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Executive Summary 

The present deliverable, D11 “Data Analysis, Gamification and personalized recommendation mechanisms” 

defines the framework for the data analytics, the recommendation mechanisms and the gamification 

applications of the PERSEPHONE project. 

The cornerstone of the PERSEPHONE project shall be the analytical processes that will exploit the data 

received by the sensors installed in the demo building and the mobile crowd sensing approach that will be 

followed during the project. The data analysis will encapsulate context-aware profiling mechanisms, which 

will engage the visual comfort, thermal comfort and energy usage profiles of the users that will participate in 

the demo building activities. The results of the data analysis will be presented through energy usage 

dashboards, which will employ various visualization schemes in order to depict in a meaningful way the 

necessary information to the users. 

Towards the energy consumption behavioural change of the users, the PERSEPHONE project will introduce 

the appropriate recommendation mechanisms that shall comprise the recommendation engine of the 

PERSEPHONE system. The recommenders will consume the results of the data analysis in order to produce 

relevant notifications to the users that will lead them in significant energy consumption savings and 

behavioural change through tips and hints regarding the use of energy-powered devices inside the demo 

building. The reactions of the users to the recommendations of PERSEPHONE system will be used back from 

the analytical processes in order to further refine the recommendation engine and decide the energy profile 

of the users. 

Complementarily to the recommendation framework, the gamification applications that will be developed 

during the PERSEPHONE project will enable the smoother interaction of the users with the energy 

consumption patterns and help them realize how the conformance with the recommended actions will lead 

to energy savings, which subsequently have both economic and ecological impact to the society. The different 

gamification techniques will be leveraged so that the users become more interested in the project and 

maintain beneficial energy consumption behaviours. 
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1. Introduction  

1.1 Purpose of the document 

The PERSEPHONE Deliverable D11 “Data analysis, Gamification and personalized recommendation 

mechanisms” is produced in the context of WP3 “Requirements and Architecture Conceptualization” and in 

particular Task 3.3 “Data Analysis and Personalized Recommendations” and Task 3.4 “Gamification 

Techniques”. The purpose of this deliverable is to describe the environmental-friendly lifestyle recommenders 

and the gamification framework that will be developed within these tasks and also describe the mechanisms 

designed for recognizing specific patterns in energy consumption of buildings as well as the set of analytics 

algorithms supported for the extraction of advanced knowledge for end users. 

1.2 Structure of the Document 

The deliverable D11 is structured as follows:  

➢ Section 1 defines the purpose of this document as well as its structure. 

➢ Section 2 describes the data analysis framework of the project. 

➢ Section 3 presents the recommendation mechanisms of the project. 

➢ Section 4 contains the gamification approaches that will be exploited during the project. 

➢ Section 5 describes the conclusions of the deliverable. 

➢ Section 6 lists the references of this deliverable. 
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2. Data Analysis Framework 

In this chapter, the mechanisms for identifying and analysing patterns of energy use in the different parts of 

the buildings by processing the available information from the sensor nodes as well as the MCS mechanisms 

are identified. The energy consumption of buildings will be modelled, providing performance-based models 

and metrics about the energy efficiency of the buildings. Based on monitoring of the energy consumption 

parameters, patterns recognition techniques will be designed for identifying the most energy-consuming 

factors. The tools that will be designed and developed targeting at the provision of data analytics services are 

presented. The provided analytics will be based on the data collection realised from the PERSEPHONE data 

fusion mechanisms and the mapping of information based on the semantic model presented in deliverable 

D10. 

Within the PERSEPHONE platform, a set of big data mining and analysis techniques will be exploited towards 

the extraction of energy and behavioural analytics. Insights provided with regards to the energy usage in smart 

buildings, as well as the behavioural characteristics of the occupants, may lead on one hand on increase of 

their energy awareness and on the other hand on targeted recommendations for reducing energy 

consumption. The supported set of analytics processes concerns descriptive, predictive, classification, 

clustering, and prescriptive analytics, which are presented in more detail below. 

Type of analytics Description 

Descriptive Provide summary information regarding the energy usage, as well as other 

environmental or behavioural attributes. Ambient information (indoor 

temperature, humidity, luminance) is taken into account in order to 

perform the necessary profiling analysis of occupants. 

Predictive Provide estimates for usage of energy the upcoming period, as well as 

examining the relationship among energy consumption and set of 

parameters, such as average temperature, heating or cooling degree days, 

day of the week, etc. The considered algorithms include linear regression, 

multiple linear regression, support vector regression, and principal 

component analysis. 

Classification Applied for identifying or classifying collective behaviours among the 

involved users. Based on the identification of groups, targeted 

interventions will be planned, while the produced groups will be also 

considered as input towards a group-aware forecasting analysis. The 

considered algorithms include artificial neural networks, Bayesian 

regularized neural networks, random forest, k-means, density-based 

spatial clustering, and hierarchical clustering. 

