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Abstract—  Internet of Things (IoT) will be emerged over many of 

devices that are dynamically networked. Because of distributed 

and dynamic nature of IoT, designing a recommender system for 

them is a challenging problem. Recently, cognitive systems are 

used to design modern frameworks in different types of computer 

applications such as cognitive radio networks and cognitive peer-

to-peer networks. A cognitive system can learn to improve its 

performance while operating under its unknown environment. In 

this paper, we propose a framework for cognitive recommender 

systems in IoT. To the best of our knowledge, there is no 

recommender system based on cognitive systems in the IoT. The 

proposed algorithm is compared with the existing recommender 

systems. 

Keywords-component; Internet of Things(IoT), recommender 

systems, cognitive recommender systems, cognitive system. 

I.  INTRODUCTION  

     Internet of Things (IoT) will be emerged over many of 

devices that are dynamically networked. In these systems, the 

devices communicate, sense, and interact with their 

environment. Recommender systems represent user preferences 

for the purpose of suggesting items to purchase or examine[1]. 

Because of distributed and dynamic nature of IoT, designing a 

recommender system for them is a challenging problem. 

Different approaches are used to design recommender systems 

in IoT [2].  

     Recent approaches for designing recommender systems in 

IoT based applications invest in context-aware computations. 

Context-aware recommender systems (CARS) generate 

relevant recommendations by adapting to the specific 

contextual situation of the user[3]. In [4], a context-aware 

recommender system framework deployed in urban space to 

engage anonymous viewer is reported. In other study, [5] 

presents a Multi-Agent System (MAS) based solution for 

generating personalized recommendations on mobile devices 

with the use of contextual data acquired from the IoT. Note that, 

in IoT, the computational power of computers is not limited to 

consume contextual information and every computer is able to 

execute a wide range of machine learning algorithms. 

Therefore, it seems that we need a new framework for future 

generation of recommender systems.   

     Recently, the cognitive systems are used to design modern 

frameworks in different types of computer applications such as 

cognitive radio networks and cognitive peer-to-peer 

networks[6-8]. Cognitive systems can learn to improve their 

performance while operating under their unknown 

environment. It seems that the cognitive systems have high 



potential to be used in designing next generation of 

recommender systems in IoT. 

    In this paper, we propose a framework for cognitive 

recommender systems in IoT. A cognitive recommender system 

learns from the experiences that happen in the past to improve 

the decisions about recommendations. To the best of our 

knowledge, there is no recommender system based on cognitive 

systems in the IoT.  

    The rest of the paper is organized as follows. Section II and 

section III introduces related work and preliminary. In Section 

IV, a framework for cognitive recommender systems is 

suggested. Section V is dedicated to discussion and comparison 

Section VI concludes the paper.   

II. RELATED WORK 

Recent approaches for designing recommender systems in IoT 

focus on context-aware computations and personalization 

methods such as those reported in [4, 5]. Note that cognitive 

systems has not been used to design recommender systems in 

IoT but cognitive IoT has been reported in [9]. A main 

drawback of existing recommender systems is that they do not 

use a general framework. Therefore, a designer cannot analyze 

and extend them easily. It seems that the cognitive systems can 

be used to design a general purpose cognitive framework which 

is not application dependent. All of existing recommender 

systems reported in [4, 5] and [10-24] are not based on cognitive 

systems.  

In other hand, as it was previously mentioned, the 

computational power of computers of things is not limited to 

consume contextual information and every computer is able to 

execute a wide range of machine learning algorithms. 

Therefore, it seems that we need a new framework for future 

generation of recommender systems. In this paper, we 

suggested a general framework for cognitive recommender 

systems for IoT. The suggested framework can be used as a 

standard framework for the next generation of recommender 

systems in IoT.  
 

III. PRELIMINARIES 

In this section. in order to provide basic information for the 
remainder of the paper, we present a brief overview of cognitive 
systems and recommender systems. 

A. Cognitive Systems 

     A cognitive system can learn to improve its performance 

while operating under its unknown environment. Many theories 

are reported in the literature to model a cognitive system[10]. 

In this paper, we use a three-layer model for a learning system 

which is widely used to model a cognitive system in artificial 

intelligence. The layers are described as bellow. 

