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ABSTRACT

Provenance provides data lineage and history of different transfor-
mations applied to a dataset. A complete trace of data provenance
can enable the reanalysis, reproducibility, and reusability of features,
which are essential for validating results and extending them in
many projects. Open time series datasets are readily accessible and
discoverable, but their full reproducibility and reusability require
clear metadata provenance. This paper introduces an assessment of
provenance variables using an algorithm for collecting FAIR (Find-
able, Accessible, Interoperable, Reusable) characteristics in open
time series and generating an associated provenance graph. We
have evaluated the FAIRness of provenance traces by automatically
mapping their properties to a provenance data model graph for
a case study employing open time series from weather stations.
Our approach arguably enables researchers to analyse time series
datasets with similar characteristics, prompting new research ques-
tions, insights, and investigations. As a result, this approach has
the potential to promote reusability and reproducibility, which are
critical factors in scientific research.
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1 INTRODUCTION

In 2016, a group of stakeholders formalised a measurable set of
guidelines to encourage the knowledge discovery and increase the
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datasets utility. Known as the FAIR (Findable, Accessible, Interop-
erable, Reusable) principles [29], they have become increasingly
crucial to enable researchers and practitioners to access, find, under-
stand, and process datasets. However, the actual operationalisation
of those principles is challenging and needs guidance [18], as ex-
perience has shown that several conditions need to be fullfiled to
completely enable data sharing, reusability, and reproducibility [28].

Typically used as a guide to authenticity or quality, provenance
has been applied to scientific workflows for reproducibility, i.e. to
keep a detailed record of the steps to produce a result, ultimately
simplifying exploratory processes, fostering collaboration, and en-
abling knowledge transfer [8]. In fact, the provenance of scien-
tific results—including how results were obtained, what datasets
were used as input, and what parameters have an impact on the
derivation—has been deemed crucial to reproduce the whole scien-
tific process [12], and formal educational programmes have started
to emerge to train scientists and practitioners in FAIR principles
with emphasis on open science and research data management [13].

The usefulness of weather data is provided by its information
and metadata that can be exploited in multiple sectors, domains,
applications, and studies [19]. Weather variables are utilised for
forecasting in smart grid systems [2]. Features like precipitation,
air temperature, humidity and wind speed give insight into sev-
eral energy-related forecasting problems due to the connection of
energy and weather demand [19].

Furthermore, weather conditions represent an important factor
that might profoundly have an impact on daily life [1]. Walmart
used weather data for marketing decisions, and they acted on the
correlations that exist between weather and store sales to merchan-
dise the store-level and advertise the hyper-local digital [6]. Several
studies have shown that weather influences people’s mood states,
social behaviour and trading decisions [9, 17, 20].

Due to the utility of weather data, provenance is arguably critical
to ensuring the comprehensive history of processes that are applied
to the features from their origin to their current state. In this paper,
we evaluate the compliance of weather provenance metadata with
FAIR provenance definition based on Research Data Alliance (RDA)
and GO-FAIR recommendations.

We propose a systematic way of retrieving provenance proper-
ties and converting the event traces into a graph using the W3C
PROV Data Model [24]. Our approach arguably allows climate re-
searchers and scientists to clearly visualize data variations between
several weather stations records without repetitively accessing re-
sources/sensors and retrieving the distributed metadata manually
for each time series.
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Figure 1: Components of the W3C PROV Data Model (PROV-
DM). Adapted from [23].

2 RELATED WORK

The initial FAIR stakeholders established that a number of public
databases applied standards to provide rigorous formal documenta-
tion of each dataset and its provenance with the aim of ensuring
both interoperability and reusability [14]. However, it is not always
the case for all general-purpose datasets. For this reason, reusabil-
ity is challenging especially for undocumented data. Within the
scientific research community, this has generated a reproducibility
crisis [3]. For better understanding whether data can be reused, it
is critical to understand how data fits in a larger context [15]. It
comprises the understanding of how data were generated, their
provenance [16], relationships to other sources and unambiguous
concepts description [15].