Clustering 

Prescriptive Applied for combining analytics results with automation solutions 

considering the interplay among energy efficiency and comfort level of 

occupants.  
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Upon the realization of an analysis, the produced results will be made available through a set of URLs providing 

access to the set of results, as defined in the output parameters of the analysis template. It should be noted 

that analysis results are also semantically mapped to the PERSEPHONE semantic models. The overall 

implementation facilitates the incremental addition of further analysis mechanisms, making PERSEPHONE 

analytic framework scalable and easily enrichable depending on the analytic needs of the future customer. 

The extendibility of the PERSEPHONE analytic framework is totally compatible with the market-oriented 

nature of PERSEPHONE project. 

2.1 Energy Modelling 

In order to conduct proper analytics based on the data gathered within the PERSEPHONE framework, an 

energy model is important that will connect the basic entities of the system and define the relations among 

the different datasets. A high-level energy model is presented below: 

 

Figure 1: PERSEPHONE Energy Model 

The PERSEPHONE Energy Model connects the major entities that are involved in the project from the energy 

point of view. The building that constitutes the demonstrator of the project contains zones and spaces. In 

each space, different sensors and devices, such as HVAC devices, lights, etc. are installed. Furthermore, 

comfort profiles (visual and thermal) are connected to a space. Also, different occupants interact with each 

space and its devices and receive recommendations. The corresponding KPIs and metrics are envisaged. 
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Regarding the metrics of devices, these are: a) the operation mode (e.g. cooling/ heating of a HVAC), b) the 

setpoint (e.g. the desired temperature that an occupant sets on a HVAC), c) the energy consumption of the 

device and d) the status of the device (i.e. on/ off). 

The respective KPIs of the “Space” entity are presented in chapter 3.3 of the deliverable. 

2.2 Context-aware profiling mechanism 

The term context-aware is used within the scope of PERSEPHONE to describe a mechanism that acts based on 

information about the user’s habits and preferences, referred to as “context”. The context-aware profiling 

mechanism refers to the internal core service developed in order to generate personalized user profiles based 

on which the recommendation and gamification mechanisms will operate in a user-oriented manner. 

The behavioural change framework developed within the project relies on sensors installed in the building 

along with the mobile crowd sensing approach for the collection of environmental, occupancy, consumption 

and operational raw data from the end-user premises. It is worth mentioning that the MCS architecture 

developed within PERSEPHONE is based on the functional requirements determined for the needs of the 

behavioural change framework. However, a distinction should be made between the collected data and the 

aforementioned context information. The raw data in the project can provide context information by being 

processed and correlated with specific events following a stochastic modelling approach. The extraction of 

user preferences concerning indoor environmental conditions and energy usage patterns can be eventually 

considered as the basis of the context-aware profiling mechanism described below. 

The three profile types generated for the needs of PERSEPHONE internal core services are the visual comfort, 

the thermal comfort and the energy usage profiles. The two first types characterise the subjective sense of 

comfort expressed by an individual through his/her interaction with the available lighting and HVAC system, 

or lack thereof. The third type refers to the energy-related behavioural profile of the users based on the 

detection of usage of specific loads in a specific building. 

2.2.1 Visual comfort profiling 

The term visual comfort generally refers to situations where the lighting conditions in a room are considered 

acceptable by the user and it takes into account luminance levels and glare metrics. Within PERSEPHONE 

visual comfort focuses on the situations where the light availability in an occupied room is adequate for the 

performed tasks.  

The developed visual comfort profiles aim at expressing the visual comfort or discomfort as it is perceived by 

a user. The models are based on the measured luminance and the registered user actions. The visual comfort 

profiling mechanism dynamically updates the generated model in order to better capture the user behavioral 

profiles which act as a point of reference for the PERSEPHONE system and tunes the visual comfort boundaries 

in real-time. 
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The parameters on which the profiling mechanism defines the visual comfort profiles are: the occupancy 

status, the luminance measured by the installed sensors in the zone, and the control action of the users to 

adjust the lights in the zone. 

The Visual Comfort Model 

The raw data collected from the user premises can provide contextual information after being correlated with 

specific events in a logical and time related manner. A Bayesian algorithm performs this correlation and builds 

the dynamic user profile based on comfort and discomfort probabilities. The generalized formalism is: 

p(𝐷𝑖𝑠𝑐|𝐸𝑛𝑣𝑖𝑟) =  
𝑤 ∙ p (𝐸𝑛𝑣𝑖𝑟|𝐷𝑖𝑠𝑐)

𝑤 ∙ p(𝐸𝑛𝑣𝑖𝑟|𝐷𝑖𝑠𝑐) + (1 − 𝑤) ∙ 𝑤 ∙ p(𝐸𝑛𝑣𝑖𝑟|𝐶𝑜𝑚𝑓)
 

Where: w represents the weight factor, p(Disc|Envir) is the discomfort probability (Disc) given the current 

luminance level  in the room (Envir), and p(Envir|Comf) is the probability of a luminance state (Envir) given 

the comfort level (Comf) as indicated by the user implicitly or explicitly.  

