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a b s t r a c t 

A huge array of personalized healthcare and wellness systems are introduced into the portfolio of digital 

health and quantified-self movement in recent years. These systems share common capabilities includ- 

ing self-tracking/monitoring and self-quantifications, based on the raw sensory data. These capabilities 

provide solid ground for the users to be more aware of their health; however, such measures are inef- 

ficient for changing the unhealthy habits of the users. In order to induce healthy habits in the users, a 

system must be capable of generating context-aware personalized recommendations. The main obstacle 

in this regard is the contextual interpretation of recommendations based on user’s current context and 

contextual preferences. To resolve these issues, we propose a methodology of cross-context interpreta- 

tion of recommendations (CCIR) for personalized health and wellness services. The CCIR method adds 

additional capabilities to the traditional reasoning methods and builds advanced form of the reasoning 

with the incorporation of contextual factors in the process of interpretations of the recommendations. 

With CCIR, the self-quantification systems can be enhanced to generate personalized recommendations 

in addition to tracking, quantifying, and monitoring user activities. In order to validate the proposed CCIR 

methodology, a set of 40 contextual scenarios and corresponding recommendations are presented for the 

evaluation collected from 40 different end users and 10 domain experts. Using chi-square test evaluation, 

the results demonstrated acceptable “goodness of fit” indices for the system developed on proposed CCIR 

methodology with respect to the end users’ opinion. Also from the statistical observation, it is found that 

there exists a higher level agreement towards the system between the participants of both end users and 

experts. 

© 2017 Elsevier Ltd. All rights reserved. 
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1. Introduction 

The number of applications and systems for personalized

healthcare and wellness management have rapidly grown dur-

ing the recent years due to the increase in wearable and mo-

bile technologies ( Adomavicius & Tuzhilin, 2011; Agu & Claypool,

2016; Charles, Stanley, & Agbaeze, 2013; Dharia et al., 2016; Don-

ciu, Ionita, Dascalu, & Trausan-Matu, 2011; Lim, Husain, & Zakaria,

2013; Powell et al., 2014; Verbert, Manouselis, & Ochoa, 2012;

Wuttidittachotti, 2015 ). These systems and applications have aug-
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ented the portfolio of digital health and quantified-self move-

ent. With advances in self-quantification applications, capturing

nd recording data of human health and fitness is now possible.

ith the availability of this data, systems and applications pro-

ide better understanding of users’ health status and their relation-

hip to the world around them ( Zammit, 2013 ). Self-quantification

ystems and applications are of high importance to educate users

f their health status; however, they solely cannot be consid-

red sufficient to change unhealthy habits in the users. Chang-

ng unhealthy habits of the users, demands actionable recom-

endations. Existing systems such as Fitbit Flex ( “Fitbit,” 2017 ),

awbone Up ( AliphCom dba Jawbone., 2014 ), and Misfit Shine

 “Misfit: Fitness Trackers & Wearable Technology - Misfit.com,”

016 ) are few examples of providing some basic recommendations

ased on the measured steps and slept hours. Samsung S Health

 Samsung, 2015 ) and Google Fit ( Google Inc., 2016 ) are working

s personal fitness coach and health-tracking platform respectively
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T  
n the basis of capturing user steps counting. A large set of work

xists in literature in the area of agent-based and social interac-

ive healthcare monitoring and recommendations for aged popu-

ation ( Chan, Ray, & Parameswaran, 2008; Barrué, Cortés, Moreno,

érez-Pasalodos, & Cortés, 2015; Gómez-Sebastià & Moreno, 2016 );

owever, the scope of our study is focused on middle-aged adults’

ealth and wellbeing recommendation services. 

According to the research, contextual information such as loca-

ion, time, activity, physical conditions, social interaction etc. are

ery important to generate trustworthy and accurate recommen-

ations ( Asabere, 2013 ). In traditional recommender systems only

wo types of entities; users and items, are utilized to provide

ecommendations ( Adomavicius & Tuzhilin, 2005; Asabere, 2013 ).

owever, accurate recommendations certainly depend upon the

egree to which the recommender system has incorporated the

elevant contextual information into the recommendations’ gen-

ration method ( Adomavicius & Tuzhilin, 2015 ). Interpretations of

ontext may not be dealt equally in the approaches of different

ecommender systems. For instance, contextual modeling approach

ses contextual information as an explicit predictor directly in

he recommendation function; while in contextual pre-filtering ap-

roaches, information about the current context is used for the

ecommendation ( Adomavicius, Sankaranarayanan, & Sen, 2005 ).

n the contrary, contextual post-filtering algorithm initially ig-

ores the contextual information for the recommendation genera-

ion, then the resulting set of recommendations is refined for each

ser based on the contextual information ( Adomavicius & Tuzhilin,

005, 2015 ). These three types of contextual approaches (context

odeling, pre-filtering, and post-filtering) provide the opportuni-

ies to use contextual information in different kinds of recom-

ender systems; collaborative, content-, and knowledge-based rec-

mmender systems. In literature, different combinations of these

pproaches are associated with different types of recommender

ystems ( Herlocker, Konstan, Terveen, & Riedl, 2004; Martinez,

rias, Vilas, Duque, & Nores, 2009; Su & Khoshgoftaar, 2009 ). Re-

ardless of the recommender systems’ types and algorithmic ap-

roaches, involving context in recommendation poses a number of

hallenges: 

A. How is the contextual knowledge acquired and represented in

the system? 

B. How is the context processed to evaluate the suitability of rec-

ommendations’ forwardness? 

C. How are the contextual preferences processed to evaluate the

recommendations that are qualified in original or alternative

form? 

To cope with these challenges, we previously proposed an inno-

ative digital health framework called Mining Minds ( Banos et al.,

016 ) for personalized healthcare and wellness support. It provides

ersonalized recommendations on the basis of expert knowledge

nd domain guidelines. In current status, the Mining Minds recom-

endations are generated based on the user’s profile information

nd it does not handle to account for the user’s current context,

references, and environmental variables. 

By not handling the contextual factors, the users of the Min-

ng Minds are unable to get the final personalized recommenda-

ion services. The main objective of the proposed work is to solve

he above mentioned problem by adding the capability to the ex-

sting system to exploit not only the users’ profile information but

lso their current context, preferences, and the environmental vari-

bles. 

To achieve this objective, we proposed a cross-context inter-

retation of recommendations (CCIR) methodology to interpret

he recommendations based on the user’s contexts: physical con-

ext (low level and high level contexts), environmental variables

weather), and preferences and interests. This method provides
ore insight about user’s situation with respect to context and

references thus leading to a higher level of personalization in

ealth and wellness recommendations. The key contributions in

his paper to achieve the intended objectives are listed below. 

• Mechanisms for contextual knowledge acquisition and repre-

sentation. 
• A rule-based matching method for context interpretation

method to determine appropriateness of recommendation to be

forwarded to the user. 
• A contextual matrix aggregation method for contextual prefer-

ence interpretation of recommendations. 

For the evaluations of the proposed CCIR, a user-centric ap-

roach is followed to assess the validity of the methodology and

cceptability of the system developed over CCIR methodology. All

he experiments are performed on the basis of personalized phys-

cal activity recommendations. The rest of the paper is structured

s follows. 

Section 2 provides explanation of related work and their differ-

nce with proposed work. Section 3 provides an overview of Min-

ng Minds platform that provides a baseline for the proposed work.

ection 4 describes the proposed CCIR methodology with technical

etails. Section 5 presents the experimental evaluation of the sys-

em (recommendation interpreter) that is developed based on the

roposed CCIR methodology. Section 6 discusses the significance of

he work and limitations. Section 7 concludes the work and pro-

ides a roadmap for the future work. 

