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Abstract. With the widespread of Internet of Things’ devices and sensors, the
use of applications for combining data streams is increasing in a high number of
dynamic contexts, with a huge variety of users having radically different back-
grounds and a plethora of diverse tasks to perform. On the one hand, users need
a system able to support them in detecting significant events with respect to
their context of use. On the other hand, such users need an environment in
which they can express proper requirements for enabling the system to react au-
tonomously according to events in the real/physical world, by running processes
that trigger actions and perform services. In this paper, we provide the design of
a web environment that we are developing around the concept of event, that is
simple or complex data streams gathered from physical and social sensors that
are encapsulated with contextual information (space, time, thematic). Moreover,
from a study of the most diffused applications for Internet of Things that pro-
vide the user with tools for controlling the combination of data streams coming
from devices and sensors, we identify and discuss some open problems and
proposes a new paradigm and language to address them and to be integrated in
our web environment.

Keywords: Internet of things - Event detection - Pervasive computing - Unwit-
ting developers - End users

1 Introduction

Nowadays we are witnesses of the proliferations of different sensor devices able to
produce heterogeneous types of data (textual, visual, audio, and other rich multimedia
formats) that can be profitable used for detecting, handling and advising people of the
verification of particular conditions about physical phenomena (like temperature or
humidity). These events are characterized according to different dimensions such as:
the time (when they happen), the space (where they happen) and the thematic (what
they concern) that can be exploited from one side for the identification of the useful
information needed to face a given event and from another side for the analysis and
forecast of useful activities to carry out. Conventional data analytics platforms cannot
be exploited profitably for handling this kind of data and new advanced architectures
should be developed for several reasons. In this context, network configuration, sen-
sor detection and discovery are difficult issues to be solved. Moreover, sensors and
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the data they produce should be handled in real time in order to be properly elaborated
during the event. Therefore, scalable and efficient solutions should be devised that
can be applied on-line. ETL (extract, transform and load) solutions, usually applied
off-line, need to be revised and applied on-line for generating fresh and timely data.
Finally, user-friendly environments have to be conceived for properly helping the
users in combining the data coming from different sensors and devices and for enabl-
ing them to take under control the huge amount of data and events that can be gener-
ated. In this paper, we propose a novel event-based data model for manipulating mul-
ti-dimensional relations between multiple data streams based on event dimensions
(spatial, temporal and thematic dimensions). Then, we propose a new language and
paradigm for End-User Development that can be exploited in the context of Internet
of Things (IoT). Specifically, we propose a sensor-based rule language able to support
end users in aggregating and combining data originated by several sensors/devices.
This language aims at enabling end user for unwittingly developing personalized IoT
environments according to specific temporal, spatial, and fuzzy conditions that may
affect the elements in the IoT environment.

The paper is organized as follows. In Section 2, the new architecture will be illu-
strated and compared with respect to conventional Data Warehouse (DW) systems.
Section 3 describes the event data model tailored for handling multidimensional com-
plex events according to a multigranular spatio-temporal-thematic (STT) approach.
Section 4 presents the current state of the art of End-User Development (EUD) strate-
gies in IoT and the applications that enable the users to arrange data coming from IoT
devices/sensors. Section 5 starts with the ETL operations that are at the base of our
event management model, and continues with the user interface developed for the
application of such operations in a workflow based on the combinations of data com-
ing from different sensors and devices. At the end of the section, the current state of
the art of End-User Development (EUD) strategies in IoT is discussed along with the
applications enabling the users to arrange data coming from IoT devices/sensors.
Finally, Section 6 introduces a new EUD paradigm and language in IoT domain.