The weight factor w in the probability function is applied to balance the contribution of implicit and explicit 

information and is dynamically adjusted. It must be noted that the implicit information of the user preferences 

cannot be directly measured and is more difficult to interpret. Therefore, it is generally assigned less weight 

than the explicit information which corresponds to the situations where the user feels discomfort.  This tends 

to balance with the level of training of the model. The term implicit indication addresses the user comfort 

situations and is inferred by the lack of action under the assumption that if the user does not react under the 

current luminance levels, the lighting conditions are considered comfortable. This information also provides 

an insight to the user’s tolerance to luminance variations. The term explicit indication addresses the 

discomfort situations which require a user action to re-adjust the luminance levels in his/her premises. An 

example of these indications in presented in Figure 2. From these actions two conclusions can be inferred: 

that the situation before the user action was considered uncomfortable and that the situation afterwards 

indicates the conditions that the user considers to be comfortable.   
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Figure 2: Implicit (blue line) and explicit (green line) visual comfort. Implicit means that the user has taken no action. The red 
circles denote specific actions taken. 

In general, the previous formula can be interpreted as the probability of the occupant feeling uncomfortable 

in a given luminance level, knowing the probabilities of the lighting conditions where s/he feels 

(un)comfortable. These probabilities are calculated on-the-fly based on the luminance levels at the user 

premises correlated with actions taken by the user in order to re-adjust the lighting conditions. The generation 

of quantifiable comfort and discomfort profiles enables the specification of concrete boundaries used for 

driving the recommendation mechanisms. 

The visual comfort profiling mechanism utilizes clustering techniques on luminance data collected at the user 

premises to identify the illuminance levels on which user actions are triggered to infer comfort boundaries 

and extract two core indicators. These indicators are the weighted comfort indicator and the weighted 

discomfort indicator which reflect the level of comfort and discomfort induced to the users by different 

luminance levels. The calculation of the two indicators is based on a Hidden Semi-Markov Model (HSMM), a 

stochastic process that estimates the probability of the user’s comfort and discomfort depending on the 

duration s/he remains under specific conditions without taking actions to adjust it. The probability of changing 

between comfort and discomfort state depends on the current state duration and the observed state 

transition when the user interacts with the lighting system. By combining all separate probabilities, the 

algorithm determines the final calculated comfort and discomfort indicators as a function of the luminance 

level and time. An example of the discomfort probability function generated using a HSMM is presented in 

Figure 3. 
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Figure 3: Visual discomfort probability function 

2.2.2 Thermal Comfort Profiling 

Throughout the existing literature thermal comfort has been widely studied and correlated with a number of 

physiological and personal parameters, such as psychological and behavioural factors. Many of the proposed 

models are based on the collection of personal information and they do not always account for the dynamic 

changes in the environmental conditions. 

The thermal comfort profiling mechanism of PERSEPHONE aims at reducing the necessary amount of input 

data and heuristics and at expressing the user thermal preferences under varying temperature and humidity 

conditions. The extraction of the thermal comfort profiles is based on temperature and humidity information 

and occupancy status collected at the user premises, as well as on events related to the user’s interactions 

with the HVAC system under specific conditions. 

The profiling engine uses a Bayesian algorithm to generate the thermal comfort model and estimate the 

probability of a user feeling comfort under given temperature and humidity conditions. In particular, for given 

environmental conditions and occupancy status, a control action performed by the user is considered to be 

an indication of discomfort, implicitly indicating the desirable thermal conditions after the user adjustments. 

On the other hand, the lack of action is considered as an indicator of thermal comfort. Based on this data, the 

Bayesian algorithm can calculate the posterior probabilities of user comfort to constitute the thermal comfort 

profiles. The Bayesian thermal comfort model used can be more generally expressed as:  

𝑦𝑡ℎ=𝑝(𝑌𝑡ℎ=0|𝑥𝑡,𝑥ℎ=𝑘𝑝(𝑌𝑡ℎ=0)𝑝(𝑥𝑡⋁𝑌𝑡ℎ=0)𝑝(𝑥ℎ⋁𝑌𝑡ℎ=0)) 

where: 𝑦𝑡ℎ is the probability of the user satisfaction with the thermal conditions for 𝑌𝑡ℎ∈{0,1} being 0, and 

𝑥𝑡 and 𝑥ℎ represent the temperature and humidity inputs respectively. The conditional probabilities 
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𝑝(𝑥𝑡∨𝑌𝑡ℎ=0) and 𝑝(𝑥ℎ∨𝑌𝑡ℎ=0) are extracted using Kernel density estimation. A conceptual figure of an 

example of the thermal comfort and discomfort profiles is presented below in Figure 4, where the vertical 

lines are marking the temperature boundaries of the thermal comfort zone. It must be noted that the 

thermal comfort profiles are also dynamically updated throughout time like in the case of visual comfort 

profiles. 

 

Figure 4 Thermal comfort and discomfort probability functions 

2.2.3 Energy Usage Profiling 

Within the PERSEPHONE framework, the term energy usage profiling refers to the energy usage behaviour of 

the end-users. The energy usage profiling mechanism aims at generating energy usage profiles based on 

occupancy profiles and use of independent loads within a specific building. The energy usage profiles are 

introduced to the recommendation engine and to the data analytics in order to offer an insight to the daily 

energy usage patterns of the end-users. In this way, energy intensive behaviours are revealed and more 

sustainable energy-related lifestyles can be promoted. 