. Related work 

Recommender systems as an area of inquiry have been exten-

ively researched in the past decade in a wide array of domains

ncluding healthcare and wellness promotion ( Verbert et al., 2012 ).

n this regard, key categorization of recommender systems include

ontent-based filtering, collaborative filtering, knowledge-based fil- 

ering and their hybridizations ( Verbert et al., 2012 ). Over the years

esearch interest has pivoted towards context-aware recommender

ystems ( Adomavicius & Tuzhilin, 2011 ). These systems are capa-

le of adapting to different situational needs of a user. Traditional

ecommender systems employed simple user models e.g., vector of

tem ratings. Later on, these models were extended to accommo-

ate user preferences as well. But still earlier systems lacked the

otion of “situated actions” ( Adomavicius & Tuzhilin, 2011 ). Physi-

al activity based recommender systems belong to the category of

ystems which require adequate contextual information in order to

rovide reasonable recommendations to a user ( Faiz, Mukhtar, &

han, 2014 ). In healthcare and wellness domain cross-context in-

ormation plays an important role where multiple contexts are ag-

regated to provide a holistic situational context. Most prevalent

ontextual factors considered in research literature include infor-

ation such as time, location, current physical activity, weather,

tc. Adomavicius and Tuzhilin (2011 ) further categorized contex-

ual factors into static and dynamic based on change over time.

ost of the contexts in the purview of physical activity belong to

ynamic contexts such as location, where new locations may be

dded later on. Following are some of the proposed recommender

ystems in the domain of healthcare and wellness promotion. 

A physical activity recommender system designed by Sami, Na-

atomi, and Terabe (2008 ) provides leisure-time physical activity to

dults based on user with similar lifestyle and preferences. More-

ver, ontologies are created to find distance among different phys-

cal activities. This system is lacking mechanism to dynamically

valuate user’s current context to provide the most relevant rec-

mmendation at the given moment. 

A mHealth application is proposed by Wuttidittachotti (2015 ).

his system uses Body Mass Index, Basal Metabolic Rate, and re-
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quired energy for performing pre-defined set of activities. This sys-

tem also lacks mechanism to user’s contextual information in or-

der to provide more amenable set of recommendations based on

the given situational settings. 

Cypress ( Agu & Claypool, 2016 ) is a cyber-physical recom-

mender system which is designed to discover smartphone ex-

ergame enjoyment. The key intent of this system is to induce

healthy behavior by promoting exergames. The proposed system

uses smart phone sensing capabilities in order to learn game pref-

erences for a given user; moreover, the system can recommend

similar games once the user’s engagement level is reduced. This

system is not geared to physical activity based recommendations

such as jogging, walking, swimming, stretching, etc. 

A personalized therapy based recommender system is proposed

by Lim et al. (2013) . A hybrid case-based reasoning technique is

used to address user’s current wellness problems by inferring in-

formation from past relevant cases. This system is primarily de-

signed for general therapy recommendations and no such mecha-

nisms are developed to address different contextual factors related

to the user such as user’s location. 

A web-based wellness management system is proposed by

Omar and Wahlqvist (2005 ). This system caters for both physical

activity and dietary requirements of a user. System is evaluated

through the technology acceptance model at the end of a six-week

longitudinal study. The proposed system lacks capabilities to ac-

quire and process contextual information about the user. Wahidah

Husain and Lim Thean Pheng developed a personalized wellness

therapy recommender system using hybrid case-based reasoning

( Husain & Pheng, 2010 ). This system also lacks capabilities for han-

dling multiple contextual factors. 

Faiz et al. (2014) proposed an integrated approach of diet and

exercise recommendation for diabetes patients. It is an ontology

based solution which integrates knowledge from different domains

in order to provide a comprehensive recommendation. 

The proposed solution lacks capabilities to adapt to the chang-

ing user’s context; hence, user has to sift through different recom-

mendations to select the appropriate one. 

A knowledge-based diet and physical exercise advisory system

is developed by Charles et al. (2013 ). It is a web based solution for

diet and exercise recommendation based on expert system frame-

work. This system employs information such as users’ demographi-

cal data, religious information, health conditions, etc. Consequently,

a set of recommendations are provided. Since, no sensory data is

used; therefore, the proposed system is not capable of adapting to

the contextual factors of the users. 

PRO-Fit is a personalized fitness assistant framework which

provides workout session recommendations ( Dharia et al., 2016 ).

It collects data from accelerometer and synchronizes it with the

user’s calendar in order to recommend personalized workout ses-

sions. The proposed system also lacks capabilities of handling

multi-context information. 

The Runner ( Donciu et al., 2011 ) is a comprehensive recom-

mender system for runners. It provides workout and nutrition rec-

ommendations to the users. Although the proposed system can

process contextual information but its recommendations are lim-

ited to a single activity, i.e., running. Therefore, the system lacks

mechanism for handling a wide array of popular physical activities

such as stretching, cycling, dancing, etc. 

Aforementioned are some of the recommendation systems in

the domain of healthcare and wellness. Most of these systems are

capable of handling static contextual factors but lack capabilities

for adapting to changing user’s contexts. Weather context is one

the important contexts for outdoor physical activity yet none of

the aforementioned systems considered it. Moreover, a higher level

comparison of these systems with our system that is built on CCIR

methodology is provided in Table 1 . 
. Mining minds platform 

Mining Minds platform consists of an array of innovative ser-

ices, tools, and techniques, working collaboratively to investigate

uman’s daily life data, generated from heterogeneous resources,

or personalized health and wellness support ( Banos et al., 2016 ). It

rchestrates the whole function into a layered approach to provide

he personalized digital health and wellbeing services. As shown

n Fig. 1 , there are five autonomous layers including data curation

ayer (DCL), information curation layer (ICL), knowledge curation

ayer (KCL), service curation layer (SCL), and supporting layer (SL). 

In a brief, DCL provides the support to acquire, curate, and per-

ist the data obtained from multimodal data sources (MDS) so it

an be processed for higher level understanding ( Amin et al., 2016 ).

he intermediate database stores the lifelog and user profile data

sed by the upper layer for their processing. DCL forwards the cu-

ated data to ICL in order to determine low-level and high-level

ontexts. 

ICL ( Banos et al., 2016 ) is responsible for the inference and

odeling of the user context and it is composed of two main mod-

les, namely, low-level context awareness (LLCA) and high-level

ontext awareness (HLCA). LLCA recognizes the low-level contexts

n the basis of trained machine learning models. HLCA performs

emantic reasoning over the low-level contexts and find outs the

igh-level context. The contexts modeled by this layer are used by

he upper layers for different interpretations. 

KCL is designed to enable the acquisition and maintenance of

nowledge created either by the domain expert or knowledge en-

ineer, by using expert- and data-driven approaches. The knowl-

dge created by KCL is used by SCL to build knowledge-based rec-

mmendations. 

SCL, which is the main subject of this paper, provides the

eans to transform the data, information, and knowledge curated

y DCL, ICL, and KCL respectively into the final health and well-

ess support services; particularly, the personalized recommenda-

ion services. 

Lastly, SL provides the support to enrich the overall Mining

inds functionalities through interactive and adaptive UI/UX (user

nterface/user experience) tool, implicit and explicit feedback anal-

sis, advanced analytics, and adequate privacy and security mech-

nisms. 

. Cross-context interpretation of recommendations (CCIR) 

ethodology 

The main motivation to develop a method for cross-context in-

erpretations is to evaluate the recommendations on the basis of

ser context and contextual preferences. In case, the system gener-

ted recommendations are forwarded directly to the user without

nterpreting the contextual information, it may increase the chance

or the users to not follow the recommendations and eventually

end to drop its use. Our proposed CCIR methodology considers the

ser current context to determine the appropriateness of delivery

ime and contents of the recommendations in order to make them

ore personalized according to the user situation. The abstract

ow of information and processing is depicted in Fig. 2 , while in

ig. 3 , the complete functional flow diagram of CCIR methodology

s shown to represent the data input and output of each compo-

ent contributing to the personalized recommendations. 