The recommended W3C PROV Data Model (PROV-DM) defines
the Type triad comprising an entity representing a digital or physical
thing; an activity encompassing an action to use or create entities;
and, an agent in charge of an activity [23]. Within PROV-DM, the
7 provenance relations are indicated by labelled edges to express
Generation, Usage, Communication, Derivation, Attribution, As-
sociation, and Delegation. In Figure 1, we have represented an
entity with a yellow oval, an activity with a blue rectangle, and an
agent with an orange pentagon. Thus, we will use the two main
PROV-DM concepts:

(1) Types: Entities, Activities, and Agents

(2) Relations: wasGeneratedBy, used, wasInformedBy, wasDerived-
From, wasAttributedTo, wasAssociatedWith, and actedOnBe-
halfOf.

A novel approach to capture, manage, and publish the prove-
nance metadata collected in environmental monitoring workflows
based on PROV-DM triad has been previously discussed in the lit-
erature [25]. Their directed graph shows the lifecycle of a dataset
generated by a hypothetical process of environmental sensor-based
monitoring, and their raw dataset entity is related to capture activity
through a WasGeneratedBy relationship. The capturing workflow
uses electronic equipment and functional sittings, and it is associ-
ated with the institution to which the dataset is attributed. Such
approach aims to manage the provenance records of environmental
monitoring processes using an ad-hoc computational architecture
for heterogeneous and distributed environments. The validation
of this approach is assessed by implementing the architecture to
manage the generated provenance metadata during the execution
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Table 1: Comparison of provenance implementations

Approach ‘ Related-readings ‘ PROV-DM ‘ PROV-Template
[7] Environmental monitoring v X
[25] Sensors N X
Our proposal | Stations v v

of a simulation. The provenance services allow to query the prove-
nance metadata of the produced data, its generation workflow, and
other relevant records. Their results shed light on the effectiveness
of their approach when collecting, storing and querying the prove-
nance of products metadata. Furthermore, it enables visualization
and exploration of raw data, scientists involved and processes.

Da Silva et al. [7] introduce a provenance-sensor model and
explained how sensor readings could be converted to provenance.
They have used graphic representations for PROV-DM as well. Their
graph depicts data dependency between device and three sensors,
and sensors are connected to events. Based on the developed model,
they illustrate the case of a device with one sensor of humidity and
temperature, the event is defined by e = temperature, humidity.
They achieved the goal of introducing provenance awareness for
Internet of Things (IoT) System through a framework of provenance
collection for IoT devices. The effectiveness of their framework is
evaluated through a prototype system that demonstrates that the
framework can automatically collect provenance records in an IoT
system.

Stoffers et al. [27] have developed the Backbone Catalogue of
Relational Debris Information (BACARDI) to work on the classifica-
tion of space objects orbiting the Earth. Designed to track distinct
workflows, the BACARDI core components collect provenance at
task level via manual developer annotation and predefined expres-
sions. While effective, manual annotations can become error prone,
particularly for large complex workflows.

2.1 Contribution

The FAIR Data Principles dictate the types of behaviours that data
stewards and researchers can expect from digital resources [21],
and impose the compliance-requirements on researchers if they
want to publish their outputs FAIRly [30]. The application of the
FAIR principles depends critically on rich metadata, yet domain
vocabularies are mostly underused [26]. In this exploratory study,
our aim is to investigate some randomly selected weather time
series to check FAIRness provenance-compliance of metadata.

As part of SMarRDY-an EU-funded project which is deploying a
traceable FAIR-compliant open innovation marketplace for data [11]-
this paper aims to enhance weather datasets exploitation through
provenance information. It presents a description of entities and
processes involved in generating these datasets. Metadata of work-
flow provenance is generated based on the W3C PROV data model.
Moreover, the paper provides an overview of the steps followed
to automatically generate provenance records using as use case
datasets from the Irish meteorological service Met Eireann.

Figure 2 summarises our approach. By extending the BACARDI
provenance primitives via systematic annotation and collection,
we use Met Eireann time series as input to generate a provenance
data model graph with a clear view of the provenance trace. First,
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Figure 2: Workflow of provenance records collection and
visualization. (Examples of provenance graphs are presented
later in Fig. 3 and Fig. 4.)

Table 2: Selected time series datasets

Dataset Location Shape
1 Belmullet (580354, 21)
2 Cork airport (533999, 21)

we automatically extract the provenance properties responding to
FAIR-related questions for building the provenance tracking. Then,
we feed forward the resulting records to the PROV-DM graph com-
ponents. These two steps have been executed through BACARDI’s
Python primitives deployed to automatically collect and visualize
metadata.