The generation of energy usage profiles requires multiple parameters including current and historical raw data 

collected at the user premises, as well as occupancy status information. Additionally, by generating occupancy 

profiles short-term forecasts about the energy usage of the user can be made. It must be noted at this point 

that occupancy within the energy usage profiling context refers to the entire building and not independent 

zones. 

To extract the occupancy profiles, a Markov chain model is used where occupancy changes probabilistically at 

discrete timesteps. The system used has only two states since the site can either be occupied or not. The state 

in the following step is selected based on the current known state and the probabilities of the corresponding 

transition matrix. The probabilities of the transition matrix are calculated based on historical observations of 

occupancy and are expressed through the following formula: 𝑝𝑖,𝑗= 𝑛𝑖,𝑗Σ𝑛𝑗,𝑘𝑚𝑘=1 
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Where: 𝑝𝑖,𝑗 is the probability of moving from state i to state j, 𝑛𝑖,𝑗 is the number of times that the specific 

transition has been observed in the available historical data and m is the total number of states. 

By combining the occupancy profiles with the available energy consumption information and applying 

clustering techniques, specific energy usage behaviours can be identified. By detecting the regularly occurring 

patterns of behaviours, the energy usage profiles are generated. 

2.3 Energy Usage Dashboards 

These are the supportive user interfaces to complement visualization of energy and context related 

information. The focus of these apps is to enhance the establishment of the behavioural framework as a core 

aspect of the PERSEPHONE project. The Energy Usage Dashboard will enable analytical functions, such as: 

• Ranking energy-related behaviours based on deviation from peer related metrics to revealing the 

ones with the greatest energy savings potential 

• Drilling into specific behaviours at variable spatiotemporal granularity for further insights on energy-

related specificities of the behaviour energy performance 

• Providing actionable normative feedback from comparison with behaviour-specific peer champions.  

2.4 Ambient & Behavioural UIs Specifications 

The scope of this section is to specify the details for information visualization. The list of functionalities is 

extracted by taking into account the high-level objectives for the Energy Usage Dashboard.  

The specifications for the Energy Usage Dashboard are listed below: 

- Energy Consumption/ Energy Cost/CO2 Emissions per behaviour 

- Energy Consumption/ Energy Cost/CO2 Emissions per device type (absolute/normalized) (per behaviour) 

- Energy Consumption (per behaviour) vs. similar peers (normalized) 

- Comfort Conditions (thermal/visual) 

- User Settings definition 

2.5 Visualization component KPIs 

A list of KPIs has been selected as input parameters for the visualization component of PERSEPHONE 

framework and is presented in the following table. 

KPI Category Description 

Energy Consumption Energy 
Energy consumption associated with a 

behaviour/device type: real time/ timeseries 
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CO2 Emissions Energy 
CO2 emissions associated with a behaviour/device 

type: real time/ timeseries 

Energy Cost Energy 
Energy Cost associated with a behaviour: real time/ 

timeseries 

Thermal/Visual Comfort Level Environmental 
Thermal/Visual comfort preference boundaries 

associated with a behaviour: real time/ timeseries 

Table 1 List of KPIs for visualizations 

2.6 Ambient User Interfaces 

The different views of the Energy Usage Dashboard are presented, targeting at providing end users with 

valuable information regarding their energy behaviour. 

Individual Reports: Detailed information about asset/ zone level performance for a period of time. Interactive 

tool for the users to drill into the details of the analysis. 

• Energy consumption/CO2 emissions etc. (absolute/ normalized) per behaviour 

• Information about overall performance of each asset (per behaviour) is available for visualization →  

Comparison with Past performance 

Peer Comparison: Same as above with the focus on peer comparison: analysis of each asset performance 

taking into account the definition of clusters and further extraction of related metrics for the different cluster 

groups.  

 

Figure 5: Activity Dashboard- Peers Comparison example 
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Historical Analytics: Timeseries presentation of the key metrics per user/behaviour in order to get insights for 

previous history. The user is able to select a long/short period for the analysis. Drilling into details per 

behaviour/device type is also available for visualization. 

 

Figure 6: Activity Dashboard- Timeseries Overview example 

Notifications: Once the recommendation engine is triggering an event, this message information is available 

through the energy usage dashboard view of the system. The overview of messages is available for 

visualization. 

User Settings: The end user is able to set individual goals and objectives. 

2.7 Ambient UIs Technical Specifications  

The development and deployment view for the respective Ambient User Interfaces is reported in this section. 

A Postgres DB is considered for the semantic representation of the different attributes as defined in the 

project. An InfluxDB database is adopted for time-series/events data storage (mainly for persistency reasons) 

The overall development as a Python app (using Django framework) enables integration with different 

analytics libraries towards the incorporation of logic in the application process. By taking into account the 

requirement for enriched visualization, the web app is delivered as a Vue.js application, incorporating Charts.js 

and Apexcharts.js for visualization components and Vuetify.js to ensure the responsiveness of the application 

to the different visualization means. 