Service orchestrator : Communication services are managed by

he Service Orchestrator (SO). It takes care to handle the poten-

ial requests, invoking the necessary services, and coordinating the

rocesses involved in the curation of the services. The requests

ay be of various types, i.e., scheduled on time (e.g., “every day

t 8 am”), triggered by direct user queries (“suggest me an exer-

ise plan for today’s workout”) or based on events (e.g., “sitting
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Table 1 

High level comparison of existing systems with proposed system. 

System Physiological factors Rec. technique Dynamic context ∗ Multi-activity 

recommendation 

Preferences 

considera- 

tion 

Sami et al. (2008) Ailments, gender, activity 

level, blood pressure, 

protein in urine, blood 

in urine, sleeping 

habits, etc 

Ontology Static (In-door/out-door, 

aerobic/non-aerobic, 

group/individual, 

winter sport) 

Bicycling, Running, 

Swimming, Aikido, 

Horse Riding, Polo 

Yes 

Wuttidittachotti (2015) BMI, BMR, energy, 

ailments, age, gender, 

weight, height 

MET, RDR-Tree No Jogging, Swimming, 

Tennis, Walking, etc 

Yes 

Agu and Claypool (2016) Emotions Regression and 

Classification 

Dynamic (Game 

Enjoyment) 

Exergame Yes 

Faiz et al. (2014) BMI, BMR, age gender, 

weight, life style. 

ailments 

MET, Ontology Static (assumed user is 

available) 

Run, Walk, Cycling Yes 

Charles et al. (2013) Ailments, pregnancy 

status, body stature 

Goal-driven backward 

chaining 

Static Brisk walk, Jogging, 

Running, Swimming 

Yes 

Dharia et al. (2016) Life style, age, weight, 

fitness level 

Content-based and 

User-Similarity 

Dynamic (location and 

time-aware) 

Yoga, Jogging Yes 

Donciu et al. (2011) ailments Ontology Dynamic (runner type, 

surfaces, race types) 

Running Only Yes 

Proposed BMI, age, gender, weight, 

life style, ailments, 

height 

MET, Content-based 

Contextual Matrix 

Dynamic (Location, 

High-level activity, 

Weather, Emotions) 

Hiking, Running, Sitting, 

Stretching, Cycling, 

Walking 

Yes 

Fig. 1. Miningminds platform abstract view. 
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Fig. 2. CCIR Methodology abstract flow of information and processing. 
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one hour”). In addition to service invocation, it handles the data

requirements by communicating with data sources in other layers

of the Mining Minds. 

Recommendation builder: Generalized recommendations are

generated by the Recommendation Builder (RB) component

through reasoning on the user profile and lifelog data provided

by DCL, and the knowledge facilitated by KCL for the specific do-

main of the service. RB works on multimodal hybrid reasoning

methodology expressed in our recent work ( Ali et al., 2016 ). RB

follows a multimodal hybrid reasoning methodology which gen-

erates physical activity recommendations. This methodology inte-

grates Rule-based Reasoning (RBR), Case-based Reasoning (CBR),

and Preference-based Reasoning (PBR) in a linear combination

which enables the system to generate personalized recommenda-

tions. The RBR part of the system uses explicit knowledge rules

from physical activity guidelines and prepares new cases for the

CBR methodology, whereas the CBR itself uses implicit knowledge

in the form of physical activity guidelines as successful cases from

expert’s past experiences. The suggested recommendations of CBR

methodology are either exactly similar to the requirements of the

user’s current situation or closed to the requirement. In case the

recommendations are more than a preliminary level, personaliza-

tion is implemented in the form of PBR which uses user’s per-

sonal interests and preferences. However, the level of personaliza-

tion achieved is trivial and cannot handle the user contextual situ-

ation; such as, what recommendation is more suitable in a partic-

ular location context, weather context, and other high-level activ-

ity contexts? Thus, RB provided recommendations are considered

 

s an initial recommendation because of the fact that the recom-

endations are yet to be interpreted from the user’s contextual

erspective. These may result in forwarding the initial recommen-

ation as-is or transforming it to a more amenable form. Moreover,

ser’s availability status is not yet taken into account. 

Recommendation interpreter: In Recommendation Interpreter

RI), the recommendations received from RB undergo a series of

teps for personalization. The main personalization objective is to

rovide such recommendations as to best suit the user’s require-

ents, interests, and demands. For achieving this goal, the CCIR

ethodology is activated and operated at the backend. First step

f CCIR methodology is to consider user’s availability status. Once a

ser is deemed available to comply with the physical activity based

ecommendations, then current context of the user is evaluated.

urrent context of a user includes all the available contexts e.g.,

ser’s location, user’s current activity, environmental conditions,

nd others. Moreover, user’s preferences are incorporated on a pri-

rity basis by preference-based reasoner in the course of recom-

endation interpretation. There are two types of knowledge bases

equired for recommendation interpretations: 

1. Recommendation Forward Knowledge Base (RFKB) is the

knowledge base which consists of rules that account for user’s

context and specify the needed recommendations be forwarded

based on current context of the user. For instance, the recom-

mendations are not forwarded to the user if he/she is in the

commuting context. 

2. Contextual Preference Knowledge Base (CPKB) is the knowl-

edge base that consists of rules for the evaluation of contextual
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Fig. 3. Cross-context interpretation of recommendations (CCIR) functional workflow. 
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preferences. The decisions are made on given rules whether

the recommendation is appropriate in the original form or it

needs to be fine-tuned based on the user’s current context.

For instance, if it is raining outside and the system generates

an activity-oriented recommendation to be conducted outside,

then the recommendation is changed to an alternative indoor

activity. 

Intermediate database: The data collected from wearable sen-

ors and smart phone is curated and persisted in the interme-

iate database (IDB) with a logical division of user profile data,

ifelog data, and environmental data. The user profile data include

ser demographics (gender, age), physiological factors (height and

eight), and preference data. Contextual data is categorized into

wo type of contexts: low-and high-level contexts. Low-level con-

ext includes location, emotion, and physical activities. High-level

ontext includes more abstract representations of the user context

hich are determined from the low level context, such as office-

orks, commuting, eating, and others. Environmental variables in-

lude weather context as rainy, sunny, and others. All these contex-

ual parameters are constantly monitored by the information cura-

ion layer (ICL) as described in Section 3 about Mining Minds. 

.1. Contextual knowledge acquisition 

The mode of data acquisition for RFKB is questionnaire-based.

he user is prompted to provide RFKB related information at the

ime of subscription to the Mining Minds services. Since this in-

ormation is not incumbent on the user; therefore, he/she can opt

ut of this step. In which case, a survey is conducted to provide

ore common situations when a recommendation may be for-

arded/blocked given different contexts. For example, as a default

ase when a user’s location is “home” and high-level context is

sleeping”, then any recommendation initiated by RB is stopped

rom being forwarded to the user. Hence, survey based data serves

s a default case until user provides his/her information for a given

ontext. From surveying 40 users, we identified the common situ-

tions, where majority of the users agree on recommendation to

orward or not. A partial list of these non-forwarding rules are de-

cribed in Table 2 which shows if any of these rules matches for a

iven a context, the recommendation will not be forwarded. 
.2. Contextual preferences interpretation knowledge acquisition 

CPKB is yet another important piece of knowledge about users’

ontextual preferences. This knowledge is instrumental for the

contextual preferences interpretation” task; discussed in detail in

he coming sections. Its mode of acquisition is similar to that of

FKB. A comprehensive questionnaire is devised to acquire knowl-

dge for contextually preferred recommendations. Items in the

uestionnaire are developed for commonly used contexts in phys-

cal activity recommendation domain ( Bull, Maslin, & Armstrong,

009; Lin, Jessurun, de Vries, & Timmermans, 2011 ). Each item was

f dichotomous answer format (suitable = 1, not suitable = 0). For

nstance, if (location = home), the value for recommendations such

s hiking and running are not suitable. Overall 40 users partici-

ated in the survey and answered to the questions in question-

aire. For computationally viable representation, we formulate the

nowledge in a two dimensional matrix for “contextually preferred

ecommendation” . A majority vote method is utilized to set the fi-

al contextual matrix. As an example, in Table 3 we represent the

ocation context with respective recommendations. 

