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Abstract. The recent advancements of manufacturing towarelgrttiustry 4.0
paradigm should be supported by the effective itngiof industrial workers in
order to align their skills to the new requiremeotsompanies. Therefore, the
evaluation of the training is becoming in this @xttincreasingly important,
given also the possibility of exploiting a huge ambof data from the shop
floor about the workers’ activities. These dataxdeied — can be properly col-
lected and analysed so as to provide real-timecatidins about the workers’
performances and an evolving classification ofrtis&ills. In order to pursue
this objective, a solution can be represented byrttegration of semantic tech-
nologies with training evaluation models. For ttgason, the paper aims at pre-
senting a Training Data Evaluation Tool (TDET), alhis based on the integra-
tion of a Training Evaluation Ontology (TEO) withTaaining Analytics Model
(TAM) for the definition of the skill levels of thevorkers. The main compo-
nents and features of the TDET are provided in ot@eshow its suitability to-
wards the collection of data from the shop flood &neir subsequent elabora-
tion in summary indicators to be used by the mamege of the company. Fi-
nally, the implications and next steps of the regeare discussed.
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1 I ntroduction

The introduction of the new Industry 4.0 paradigas mecently allowed the increas-
ingly high dissemination of advanced technolog@stifie improvement of the indus-
trial processes [1]. However, the technological aadements that are taking place
should go hand in hand with a rapid effective tragrof the industrial workers so that
this change can be supported by a proper alignofethte skills to the new needs of
the companies [2]. In this context, the issue efdhaluation of the training provided
to the workers is increasingly critical, since mared more complex data have to be
collected and properly analyzed in order to defime skill level of the workers and
introduce in case the necessary corrective acf@ng-or this reason, the identifica-
tion and measurement of data directly from the sthopr becomes extremely im-



portant. In fact, this data can provide real-timdi¢ations about the workers’ perfor-
mances following training interventions implementgdthe company. The problem
is hence twofold. On one hand, it is necessaryngetstand the approach that is
needed to collect and manage a potentially hugeuatmaof data from the field, in
order to make their elaboration automatic. On ttieelohand, the development of
models that can provide a summary evaluation ofdhelution over time of the
worker skill levels on the basis of the availabéadis certainly a non-trivial task.

An answer to this problem can be represented byntlegration of the so-called se-
mantic technologies with training evaluation mod@&lse former are in their turn one
of the most relevant enabler of the Industry 4.6agigm and can provide the struc-
ture that is necessary to model, enrich and makedperable the data collected from
the shop floor, while the latter can address thecarent creation and elaboration of
summary indications on the skill levels that carebsily interpreted and used by the
managers of the company. In the light of this fiobJective, the paper aims at pre-
senting the Training Data Evaluation Tool (TDETg, ian extension of the previously
developed SatisFactory Ontology (SFO) with an diaiymodel for the definition of
the skill levels of the workers. In particular, 8ection 2 the SFO is briefly intro-
duced, as well as a literature review about semaeathnologies and the models for
training evaluation. In Section 3, the extensiorth&f SFO, i.e. the Training Evalua-
tion Ontology (TEO), is presented. In Section 4, Tmaining Analytics Model (TAM)
for the evaluation of training and skills is intrambd. Finally, in Section 5, the con-
clusions and the next steps of the research acetesp

2 Relation to existing theories and work

2.1  Semantic technologies and the SFO

Nowadays, the areas of knowledge representation) @€ knowledge management
(KM) are gaining from the use of semantic techni@egver conventional approach-
es. Semantic models, such as ontologies, play pariant role for many knowledge-
intensive applications since they provide a formapresentations of domain
knowledge [4]. Organizations that use the languages standards of the semantic
Web, i.e. RDF, RDFS, OWL, SPARQL/RIF, aim to intaigr existing information
assets, using the best practices of linked datatendpen world assumption, aiming
to enhance their knowledge management system. Haweespite the common be-
lief that semantic technologies might be limitectkoud computing and big data, they
are equivalently useful to private or proprietagtad Ontologies provide, indeed, a
formal and ubiquitous information artefact aimimgrhake all the elements of a do-
main and their relations explicit [5].

The SatisFactory Ontology (SFO) presented in thiskvhas been developed in the
framework of the H2020 funded SatisFactory projébke SFO has an upper structure
developed to gather and manage manufacturing kug®lemainly focused on pro-
cesses and assets at shop floor level. Thereferanodel is specialized in two differ-
ent directions (clepsydra-like shape, $&g. 1): i) the data structure-oriented level
that enhances with semantics the xml schemas osexchange data within the Sat-



isFactory ecosystem; ii) thehop floor-oriented level that models the elements and
terms characterizing the specific manufacturingremment.
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Fig. 1. SatisFactory network of ontologies

Lastly, the use of semantic technologies, and itiquéar the exploitation of the pre-
sented model, is not meant to be a replacemerxisting information technologies,
but rather an added layer that can leverage thesasafor semantic interoperability.