What related to the deployment of the app, the backend functionality is deployed as a container app 

(dockerized) enabling us to scale up and replicate the application. Each application image contains the 

minimum of software required for the deployment.  Moreover, the deployment of each behavioural app as a 

separate container enhances the modularity and flexibility of the deployment.   
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3. Recommendation Framework 

The purpose of recommender systems is to handle the information overload in online systems by suggesting 

a set of items that possibly are of interest to the user. To predict useful items for the users, a recommender 

system can be implemented in different ways, all with the purpose of estimating the utility of some items. The 

estimation of not-yet-rated items can be done using different methods. Usually, recommender systems are 

classified according to their approach in estimating the ratings. The recommender systems can be classified 

in the following categories: 

- Content-based filtering: the system tries to recommend items that are similar to the ones a user liked in 

the past. The features of the positively rated items can be extracted and compared with those of a new 

item. If there is a high similarity, it can be inferred that the user will like it. 

- Collaborative filtering: the system analyses the users' behaviours. To make recommendations to a target 

user, the nearest neighbours - that are users with similar preferences - are searched and items they have 

liked are recommended. In principle, there exist two techniques regarding how collaborative filtering can 

be applied [1]: model-based approach which derives a model from the past ratings by using different data 

mining and machine learning techniques and, memory-based or heuristic-based algorithms that usually 

try to compare the past ratings of a user with the entire data collection to find the k-nearest neighbours. 

- Hybrid systems: these systems usually combine content-based and collaborative recommendation 

techniques. According to [2] there are several ways in which hybridization can be achieved either by 

switching, mixing or weighting several recommenders.  

 

In PERSEPHONE we will exploit the advances in using Semantic Web techniques, Big Data Analytics and rules-

based management systems for providing recommendations. PERSEPHONE aims to create a novel and 

scalable rules-based management system to support the task of recommendation targeting at behavioural 

change of users towards an environmental-friendly, energy efficient attitude. It will put together various 

methods and techniques for scalable data storage, processing, analysis and generation of user models in order 

to derive useful recommendations. The rules-based management system is going to be fed by data coming 

from heterogeneous data sources, while it will also provide a user-friendly interface for declaring and 

managing rules. 

The PERSEPHONE recommendation engine will be responsible for providing context-aware and 

personalized recommendations taking into account the occupants’ behavioural profiles. It will be 

implemented based on a rules-based management system. A rule will consist of a condition element and a 

recommendation template in the action part, which connects a context change with specific target user group 

criteria. When a rule is fired due to a context change (e.g., when average CO2 measurement within an hour 

exceeds the defined threshold), the recommendation engine selects the set of target users based on the 

defined user attribute filters (e.g. users that are classified as highly responsive at the proposed actions through 

the personalized recommendations, users that satisfy specific behavioural criteria) and creates a personalized 

recommendation for each of them by using the defined recommendation template. Following this, the set of 

recommendations will be published in a publish/subscribe framework and made available for consumption by 

the set of personalized applications and serious games. 



                 D11 – Data analysis, Gamification and personalized recommendation mechanisms 

 

19 
 

A produced recommendation will contain the target user, the related content, the measurement attributes 

that are involved in the creation of the recommendation, the possible reward for the completion of the 

recommendation, as well as the validation method for it. The rewards are registered to a user upon the 

completion and validation of a recommendation, which differs per type of recommendation. For instance, an 

action may be validated by checking the status of the sensors on the involved building objects (e.g. a window), 

while the validation of a quiz is done inherently by answering all the questions. 

3.1 Behavioural Based Recommendation Engine Overview 

By taking into account the list of functionalities to be offered to the PERSEPHONE end-users, a notification 

engine should be established towards triggering best fitted recommendations as extracted from the analysis 

of contextual conditions in the platform. This is a business application standing on top of the internal core 

services layer to exploit KPI values for extracting the associated multi-modal reinforcements and alerts to be 

further visualized through the end user applications. 

Continuous data streams from the pilot site sensors will feed the PERSEPHONE system which will 

automatically detect behaviour outliers and behavioural aspects that may potentially lead to increased energy 

consumption as input parameters to mobilize respective feedback, triggering and alerting mechanisms 

towards revealing unsustainable behaviours and refreezing energy saving ones.  

The recommendation engine should be enhanced with suitable calculation algorithms (descriptive, predictive, 

classification, clustering, and prescriptive analytics [3][4]) to enable timely, context-aware, quantified, 

meaningful, accurate and personalized feedback provision for the reduction of energy consumption. More 

specifically, the features of the behavioural change approach (via a tailor-made and personalized 

recommendation engine) should include: 

• Ambient: information will be conveyed through various communication channels. 

• Timely and Context-Aware: triggers and meaningful feedback for timely need-to-act will be offered 

close to relevant events and necessary actions, taking into account real-time conditions like 

operational/energy device state, environmental conditions from sensors (temperature, luminance & 

humidity) and sensors available 

• Non-intrusive: feedback modality, frequency and context will be configurable to ensure discreteness  

• Personalized: feedback will be customised to occupant characteristics and relevant energy 

behaviours, comfort preferences and contextual requirements (behavioural type, ambient 

requirements, etc.).  