Preference information is stored in a two-dimensional matrix.

n Table 3 , there are 7 different location based contexts including

Don’t Care” as a default case. Each row is populated with 0 s and

 s. For example, intersecting cell of “Gym” and “Hiking” contains

. It means that “Hiking” cannot be performed while location is

Gym”. In case of “Gym” and “Running” the cell contains 1 which

llows this activity for the given context. This contextual data ma-

rix is populated through information provided by the user at the

ime of subscription to the Mining Minds services. In the absence

f user-specific data, a survey is conducted and majority vote is

sed to populate contextual matrices. Table 4 represents the ma-

ority vote results of a survey conducted from 40 different users for

hree different contexts (location, high level context, and weather).

.3. Processing method of context interpretations 

Processing of context interpretations play the key role in per-

onalized recommendation. The rationale for the contextual in-

erpretations is to model user’s convenience and allow recom-

endations when user is in a more receptive mode. Current

ontext of a user is required to model user’s receptivity. Cur-
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Table 2 

Partial list of context interpretation knowledge rules. 

Identifier Rule Conditions 

R1 If (Location = Transport && HLC = Commuting && Weather = Don’t Care) 

R2 If (Location = Restaurant && HLC = HavingMeal && Weather = Don’t Care) 

R3 If (If (Location = Home && HLC = Sleeping && Weather = Don’t Care)) 

… …

Rn If (If (Location = Office && HLC = OfficeWork && Weather = Don’t Care)) 

Table 3 

Location context applicability with respect to recommended activity. 

Location Recommendations 

context Hiking Running Sitting Stretching Cycling Walking 

Gym 0 1 1 1 1 0 

Home 0 1 1 1 0 1 

Office 0 0 0 1 0 1 

Transport 0 1 1 0 1 0 

Outdoors 1 1 0 1 0 1 

Don’t Care 0 1 0 1 0 1 
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rent context includes location information, high-level context and

weather information; which is provided by Service Orchestra-

tor . Moreover, user provided contextual knowledge is acquired

through RFKB. RFKB stores user’s information which accounts for

his/her inclinations to receive physical activity based recommen-

dations. Knowledge stored in RFKB is in the form of production

rules i.e., {Location = Transport , HLC = Commuting , Weather = Don’t

Care } → Recommendation Not Forwarded . RFKB only stores rules for

blocking scenarios. As stated before, these blocking scenarios are

provided either by the user or through a generalized survey-based

response. RFKB can vary for different users as per their varied in-

clinations for receiving recommendations in different contexts. The

working of context interpreter component is depicted in Fig. 4 .

Once a recommendation is generated by RB, it is received by Con-

text Selector along with user_id. Based on the user_id, Context Selec-

tor fetches current context of the user from intermediate database
Table 4 

Knowledge for contextually preferred recommendations. 

What recommendation do you 
think is more appropriate to be 
acted upon at which location 

point?

What recommendation do you 
think is more appropriate to be 
acted upon at which situation 

(high level context)?

What recommendation do you 
think is more appropriate to be 
acted upon in which weather 

condition?

Loca�on
Context Hiking

Context Hiking

Context Hikin

Gym 0
Home 0

0
0

0
0

1

1
1

1

1

0
0

0

Office 0
Transport 0
Outdoors 1
Don't Care 0

HLC

Weather

Amusement
Commu�ng
Exercising
Gardening
HavingMeal
Inac�vity
Don’t Care

Don’t Care

Windy

Rainy
Sunny

Cloudy
IDB) hosted in DCL. The recommendations along with the current

ontext of the user are forwarded to the context based reasoner

or contextual interpretation. For this interpretation, the context-

ased reasoning requires rules, that are fetched from the RFKB.

hese rules specify such scenarios in which user is deemed unre-

eptive for a physical activity based recommendation. Current con-

ext is evaluated/reasoned against the rules, using the rule-based

easoning approach with exact match strategy. 

If current context matches to any of the rules then initial rec-

mmendation, generated by RB, is blocked for further processing.

lternatively, initial recommendation along with the user_id and

urrent context are forwarded to Contextual Preference Interpreter

o assess the suitability of the recommendation within the scope

f user’s preferences. 

.4. Processing method of contextual preference interpretations 

The main objective of contextual preference interpretations

CPI) is to evaluate the initial recommendation proposed by

B against user contextual preferences. There are three sub-

omponents of CPI namely knowledge loader and preference-based

easoner, and result moderator ( Fig. 4 ). The knowledge loader ac-

uires relevant knowledge from CPKB, while the preference-based

easoner performs reasoning on the user’s specific preference-

ased data against the recommendations. Result moderator deliv-

rs the results to target entities. When context interpreter allows

he initial recommendation to be further processed, then contex-

ual preference interpreter is invoked. It receives the user_id, initial
Running Si�ng Stretching Cycling Walking

Running Si�ng Stretching Cycling Walking

g Running Si�ng Stretching Cycling Walking

1 1 1 1 0

1 1 1 1 0

0

1
1

1
1
1

1
0

1
1
1
1

1
1

1
1
1

0

1
0
1
0
0
1

0
1
0
1
1
1

1

1 1 1
1
1
1
1 1

1

0
0

0 0
1
1
1

1

1

1
1

0

1

0

0

1 1 1 0 1
0 0 1 0 1
1 1 0 1 0
1 0 1 0 1
1 0 1 0 1

Recommenda�ons

Recommenda�ons

Recommenda�ons
Weather Contextual Matrix
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Fig. 4. Working scenario of recommendation interpreter component. 
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ecommendations, and current context of the user from Context In-

erpreter . Based on the user_id, relevant contextual data is fetched

rom IDB through service orchestrator. CPKB stores users’ physical

ctivity preferences against different contexts, i.e., location, high

evel context and weather. If user has not provided his/her prefer-

nces, then CPKB is populated through generalized behavior pat-

erns conducted on a public survey. Once user relevant context

ata is prepared then it is consolidated into contextual matrices

imilar in structure as shown in Fig. 5 . 

In Fig. 5 , the two-dimensional contextual matrix stores user’s

references for physical activities against different contexts. For ex-

mple, a case is depicted in Fig. 5 , i.e., a user is in his/her office,

n an inactivity mode, and weather is rainy outside. All this infor-

ation is combined by taking the complete row of each occurring

ontext and put it into the aggregate contextual matrix. This aggre-

ate contextual matrix may have different values for another user

ased on his/her preferences. Once matrix is generated an aggre-

ate vector is computed to summarize matrix results. The aggre-

ate vector is computed by taking an “AND” operation on each col-

mn of the aggregate contextual matrix, i.e., putting the resultant

it 1, if all the bit values are 1 in a given column, 0 otherwise. 