2 Research Background: From Conventional to Event based
Analytic Platform

With OLAP (“Online Analytical Processing”) systems, users can analyze data through
the application of different cube operators applied to the data-warehouse (DW). For
example, a company might want to compare their sales in June with sales in July, and
then compare those results with the sales made in another location, which might be
stored in a different database. Therefore, a data warehouse can be viewed as a large
repository of historical data organized in a pertinent way in order to perform analysis
and to extract interesting information using OLAP technology. Nevertheless, tradi-
tional data warehouse and OLAP systems are not able to support users in analyzing
highly dynamic data processing and to generate meaningful analytical reports. This is
particularly true in IoT systems where the data-streams are characterized by the 3V
dimensions Volume, Variety, Velocity [1], along with the issue of integrating infor-
mation coming from heterogeneous networks. In order to endow DWs and OLAP
with these capabilities, recently the term “active” or “real-time” DW [2] was coined
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to capture the need for a DW containing data as fresh as possible. In traditional DWs,
there is a distinction between ETL (Extract, Transform, and Load) and OLAP opera-
tions. The former are used for feeding the DW, whereas the latter are used to query
the DW once the cube has been defined. Moreover, feeding the DW is considered a
pre-processing phase that is taken offline with the purpose to solve many issues (ex-
tracting, cleaning and riconciliate heterogeneous data, and denormalize data) in order
to make somehow simpler the execution of the OLAP operations. Stream DW have
been also proposed for handling information produced in streams and approaches
based on sliding windows are used to manage continuous data [3].

In IoT the periodic population of a DW is considered outdated and new ETL and
OLAP services are required in order to work in real time (or almost real time), that is,
data are loaded in real time from the OLTP (Online Transaction Processing) systems
into the DW, providing a convenient way for user to real-timely read the data infor-
mation and make tactical decisions. In this context, the ETL and OLAP operations
must be tightly connected for making the process possible and their implementations
need to be quite efficient and scalable.

In our work, we wish to develop real-time DW that is developed around the ECA
(Event, Condition, and Action) paradigm [4] because it is the most promising ap-
proach for the development of the behavior of an intelligent environment. We identify
an event with both its temporal, spatial and thematic dimensions that can be exploited
from one side for the identification of the useful information needed to face a given
event and from the other side for the analysis and forecast of useful activities for noti-
fying people. First, we need to point out the adoption of a different data model. In-
deed, conventional DWs adopt the relational model for representing stored informa-
tion, but this is not adequate in Event-based warehouse because of the heterogeneity
of the data formats and also the fact that information is stored at different granularities
(ranging from simple raw values to structured and complex data). Second, conven-
tional systems process stored data, whereas in the Event-based warehouse also
streams of data should be processed, collected and analyzed through temporal win-
dows. Contextual information can be associated with the stream by means of machine
learning algorithms and exploited for extracting knowledge. For what concerns the
implementation of the architecture and of the required operations, we are considering
the use of cloud-based architectures because we need to guarantee high throughput
and low end-to-end latency from the system, despite possible fluctuations in the work-
load. We are currently evaluating several architectures like Apache S4 [5], D-Streams
[6], Storm [7] and StreamCloud [8].

3 STT Event Data Model

In order to represent events, we consider a set of basic and structured types (like list
and records) whose values are represented thorough a JSON-like notation. These
types allow the representation of different aggregation of values without imposing the
restrictions of the relational model and so are able to handle a great variety of data-
types. Moreover, we consider spatial and temporal types at different granularities.
Temporal granularities include seconds, minutes, days with the usual meaning
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adopted in the Gregorian calendar, whereas, meters, kilometers, feet, yards, provinces
and countries are examples of spatial granularities. Different granularities provide
different partitions of their domains because of the diverse relationships that can exist
among granularities, depending on the inclusion and the overlapping of granules [9].

