of studies at the highest level. The normative technical
description of the ontology’s classes, object properties, an datatype properties is presented
in Annex B.

4.1.9 Extended AI Model Ontology with AI methods taxonomy, manufacturing
problems/tasks ontology (OpenManufacturing)
In this section the initial changes proposed to extend ontology are provided. The intention
was to develop an interconnected top ontology covering and connecting Machine Learning
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domain with manufacturing domain. It aims to support reasoning mechanism of
recommendation making process.

Figure 13: knowlEdge Additions to OpenML Core Ontology
The ML Schema was extended adding two main classes (depicted in Figure 13 as purple
boxes) and three taxonomies (depicted as red frames of the boxes). Class AlgorithmType
gives information about nature of the algorithm used to create a model (e.g., Decision
Trees); BusinessKPIsEvaluation serves for mode evaluation from the business KPIs point
of view (e.g., Tickets per User per Month).
Two main classes were added:
Name

AlgorithmType

Description

AlgorithmType provides information about the nature of the
used algorithm.

Subclass of

InformationEntity

Name

BusinessEvaluation
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Description

BusinessKPIsEvaluation is a setting of a value of the
business KPIs performance measure of the model
generated by the process that implements the task

Subclass of

InformationEntity

We decided to incorporate three additional functional taxonomies in order to derive an
operational definition of machine learning algorithms and supply chain to be adopted in the
context of reasoning mechanism. It helps to organize and classify the nomenclature and
also fosters shareability of the proposed solution.
• Taxonomy for Algorithm Type super class: for this project, we categorized AI
methodologies with respect to the objective sought: to explore and discover
information, to learn using information, or to optimize objectives. This taxonomy
proposes 5 different ML domains and 7 subdomains.
• Taxonomy for Evaluation Measure super class: it is an overview of the metrics
used to evaluate the quality of a model. It covers different types of evaluation metrics
available, which are used to monitor and measure the performance of a model (during
training and testing), but also technical KPIs like memory consumption.
• Taxonomy for Task super class called Supply Chain: it helps to organize the
types of supply chain-related tasks for which artificial application mechanisms can
be applied.

Figure 14: AlgorithmType Taxonomy
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Figure 15: EvaluationMeasure Taxonomy
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Figure 16: Supply Chain Tasks Taxonomy

4.1.10

Analysis of Candidate Graph Databases

This section reports the analysis made to the four candidate technologies that were
considered to build an Association Management System (AMS). We considered aspects of
the candidates’ platforms related not only to technical properties, but also management and
maintenance properties, that would become as important as technical ones in the future of
the project. The comparison was based on the following criterions:
•

Ontology support: it evaluates the capacity to handle RDF file, storing the
relationships exposed in the ontology, and the capacity to query in this generated
schema.

•

Query language: the language used by a platform to make queries to the previously
updated RDF schema.

•

Inference capacity: it considers the capacity of deducing further knowledge based on
existing RDF data and a formal set of inference rules.

•

Operational semantics: the capacity to apply semantic knowledge and operations into
the results obtained from a query and inside the query (semantic distance).

•

Python support: the availability of API written in Python to handle the queries and
collect the results.

•

Extra libraries: this criterion evaluates the proposed platforms against the additional
libraries that this platform provides in order to accelerate the development of the
knowledge graph and possible semantic queries and inference that can be applied.

•

Community support: the community behind a platform and the documentation
availability.
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•

Company origin: this criterion describes the origin of the company and the location of
its servers in order to promote a European initiative and to avoid a possible server
location conflict (in the context of the fact that we are a European project).

•

Licenses: it describes the licenses that platform offers.

•

Pricing: it aims to evaluate each platform usage possibilities.