Preference-based reasoner first interprets the aggregate vector.

ach bit in the vector represents a physical activity in a pre-

pecified order e.g., first bit represents “Hiking”, second bit repre-

ents “Running”, and so on. The activities that are marked 1 are ap-

licable given the current context of the user, while others are not

pplicable. Hence, in the aforementioned case only Stretching and

alking are applicable recommendations in the given user context.

he contextual interpretations of original recommendations on the

asis of contextual preferences are given in Algorithm 1 . 
a  
Algorithm 1 requires two inputs; original recommendation and

urrent context of the user. Original recommendation is received

rom context interpreter component. Current context is comprised

f three sub-contexts. Location and high-level context are pro-

ided by the user lifelog while weather related information is

rovided by environmental variables. LoadCurrentContext function 

akes userID and returns current location, high-level context and

eather conditions in the vicinity of the user. This information is

emporarily stored in cContext for further processing. It iterates

ver all the original recommendations oRec and for each recom-

endation r in oRec all the contexts are evaluated to generate

ontext evaluation vector contextEvalVector. In Fig. 4 , for instance,

here is value 1 for “stretching” recommendation against office lo-

ation in the Location Contextual Matrix, in this case, 1 value is

icked up and added at the corresponding index of context eval-

ation vector (contextEvalVector). Each contextEvalVector is added

o the list of context evaluation vectors (contextEvalVectorList). On

he basis of context evaluation vectors, an aggregate vector (aggre-

ateVector) is computed with computeAggregateValues. Aggregate 

alues computation is described in Algorithm 2 . 

Algorithm 2 receives the list of context evaluation vectors (con-

extEvalVectorList) as an input and returns the aggregate vector as

n output. Each of vectors in the list is processed through logical

ND operation. Logical_Anding_Operation function applies logical 

ND operation to all the elements of a vector and assigns the re-

ulting value in aggregateVector list. Hence, first element of aggre-

ateVector corresponds to the first vector in contextEvalVectorList,

nd so on. As shown in Fig. 4 , there are six context evaluation vec-

ors corresponding to each recommendation namely, hiking, run-

ing, stretching, sitting, cycling, and walking. Each of these vectors

re evaluated with logical_Anding_Operation in order to generate
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Fig. 5. Aggregate contextual matrix preparation. 

Algorithm 1 Contextual interpretations of recommendations. 

Input: 

oRec = {r1, r2, …, rn} //list of original recommendations 

cContext = {c1, c2, …, cn} //list of current context 

userID; 

Output: 

iRec = {ir1, ir2, …, irn} // list of interpreted recommendations 

Let; 

contextEvalVector = {v1, v2, …, vn} // list of values (0, 1) 

contextEvalVectorList = {cv1, cv2, …, cvn} 

aggregateVector = {v1, v2, …, vn} // list of values (0, 1) 

1. Start 

2. cContext = loadCurrentContext(userID) 

3. foreach r in oRec 

4. Begin 

5. foreach c in cContext 

6. Begin 

7. contextValue = evaluateContext(r, c); 

8. AddContextValue(contextEvalVector, contextValue); 

9. End 

10. contextEvalVectorList.add(contextEvalVector); 

11. aggregateVector = computeAggregateValues(contextEvalVectorList);// Algorithm 2 

12. End 

13. foreach v in aggregateVector 

14. Begin 

15. if (!(v) = = 0) 

16. Begin 

17. AddRecommendation(iRec, r); // add original recommendation r to iRec list 

18. End 

19. End 

20. if (isEmpty(iRec)) 

21. Begin 

22. iRec = Contextual Evaluation of Alternative Recommendations; //Algorithm 3 

23. End 

24. return iRec; 

25. Stop 
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true (1) or false (0) value. For instance, the hiking context evalua-

tion vector consists of 1, 1, and 0 values. When these valued are

ANDed, we get false (0) value and it is added to the aggregate

vector at first index. Similarly, running context evaluation vector is

composed by 0, 1, and 1 values, when they are ANDed, they yield

false (0) value and it is added to the aggregate vector at index 2.

The process continues till the end of the context evaluation vector

list and the resultant values of logical_Anding_Operation are added

to the corresponding indexes of aggregateVector. 
Aggregate vector is composed of 0 s and 1 s, since it is com-

uted by bitwise ANDing operation. It checks each index value (0,

), if the index value in the vector is 1, it means the corresponding

riginal recommendation is in compliance with the current context

f the user and the recommendation is added to the list of inter-

reted recommendations iRec. In case all the values are returned

s 0 means false value, the algorithm will check for the possibili-

ies of alternative recommendations. 
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Algorithm 2 Aggregate values computation. 

Input: 

contextEvalVectorList //list of context evaluation vectors 

Output: 

aggregateVector // list of values [0,1] 

1. Start 

2. foreach vector in contextEvalVectorList 

3. Begin 

4. result = logical_Anding_Operation(vector) 

5. AddAggregateVector(aggregateVector, result) 

6. End 

7. return aggregateVector 

8. Stop 
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1 https://github.com/ubiquitous- computing- lab/Mining- Minds . 
2 https://github.com/ubiquitous- computing- lab/Mining- Minds/tree/master/ 

service- curation- layer . 
efinition 1. Alternative Recommendations 

Let Rec be the set of all recommendations in the scope, 

and oRec be the set of original recommendations where, 

oRec ⊆ Rec; and 

iRec is the set of alternative recommendations where, 

altRec = Rec − oRec 

The algorithm for contextual evaluation of alternative recom-

endations is similar to evaluations of original recommendations

n Algorithm 1 with the exception that the input is the list of alter-

ative recommendations rather the original recommendations. The

efinition of Alternative recommendation is given in Definition 1 . 

. Experimental evaluation 

.1. Knowledge acquisition case study 

For evaluation, we use a weight management scenario imple-

ented in Mining Minds for healthy individuals, who live seden-

ary life. Sedentary lifestyle refers to one of these situations; ei-

her no physical activity, or with irregular pattern, or in an insuffi-

ient amount ( Thorp, Owen, Neuhaus, & Dunstan, 2011 ). It includes

he activities such as; sitting, reading, watching television, playing

ideo games, and computer use for much of the day with little or

o vigorous physical exercise ( Owen, Healy, Matthews, & Dunstan,

010 ). 

.1.1. Sedentary behaviors’ recommendations translated from 

uidelines 

Based on the monitoring capabilities of Mining Minds, we

hoose recommendations generated against multiple sedentary sit-

ations categorized in three categories; prolong sitting, prolong

tanding, and prolong lying down. In Table 5 , a list of respective

ecommendations for selected sedentary situations is provided. 

.1.2. User current context collection 

In Mining Minds, different type of context is recognized in-

luding low-level (LLC) & high-level context (HLC), location con-

ext (LC), emotion context (EC), weather context (WC), and others.

he LLC, EC, and LC are used to identify the HLC using ontological

easoning using context ontology ( Villalonga, Banos, Khan, & Ali,

015 ). In Table 6 , a partial list of different contexts is represented. 

.1.3. Knowledge rules for contextual interpretations 

As mentioned previously, every recommendation that is gener-

ted by RB may not be appropriate for forwarding to the user un-

ess contextual information is not aptly considered. From surveying

sers, we identified the common situations where majority of the

sers agree on recommendation to forward or not. A partial list of

hese non-forwarding rules are described in Table 2 that shows if

ny of these rules matches for a given context, the recommenda-

ion will not be forwarded. 
.1.4. Knowledge rules for contextual interpretations 

In order to interpret the appropriateness of recommendations

o be forwarded in their original state or in the alternative form,

e investigate to find the knowledge for contextually preferred

ecommendations. This knowledge is collected through question-

aires composed of items related to three contexts: LC, HLC, and

C. Responses of surveyed users are recorded through the ques-

ionnaire. Through majority voting mechanism as explained in

ection 3 , the final answers are populated in a two dimensional

atrix for each context, as shown in Table 3 . 