For example, in temporal granularity seconds is finer than minutes, and granularity
months is finer than years. Likewise, spatial granularity provinces is finer than re-
gions. Thematics are also considered for associating a semantic annotation to a given
value. For example, the annotation “very high” can be associated to the event
representing the degree (high) of temperature that is detected in a given area. Several
thematics can be identified depending on the context where the datum is acquired or
processed. Thematic can indeed be inferred by machine learning algorithms. Relying
on the concepts of temporal and spatial granularities, we present the concept of event,
that is a value associated with a spatial object at a given time according to given the-
matics. Therefore, an event is a value represented at a given spatio-temporal granular-
ity for which thematic information is added. Relying on the concept of event, we can
characterize an event stream that a source can produce. A source can be sensor (either
physical or virtual) or a service (for example by aggregating sensors/services
streams). As an example, let us consider a gym scenario where a trainer wishes to
monitor the physical conditions of her/his users in order to suggest better exercises.
These exercises need to be compliant to user’s biological parameters such as the
heartbeat variability or the weight and they need to be used on a fitness device such as
a treadmill according to a plan of execution (the time that the user has to run, speed
and inclination of the treadmill). The simple events, collected by these types of sen-
sors and devices, can be characterized by the time dimension (when the biological
parameters have been detected), the space dimension (where the biological parameters
have been detected: at home, into the gym, or where the treadmill is located). The
thematic of a simple event is the meaning associated to a value or a set of values. For
example, the event: “Tachycardia” can be related to a very high number of heartbeats.
Instead, the event: “Hard run” can be related to high inclination of the treadmill that
works fast. The outcome the trainer expects is a set of complex events that are the
actual exercises to provide to the users according to their physical conditions. In addi-
tion, these events have time dimension (when the exercise has to be executed) and
space dimension (where the exercise has to execute in case the gym has more than
one treadmill of different types). Moreover they have a thematic, which in this case is
a complex document representing the execution plan of the exercise and the related
user's physical condition (as a combination of heartbeat variability and weight).

4 End-User Development and Internet of Things

Shneiderman defined in [10] his concept of “old computing”, focused on what
computers can do for the user. On the other hand, today we deal with the “new
computing” concept that refers to people activity and what people can actively do by
using computers. Users of digital devices and interactive systems are increasingly
evolving from passive consumers of data and computer tools into active producers of
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information and software [11][12]. The potentials offered by network and connectibil-
ity of the objects do not only enrich the person’s personal sphere but also give the
chance of sharing data with other people like family members, friends, colleagues, or
others. In this scenario, end users find themselves at the center of a complex scenario
that they need to manage in efficient, effective, and satisfactory way. EUD represents
the ideal approach for empowering end users and make them becoming unwitting
developers in their own IoT environment [13][14][15]. As widely reported in the lite-
rature, EUD can be enabled by applying methods and techniques and by offering
specific tools that allow end users to develop solutions without having specific pro-
gramming skills and knowledge about programming languages. Specifically, the solu-
tions offered by EUD include tools for the customization of applications by parame-
ters setting, control of a complex device (like a home-based heating system), and even
scripting of interactive Web sites [16]. EUD allows users to configure, adapt, and
evolve their software by themselves [17] and such tailoring activities, together with
personalization, extension, and customization are defined in literature in different
ways, sometimes referring the same concepts and sometimes referring different ones
[18]. The target of EUD activities in the IoT context is not (only) the user interface
and the behavior of an interactive system, but embraces the whole IoT scenario of
sensors and devices. Therefore, we need to distinguish between those activities that
can be made at three different levels: hardware, software, and data. EUD activities on
hardware are those made on the devices via their bundled applications. They typically
are configuration, personalization, and customization by setting parameters and
choosing among existing behaviors. The activities on software target concern the
applications used for controlling more than one sensor/device (even of different
brands) and include tailoring by integration of existing and/or new functionalities,
macros, visual programming, and programming by examples. The EUD activities that
can be made on data can be resumed in aggregation, filtering, and porting. In what
follows, we will use the classifications presented so far for discussing the state of the
art of applications that can manage data originated by more than one sensor/device
and shared on Social Media, and that enable end users to unwittingly develop their
own IoT environment. In Section 6, we provide an overview of the current state of the
art in IoT applications/tools that offer EUD activities to their users and we relate them
with the new paradigm that we propose in this paper.

5 Event Management

In our STT data model, one of the most important EUD activity takes place during the
design of the most relevant and significant events that characterize a context of use.
For example in a gym, the trainers need to combine data coming from different
sensors and devices for properly defining the exercises. These EUD activities are
exploited for executing efficiently and effectively Event ETL operators over a
programmable network (e.g., filter by in-network data processing). So far, we have
developed three kinds of operators that are relevant in our context: conversion,
merging, and connecting operators. Conversion operators are used for changing the
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spatio-temporal-thematics granularity of an event stream. Merging operators are used
for making the union of events at the same spatio-temporal granularity in a single data
structure. Connecting operators are used to link a data source to another one by apply-
ing a SQL joint-like operator. In the rest of the section, we focus on the graphical
visual interface using which the domain expert, not necessarily expert in IoT technol-
ogies, can identify the sensors and apply the operators for converting, merging and
combining their data stream.