2.2 Modesfor training evaluation

Different models for training evaluation have beveloped and used so far. The
most widespread and commonly accepted is the Kirigkss [6] four-levels model
[7]- The four levels of the model are Reaction, inér@g, Employee Behaviour and
Organizational Results. The first level evaluates teaction of the trainees on the
training activity. The second level evaluates thewledge and skills acquired by the
trainees. The third level evaluates the transfahefknowledge and skills on the job.
The fourth level evaluates the overall impact ad¢bmpany/business unit in terms of
economic and /or organizational performances. Irtiqdar, the two last levels
should be considered as the most important fomgpemy/business unit [8].

Over time, various changes to the Kirkpatrick’'s mlodave been proposed. For ex-
ample, Hamblin [9] proposed five levels, by spii¢fithe two last levels of Kirkpat-
rick's model in Organization and Ultimate value.dRey [10] also presented a five
levels model where the first two levels corresptmdirkpatrick's ones, while the
other three are Organizational support and Learniagticipant use of knowledge
and skills, and Participant learning outcomes. Nivee outcomes model [11] present-
ed a list of nine items (Reaction, SatisfactionpiGtedge, Skills, Attitude, Behaviour,
Results, Return on investment, Psychological cBgitebe checked in order to evalu-
ate the overall impact of training activities, whall the concepts of Kirkpatrick’s
model are included.

The Kirkpatrick's model, together with the variat®described above, represent con-
ceptual approaches to be followed in a generalitrgievaluation. From an analytical



perspective, the few contributions available amuf®d on the estimation of the ROI
as in the case of Phillips [12], therefore leavimghe single intervention/company the
specific measurement of the impact, which is uguatistructured and targeting only
the first two levels of Kirkpatrick’s model. Forishreason, the TDET described in the
following section aims at providing a mechanisnctidlect and reuse the data from
the shop floor in order to provide analytical irations about the impact of the train-
ing and the skill level reached by the traineesived in the program.

3 Training Data Evaluation Tool (TDET)

The TEO should be perceived as a further enrichrokttie actual SatisFactory on-
tology. In particular, the lowest level (or datausture-oriented) semantic model is
extended with concepts that support the manageamhtanalysis of training data.
This is due to the need of enriching with semantiaging data coming from the
shop floor, which are collected from heterogenesusceskig. 2)
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Fig. 2. Overall architecture

The TDET aims at producing a semantics-driven dlaation and evaluation of the
trainees’ expertise. As a first step, the so-callesining Evaluation Ontology (TEO)
drives the semantic enrichment of the trainingviteds and their evaluation data
coming from the shop floor. Then, the model undarjrig the quantitative evaluation
is addressed by the Training Analytics Model (TA¥at exploits such semantically
enriched data.

3.1 Training Evaluation Ontology (TEO)

The data structure-oriented ontology model, as eoerd in the SFO, has been ex-
tended with the following concepts: i)Training ady; ii) KPI, iii) KP1_Category, iii)
KPI_Score; iv) KPI Type; v) KPI_Focus. These, tdgetwith the specification of
their inter-links, represent the pillars of thernee expertise evaluation (sEg. 3.).
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Fig. 3. Training Evaluation Ontology

The evaluation of the worker’s expertise level exglthe semantic structure present-
ed in Fig 4, In particular each instance of the K3Bore should be perceived accord-
ing to the following statemen©ne trainer may have several KPI scores. The latter
ubiquitously describes (refers to) one kind of KPI and one specific activity. The KPI
score has a (xsd: double) value.
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Fig. 4. Semantic structure of the KPI score

3.2 Training AnalyticsModel (TAM)

The quantitative evaluation of the training and s$kél classification is addressed by
the TAM, which partially stems from the work of Ksis et al. [13], who proposed
the ActionPlanT Industrial Learning (IL) methodojoépr the implementation and
evaluation of IL actions specifically addressing tlast developments of ICT for
manufacturing. It is in this framework that an exlon approach based on Kirkpat-
rick’s training evaluation model was presented.phrticular, the first three levels



were targeted, namely Reaction, Learning and Beliavand a weighted sum model
(WSM) to quantify the impact of the training waoposed. However, the Action-
PlanT IL WSM had some limitations:

* The performance indicators (KPIs) identified forclkedevel were based only on
answers to questionnaires and not on data retriegetthe shop floor

* The KPIs were only at the level of the single te@nwith no KPIs to evaluate the
performances of the team (i.e. Organizational level

* No mechanism to evaluate the skill level of thentea according to a pre-defined
target and the performances of the other trainessprovided

Therefore, on this basis a set of KPIs based acmtddbe retrieved automatically from
the shop floor was developed for each level ofKimépatrick’s training evaluation
model (i.e. Reaction, Learning, Behaviour, and @izmion). Furthermore, a mecha-
nism able to assign each trainee to a given skikll (Low, Medium, and High) based
on the comparison with both a target level andpiagormances of the other trainees
was designed.

In particular, on the basis of the KPIs identifiadsummary indicator summarizing
the overall performance of the traineat timej for the KPlk was defined:

Py = [(;";:() * WR, + (;’\;}‘]‘() x WAjk] £100. (1)
Vix/AV is the ratio between the value of KiPfor employeé at timej (Vi) and the
average of the values of KRIof then employees at timg (AVy). If this ratio is
higher than 1 it means that the trainest timej for the KPlk is performing better
than the average, if it is lower than 1 that isf@ening worse. \J/TVj is the ratio
between the value of KRifor employeé at timej (Vix) and the target value of KRI

at timej (TVj) established by the management. If this raticighér than 1 it means
that the trainee at timej for the KPIk is performing better than the target value, if it
is lower than 1 that is performing worse. W the weight related to the Val-
ue/Average ratio while W is the weight related to the Value/Target ratibe3e
two weights can be balanced in order to give eanh tmore importance to the per-
formance of the single trainee compared with theragye performance of the group or
to the same performance compared with the pre-eidfiarget value.

According to the value of;f, each traineé can be classified according to three dif-
ferent skill levels, namely Low, Medium and Highor@sidering as a reference all the
values of KPI of then employees at timg the trainee’s skill level will be classified
as Low if included between the zero and first glearas Medium if included between
the first and third quartile and as High if inclddieetween the third and fourth quar-
tile.

In order to aggregate the values of more KPIs fgivan traineed, standardized val-
ues of the single jPshould be used, in order to take into account diffeaverage
and target values. As a consequence, for egchhB following formula should be
used:



Pstdjjc = (P — AVjk) /SDjk - (2)

, where SR is the standard deviation of the values of KRif then employees at
time j. On this basis, the following aggregated perforoeaaf the traine¢ at timej
can be formulated:

APij = ij (ij * PStdi]'k . (3)

, Whereoy is the weight related to the KRlat timej. This way it is possible to evalu-
ate the overall skill level of the trainéet timej, by using the same approach de-
scribed above. Finally, the overall performancethefsingle team/group can be easi-
ly obtained by means of the averages previouslyutated for the different evalua-
tion and temporal levels.

4  Conclusionsand next steps

With the introduction of the Industry 4.0 paradigimd of the related technologies, a
huge effort is nowadays requested to manufactuorgpanies in order to continu-
ously update the skill of the workers. For thiss@g the relevance of training is in-
creasing as well as the need to properly evaltatffectiveness. In particular, thanks
to the huge amount of data that can be retrievenh flhe shop floor through smart
devices, sensors and HMIs, the evaluation of thi@itrg and skill levels can be now
potentially made automatic with the provision ofrsnary performance indicators to
the management as an output. In order to pursgefitial objective, the paper has
presented the results of a preliminary work aimanthe integration of semantic tech-
nologies with training evaluation models in the ifilag Data Evaluation Tool
(TDET), which put together the Training EvaluatiOntology (TEO) with the Train-
ing Analytics Model (TAM) for the summary evaluatiof training and skills.

The TDET is suitable to the automatic elaboratibérdata retrieved from the shop
floor and to the provision of a general evaluatanthe given training activity by
means of the aggregation of different KPIs devediggbhoc, which are related to all
the four levels of the well-known Kirkpatrick’'s mel In addition, the overall per-
formance of a trainee can be computed, as welliaskill level (Low, Medium,
High) according to a comparison with the perfornemof the other trainees. The
overall performance and the skill level can be ivletd for both a given timpor as a
summary elaboration of the results over a longee tspan.

The next steps of the research will include thdaapent of the TDET through exist-
ing tools for ontologies and smart data managemamt, the evaluation of this
framework on different industrial use cases in otdeprovide empirical evidence of
the effectiveness of the presented approach.
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