• Engaging and Rewarding: leveraging both intrinsic and extrinsic human motivators. Energy Usage 

Dashboards and Notifications will employ intrinsic and extrinsic user-engagement techniques 

spanning from intuitive, user friendly visualizations and social/group dynamics to a richer “remote 

control and automation feature set” and from dynamic real-time performance rating to certification 

in order to ensure maximum and most importantly continuous interaction and consumer 

engagement. 
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Taking into account the high-level principles for the recommendation engine, the role of the notifications 

mechanism is twofold:  

- To identify behavioural outliers that increase energy consumption as a means to trigger personalized 

tips and hints on how to improve users’ energy behaviour: real-time messages 

- To further support engagement of consumers and their involvement in the PERSEPHONE Energy 

Behaviour Change approach, by exploiting real-time energy data and analytics on energy consumption 

to provide multi-modal reinforcements and alerts (either to encourage the repetition of positively 

performing behaviours or to prevent evolving behaviours of increasing energy consumption): 

sustainable framework for message recommendations 

3.2 Recommendations Engine Architecture 

The specific information flows associated with the operation of the Behavioural Based Recommendations 

component are presented: 

1. Once the user is approving the notifications settings functionality, the Behaviour Improvement 

Recommender retrieves relevant KPI information. 

2. In addition, KPI information is the input parameter towards extracting best fitted and accurate 

recommendations for end users. 

3. The Behaviour Improvement Recommender returns the real-time processed information to the users as 

recommendations/ notifications. 

Some notes about the two interlinked layers that comprise the application layer of the Recommendation 

Engine module: 

- Near real time hints and tips on the basis of increased energy consumption determination analysis. 

Notifications generation taking into account real time (outliers and abnormal values) values in 

premises 

- Recommendations on the basis of an injunctive feedback mechanism to ensure the engagement of 

consumers in the PERSEPHONE Energy Behaviour Change approach 

3.3 Recommendation Engine KPIs 

A list of KPIs has been selected as input parameters for the recommendation’s decision-making process and 

are presented in the following table: 

KPI Category Description 

Energy Consumption Energy Energy consumption associated with a behaviour 
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CO2 Emissions Energy CO2 emissions associated with a behaviour  

Energy Cost Energy Energy cost associated with a behaviour: 

Energy Savings Energy 
Energy consumption savings associated with a 

behaviour  

Temperature Comfort Level  Environmental Thermal comfort preference boundaries 

Visual Comfort Level Environmental Visual comfort preference boundaries 

Level of participation  Behavioural  
Changes in participants’ consumption habits, users’ 

willingness to get involved 

Level of triggering Behavioural Frequency of events triggered to the users 

Table 2 List of KPIs –Recommendation Engine 

It is evident that the role of this KPI framework is twofold; to set a) the metric values and b) the constraints/ 

boundaries for the recommendation’s process/ analysis. 

3.4 Recommendation Engine Model Framework 

This is the anchor point of the application towards the detailed definition of the different methods that 

comprise the core application. The different layers of the recommendation engine are defined. 

Starting with the internal data model definition, we incorporate in the overall analysis the KPI values required 

for further analysis. Then, static model parameters are defined towards the incorporation of the behavioural 

change framework principles in the triggering framework. The main principles of the analytics process as 

incorporated in the PERSEPHONE framework are presented in the following model.  

A simplified model approach is adopted for triggering (near) real time messages/tips. A more complicated 

approach is incorporated in the overall framework to address the different dynamics of the Energy 

Consumption Behaviour framework. 

3.4.1 Simplified approach 

Α simplified message-based/alerts approach should be incorporated in the PERSEPHONE framework in case 

of significant outliers’ detection (hints and tips on the base of increasing energy consumption determination 

analysis, device abnormal conditions).  

The different model parameters for this view of the system are presented: 
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- Energy Consumption KPI per device type/behaviour/building room 

- Comfort Deviation KPI per building room 

Once a significant outlier in user performance is detected (considering the contextual conditions in premises), 

an alert message is triggered (a-posteriori) to notify end users about the excess on internal conditions. The 

process flow for this analytics process is presented: 

- Outliers detected from the respective component pushed to the recommendation’s engine  

- Rule based analytics taking into account 

o The type and severity of the outliers’ value 

o The history of messages (of the same type) already delivered to the user. 

The scope of the notification framework is to minimize/eliminate abnormal behaviours in user behaviour. This 

type of notification will serve as the mechanism for triggering technology-based (non-behaviour related) 

notifications.  

3.4.2 Complex Energy Consumption Behaviour-based approach 

Complementarily to the sample notifications process as specified above, we incorporate in the proposed 

engine the more enhanced principles of the behavioural triggering framework. More specifically, the 

enhanced behavioural recommendation model should take into account: 

- Behaviours: definition of behaviour related parameters as factors of the behavioural change framework 

(energy consumption notifications associated with behaviours) → focus on relevant behaviour related KPI 

values 

- User groups: target groups as defined by their common behaviours in the project. 

- Trigger points: model parameters incorporated in the analysis: 

o User related metrics: high/low consumption, groups related to comfort preferences 

o Real time KPI values: energy comfort/environmental conditions, energy consumption, etc. 

Along with the functional aspects incorporated in the analysis, non-functional aspects are examined as 

trigger points for the recommendation engine, namely: level of participation, level of triggering, etc. 