• A layer to determine the goals and behavior for the 

system. 

• A layer to analyses the status of the environment and 

making appropriated decisions considering the goals 

of the system. 

• A layer consisting sensors to observe the environment. 

This layer also consists modifiable elements for 

changing the environment of the cognitive system. 
 

This model was used to define modern frameworks for 
managing computer networks such as those reported in[7, 8]. 
We will customize it in our suggested framework for the 
cognitive recommender systems. 

B. Recommender Systems 

Recommender systems are tools which provide users 
suggestions by analyzing their behaviors to help them make a 
good decision [11]. The Recommender systems can be classified 
into five different techniques: Content-based recommender 
systems which analyze item descriptions in order to identify 
items that are particular interest to users [12]. Collaborative 
filtering recommender systems use ratings data provided by the 
user. User similarity is based on user rating[13]. Demographic 
recommender systems recommend items based on the 
identification of the demographic enumeration which the user 
fits better according to a personal demographic profile [14]. 
Knowledge-based recommender systems recommend items 
based on specific domain knowledge regarding how items meet 
user references [15]. Hybrid recommender systems are based on 
the combination of the aforementioned techniques.  

IV. A FRAMEWORK FOR COGNITIVE 

RECOMMENDER SYSTEM 

     In this section, we present a framework for cognitive 

recommender system. The goal of the cognitive recommender 

system is to provide an appropriate set of recommendation list 

to users. This framework consists of three layers: Requirement 

Layer(RL), Cognitive Process Layer(CPL), and Things System 

Layer(TSL). Note that, we borrowed some concepts from 

framework of the cognitive networks introduced by [6, 7] and 

present a framework for cognitive recommender system. The 

structure of the framework is shown in figure 1. 

A. Requirement Layer 

     In the requirement layer, the goal and behavior of the 

network are described by a Cognitive Specification Language 

(CSL). Each thing finds a file called configuration file that is 

shared in the IoT. In the configuration file, the CLS is used to 

determine the goals of the cognitive recommender systems. 

Each thing finds the goals of the cognitive recommender system 

from the configuration file and then transfers them to the CPL. 

This layer enables the manager to change the goals of the 

cognitive recommender engine by sharing a new file as 

configuration file. It should be noted that, changing the goals of 

the cognitive recommender system in the RL leads to changing 

the optimizing functions in the CPL. 

     Several approach considering distributed nature of IoT for 

sharing the configuration things are suggested below. 

• Centralized approach: In this approach, the 

configuration file will be saved in a server. Each thing 

connects to the server and then finds the last version 

of the configuration file. 



• Semi-centralized approach: In this approach, the 

configuration file will be saved in miltiple servers in 

the IoT.  

• Fully-distributed approach: In this approach, the 

configuration file can be saved in every thing of the 

IoT. Each thing periodically download the last version 

of the configuration file from its neighboring things 

and then update its configuration file considering the 

downloaded configuration file. 

B. Things System Layer 

In the Things System Layer (TSL), the things sensors and 

recommendation list are designated based on local 

configurations of the things in the IoT. In other words, 

cognitive recommender engine uses its IoT’s sensors for 

gathering local information about its corresponding thing in 

the network to observe things. The things sensors can be 

considered in different vision based on technologies such as 

Near Field Communication(NFC), wireless sensor, 

Actuator Network(WSAN), RFID and etc.[16]. cognitive 

recommender engine also acts on its recommendation list. 

During design of the TSL, a list of required functions for the 

things sensors. and recommendation list must be prepared. 

In the rest of this subsection, we describe about the required 

functions.  

• The required functions for the things sensors are 

defined based on goals of the cognitive 

recommender system. The things sensors must be 

able to execute appropriate functions to find local 

and global information about the environment of 

the things. 

• The required functions for representing the 

recommendation list. If the recommendation 

algorithm is in charge of tuning a parameter for 

representing the recommendations, we must have 

techniques for tuning the recommender system. 

 

C. Cognitive Process Layer  

     The Cognitive Process Layer(CPL) is implemented using 

the cognitive engine resided in the cognitive recommender 

engine. The cognitive recommender engine observes things 

from the things sensor in the TSL. This layer executes the 

recommendation algorithm and act on the recommendation list.  