Table 5: Comparative analysis of the proposed platforms to develop the knowledge graph
Criterion/
Database

Arango DB

Neo4j

Graph DB

MarkLogic

No, does not
support RDF
directly

Yes, RDF
supported using
neosemantics

Yes, RDF stores

Yes, RDF stores

Ontology support

Query language

AQL

Cypher

SPARQL

SPARQL

Inference
capacity

None

Yes, using
methods

Yes, using rule
sets

Yes, using rule
sets

Operational
semantics

No

Yes

Yes

Yes, but only for
documents

Python support

Yes

Yes

Yes

Yes

Extra libraries

Yes

Yes

Yes

Yes

Community
support

High

High

Medium

Medium

Company origin

US

Europe

Europe

US

Neo4j Community
Edition uses the
GPL v3 license
and is fully open
source

IRDBMS-like
commercial license
on a per-serverCPU basis

Developer License

GraphDB (free)

Cloud server (pay
to use)

Apache License
2.0

Neo4j Enterprise
Edition (Neo4j
Commercial
License, Neo4j
Developer License
and Neo4j
Evaluation
License)

Licenses

Price

Enterprise License

Free community
edition

Neo4j Community
Edition (free)

Enterprise edition
(on a paid basis)

Neo4j Enterprise
Edition (on a paid
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Oasis (cloud)
edition (pay to use)

basis, but also
available for free
for a number of
uses e.g., Startups
with <=50
employees)

GraphDB
Enterprise (on a
paid basis)

Neo4j Aura (cloud;
pay to use)

MarkLogic Server
under Developer
License (free)

MarkLogic Server
under Enterprise
License (on a paid
basis)

Based on the performed analysis of the previously listed criterions for each of the proposed
platforms, we conclude that Neo4j excels the other options (taking into account
requirements of the project). Neo4j offers interesting extra functionalities like inference
functions which enables reasoning. This platform is distinguished by good documentation
available as well as a high community support. In the term of pricing, it provides interesting
free options that can be used for prototyping purposes. It is based on a native graph
database, in which we can install a library (provided by the company) that give us the
opportunity to import and manage ontologies. Moreover, Neo4j Cypher query language
commands are in humane readable format and very easy to learn

4.2 Fuzzy logic-based Inference Engine
4.2.1 Fuzzy logic systems overview and architecture
The term fuzzy refers to things that are not clear or are vague. In the real world many times
we encounter a situation when we can’t determine whether the state is true or false, their
fuzzy logic provides very valuable flexibility for reasoning. In this way, we can consider the
inaccuracies and uncertainties of any situation.
In fuzzy systems there is no logic for the absolute truth and absolute false values like
Boolean systems, thus there is always an intermediate value to present which is partially
true and partially false. Figure 17 below, presents this intermediate reality of fuzzy systems
results.

Figure 17: Intermediate values of fuzzy logic system for a simple example.
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The architecture of a fuzzy logic system contains four parts: rule-based, fuzzification,
inference engine and defuzzification. Rule-based contains the set of rules and the IF-THEN
conditions provided by the experts to govern the decision-making system, on the basis of
linguistic information. Recent developments in fuzzy theory offer several effective methods
for the design and tuning of fuzzy controllers. Most of these developments reduce the
number of fuzzy rules. Fuzzification is used to convert inputs i.e. crisp numbers into fuzzy
sets. Crisp inputs are basically the exact inputs measured by sensors and passed into the
control system for processing, such as temperature, pressure, rpm’s, etc. Inference engine
determines the matching degree of the current fuzzy input with respect to each rule and
decides which rules are to be fired according to the input field. Next, the fired rules are
combined to form the control actions. Defuzzification is used to convert the fuzzy sets
obtained by the inference engine into a crisp value. There are several defuzzification
methods available and the best-suited one is used with a specific expert system to reduce
the error. Figure 18 below, presents an overview of the fuzzy logic architecture with its four
parts.

Figure 18: Fuzzy logic system architecture.

4.2.2 Pros and Cons of fuzzy logic systems
In this section the advantages and disadvantages of fuzzy logic systems are provided
based on the scientific literature.
The advantages are listed below:
●
●
●
●
●

This system can work with any type of inputs whether it is imprecise, distorted or
noisy input information.
The construction of Fuzzy Logic Systems is easy and understandable.
Fuzzy logic comes with mathematical concepts of set theory and the reasoning of
that is quite simple.
It provides a very efficient solution to complex problems in all fields of life as it
resembles human reasoning and decision-making.
The algorithms can be described with little data, so little memory is required.
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The disadvantages are listed below:
●

Many researchers proposed different ways to solve a given problem through fuzzy
logic which leads to ambiguity. There is no systematic approach to solve a given
problem through fuzzy logic.
● Proof of its characteristics is difficult or impossible in most cases because every time
we do not get a mathematical description of our approach.
● As fuzzy logic works on precise as well as imprecise data so most of the time
accuracy is compromised.
Moreover, since the fuzzy system output is a consensus of all of the inputs and all of the
rules, fuzzy logic systems can be well behaved when input values are not available or are
not trustworthy. Weightings can be optionally added to each rule in the rulebase and
weightings can be used to regulate the degree to which a rule affects the output values.
These rule weightings can be based upon the priority, reliability or consistency of each rule.
These rule weightings may be static or can be changed dynamically, even based upon the
output from other rules.