5.1 Visual Event ETL

ETL operations have been proposed in different contexts depending on the kinds of
data to handle (structured and semi-structured). In [2][3][19] there is a good treatment
at the conceptual level for feeding a DW. Moreover, in [20] there are approaches for
the semi-automatic generation of ETL operations depending on the user needs and
context of use. ETL operations are usually coupled with graphical visual data-flow for
helping the user in the identification of the original data sources, the application of the
operations for extracting, cleaning, transforming and combining their data. In our
case, the user is a domain expert that needs a visual interface for combining sensors,
and services that are used for generating a flow of significant events to be provided to
the final user. For example in a gym, a trainer possibly needs to integrate fitness de-
vices with personal data of her/his users and with other data streams coming from
personal sensors used for capturing biological parameters. Once the ETL specification
is completed, some strategies are proposed for the optimization of the dataflow and
for the efficient execution of the loading schedule. In the fitness case study, the events
might concern the user’s physical condition, which will be used for suggesting what
machine is better to use or which exercises. These approaches have been mainly de-
veloped for producing relational data to feed conventional DW system. In [21] an
approach is presented for feeding arbitrary target sources (either relational or based on
a NoSQL system). In our context, we designed a Web environment where the domain
expert can drag and drop different sensor data sources and visually apply on them a
set of operations. This application offers an engine and graphical environment for data
transformation and mashup. As depicted in Fig. 1 (section A), this mash-up consists
of a user interface that contextually displays icons of data sources or operations in
order to link, filter or merge data coming from different sensors. It relies on the idea
of providing a visual workflow generator for letting the domain experts to create ag-
gregation, filtering, and porting of data originated by sources. An advanced use of
such visual paradigm allows the domain experts to have an online generation of sam-
ple data coming from the data sources dragged-and-dropped on the canvas, or as re-
sult of the operations carried out on them (see Fig. 1 section B). By this strategy, in-
formation is gathered from the net and specific filters and operations can be triggered
on user requests. This is a very simple and easy to learn solution based on the defini-
tion of sources to use for collecting data and on the possibility to apply our operations
in a visual way. Future activities aim at developing machine-learning algorithms for
exploiting the possible operations that domain experts can apply to a set of data
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sources or for providing them useful predictions of what can happen by integrating
the selected data.
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Fig. 1. A screenshot of the user interface of the Visual Event ETL

6 End-User Empowerment for Controlling Events

Currently several tools in IoT context are applying the ECA paradigm for supporting
users in generating personalized actions according to a set of self-defined conditions.
Users can monitor through them specific events of their environment, and some ex-
amples are IFTTT (https://ifttt.com) and Atooma (http://www.atooma.com). By ana-
lyzing these services, we identified two main types of applications that differ in terms
of activities and interaction style. The first one allows users to define sets of desired
behaviors in response to specific events. This is made mainly through rules definition-
wizards that rely on the sensors/devices states. Rules can be typically chosen among
existing ones or can be tweaked through customization. These EUD activities put in
place a task automation layer across all sensors/devices in the IoT environment. Such
strategy is adopted by those applications that use automated rules-based engines like
Atooma and IFTTT- by using the programming statement IF this DO that, and by
Wewiredweb (https://wewiredweb.com/) with the statement WHEN trigger THEN
action. A more advanced use of these applications sees the involvement of recom-
mendation systems (RSs) as part of the [oT ecosystem. In these cases, EUD activities
are supported by the RSs that, relying on end user’s pattern of use of devices, can
suggest compelling examples of statements that the user can adapt to his needs.