.2. Implementation scenario 

A prototype implementation of the proposed CCIR method is

mplemented as a part of Mining Minds. Mining Minds is a dis-

ributed platform where the implementation is deployed over a

ybrid cloud combining Microsoft Azure public cloud environment

 Banos et al., 2016; Microsoft, 2016 ). All of the layers of Min-

ng Minds work independently, however, they are interrelated for

he data and knowledge communication in order to perform their

asks. SCL layer is dependent on DCL for data communication while

n KCL for knowledge communication. The resulting recommenda-

ions are communicated to SL layer for presentation. This commu-

ication is implemented by establishing service contracts among

he layers, which communicate by means of RESTful web services

 Richardson & Ruby, 2008 ). Mining Minds source code is avail-

ble on the open source GitHub repository and can be downloaded

rom the link. 1 In the same repository, the proposed work on rec-

mmendation interpreter can be found on the link. 2 

.2.1. Implementation workflow 

The implementation diagram shown in Fig. 6 , describes the

ommunication pattern between different layers and components.

irst, the recommendation request is received to SCL service or-

hestrator (SO) components either through user directly or from

CL. Service orchestrator passes the request to recommendation

uilder (RB). RB connects to KCL in order to find the rules against

he triggered situation event. KCL returns all the candidates knowl-

dge rules to take part in recommendation generation. RB de-

ermines the data requirement from the rules and make a data

equest to SO. SO connects to DCL’s intermediate database and

etches all the required data (user profile data) for recommenda-

ions and forward to RB. In RB, multimodal hybrid reasoner per-

orms reasoning over the rules and data, and builds the initial set

f recommendations which is then passed to recommendation in-

erpreter (RI). The recommendation received to RI from RB in JSON

ormat have two parts: structured and unstructured. The struc-

ured part is for the computer interpretability while the unstruc-

ured part is for the explanation purpose. RI interprets the struc-

ured part according to the algorithms discussed in Section 3 of

his paper. The final contextualized recommendations are first sent

o DCL to persist in the life-log of the user and then sent to the SL

or the user presentations. 

.2.2. End-to-end example scenario 

Consider “John” as a user of the CCIR system with his current

ontext described as follows. On a busy working day, John stays

or longer hours in his office in an inactive state while the out-

ide weather is sunny. In this scenario, location is office, high-level

ontext is inactivity, and weather is sunny. The CCIR component

eceives original recommendation as input for the stated context

https://github.com/ubiquitous-computing-lab/Mining-Minds
https://github.com/ubiquitous-computing-lab/Mining-Minds/tree/master/service-curation-layer
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Table 5 

Partial list of recommendations for prolong sitting, standing and lying down. 

Sedentary 

behavior 

Criterion Recommendations Identifier Reference 

Prolonged 

Sitting 

15–20 m sitting TAKE A BREAK! Get out of your chair or couch every 15 min and 

merely stand up and then sit back down, Or do some stretching for 

20–30 s. 

Rec1 Fitness Peak 

( Mercola, 2014 ) 

1 h sitting in chair for 

non-obese adults 

Take a five-minute walk for every hour you spend in your chair Rec2 Thosar, Bielko, Mather, 

Johnston, and Wallace 

(2015) 

Prolonged 

Standing 

2 h standing in 

workplace 

TAKE A SITTING BREAK! Have a rest of 4–5 min, 2–3 times per hour of 

standing. 

Rec3 Gregory and Callaghan 

(2008) 

1 h standing for males PERFORM PREVENTATIVE STRETCHING! Relax your legs every after 

30 min 

Rec4 Standing on the Job 

( Preventing Work-related 

Injuries: Standing on the 

Job., 2016 ) 

Prolonged Lying 

Down 

1 h lying down as a 

bed rest 

BODIES ARE MADE TO MOVE! Please have a walk of 5 min, 2–3 times 

every after 1 h of inactive lying down period 

Rec5 Convertino, Bloomfield, and 

Greenleaf (1997) 

Fig. 6. Intra and inter layer communications of CCIR of service curation layer with components and layers of mining minds. 

Table 6 

Partial list of contextual scenarios consist of location, high level, and 

weather context. 

Context Identifier 

LLC LC HCL WC 

Sitting Home Inactivity Sunny S1 

Standing Home Inactivity Sunny S2 

Stretching Office Officework Windy S3 

Walking Office Exercising Windy S4 

. … … … …

… … … … …

… … … … …

Sweeping Outdoor UnIdentifiedHLC Rainy S39 

Running Outdoor Exercising Rainy S40 
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as “running”. To generate interpreted recommendation for this sce-

nario, the step-wise CCIR methodology is described as follows. 

Step 1: Recommendation Interpreter (RI) receives “running” rec-

ommendation and user identifier (user_id) from recommendation

builder (RB). 
Step 2: RI fetches the current context (office, inactivity, and

unny) from the lifelog through service orchestrator . 

Step 3: RI loads the rules of RFKB to check the appropriateness

f user current context to determine whether the recommendation

hould be allowed and forwarded or stopped at this stage. Since

ohn is “inactive” in office, so the system allows the recommenda-

ion to be forwarded because no such rule is available (see Table 2 )

o stop the recommendation. 

Step 4: RI checks the recommendation “running” is applicable

n the given context or not. Using the knowledge in contextual

reference knowledge base (CPKB), RI finds that “running” recom-

endation is not applicable because of the “office” context. 

Step 5: As recommendation “running” is blocked; therefore, RI

earches for alternative recommendations to replace the “running”

ecommendation. We can see from the aggregate matrix ( Fig. 4 ),

wo alternative recommendations are applicable i.e., “walking” and

stretching”. 

Step 6: Finally, recommendation “walking/stretching” is for-

arded to the user to follow and break the inactive state of the

ay. 
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Fig. 7. Questionnaire for recommendation evaluation. 

5

 

v  

b  

i  

s  

t  

S  

r  

m  

I  

d  

t  

g  

i  

s  

e  

s

 

t  

p  

w  

r  

i

4  

c  

I  

t

 

P  

o  

w

 

 

Table 7 

Gender and Ethnicity wise participant distri- 

bution. 

Ethnicity Gender Total 

Male Female 

South Korea 9 1 10 

Pakistan 8 1 9 

Vietnam 3 2 5 

India 1 1 2 

China 2 0 2 

Spain 1 1 2 

Uzbekistan 0 2 2 

Yemen 2 0 2 

Ecuador 0 2 2 

Bangladesh 4 0 4 

Total 30 10 40 
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.3. Experimental setup 

In order to assess the effectiveness of the proposed system de-

eloped on CCIR methodology, we have conducted a questionnaire

ased evaluation. A questionnaire is prepared with 40 scenario

tems collected in a week long activities of different users. Each

cenario item has a context and a recommendation from two sys-

ems. A snapshot of the questionnaire is depicted in Fig. 7 where

ystem 1 and System 2 denote recommendation builder (RB) and

ecommendation interpreter (RI) respectively. Context and recom-

endation values are taken from the lifelog of the users stored in

DB. Because of the relational structure of lifelog, each recommen-

ation is easily back tracked to corresponding contextual informa-

ion. It is pertinent to mention here that the recommendations are

enerated on the basis of the contextual preferences stored initially

n CPKB because none of the user provide their preferences during

ubscription time. As we mentioned in section 3.2, CPKB is consid-

red as a default if user fails to provide his/her preferences during

ubscription time. 