4.2.3 Fuzzy logic system for knowlEdge Decision Support System
4.2.3.1 knowlEdge involved pilots
In knowledge project, three pilots are involved. Parmalat, one of the leading European dairy
and food corporations, specialized in UHT milk and milk derivatives, aims to increase the
number of information collected, about production and quality controls during and after the
production, in order to increase the overall product quality. Furthermore, it aims to
standardize more precisely the final parameters of the products, increase the efficiency and
optimize the production patches, to predict when a shipment of pure fat can be put on
market. Bonfiglioli, manufacture and distribute effective, tailored solutions for all types of
applications in industrial automation, mobile machinery and wind energy. The company
designs, produces and distributes a full range of gearmotors, drive systems, planetary
gearboxes and inverters for the industrial automation, mobile machinery and renewable
energy sectors. The objective of the pilot is to ensure that all the steps (picking of
components, mounting, screwing, etc.) described in the assembly work instructions will be
executed carefully and sequentially by the shop floor workers and if not that an immediate
alert is raised in order to prevent that an improperly assembled piece either goes to a next
stage of assembly or (worse) to final customer destination. Kautex main products are fuel
system, clear vision system and Industrial Packaging. The objective of this pilot is to
increase efficiency (lower scrap and unplanned downtime, increase OEE) and to improve
product quality and competitiveness especially in the European market.
4.2.3.2 Fuzzy logic systems methodologies
Some of the most frequent methodologies used to address fuzzy logic problems, based in
scientific literature are Fuzzy Neural Networks, Bayesian Inference, Genetic Fuzzy Systems
and If-Then Rule Statements. Because of the fact that fuzzy logic problems deals with vague
and imprecise input information and an over simplification of the problems is needed in order
the solution to be found, our plan is to use fuzzy logic methodologies mentioned above
based on what best fits the raw data provided by the pilots, evaluate their results and use
D7.2 Initial Explainable Mechanisms DSF- Vs:1.0 - Public

35 / 68

Towards AI powered manufacturing services, processes, and products in an edge-to-cloudknowlEdge continuum for humans [in-the-loop]–www.knowlEdge-project.eu

the more efficient ones to the final version of the DSS. Below, a brief presentation of the
fuzzy logic systems methodologies mentioned above is provided.
4.2.3.2.1 Fuzzy Neural Networks

Fuzzy Neural Networks are an example of a hybrid approach, which combines the learning
ability of a neural network with the noise-handling capability of fuzzy logic [39,40]. In their
simplest form, a fuzzy neural network can be viewed as a three-layer feedforward network,
with a fuzzy input layer (fuzzification), a hidden layer containing the fuzzy rules, and a final
fuzzy output layer (defuzzification). Fuzzy sets are contained within the (fuzzy) connections
between layers, though sometimes a five-layer network with sets contained in the second
and fourth layers can be found.
The input layer represents the input membership functions for the fuzzy rules, with sufficient
input causing a rule in the hidden layer to fire. The weights between the layers represent the
fuzzy sets, with membership in each set determined by the relative weights – these can be
altered using particular training algorithms as per a normal neural system. Transfer functions
are usually continuous and pass real values through the network to the output layer to be
interpreted as degrees of membership in fuzzy sets based on the firing of fuzzy rules in the
hidden layer.
Fuzzy neural networks combine the strengths of both neural networks and fuzzy logic,
making them a very powerful hybrid tool. They allow the integration of expert knowledge into
the system, and are considered inherently more understandable because of their use of
human-like fuzzy inference.
4.2.3.2.2 Bayesian Inference