A second type of applications stems from the outstanding work done with Yahoo's
Pipes (https://pipes.yahoo.com/pipes/). These solutions typically use formula lan-
guages and/or visual programming. Applications like Bipio (https://bip.io/) and DERI
pipes (http://pipes.deri.org/) offer engine and graphical environment for data
transformation and mashup. They are based on the idea of providing a visual pipeline
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generator for supporting the end user in creating aggregation, filtering, and porting of
data originated by sources. An advanced use of such visual paradigm is offered by
WebHooks (https://developer.github.com/webhooks/) that allows the end users to
even write their personal API for enabling connections with new sources of data. Both
propose EUD strategies, adoptable in the context of the IoT applications, for gather-
ing information from across the net and triggering specific actions when certain things
happen. The first type of applications offers a very simple and easy to learn solution
based on the definition of ad hoc rules that can notify the end users when something
happens — e.g. when their favorite sites are updated, when they check-in in some plac-
es or their friends do, or warn them when specific weather conditions are going to
take place. However, the adoption of the IF-THIS-THAN-THAT/WHEN-TRIGGER-
THEN-ACTION patterns is not enough to deal with more sophisticated rules based on
time, space, and fuzzy conditions. On the other hand, the second type of applications
offers a too complex solution for supporting the end user in expressing their prefe-
rences. Pretending that end users are able to deal with APIs of several sensors/devices
put at risk the success of the EUD approach. Another issue of the current proposals
regards the use of the social dimension in the most diffused applications, while time
and space dimensions are almost neglected.

To face these problems, in the next section we propose an extension of the IF-
THIS-THEN-THAT paradigm by presenting a sensor-based rule language able to
support the end user in defining rules in a more articulated way but keeping the com-
plexity at an acceptable and accessible level. This idea is to keep the simplicity of the
IF-THIS-THEN-THAT paradigm pairing it with the use of formula languages. More-
over, time and space dimension will be exploited and fuzzy conditions adopted for
expressing more loose rules in the statements.

6.1 A New EUD Paradigm and Language for IoT

In order to manage the great flow of events generated by the event-based DW systems
and the flow of data-streams provided by sensors it is necessary to devise an innova-
tive strategy for supporting the end user empowerment. To make the users feel like
they are in control, an ECA-based rule strategy can be a promising solution. Through
the definition of a set of conditions, users can enable the system to suggest some suit-
able actions according to their needs and context of use. The flow control determines
how the system will respond when certain conditions are in place and specific para-
meters are set. By apply this strategy, the end user needs to state a if condition (e.g.
the weather station says that it is going to rain in the next 12 hours) and an action (e.g.
tweet this news on the end user’s Twitter personal account using hashtags #weather
#rain). As described before, this solution is adopted in many applications for support-
ing end users in creating rules for their IoT environment. The IF-THIS-THEN-THAT
paradigm seems to work well when end users need to be warned or notified on a spe-
cific event, but uses a very simple language that has a quite low expressive power. By
exploiting the three dimensions defined for our STT Event Data Model, we propose a
new rule-base language able to give to end users the possibility of setting triggers that
do not depend just on one simple event but also on complex events. The introduction
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of the time dimension allows end users to set triggers that can be fired at some specif-
ic time, delayed in case of certain conditions are verified, and may be repeated until
some event happens. The space dimension gives end users the chance of linking trig-
gers to the place/area where they currently are, where they will possibly be in the
future, where they are moving into, or where some events are taking place. In [4][22]
there is a nearly unanimous agreement on an extension of “classical” trigger languag-
es by including time dimension.

The proposal in this field can be summarized as follows: (1) Rules should be trig-
gered by the occurrence of the dimension of events, (2) Enabling periodically re-
peated triggering of the same reaction, where the period is specified by an expression
returning a time duration. (3) Delaying reaction execution to some later point in time
relative to the triggering event of a rule. In [23] the authors propose a set of functio-
nalities to be implemented with triggers written in SQL:1999 standard that cover three
types of temporal categories — absolute, periodic, and relative event specifications —
and allow to base delay or periodic repetition on valid time or transaction time events,
respectively. According to this proposal of functionalities, we can provide users with
a new set of rules composition-strategies able to go beyond the simple use of an IF-
THIS-THEN-THAT statement. Up to now, rules can be triggered by call events only,
and reactions are always executed one time. We identified four types of rule:

1. Space Events: rules that need to be triggered if the data stream refers to a specific
geographical place/area. An example: IN “home place” IF “I do not enter in the
gym-room at least three times in a week, send me an alert”.