Because of distributed nature of IoT, the cognitive recomender 

engine can be implemented using one of the following methods. 

• Centralized cognitive engine: In this type, the 

cognitive engine is implemented in one server.  

• Semi-centralized cognitive engine: In this type, the 

cognitive engine is implemented in multiple servers.  

• Fully-distributed cognitive engine: In this type, 

every thing has its own cognitive engine.  

In all of above methods, the information about the things is 

shared in the cognitive engines. 

 

 

During implementation of the CPL, several decisions should 

be made which some of them are explained as below. 

• Decision about selecting the goal of the cognitive 

recommender system that determines which objective 

function should be optimized. 

• Decision about selecting things sensors considering the goal 

of the cognitive recommender engine. 

• Decision about selecting recommendation list which can be 

used in the cognitive recommendation processes in order to 

improve the performance of the cognitive recommender 

engine. 

• Decision about selecting appropriate learning mechanism 

considering the status of recommender system. Because of 

distributed and dynamic nature of recommender system, the 

artificial intelligence technique which can use distributed 

information about things of the network is a good candidate 

for designing learning mechanism of the cognitive 

recommender engines in IoT[17]. 

 

Note that, we can use every learning mechanism considering 

the conditions of the cognitive recommender engine in the 

proposed framework. 

 

 
Figure 1. A framework for cognitive recommender system 

 

V. DISCUSSION AND COMPARISON 

In this section, first, we summarize the features of the proposed 

framework and then compare it with other studies. the features 

of the proposed framework are listed below.  

 

• The proposed framework is a general purpose 

framework which is not limited to a specific 

application. 

• The proposed framework is based on cognitive 

systems. A cognitive system can learn to improve its 

performance while operating under its unknown 

environment. Note that, the proposed framework is 

self-adaptive. This is because of existing a feedback 

loop which enable the system to reorganize itself 

considering the feedbacks. 

• The proposed framework is flexible. In this 

framework, the designer (or system admin) using the 



cognitive specification language is able to change the 

configurations/objectives of the system during 

operation of the system.  

• The proposed framework enables the information 

sharing among things using cognitive engine. 

Information sharing among things enable the things to 

execute their management problems in collaborative 

manner. 

     The mentioned metrics were used to compare the proposed 

framework with other studies reported in the literature. Table I 

shown the compared our framework with other studies 

TABLE I.  THE DETAILS OF ALGORITHMS REPORTED IN THE LITRITURE  

 

To the best of our knowledge, our work is novel and there 

hasn’t been any prior study on designing cognitive framework 

for recommender system in the IoT. 

VI. CONCLUSION  

In this paper, we proposed a framework for the cognitive 

recommender system in Internet of Things (IoT). This 

framework is the first framework based on cognitive systems 

for the recommender systems in the IoT. In this framework, the 

recommender engine observes the things sensor. Then, the 

information about users and items are used to solve user/item 

prediction problem. This framework can be a reference 

framework for future research in the field of the recommender 

systems. The proposed framework was compared with other 

existing solutions with respect to four metrics. For future 

research we can implement an IoT platform for a real-time 

recommender system.   
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VII. APPENDX 

In this section, in order to study the applicability of the proposed 

framework, a collaborative algorithm is given using the 

proposed framework. The performance of the proposed 

algorithm shows that its performance with respect to precision, 

recall, and F1-measure is better than other algorithms when the 

number of recommendations are limited. In other word, the 

proposed algorithm is appropriate for devices with small 

screens. Note that, In IoT based applications, the screens of 

devices are limited. In the rest of this section, at first an 

algorithm based on the proposed framework is given and then 

its performance is studied.  

A. An approach based on hybrid recommendation for 

designung cognitive recommender system 

 In this section, we propose an algorithm based on suggested 

recommender system. In this part, the recommender engine 

input includes several elements such as user profile, user 

preferences and product specifications, which are observe from 

the things sensors. The recommender engine implements a 

hybrid recommendation algorithm with combining the 

collaborative filtering and content-based algorithms. The 

collaborative filtering predicts a user’s interests by collecting 

data onto a great number of other users especially those whose 

rating trends towards the items which are similar to the target 

user’s. The content based algorithm is the similarity between 

items which is used instead of the similarity between users. The 

recommender engine can predict user ratings through a 

collaborative mechanism which includes content-based 

estimations and acts a list of recommendations to the user. 