Bayesian Inference is a method of statistical inference in which Bayes' theorem is used to
update the probability for a hypothesis as more evidence or information becomes available.
Bayesian inference is an important technique in statistics, and especially in mathematical
statistics and has the important ability to update in the dynamic analysis of a sequence of
data. Bayesian inference has found application in a wide range of activities,
including science and engineering.
4.2.3.2.3 Genetic Fuzzy Systems

Genetic Fuzzy Systems are fuzzy systems constructed by using genetic algorithms or
genetic programming, which mimic the process of natural evolution, to identify its structure
and parameter. When it comes to automatically identifying and building a fuzzy system,
given the high degree of nonlinearity of the output, traditional linear optimization tools have
several limitations. Therefore, in the framework of soft computing, genetic algorithms (GAs)
and genetic programming (GP) methods have been used successfully to identify structure
and parameters of fuzzy systems.
4.2.3.2.4 If-Then Rule Statement

If-Then rule statements are used to formulate the conditional statements that
comprise fuzzy logic. Fuzzy If-Then rules are frequently used to describe the conditional
statements that consist of fuzzy logic. It is closely connected with fuzzy inference process
which is formulated from fuzzy logic operators and fuzzy If-Then rules. To define consistency
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of given rules enables decision makers to select more important criteria. However,
researches on consistency for fuzzy control systems are still on going.
4.2.3.3 knowlEdge fuzzy logic system architecture

Figure 19: KnowlEdge fuzzy logic system architecture.
The KnowlEdge fuzzy logic system obtains as an input the pilot KPIs and propose action
plans based on the quality of the measured KPIs. Analaytically, the fuzzy logic recommender
takes as input the value of the KPIs and provide action plans based on the verdict of the
fuzzy logic system. Characteristically, assuming two KPIs that exist for this pilot, rejection
rate and product quality respectively, then the fuzzy logic rules would produce:
If rejection_rate[high] & quality_kpi[high] = action_plan[low] “no action plans are necessary”.
If rejection_rate[low] & quality_kpi[low] = action_plan[high] “continue to action plan defined
by the end user for high conditions”. Figure 20 depicts an example of the fuzzy universes.

Figure 20: Indicative example of fuzzy universes for the fuzzy recommender
To gather the KPIs that better fit to the pilot needs regarding the action plans, a
questionnaire is created and shared to the Pilot leaders in order to provide feedback. This
questionnaire regarding the available KPIs and the needs in action plans is available on
Annex B. After the collection of the questionnaires’ collections and the evaluation of their
results some dedicated calls per pilot are in progress in order to proceed further with KPIs
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definitions. The outcomes of these processes will be documented on M30 and the second
iteration of this document.
4.2.3.4 Fuzzy logic system - Python library
For the development of a dedicated fuzzy logic system for each pilot of knowlEdge project,
our intentions are to use the SciKit – Fuzzy, a Python computing language library, that is a
collection of fuzzy logic algorithms intended for use in the SciPy Stack. SciPy is a Pythonbased ecosystem of open-source software for mathematics, science, and engineering. This
stack can be used to extend the capabilities of ArcGIS and let anyone interested do scientific
computing in Python. The SciKit is developed by the Scipy community. The homepage and
package
documentation
can
be
found
at:
https://pythonhosted.org/scikitfuzzy/overview.html
At5 there is available an example of an application of fuzzy logic principles on an everyday
problem. The ‘tipping problem’ is commonly used to illustrate the power of fuzzy logic
principles to generate complex behavior from a compact, intuitive set of expert rules. This
example contains and explains the input variables and output variable, fuzzy rules, rule
application and aggregation, defuzzication and the final result concerning the amount of the
tip.

5

https://pythonhosted.org/scikit-fuzzy/auto_examples/plot_tipping_problem.html
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5 Initial Explainability of AI Mechanisms
Explainable AI has made substantial development over the last few years. In both academia
and business, the goal of transforming these black box models into transparent and
interpretable algorithms has gained support. Understanding the causes behind forecasts is
critical for determining trust, which is critical if one intends to act on a prediction or decide
whether to deploy a new model. Such knowledge also provides insights into the model,
which can be used to turn a shaky model or prediction into a reliable one [41].
Predictions cannot be taken on faith when applying machine learning for medical diagnosis
[42] or terrorist detection, for example, because the implications could be disastrous. Apart
from trusting individual forecasts, the model must be evaluated before being deployed "in
the wild." Users must be confident that the model will perform effectively on real-world data,
according to the metrics of interest, before making this selection. Models are now assessed
using accuracy measures on a validation dataset that is provided.
Real-world data, on the other hand, is frequently drastically different, and the evaluation
statistic may not be representative of the product's purpose. In addition to such
measurements, evaluating individual predictions and their justifications is a viable solution.
In this circumstance, it's critical to assist users by recommending specific examples to
examine, particularly for huge datasets [41]. In a nutshell, Section 5 illustrates the initial
utilization of explainable AI libraries on the well know CMAPS dataset for predictive
maintenance [43].