Questionnaire is distributed among 50 participants to observe

he given context and respond to the recommendations. Among 50

articipants, 40 were end users and 10 were domain experts who

ere having certain level of knowledge of the wellness domain and

ecommender systems. The portfolio of the end user participants

ncludes 30 males and 10 females in the middle-aged group (25–

9 years). These participants belong to 10 different nationalities in-

luding South Korea, Pakistan, Vietnam, Spain, Myanmar, Ecuador,

ndia, China, Bangladesh, and Uzbekistan. The distribution of par-

icipants based on gender and ethnicity are shown in Table 7 . 

While, the expert users were belonging from South Korea (3),

akistan (2), Bangladesh (1), Iran (2), and Vietnam (2) in the range

f middle-age (25–49 years). There are few assumptions which

ere considered for the proposed system evaluations. 

• User’s current context is available and is accurate. 
• Acquired general activity preference trend from a user base

(through a questionnaire) is representative of the target pop-

ulation. 
•
 User is physically able to perform recommended activities. r  
.4. Evaluation of the system 

All the results of the study are collected and analyzed in a tab-

lar form. In case of multiple physical activity recommendations, if

ne of the physical activities is deemed appropriate then the en-

ire recommendation is considered reasonable. Appropriate recom-

endations are labelled “Yes” while inappropriate recommenda- 

ions are labelled “No”. If a participant selects RI’s results as more

easonable than RB’s results will be deemed inappropriate. 

Three kinds of analysis are performed on the data acquired

rom end users and expert users. Firstly, each user response is eval-

ated to find out the “goodness of fit” of the system. Secondly, sta-

istical observations are recorded on the collected data using de-

criptive statistical analysis parameters including mean, standard

eviation, and skewness. Thirdly, a comparison graph is drawn of

nd users and experts to find out mutual relationship in their re-

ponse to the system. 

.4.1. Chi-Square goodness of fit test 

We calculated the Chi-Square ( x 2 ) value using Eq. (1 ) to check

he “goodness of fit” of the system on the basis of end user’s ob-

ervation and expected values as shown in Table 8 . In Eq. (1 ), O

epresents the observed value and E represents the expected value.
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Table 8 

Essential values for chi-square (x 2 ) test. 

Scenarios Observed values Total Expected values Chi Stat (X 2 ) 

Yes No Yes No Yes No 

S1 38 2 40 34.675 5.325 0.319 2.076 

S2 37 3 40 34.675 5.325 0.156 1.015 

S3 38 2 40 34.675 5.325 0.319 2.076 

S4 25 15 40 34.675 5.325 2.700 17.579 

S5 33 7 40 34.675 5.325 0.081 0.527 

S6 33 7 40 34.675 5.325 0.081 0.527 

S7 35 5 40 34.675 5.325 0.003 0.020 

S8 36 4 40 34.675 5.325 0.051 0.330 

S9 38 2 40 34.675 5.325 0.319 2.076 

S10 27 13 40 34.675 5.325 1.699 11.062 

S11 36 4 40 34.675 5.325 0.051 0.330 

S12 32 8 40 34.675 5.325 0.206 1.344 

S13 38 2 40 34.675 5.325 0.319 2.076 

S14 33 7 40 34.675 5.325 0.081 0.527 

S15 36 4 40 34.675 5.325 0.051 0.330 

S16 37 3 40 34.675 5.325 0.156 1.015 

S17 37 3 40 34.675 5.325 0.156 1.015 

S18 37 3 40 34.675 5.325 0.156 1.015 

S19 36 4 40 34.675 5.325 0.051 0.330 

S20 36 4 40 34.675 5.325 0.051 0.330 

S21 37 3 40 34.675 5.325 0.156 1.015 

S22 38 2 40 34.675 5.325 0.319 2.076 

S23 28 12 40 34.675 5.325 1.285 8.367 

S24 37 3 40 34.675 5.325 0.156 1.015 

S25 36 4 40 34.675 5.325 0.051 0.330 

S26 34 6 40 34.675 5.325 0.013 0.086 

S27 35 5 40 34.675 5.325 0.003 0.020 

S28 36 4 40 34.675 5.325 0.051 0.330 

S29 35 5 40 34.675 5.325 0.003 0.020 

S30 34 6 40 34.675 5.325 0.013 0.086 

S31 36 4 40 34.675 5.325 0.051 0.330 

S32 24 16 40 34.675 5.325 3.286 21.400 

S33 33 7 40 34.675 5.325 0.081 0.527 

S34 37 3 40 34.675 5.325 0.156 1.015 

S35 37 3 40 34.675 5.325 0.156 1.015 

S36 38 2 40 34.675 5.325 0.319 2.076 

S37 38 2 40 34.675 5.325 0.319 2.076 

S38 32 8 40 34.675 5.325 0.206 1.344 

S39 32 8 40 34.675 5.325 0.206 1.344 

S40 32 8 40 34.675 5.325 0.206 1.344 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 9 

Mean, standard deviation, and skewness. 

Metric \ User type User Expert 

Arithmetic mean 34.675 8.850 

Standard deviation 3.533 1.145 

Skewness −1.586 −1.419 

Table 10 

Comparison of participantss’ response to the system. 

Scenarios Observed values Observed values (%) 

Users Expert Users Expert 

S1 38 10 95 100 

S2 37 8 92.5 80 

S3 38 9 95 90 

. . . . . 

. . . . . 

S38 32 9 80 90 

S39 32 10 80 100 

S40 32 10 80 100 
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x 2 = 

n ∑ 

i =1 

( O i − E i ) 
2 

E i 
(1)

For our experiment, the null and alternative hypothesis are set

as follows: 

Null Hypothesis (H 0 ): There is no significant difference be-

tween the observed and expected values. 

Alternative Hypothesis (H 1 ): There is a significant difference

between the observed and expected values. 

Based on the essential values as described in Table 8 , we cal-

culated the value of x 2 (105.491) with a degree of freedom value

39 [(r −1) (c-1) = (40–1) (2–1)]. The x 2 value is tested against the

chi-square distribution for the standard level α = 0.05 to find the

critical (chi crit) value (54.572). Since the calculated chi-stat value

is greater than the standard chi-crit value; thus, we reject the null

hypothesis H0, and accept the alternative hypothesis H1. It shows

that there exists significant difference between the observed values

and the expected values regarding the system that is developed on

the basis of our proposed CCIR methodology. 

5.4.2. Statistical observations 

We compared the results of opinions by the experts and users

for the 40 context scenarios using the descriptive statistics. We

performed a statistical analysis to examine factors using the SPSS
indows program ( Ferguson, 1959; George & Mallery, 2016 ). Us-

ng descriptive statistics, the arithmetic mean (M), standard devia-

ion (SD), and skewness were calculated for both datasets of users

nd experts to observe their response’s tendencies. The descrip-

ive statistics are illustrated in Table 9 , where the higher M value

4.625 shows that the majority of end users agree with the recom-

endations generated based on the given context scenarios. Sim-

larly, the standard deviation 3.533 infers that the end users have

ery small deviation in their agreement on different context sce-

arios. The skewness value −1.58 is acceptable for a normal distri-

ution, because most of the values are in an acceptable range (be-

ween + 2 and −2) ( George & Mallery, 2016 ). On the other hand,

he standard deviation of the expert users has even a smaller de-

iation of 1.145 in their agreement on different scenarios. Also, the

xperts’ skewness value −1.419 is in the range of acceptable val-

es. From these statistical analysis, we infer that the participants

f both the groups are in agreement and have a higher level of

entral tendency and a lesser level of variability in their responses

o the system. 