      In the things sensor component, once a user selects a thing, 

the information transferred into the things sensor component. 

All users have IDs, and user profile has been saved into user 

profile database in the recommendation engine. In the 

recommendation list component, the result of recommender 

system is transferred into user mobile phones and displayed in 

the user mobile phone screen. 

 
Algorithm cognitive recommender engine  

Inputs 

User status from the things sensor 

The goal and behavior of the network are described by Cognitive 

Specification Language 

Output 

Recommender engine act the recommendation list to present the 

users. 
01: Begin 

02: Compute the user and item scores in the matrix score. 

03: Implement the hybrid recommender system technique with 

combining the collaborative filtering and content-based 

techniques. 

04: Defined the hybrid correlation weight which determines the 

significance of the collaborative filtering and content-based 

techniques in the hybrid algorithm. 

05: Compute the Pearson correlation with respect to a significance 

weight factor. 

06:      IF number of common items greater than 50 Then  

     cross it with 1. 

07: Compute self-weighting factor reflects the confidence in the 

content-based algorithm. 

08: End. 
 

B. Experimental results 

     In this section, the dataset used in this study is introduced 

first; we examined the hybrid algorithm by obtaining the results 

of collaborative filtering and content-based algorithms in order 

to predict the ranks. Finally, we compared the performance of 

the proposed recommender system with other studies. 

1) Datasets 

There is no dataset for the retails in the fields of the IoT. 

According to this limitation, we validated our algorithm 

through experiments on the Movie lens data set. Movie Lens 



data sets were collected by the Group Lens Research Project at 

the University of Minnesota. This data set consists of: 1) 

100,000 ratings (1-5) from 943 users on 1682 movies. 2) Each 

user has rated at least 20 movies and 3) Simple demographic 

info for the users (age, gender, occupation, zip). 

The data was collected through the Movie Lens web site. 

(movielens.umn.edu) during the seven-month period from 

September 19th, 1997 through April 22nd, 1998. This data has 

been cleaned up – users who had less than 20 ratings or did not 

have complete demographic information were removed from 

this data set1. 

2) Results 

a) Experiments  

     In the algorithm proposed to this study, a specific time was 

considered for providing recommendations. The ratings given 

before that time were considered to be the train file, and the 

ratings after that time was called the test matrix. To compare 

the results of each paper, the precision, recall and F1-measure 

criteria were used. 

    In this section, the results of the proposed algorithm were 

compared with those obtained from other study on 

recommender systems in order to compare the efficiency of the 

proposed algorithm. In [32], a Bayesian network was first 

introduced to calculate the likelihood that a user would give a 

specific rating to an item. Using this network, the ratings 

pertaining to the content-based and collaborative filtering 

algorithms were obtained, and then combined. 

     According to figure 2, the value of precision in the algorithm 

proposed here performed better for fewer recommendations in 

comparison with those in the other study. However, as the 

number of recommendations increased, the precision of the 

results of the current study decreased and then remained 

unchanged. According to figure 3, the results of the Recall 

criterion, we conclude that this value would be increased with 

increasing the number of recommendations. Our proposed 

recommendation is a good performance when the number of 

recommendations are limited in with compare the [32]. 

According to figure 4, The results of F1-Measure indicated that 

if the number of recommendations increased, this value would 

also be increased.  

     It is natural that the quality of the above criteria shall 

increase as the number of recommendations increased. 

However, as things have limitations displaying information, the 

number of recommendations displayed on things should also be 

limited.  

According to the results obtained as the Precision, Recall, and 

F1-Measure criteria, the proposed algorithm showed a better 

performance for fewer recommendations in comparison with 

other study. 

Figure 2. Comparison cognitive recommendation with other study of with 

Precision 

 
Figure 3. Comparison cognitive recommendation with other study of with 

Recall 

Figure 4. Comparison cognitive recommendation with other study of with F1-

Measure

 

                                                           
1 Available at http://www.grouplens.org/node/73 
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