5.1 Necessity of Explainable AI
Human intelligence includes the ability to communicate the reasoning behind person's
decisions to others. Despite the fact that social factors may be less important for technical
AI systems, there are numerous reasons in support of explainability in AI. First of all,
explainability is a necessity in healthcare AI applications to verify the stability of the system.
In [42] an AI model was trained to estimate a person's pneumonia risk and it came to
completely incorrect conclusions.
Understanding an AI system's flaws is the first step in improving it. Obviously, performing
such a weakness analysis on black box models is more challenging than on interpretable
models. In addition, when comparing alternative models or architectures, model
interpretability might be useful [44, 45].
The application of explainability is an opportunity to learn from the model. Because today's
AI systems are taught with millions of examples, they can spot patterns in data that humans
can't detect since they can only learn with a certain amount of examples. When working with
explainable AI systems, we can attempt to extract this distilled information in order to get
fresh insights [46].
Last but not least, explainability leads to compliance to legislation. Artificial intelligence (AI)
is infiltrating more and more aspects of our daily lives. Legal considerations, such as the
assignment of culpability when a system makes a mistake, have recently gained more
attention as well. Based on that, with the ability to recognize the motive behind the AI
model’s verdict, it will be easier to resolve an legislation issues [47].
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5.2 Mechanisms for explainable AI
Several explainable AI libraries were identified during the research state for explainability
mechanisms. The testing of the identified frameworks occurred by building two different AI
models. In one hand we used the Tensorflow framework to create a Multi Layer Perceptron
Neural Network and in the other we used the scikit learn library to create a Random forest
ML algorithm. In this way, we have tested the functionality of the most widely used libraries
for building AI models. For the evaluation of the libraries two different sub datasets were
used from the aforementioned CMAPS dataset. Table 6 depicts the identified explainable
AI libraries along with identified issues based on our tests conducted with neural networks
and machine learning algorithms. Based on the results, the Dalex framework is the most
valuable solution since it works well with neural networks and machine learning algorithms,
also it encapsulates both Lime and Shap packages. The next paragraphs will provide more
details regarding the application of XAI with the Dalex library above the Random Forest
algorithm.
Concretely, the Random Forest algorithm is applied to estimate the Remaining Usage Life
on the sub dataset called FD003 which is characterized by the engines having two possible
fault modes (HPC degradation and Fan degradation).
Table 6: Insights regarding the identified explainable AI libraries
Name

Identified Insights

Available at

AIX 360

The library is not
compatible with
Tensorflow 2. It only
supports Tensorflow
1.14.

https://github.com/Trusted-AI/AIX360/issues/139

explainX:
Explainable AI
Framework for Data
Scientists

The library currently
does not support
Tensorflow or Pytorch
Neural Networks

https://github.com/explainX/explainx

Lime

Works well with
Tensorflow 2 and scikit
learn

https://github.com/marcotcr/lime

SHAP

Does not support eager
execution of Tensorflow
2 and the Python
visualizations are not
working properly in non
interactive terminals.
Also it does not support
pandas Dataframes

https://shap.readthedocs.io/en/latest/index.html

Dalex

Works well with neural
networks and machine
learning algorithms. It
encapsulates also the
lime and shap
packages.

https://dalex.drwhy.ai/python/
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The FD003 dataset consists of 24720 training samples and of 16596 testing samples. Figure
21 illustrates an indicative example of the features (machine settings, sensors, etc) and the
respective data values.

Figure 21: Example of Training Data
The Random Forest is applied to compute the Remaining Usage Life of the machines, and
the problem is model as a regression problem. At first, no feature selection is applied and
the RMSE and R2 metrics for the test set are equal to 19.9939 and 0.767 respectively.
Afterwards the Dalex library is enabled. Figures 22 presents the variable importance of the
features in order to compute the RUL.