3 MATERIALS AND METHODS

According to the RDA, a provenance is determined as “an indica-
tor that requires the metadata to include information about the
provenance of the data, i.e., information about the origin, history
or workflow that generated the data, in a way that is compliant
with the standards that are used in the community for which the
data is curated” [10]. On the other hand, GO FAIR defines prove-
nance as knowledge of “where the data came from (i.e., the clear
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story of origin/history), who to cite and/or how you wish to be
acknowledged.” 1.

In our study, provenance enables us to answer key question
such as “Where did a particular datum come from?”, i.e. the exact
geographical coordinates of the generating station which is a key
metadata field, as accurate latitude and longitude for different sta-
tions can significantly impact climate models.

For provenance record generation, we have employed the PROV-
Template [22] to inform the topology of the weather time series
produced by each provenance instance. A template has variables
for values, and these values are logged as a data structure binding
that associates values and variables [4].

Listing 1: Serialization of the provenance graph shown in
Fig. 3

@prefix dcterms: <http://purl.org/dc/terms/>

@prefix ex: <http://example/>

@prefix geo: <http://www.w3.0rg/2003/01/geo/
wgs84_pos#>

@prefix prov: <http://www.w3.org/ns/prov#>

@prefix xsd: <http://www.w3.0rg/2001/XMLSchema
#>

ex: Weather_DataSet a prov:Entity ;

dcterms:created "2022-12-07T15:42:40"
Axsd:dateTime ;

dcterms: format "csv"""xsd:string ;

dcterms: modified "2023-01-23T14:28:10"
"xsd:string ;

dcterms:source "https://www.met.ie/
climate/available —~data/historical -
data"""xsd:string ;

dcterms: title "hly2375"*"xsd:string ;

prov:wasGeneratedBy ex:Create

ex:Create a prov:Activity ;
prov:endedAtTime "2022-01-12T00:00:00"
" xsd:dateTime
prov:startedAtTime "1956-09-16T15
:00:00"""xsd:dateTime ;
prov:wasAssociatedWith ex:Station

ex:Station a prov:Agent ;
geo:elev " 9 M "*"xsd:string ;

geo:lat "54.228 "*"xsd:string ;

geo:lon " -10.007"""xsd:string ;

prov:atLocation " BELMULLET"*"xsd:
string

}

Data from the Irish meteorological service, Met Eireann, was
selected. Two weather observing stations from Ireland are randomly
chosen. The first selected dataset consists of hourly real-life weather
features from 1956, and the second one contains hourly records
from 1962.

The datasets locations and their shapes are described in Table 2.
The time series contains records of all the available features such

https://www.go-fair.org/fair-principles/r1-2-metadata-associated- detailed-
provenance/
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geo:elev IM
geo:lat 54.228
geo:lon -10.007

prov:atLocation BELMULLET

wasAssociatedWith

ex:Create

prov:startTime 1956-09-16T15:00:00
prov:endTime 2022-01-12T00:00:00
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wasGeneratedBy

ex:Weather DataSet

dcterms:created 2022-12-07T15:42:40
dcterms:format
dcterms:modified 2023-01-23T14:28:10
dcterms:source

dcterms:title

csv

https://www.met.ie/climate/available-data/historical-data
hly2375

Figure 3: Provenance of Belmullet station records.

as air temperature, precipitation, relative humidity and vapour
pressure. These datasets are used to generate and test an appropriate
model to collect provenance records based on the FAIR guidelines.

4 IMPLEMENTATION AND RESULTS

Based on the two Provenance data models [7, 25], Figure 3 and
Figure 4 show two provenance templates, the connection between
the weather dataset (ex: Weather_DataSet) and the creation activ-
ity (ex:Create) is referred by WasGeneratedBy relationship. The
creation workflow is associated with the weather station entity
(ex:Station). The weather dataset entity holds the information
about the dataset, such as its creation date, modification date, file
format, name and source. The station entity contains information
about the station’s location, longitude, latitude, and height. The cre-
ation activity has information about the start time and the end time
(prov:startTime, prov:endTime), that shows the selected time
interval of the dataset. The generated provenance graph can be
serialized by using the Resource Description Framework (RDF) [5],
as depicted in Listing 1.