2. Time Events: Rules triggered on certain absolute time events are the most common
feature of time-triggers. An example: AT “summer time”, IF “my sleep-controller
detects that I did not sleep well last night” THEN “my activity tracker device
should suggest me to take a walk before going to bed”.

3. Delayed Reaction Execution: Reaction execution can be delayed by combining a
call event with a temporal offset. This offset is a time-valued attribute of the re-
lated environment, thus generating “relative events”. For instance, to check three
months after my last blood test if I need another test, a possible rule could be: AT
“The date of my last blood test + 3 months” IF “the person scale says that I lost
more than 10 kilograms” THEN “my smart watch should show a message suggest-
ing to book a medical exam”.

4. Repeated Reaction Execution: Repeating execution of a particular action regularly
after a fixed period has passed. In this case the keyword EVERY could be com-
bined with an expression of type PERIOD, e.g. EVERY MONTH, or EVERY 3
HOURS, or with even more sophisticated specifications, such as EVERY
MONDAY, EVERY 2nd MONDAY IN A MONTH, or EVERYDAY EXCEPT
SATURDAY.

The EUD paradigm we propose in this paper aims supporting the end user in compos-
ing such space/time-based rules for extending the well-established but not powerful
IF-THIS-THEN-THAT paradigm. Our Sensor-based Rule Language follows syntax
and semantics of a Policy Rule Language was proposed in [25], and is based on the
ECA paradigm. Our language allows the specification of rules stating policies for



86 S. Valtolina et al.

triggering actions (one or a set). The general format of a rule is the following (square
brackets denote optional components):

RuleName: “MY RULE”
ON SOURCE[s]
[WHENEVER “Condition”]
Action: “Some Actions”
[VALIDITY: Validity Place-Intervall]

A rule consists of several components. The RuleName component represents the
rule identifier. Users can retrieve rules by means of such identifier for visualizing,
sharing, dropping, or modifying them. SOURCE [s] represents the source or set of
source upon which data the rule is triggered. In our case the user can take data from a
sensor for example a thermometer, a service for example the weather forecast service
or an event-based DW system. The last source provides users with the possibility to
take into account complex events generated by domain experts in specific context of
use as for example in the fitness case study previously described or in other contexts
such as traffic control or healthcare or emergency situations.

Each source exposes a set of data or events, which can be used for expressing the
conditions. Condition is an optional conditional expression. Action is an expres-
sion that states what happens when the condition is verified. validity_ Place-
Interval is a special spatial and/or temporal condition also expressed by means of
the condition language we developed, representing the space and time period during
which the rule is enabled. For example, if the interval [EVERYDAY EXCEPT
SATURDAY] is specified we know that a rule is enabled every day of the week but
not on Saturday. However, if Validity_Place-Interval is not specified, we
know that the rule is always enabled. By means of Validity_Place-Interval
it is possible to state that certain rules are not always enabled; rather, they are enabled
only if an event happens in a specific place or during specific temporal intervals. Such
a feature is not provided by conventional apps for IoT. A possible rule generated in
the fitness case study might be:

RuleName: “Next week exercises”
ON GYM Event-Base DW AND Thermometer AND Weather forecast
service
WHENEVER “the suggested exercises concern the use of a
treadmill” AND “the temperature is not more than 30 de-
gree” AND “the weather is forecasted good”
Action: “suggest me to run outside into the park”
VALIDITY: IN “Milan” and AT “June-August”

In case the user involves event-based DW systems in the definition of the rule, she/he
has the possibility to trigger more complex actions according to the parameters of the
events provided by the DW. For example if the trainer describes the exercise with an
indication of the rate of difficulty the user can create a new rule for asking for a simpler
exercise in case the sleep controller detects that last night she/he slept few hours.
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Fig. 2. Example to illustrate hours of sleep distribution.