Figure 22: Variable Influence to the RUL

The next figure illustrates also indicative aggregated profiles on the sensor data.
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Figure 23: Indicative aggregated profiles of the sensors
Figure 24 depicts an example also of the residual diagnostics of the s_11 sensor. Based on
the variable importance and the aggregated profiles, we proceed to the feature selection
method only with the features that provide high importance to the RUL estimation. The
RMSE score now is 19.73 while the R2 score is 0.773.
In a nutshell, the feature selection method -based on the explainable AI library- provided
slightly better results in the RMSE and R2 metrics. Obviously, there are also other
operations to perform in order to improve the model’s performance, such as the
hyperparameter tuning of the Random Forest algorithm and data augmentation/cleaning
techniques.
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Figure 24: Residual Diagnosis of s_11
First XAI outcomes has been tested with DSF UIs of T7.3 and an example is available on
D7.4. Further exploration of methods will be done as soon as relevant AI models and
metadata will be available from WP4. The final results about applying XAI libraries and
services will be documented in the next and final version of this report.
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6 Conclusions and Next Steps
In this first half of the knowlEdge project a thorough analysis of existing solutions and current
state-of-the-art has been conducted for various parts of DSF including relevant approaches
related to Industry 4.0, various types of recommenders and XAI connecting to decision
support. Based on the aforementioned thorough analysis, knowlEdge project’s needs and
requirements the DSF architecture was designed alongside with the design of core
components, sub-components, their interactions and interfaces with external components.
A 2-axis recommendation module was defined and designed for covering the project needs.
Both graph-based and fuzzy-based inference will be applied. For graph-based approach,
OpenML ontology defined to be used and extended for addressing the knowlEdge
requirements for modeling and inference. For fuzzy-logic approach, an initial system was
designed and a questionnaire for KPIs extractions were filled out by pilot partners in order
to enable the further development of this system. Beyond the recommender, an initial
deployment of some services (API) was done. Libraries related to explainable AI were also
tested in order to be used in the final version of the tool.
Following this initial design phase, the main next steps regarding the DSF development are:
● Further extension of ontology/taxonomy of the recommender to cover project needs
● Development of inference services over this ontology
● Further development of fuzzy-based recommender based on pilot technical KPIs
● Adoption of XAI libraries
● Integration with DSF UIs from T7.3 and rest knowlEdge components so to deliver the
demanding functionality for pilot cases implementation and demonstration
● Final deployment of DSF
The abovementioned updates will be described on detail in the next iteration of this
document, D7.3 Final explainable DSF on M30.
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Annex Β: OpenML Ontology Core Classes and Properties
Classes
Name

Algorithm

URI

http://www.w3.org/ns/mls#Algorithm

Description

The algorithm regardless of software implementation.

Subclass of

InformationEntity

Name

Data

URI

http://www.w3.org/ns/mls#Data

Description

Data is a data item composed of data examples and it may
be of a various level of granularity and complexity.
With regard to granularity, it can be a whole dataset (for
instance, one main table and possibly other tables), or only
a single table, or only a feature (e.g., a column of a table),
or only an instance (e.g., row of a table), or a single featurevalue pair.
With regard to complexity, data examples are characterised
by their datatype, which may be arbitrarily complex (e.g.,
instead of a table it can be an arbitrary graph).

Subclass of

InformationEntity

Restriction(s)

hasQuality some DataCharacteristic

Name

DataCharacteristic

URI

http://www.w3.org/ns/mls#DataCharacteristic

Description

DataCharacteristic is a distinguishing quality or property that
distinguishes one data from another.
Such characteristics are often statistical ones (e.g., the
number of instances or the number of features of a data
set). They may be also informationtheoretic measures (e.g.,
class entropy of a categorical data set) or geometric
measures of data complexity (e.g., the highest
discriminatory power of any single feature in the data set).

Subclass of

Quality

Name

Dataset
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URI

http://www.w3.org/ns/mls#Dataset

Description

Dataset is represented as one main table or possibly other
tables (instead of a table it can be also an arbitrary graph).

Subclass of

Data

Name

DatasetCharacteristic

URI

http://www.w3.org/ns/mls#DatasetCharacteristic

Description

DatasetCharacteristic is a distinguishing quality or property
that distinguishes one dataset from another.