.4.3. Participants’ response to the system 

Finally, we record the response from both end-users and ex-

erts to find out the mutual relationships in their responses. Be-

ause of the unequal number of participants in each group, we

onverted the response values to the percentage response values

s shown in Table 10 . The average value (%) for the end-users

s recorded as 86.688, which is very close to the average value

%) 88.500 of the expert users, means the participants of both

he groups have almost similar opinion about the system. Also, a

alue-by-value comparison of the values in Table 10 is depicted

n Fig. 8 . It can be seen from the figure that there exists a very

lose relationship in the response of the participants from both

he groups. It leads us to the conclusion that both the groups are

greed in their opinion with respect to the positive response, thus

he system is considered to be acceptable. 

In order to segregate the contexts, we have selected 34 (user)

nd 8.5 (expert) as a cutoff point. Hence cutoff point of 34 and 8.5

ndicates that a particular context has gained over 85% acceptance

rom the participants. These contexts are a subset of daily activities

erformed by a user. Since the Mining Minds platform recognizes

ontexts such as location, high-level context, weather, and emo-

ion, therefore selected scenarios belong to these particular con-

exts only. The main purpose of the aforementioned experimenta-
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Fig. 8. Score for different context scenarios showing opinion of experts and users about the system. 

Table 11 

Contexts with score less than the cutoff point. 

S. No. Scenario item Contexts (Location, HLC, Weather, Emotion) RB RI 

1 4 Home, Inactivity, Rainy, Neutral Walking Walking 

2 5 Home, HavingMeal, Cloudy, Sadness Walking N/I 

3 6 Home, Sleeping, Windy, Neutral Stretching N/I 

4 10 Outdoors, Commuting, Cloudy, Neutral Walking N/I 

5 12 Gym, Exercising, Cloudy, Neutral Running Running 

6 14 Mall, UnidentifiedHLC, UnidentifiedWeather, Sadness Running Walking 

7 23 UnidentifiedLocation, Anger, Rainy, Inactivity Cycling Walking 

8 26 Gym, Sleeping, UnidentifiedWeather, Neutral Running N/I 

9 31 Restaurant, Sleeping, Windy, Sadness Running N/I 

10 32 Home, Inactivity, Rainy, Sadness Cycling Walking 

11 33 Yard, Sleeping, Sunny, Happiness Walking N/I 

12 38 Office, OfficeWork, Sunny, Neutral Walking / Running Walking 

13 39 Yard, UnidentifiedHLC, Cloudy, Sadness Running /Stretching Walking/Cycling 

14 40 Home, Exercising, Sunny, UnidentifiedEmotion Walking Walking 
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ion is to evaluate participants’ response variability against differ-

nt contexts and cross validation from the expert users. Analysis

f participants’ response helped us categorized these contexts in

wo clusters, i.e., acceptable performance and non-acceptable per-

ormance scenarios. 

For end users, a total of 14 such contexts are identified which

cored less than the cutoff point. These contexts are listed in

able 11 . Both RB and RI have same recommendations for 4 out

f 14 aforementioned contexts. Hence, in only 10 out of 14 con-

exts most participants marked RI’s recommendations “unreason-

ble”. Varied personal preferences could be one of the reasons

ince some of these contexts are rather rare e.g. “outdoors, com-

uting”, “gym, sleeping”, and “yard, sleeping”, etc. This analysis

ecessitates acquiring of personal preferences of the user. 

Two ways to address the issue of infrequent scenarios where

he user have marked RI recommendations unreasonable: (i)

hrough acquiring user specific preferences data from the users

hemselves through a feedback mechanism, (ii) revising the valid-

ty of the contexts recognized by the system as it seems that some

f the recognized contexts are not valid thus lead to generate un-

easonable recommendations. 

. Discussion 

Recommendation systems tend to be very complex. These sys-

ems not only perform information filtering but also take into ac-
ount different preferences of the users. Task of the recommender

ystems becomes more challenging in the wake of scarcity of the

ata. One of the main problems in recommendation systems is

he cold start which is pertinent to mention along with the in-

erpretation of recommendation with respect to user preferences.

old start problem occurs in most of the systems that requires

ata to draw any inferences for users or items about which suf-

cient amount of information is not yet gathered. Therefore, sys-

em is unable to provide any useful recommendations to the user

n the wake of cold start problem. In order to circumvent this is-

ue, we have relied on a questionnaire based data gathering tech-

ique which provides sufficient data to extract general patterns of

uman behavior under different conditions. These global patterns

f human behavior are used to make initial recommendations to

he user. These resulting patterns are stored in CPKB for each user

nd a generic level of personalization is achieved. This approach

s evaluated with an experiment which examined the users with

0 different everyday scenarios and assess the viability of recom-

endations for each case. As per the experiment results most of

he users showed inclination towards the provided recommenda-

ions. Their generalized response is depicted in Fig. 7 . It indicates

hat our system, in its early stages, is able to handle most of the

veryday scenarios and successfully avoid cold start problem. But

hese generic patterns may not capture idiosyncrasies of different

sers. Hence, inferring preferences of users on the basis of general

atterns can be very tricky. Therefore, in order to avoid such is-
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sues, each user is prompted to provide his/her preferences across

multiple contexts customization of the recommender system. 

Another important aspect of this experiment is to assess be-

havior of the recommender for infrequent scenarios. Since the pro-

posed method is able to respond to different everyday scenar-

ios, it is interesting to study its recommendations for rare events.

Fig. 8 provides item scores across different users. Each item de-

notes a specific scenario. Most of the scenarios capture everyday

aspects while in some of the items rare or infrequent contexts are

also incorporated. It is observed that the system’s response to such

events as rare or infrequent is not adequate. Some of these events

are highlighted in Table 11 . For infrequent events survey partici-

pants had provided varied responses and to approximate a gener-

alized response required a much greater number of survey partic-

ipants. In this regard a small subset of the users may be affected

by the imprecise approximation of our system. In order to address

the issue, more data is required for such cases to pinpoint a re-

sponse which is applicable to a greater population. Moreover, this

issue will not hinder those users who would have provided their

preferences, explicitly. 

With all positives, the proposed methodology has a room to im-

prove by address the following major limitations. 

• Contextual matrices are composed of binary values which may

further be enhanced to reflect probabilistic decisions 
• Current system lacks a feedback process which may enable the

system to fine tune its recommendations 

7. Conclusion 

In recent years personalized healthcare and wellness systems

have acquired a pivotal role in the quantified self-movement. These

systems share some common characteristics such as self-tracking,

self-monitoring, and self-quantification. In order to perform these

tasks raw sensory data is acquired and processed for providing in-

telligent recommendations to the users. Most of these systems fo-

cus on valid recommendations, i.e., recommendations which are

consistent with domain knowledge or guidelines. While contex-

tual information about the user is not fully exploited. We have

proposed cross-context interpretation of recommendation (CCIR),

a mechanism in which contextual information about the user is

seamlessly incorporated with the knowledge-based recommenda-

tion system. The key assertion of the proposed system is that

contextual information should also be taken into account along

with domain relevant recommendations. An empirical study is per-

formed which validated our assertion and most of the users pre-

ferred context interpreted recommendations. Proposed system pro-

duced encouraging results in terms of user’s acceptability. This

system is in its early stages therefore more research is required

in terms of identifying key contexts for user behavior modeling,

ethnicity traits, and reduction the chances of infrequent scenar-

ios. It will require to consider either increasing number of sur-

veyed members for knowledge acquisition or explicitly obtained

user preferences from the users themselves. 

As a future work, we intend to incorporate the feedback mech-

anism for improving the quality of personalized recommendations.

We also plan to investigate implicit and explicit data gathering

mechanism for user experience quantification. This will enable us

to measure the user satisfaction level for modifications in the ser-

vices provision. Lastly, continuously evolution of knowledge bases

(using expert and data driven approaches) will result in adapting

recommendations that takes into account the trends as well. 
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