Another extension of the IF-THIS-THEN-THAT paradigm is to provide end users
with a more flexible way for expressing the condition statement by incorporating
fuzziness into the condition on which the events need to be triggered. This extension
focuses on the linguistic values of the fuzzy condition [25], in which the fuzziness
concerning the linguistic concepts is interpreted in an application context. A linguistic
variable is represented by a quintuple of <v,T,X,g,m> where v is name of the linguis-
tic variable, T is set of linguistic terms applicable to variable v, X is the universal set
of values, g is the grammar for generating the linguistic term, m is the semantic rule
that assigns to each term teT, a fuzzy set on X. To illustrate our approach, we use as
example a sleep monitor. Let represent a linguistic variable with a graphical distribu-
tion based on four parameters as depicted in Figure 3. Very_Low for hours of sleep is
represented using trapezoidal function as Very_Low (2 hours, 3 hours, 4 hours, and 6
hours). Current IoT applications use simple statements such as “Hours of sleep <= 3
hours” to indicate when the value is very low. Using our language, users can use the
statement “Quantity = $Very_Low”: a set of values are related to “$Very_Low” in
this comparison, rather than one single value. Fulfillment threshold is allowed to spe-
cify the condition with a degree value in the range of [0, 1]. For example, in Figure 3,
we used 0.75 as the threshold to indicate that the value of hours of sleep is very low
with the degree of 0.75. As a result, a value in the range [2.75, 4.5] indicates that “the
number of hours of sleep is very high with a threshold of 0.75”. By using our Rule
Language the user can express a fuzzy condition is this way:

RuleName: “Quality of sleep Monitor”
ON sleep-controller AND Thermometer

WHENEVER “the number of hours of sleep is S$Very_ Low”
AND “the temperature is not S$SVery_ High”
Action: “The activity tracking device suggests me to take
a walk before going to sleep”



88 S. Valtolina et al.

7 Conclusion and Future Steps

In the paper, we presented the architecture of a web environment for gathering, com-
puting, and diffusing data originated and streamed by physical and social sensors. The
architecture is based on event data model designed for an approach that focuses on
space, time and themes. After presenting strategies of End-User Development in the
IoT context, aimed at giving the end users more freedom and power to assemble dif-
ferent data sources/sensors in an ad-hoc and personalized solution, we proposed a
EUD paradigm and related language that is currently under development in an IoT
application for wellness domain. In order to manage the overload of information
coming from different sensors and event-based DW systems and to mitigate the over-
flow of activities that the user has to perform for taking all under control, future stu-
dies aim at investigating a solution for predicting ECA rules according to the user’s
behavior and practices. In a unware way the user will have the possibility to experi-
ment new rules predicted by an intelligent system by applying a serendipity-based
strategy. The suggestion can be formulated by taking into account the user’s profile
and recurring activities carried out by using the combination of sensors and event-
based DW systems. Moreover, a rating process of the suggestions provided to the user
will enable an effective human control over the intelligent algorithm for improving
the set of recommendations. This because by relying only on automatic suggestions
may not be entirely appreciated by the user, which risks to get frustrated in using the
recommendation system whenever the recommendations prove to be wrong for
her/him. To solve this problem, the main challenges that we have to face are: (i) The
need of a recommendation model and, as a consequence, of a recommendation policy
understandable by the user; (ii) The need to define how the user can be part of the
recommendation process; (iii) The need to exploit the social relationships between
users. User-centered recommendations can be enriched in considering social networks
where each user will certainly appreciate receiving recommendations from those con-
sidered “closest” to her/him; (iv) The need to take into account the uncertainty of both
the ratings/suggestions proposed by the social networks members. In fact, judgments
collected from a plethora of users with different habits and cultures may produce con-
tradictions, which in turn result in rules having a high degree of ambiguity. This calls
for a granular interpretation of the information provided by such crisp attributes, for
instance in terms of fuzzy sets, rough and interval sets, and so on.

In conclusion, the definition of an innovative system able to balance the human and
the machine empowerment by adopting a programming by practices paradigm will
allow us the unprecedented possibility to assist users or groups of users in completing
their daily tasks in an unaware way.
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