Subclass of

DataCharacteristic

Name

EvaluationMeasure

URI

http://www.w3.org/ns/mls#EvaluationMeasure

Description

EvaluationMeasure is a measure to assess the performance
of the model generated by the process that realises the
task. Examples are predictive accuracy or f-measure.

Subclass of

InformationEntity

Name

EvaluationProcedure

URI

http://www.w3.org/ns/mls#EvaluationProcedure

Description

EvaluationProcedure is a technique to evaluate machine
learning models. Examples are cross-validation and leaveone-out.

Subclass of

InformationEntity

Name

EvaluationSpecification

URI

http://www.w3.org/ns/mls#EvaluationSpecification

Description

EvaluationSpecification is a specification of an evaluation
measure and an evaluation procedure to assess the
performance of the process that realises the task.

Subclass of

InformationEntity

Restriction(s)

defines some Task
hasPart some EvaluationMeasure
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hasPart some EvaluationProcedure
Name

Experiment

URI

http://www.w3.org/ns/mls#Experiment

Description

Experiment is a collection of runs.

Subclass of

Process

Restriction(s)

hasPart some Run

Name

Feature

URI

http://www.w3.org/ns/mls#Feature

Description

Feature is one of the data’s levels of granularity and
complexity (e.g., a column of a table).

Subclass of

Data

Name

FeatureCharacteristic

URI

http://www.w3.org/ns/mls#FeatureCharacteristic

Description

FeatureCharacteristic is a distinguishing quality or property
that distinguishes one data feature from another.

Subclass of

DataCharacteristic

Name

HyperParameter

URI

http://www.w3.org/ns/mls#HyperParameter

Description

Hyperparameter is a prior parameter of an implementation,
i.e., a parameter which is set before its execution (e.g. C,
the complexity parameter, in weka.SMO).

Subclass of

InformationEntity

Name

HyperParameterSetting

URI

http://www.w3.org/ns/mls#HyperParameterSetting

Description

HyperParameterSetting is an entity which connects a
hyperparameter and its value that is being set before an
implementation execution.
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Subclass of

InformationEntity

Restriction(s)

specifiedBy some HyperParameter
hasValue some Literal

Name

Implementation

URI

http://www.w3.org/ns/mls#Implementation

Description

Implementation is an executable implementation of a
machine learning algorithm, a script, or a workflow. It is
versioned, and sometimes belongs to a library (e.g. WEKA).

Subclass of

InformationEntity

Restriction(s)

hasHyperParameter some HyperParameter
hasQuality some ImplementationCharacteristic
implements some Algorithm

Name

ImplementationCharacteristic

URI

http://www.w3.org/ns/mls#ImplementationCharacteristic

Description

ImplementationCharacteristic is a distinguishing quality or
property that distinguishes one implementation from
another.

Subclass of

Quality

Name

InformationEntity

URI

http://www.w3.org/ns/mls#InformationEntity

Description

InformationEntity is one of the main classes among:
InformationEntity, Process and Quality.

Disjoint with

Process

Name

Model

URI

http://www.w3.org/ns/mls#Model

Description

Model is a generalisation of a set of training data able to
predict values for unseen instances. It is an output from an
execution of a data mining algorithm implementation.
Models have a dual nature. They can be treated as data
structures and as such represented, stored and
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manipulated. On the other hand, they act as functions and
are executed, taking as input data examples and giving as
output the result of applying the function to a data example.
Models can also be divided into global or local ones. A
global model has global coverage of a data set, i.e., it
generalises the whole data set. A local model, such as a
pattern set, is a set of local hypotheses, i.e. each applies to
a limited region of the data set.
Subclass of

InformationEntity

Restriction(s)

hasQuality some ModelCharacteristic

Name

ModelCharacteristic

URI

http://www.w3.org/ns/mls#ModelCharacteristic

Description

ModelCharacteristic is a distinguishing quality or property
that distinguishes one model from another. An example
model characteristic may be interpretability or a complexity
of the model.

Subclass of

Quality

Name

ModelEvaluation

URI

http://www.w3.org/ns/mls#ModelEvaluation

Description

ModelEvaluation is a setting of a value of the performance
measure specified by the evaluation specification. It
connects a measure specification with its value.