It is evident that a multi-dimensional framework is specified for the recommendation engine. The main focus 

in the project is about the semantic annotation and dynamic adaptation of the aforementioned model 

parameters as the way to adapt the different model parameters in a unified concept towards triggering best 

fitted recommendations to the users.  

Following the semantic annotation and enhancement of model parameters, a rule-based engine is configured 

to trigger the associated messages to the users. The core principles of this rule-based engine are: 

- Values: 

o Dynamic: trigger points (energy/comfort KPIs & outlier values) 

- Constraints:  
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o Static: trigger points 

o  Dynamic: behavioural KPIs 

- Behaviours:  

o Intervention Types 

We have to point out that the documentation in the deliverable is focusing on functional definition of the 

recommendation engine as a core component of the PERSEPHONE architecture, nevertheless a brief 

description of the technical implementation of the recommendation engine is presented in the following 

section. 

3.5 Recommendations Engine Technical Implementation 

The development and deployment view of the Behavioural Based Recommendation Engine is reported in this 

section. About the development process, a sample DB (Postgres) structure is established to host the app 

configuration and static parameters. The overall development of the core engine as a Python app enables 

integration with different analytics libraries towards the incorporation of logic in the application process.  On 

top of this, a Firebase implementation is established for real time triggering of recommendations, acting as 

the message triggering layer of the engine. 

Finally, a sample UI is provided (mainly for development reasons) to enable the customization of the 

Recommendations Engine taking into account end user requirements. 

The deployment of the application is in line with the overall PERSEPHONE deployment. A set of micro services 

(running in Docker containers) is established to ensure the smooth deployment of the different development 

views of the system. 
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4. Gamification Framework 

In addition to the set of intelligent energy management and awareness services supported by the 

PERSEPHONE IT ecosystem, the development of mobile applications is facilitated. Given the unified 

representation of data through the semantic models independently of the underlying sensor infrastructure, 

as well as the design and implementation of set of REST APIs for accessing and storing data to the big data 

repository, personalized applications and serious games development is enabled, while their applicability may 

regard various smart building cases. Such APIs include, among others, the provision of information for the 

available building spaces and their energy consumption profiles, the activated sensor data streams, latest data 

per sensor data stream, the recommendations provided per user along with the collected feedback, the set 

of actions that may be requested to be realized by an end user, the execution of queries, user demographic 

data, functionalities for user registration, authentication and login in the IT ecosystem, initialization and 

update of the user profile per application, as well as the retrieval of the top users per application.  The set of 

applications include the development of serious games for increasing awareness and stimulating 

collaboration, as well as the development of personalised applications targeted to social media interaction 

among the involved users.  

4.1 Gamification 

Gamification is discussed as “the use of game elements and game thinking in non-game contexts” [5]. This 

includes competition and goal-setting as well as rewarding certain behaviour. Rewards may take on different 

forms, e.g. points or stars, additional energy bill reductions or other prizes for reaching the set goal or for 

winning the competition. Moreover, for gamification the design is important, i.e. playful or animated designs 

in applications, feedback tools, etc. The scientific literature discussing specific designs of interventions to 

change Energy Consumption Behaviour is however sparse. 

Rewards are generally regarded as an effective way to reduce energy consumption, but have also been found 

to be quite short-lived [6; 7]. Accordingly, an ongoing reward system with the frequent chance to achieve the 

next badge or level seems promising. 

Gamification influences the consumers’ emotions he or she associates with a certain behaviour. By rewarding 

specific achievements, the consumers feel good about the behaviour leading to these achievements. 

4.1.1 Comparison 

For comparison, the consumer does not only receive information on their own energy consumption, but 

additionally on the energy consumption of others, e.g. other colleagues in the office. This intervention works 

with the concept of social influence, often discussed as (descriptive) social norms: how others behave changes 

the consumers’ perception of what is normal. It has been stated in the literature that normative social 

influence has a big effect on Energy Consumption Behaviour [8, p. 913]. 

There are two kinds of comparison: First, the energy consumption of one user can be compared to the energy 

consumption of other users in the same buildings. This option may be referred to as “comparison with others”. 

Second, the energy consumption of one user may be compared to the energy consumption of the same user 

in an earlier period of time. This option may be referred to as “self-comparison”. 
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Comparison with others has been found to be a very promising approach to change energy consumption 

behaviour. In order to achieve even better results, consumers similar to the building in question should be 

chosen for comparison, e.g. their colleagues. It has been shown that information about neighbours’ energy 

consumption on households’ electricity bills results in an aver-age effect of 2% decrease in energy 

consumption [9]. 

With regard to the question how to frame the options, it has been found that communicating a reference 

point in order for consumers to evaluate the outcomes of their choices is a promising strategy. It has been 

shown that this demand is realized by informing the consumers about the additional carbon dioxide emissions 

when choosing option A rather than B [10]. 

Comparison influences the perception of social norms. By informing the consumers on other people reducing 

their energy consumption, they will be positively influenced to do so as well. 

4.1.2 Competition 

Competition combines comparison with some elements of gamification. It is also based on a comparison with 

others, but more explicitly focused on there being a winner. Users may compete with each other with regard 

to reducing their energy consumption.  