We have demonstrated how the use of provenance graphs can
support reusability and reproducibility, using real station records
from the publicly accessible repository of “Met Eireann”. Our ap-
proach, which utilises the PROV family for provenance modelling,
offers benefits in terms of assessing compliance with the FAIR prove-
nance definition, as well as providing transparent information for
better analysis.
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ex:Station

geozelev 155M
geo:lat 51.847
geo:lon -8.486

prov:atLocation CORK AIRPORT

wasAssociatedWith

ex:Create

wasGeneratedBy

prov:startTime 1962-01-01T01:00:00

proviendTime 2022-01-12T00:00:00 ex:Weather_DataSet

dcterms:created  2022-12-07T15:43:33
dcterms:format  csv
determs:modified 2023-01-24T20:56:04

https://www.met.ic/cl

determs:title hly3904

Figure 4: Provenance of Cork airport station.

Manually collecting provenance records or searching for them in
open repositories and/or datasets can be time-consuming, making
both reusability and reproducibility challenging, as provenance is
an essential requirement. Our proposed approach addresses this
challenge by providing tailored traceability and visualization. Our
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output provenance graph offers information that supports the reuse
and reproduction of weather time series datasets, directly visualized
in the graph. For example, a scientist interested in analysing a
weather station’s records, with particular specifications regarding
station height, longitude, latitude, and location, could use the graph
to make decisions about the intended dataset. Similarly, provenance
properties such as the interval time of the dataset, its source, and
its file format can be analysed depending on the research question.
This comprehensive view of the input file containing the time series
enhances transparency and reproducibility.

Scientists can track previously downloaded time series using the
graphical information provided in Figure 5. The figure depicts a use
case where a scientist wishes to perform an exploratory study on the
air temperature of the northwest of Ireland. The first stage involves
determining which datasets should be used, based on location and
other criteria. The graph templates provide geospatial information
such as longitude, altitude, and height. Historical time series data
are often required for forecasting studies, and the selected dates
and times need to be identified. Depending on the research, one
can analyse datasets from the same resource or from different ones.

It is also noted that the provenance graphs can help to understand
the complete lifecycle of the weather time series. For each dataset,
we can check the resource link from where it was downloaded
as shown in Figure 3 and Figure 4, where both have resources.
That is to say, provenance graphs provide a complete lifecycle of
the weather time series, enabling researchers to understand when
and where the data was collected, and track when a time series
was created and updated. This information is useful for reusability
and reproducibility, as it enables researchers to assess the origin
and history of the data, and ensure that it is appropriate for their
research.

5 CONCLUSIONS

One of the biggest challenges in promoting dataset reusability and
reproducibility is the lack of complete metadata information. In this
paper, we showcase the effectiveness of our approach in a real-world
use case using open weather station records. Our approach utilises
graph templates to clearly assemble the relevant records held by
each entity, as demonstrated through the examples of Belmullet
and Cork airport.

This example is particularly helpful for climate researchers and
scientists who wish to compare weather station records without
having to repeatedly access resources and manually retrieve dis-
tributed metadata for each time series. More generically, researchers
can also analyse time series datasets with similar characteristics—
such as location or proximity of stations for our example-which
could lead to new research questions, insights, and investigations.
Therefore, our approach plays an important role in promoting
reusability and reproducibility.

Our approach is based on the PROV-DM model, which allows
for the explicit representation of time series and their relationships.
We demonstrate the automatic creation of PROV-DM graphs from
publicly accessible resources and illustrate our approach using two
different weather time series. We believe this research perspec-
tive could be expanded to assess the provenance compliance of
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Figure 5: Effectiveness of Provenance templates outputs

other time series resources with FAIR principles. Collecting essen-
tial metadata properties would enable FAIR provenance scoring.
Our present paper encourages further research in scoring FAIR
principles.

Our future work will focus on metadata provenance subsets and
evaluating the provenance model on other dataset types, resources,
and domains. We aim to investigate scenarios related to datasets
of different versions within various timestamps using the weather
meta-dataset provenance. Additionally, we plan to carry out more
use case studies across various research domains and collect rel-
evant provenance metadata using our proposed Provenance data
model graph, which can be extended or readjusted to comply with
FAIR guidelines. Finally, we plan to integrate Python functions as a
service with other repositories.
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