Subclass of

InformationEntity

Restriction(s)

specifiedBy some EvaluationMeasure
hasValue some Literal

Name

Process

URI

http://www.w3.org/ns/mls#Process

Description

Process is one of the main classes among:
InformationEntity, Process and Quality.

Disjoint with

Quality

Name

Quality
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URI

http://www.w3.org/ns/mls#Quality

Description

Quality is one of the main classes among: InformationEntity,
Process and Quality.

Name

Run

URI

http://www.w3.org/ns/mls#Run

Description

Run is an execution of an implementation on a machine
(computer). It is limited in time (has a start and end point),
can be successful or failed.

Subclass of

Process

Restriction(s)

achieves some Task
executes some Implementation
hasInput some Data
hasInput some HyperParameterSetting
hasOutput some Model
hasOutput some ModelEvaluation
realises some Algorithm

Name

Software

URI

http://www.w3.org/ns/mls#Software

Description

Software is implemented computer programs, procedures,
scripts or rules with associated documentation, possibly
constituting an organized environment, stored in read/write
memory for the purpose of being executed within a
computer system.

Subclass of

InformationEntity

Restriction(s)

hasPart some Implementation

Name

Study

URI

http://www.w3.org/ns/mls#Study

Description

Study is a collection of runs that belong together to do some
kind of analysis on its results. This analysis can be general
or very specific (e.g. a hypothesis test). Can be linked to
files, data, that belong to it.
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Subclass of

Process

Restriction(s)

hasPart some Experiment

Name

Task

URI

http://www.w3.org/ns/mls#Task

Description

Task is a formal description of a process that needs to be
completed (e.g. based on inputs and outputs). A Task is any
piece of work that needs to be addressed in the data mining
process. In ML Schema, it is defined based on data.

Subclass of

InformationEntity

Restriction(s)

definedOn some Data

Object properties
Name

achieves

URI

http://www.w3.org/ns/mls#achieves

Description

A relation between a run and a task, where the run achieves
specifications formulated by the task.

Domain(s)

Run

Range(s)

Task

Name

definedOn

URI

http://www.w3.org/ns/mls#definedOn

Description

A relation between a task and either the data or an
evaluation specification pertinent to this task.

Domain(s)

Task

Range(s)

Data
EvaluationSpecification

Inverse of

defines

Name

executes
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URI

http://www.w3.org/ns/mls#executes

Description

A relation between a run and an implementation that is
being executed during the run.

Domain(s)

Run

Range(s)

Implementation

Name

hasHyperParameter

URI

http://www.w3.org/ns/mls#hasHyperParameter

Description

A relation between an implementation of a machine learning
algorithm and its hyperparameter.

Domain(s)

Implementation

Range(s)

HyperParameter

Name

hasInput

URI

http://www.w3.org/ns/mls#hasInput

Description

A relation between a run and data that is taken as input to
the run.

Domain(s)

Run

Range(s)

Data
HyperParameterSetting

Name

hasOutput

URI

http://www.w3.org/ns/mls#hasOutput

Description

A relation between a run and either a model or model
evaluation that is produced on its output.

Domain(s)

Run

Range(s)

Model
ModelEvaluation

Name

hasQuality

URI

http://www.w3.org/ns/mls#hasQuality
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Description

A relation between entities and their various characteristics.

Name

implements

URI

http://www.w3.org/ns/mls#implements

Description

A relation between an information entity and a specification
that it conforms to.

Domain(s)

InformationEntity

Range(s)

InformationEntity

Name

realises

URI

http://www.w3.org/ns/mls#realises

Description

A relation between a run and an algorithm, where the run
realizes specifications formulated by the algorithm.

Domain(s)

Run

Range(s)

Algorithm

Name

specifiedBy

URI

http://www.w3.org/ns/mls#specifiedBy

Description

A relation between an entity and the information content
entity that specifies it.

Range(s)

InformationEntity

Datatype properties
Name

hasValue

URI

http://www.w3.org/ns/mls#hasValue

Description

Literal associated to HyperParameterSetting or
ModelEvaluation.

Domain(s)

HyperParameterSetting
ModelEvaluation

Range(s)

Literal
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Annex C: Questionnaire for KPIs Extraction
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