In addition to competition based on comparison of energy reduction, goals and targets may be set, defining 

how much energy shall be reduced in which time frame. A group of users may either discuss a common goal 

to be reached together within a certain time frame or they may define a goal for each individual household 

and start a competition on which household reaches this goal first. 

4.2 Gamification Techniques 

Gamification has been employed to various contexts with various motivational goals such as to engage, learn, 

shop and adopt energy efficient practices. However, besides the rapid diffusion and wide adoption of 

gamification in practice, a number of challenges are presented related with: (a) the appropriate design of the 

gamification motivation path(s) for maximizing engagement and target outcome in parallel to end-user 

characteristics, (b) the introduction of eligible game mechanics and dynamics in respect to the specific non-

game context and their requirements and (c) the effective monitoring of progression within the contexts’ 

goals and long-term participant engagement.  

On the other hand, the research on gamification and potential experiential outcomes illustrates benefits 

deriving from the core of games, including design to support community collaboration and appropriate 

incentive mechanisms leading to demonstrated benefits of non-game contexts’ gamification. PERSEPHONE 

examines the available game mechanics for eligibility of introduction in the energy efficiency context and 

develops the respective adaptive gamification motivation paths on the specific context to enable 

maximization of target goals. Furthermore, PERSEPHONE proposes different streams of progress beyond the 

state of art in terms of gamification. Firstly, on the backend of in-gamification triggering events the 

predominant source has been the actual participant behaviour as stated by the user. In PERSEPHONE, this is 

extended to include triggered actions on behalf of the user from the IoT infrastructure supporting the process 

(e.g. user deciding to take the stairs instead of the elevator as the systems informs him/her that today it wasn’t 

used optimally in terms of energy efficiency). This is supported and achieved by the real- (or near real-) time 
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monitoring alongside with the PERSEPHONE recommendation framework. Secondly, at present time, 

gamification has been employed as a stand-alone motivation technique. In PERSEPHONE, gamification is 

extended to include and interact with a set of Serious Games developed for energy efficiency. The result and 

user progress of the PERSEPHONE Serious Games (Interactive, Booklet and Team Role Play) is fed into the 

gamified motivation path and adds to the progress of the user. Additionally, when the user performs an off-

Serious Game action, that is stored to feed in-Serious Game actions (e.g. Start from Level 2 whereas Start from 

Level 1 as it was observed that the user is already familiar with the Level 1 material). Thirdly, progress relates 

around the PERSEPHONE Lifestyle Recommenders which also are both input to the gamification motivation 

path to trigger actions as well as output of the actual energy efficient behaviour to enable a user-based fine-

tuning. 

4.3 Serious Games and Personalised Applications 

The idea behind the PERSEPHONE serious games is to motivate and support citizen's behavioural change to 

achieve greater energy efficiency in buildings. At the moment, there are very few serious games which deal 

with energy efficiency, that are mainly web based and designed to promote certain aspects of the energy 

efficiency using predefined, static content, without the ability to interact with buildings and smart energy 

components or other players. The PERSEPHONE serious games will be primarily designed for smartphones. 

More importantly, it will enable interaction with the IoT nodes in the buildings. Using the energy related 

measurements gathered from the buildings (energy consumption at different points, occupancy of the rooms, 

weather conditions, etc.) a life-like game environment will be created. It will facilitate more efficient education 

and promotion of energy efficiency behaviour based in a local context and on familiar examples. In addition 

to integration of the IoT protocols and APIs enabling interaction with smart energy devices, the game will also 

integrate other relevant PERSEPHONE outputs like recommendation engine, data modelling, fusion and 

analytics as well as mobile crowd sensing inputs to ensure more efficient and attractive game environment 

and consequently education and promotion of energy efficiency solutions and behaviour. Further to this, the 

PERSEPHONE serious game will fully leverage integration with social networks allowing the players to share 

own achievements in terms of energy efficiency in their social circles and to encourage contacts to undertake 

similar actions. To the best of our knowledge, utilization of real-life data (not just energy related) in an 

interactive manner in the game environment as one of the main inputs to the game play and as a source of 

constraints for the players’ choices in the game as well as data processing algorithms generated by the 

recommendation, data fusion and analytics engines represent a novel approach. 

As the serious game ecosystem will be built on open interfaces, the game will be expandable with new building 

models and new smart devices thus making it applicable to any building and ensuring its evolution with the 

evolution of energy efficiency solutions. 

 

  



                 D11 – Data analysis, Gamification and personalized recommendation mechanisms 

 

27 
 

5. Conclusions 

The overall purpose of this deliverable is to define the Data Analysis, Recommendation and Gamification 

framework for the PERSEPHONE project. Having described the purpose and structure of the document in 

chapter 1, we proceed in chapter 2 with the definition and description of the data analysis mechanisms that 

shall take place during the project for the realization of the PERSEPHONE system. 

In chapter 3, we continue with the introduction of the recommendation techniques that will be exploited for 

the development and implementation of the recommenders which will enable the reduction of energy 

consumption and behavioural change of the users. 

Finally, in chapter 4, the gamification approaches that will be utilized for the design and development of 

serious games through mobile applications are presented.  
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