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Abstract. Existing reference models for recommender systems are on an  
abstract level of detail or do not point out the processes and transitions of rec-
ommendation systems. However, this information is relevant for developers to 
design or improve recommendation systems. Even so, users need some back-
ground information of the calculation process to understand the process and  
accept or configure these systems proper. In this paper we present a comprehen-
sive reference model for recommender systems which conjuncts the recommen-
dation processes on an adequate level of detail. To achieve this, the processes of 
content-based and collaboration-based systems are merged and extended by the 
transitions and phases of hybrid systems. Furthermore, the algorithms which 
can be applied in the phases of the model are examined to identify the data flow 
between these phases. With our model those information of the recommenda-
tion calculation process can be identified, which encourages the traceability and 
thus the acceptance of recommendations. 

Keywords: recommender system, recommender reference model, recommen-
dation calculation, calculation information, data flow. 

1   Introduction 

In internet-based information systems the user is confronted with a growing amount 
of data, which makes it difficult to identify the relevant information. This is not only a 
problem for information seekers but also for information providers. In particular for 
commercial enterprises selling products on the internet, the demand for offering ade-
quate information to a user is crucial. The financial success of their online selling 
platform directly depends on the user-centered identification and presentation of rele-
vant information [10]. 

To assist the user in finding relevant information, three complimentary methods 
can be applied: classification and structuring, search-engines, or recommendation 
systems. The classification and structuring approach is suitable for an explorative 
system in which the user can browse through and easily gather an overview of the 
information. This may be time consuming and ineffective for non-explorative usage 
scenarios. Search engines are an established approach commonly users are familiar 
with. The main drawback of search engines is the need for appropriate search queries 
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the user has to declare. Especially if the user has no clue about available information 
this problem deteriorates. To overcome these issues recommender systems (RS) can 
be integrated to identify and present information artifacts to the users which match 
their individual needs and preferences. Using RS the user can benefit from these rec-
ommendations with a minimum of inputs specifically stated to the RS. Furthermore, 
recommendation systems as merchandising tools individually advertise products and 
thus can enable increasing sales.  

In this paper we present a comprehensive reference model for personalized rec-
ommendation systems. The model unifies relevant aspects of existing and established 
PRS reference models. The objective of this reference model is to show the overall 
interplay of the components and coevally accenting the impact of input parameters 
and transferred data in the recommendation calculation process. As far as we know 
there exists no such reference model on this level of detail. 

The resulting PSR model is a connected and comprehensive reference model for 
existing personalized recommendation approaches comprising relevant detail infor-
mation. The comprehensive reference model is especially suitable for further devel-
opments and optimizations of PRS. 

In the next section we introduce basic information for recommender systems. The 
third section will give an overview about related works on which the presented refer-
ence model for recommender systems is built on. The comprehensive reference model 
itself will be described in section four. The last section summarizes the paper. 

2   Basics for Recommender Systems 

For a common understanding of the construction of a comprehensive reference model 
for recommender systems some basic information is essential. In this section these 
basics will be described.  

2.1   User Feedback as Input Data 

To obtain user and usage data as input data for recommender systems basically three 
approaches exists which can be applied in combination [8]: 

Explicit feedback/direct learning technique. The user explicitly states preference or 
socio-demographic information in input fields of the ‘conversational system’. The 
main drawback of this approach is users have to be motivated to actively perform 
these inputs [10]. Furthermore, users have to interpret and understand the feedback 
mechanisms correct in order to achieve proper recommendations [2]. 

System-driven explicit feedback/partially direct learning technique. The user 
explicitly states preferences of socio-demographic information in input fields, but the 
system determines when and which information is necessary. The objective is to 
minimize the number of explicitly stated information thus minimizing user interac-
tions which are not related to his originally task. 

Implicit feedback/indirect or transparent learning technique. User preferences are 
deduced by analyzing the interactions (‘behavioral usage data’, like mouse move-
ments, selections, orders, etc.) of the user [18].  
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2.2   Classification Criteria: Personalization and Functional Input Sources 

Recommender systems are mainly classified in personalized, non-personalized, and 
supporting systems [1]. In between personalized and non-personalized systems can be 
settled a fourth category named group-based recommendation systems [7]. In this 
paper we focus on personalized recommender systems (PRS) which predict individual 
preference values for information artifacts [13].  

For PRS various classification criteria were identified in previous works, of which 
the criterion by functional input seems to be used most often. To support comparabil-
ity this criterion will be used in this paper equally. This criterion partitions PRS in 
content-based, collaboration-based, and hybrid approaches [1,11]. Content-based PRS 
(item-based/feature-based) extract significant features out of the content (domain-
space), based on which similar information artifacts are identified to these artifacts the 
user rated positive (implicit or explicit, see 2.1). In contrast, collaboration-based RPS 
compare characteristics from the user models itself to recommend information arti-
facts ranked positive by similar user models (targeted customer inputs and/or commu-
nity inputs). Hybrid PRS combine both of these approaches to overcome drawbacks 
of each separately.  

With the evolving Web2.0 and social communities the class of group-based PRS (so-
cial-based, social-tagging-based) is stated as a fourth category [10]. Due to the fact these 
systems use similar functional input sources these systems will here be classified as 
collaboration based systems. Furthermore, there exist the categorizations of rule-based 
and knowledge-based systems. However, these require predefined rules and knowledge, 
so they are not fully automatic and will not be considered further on [5]. 

3   Related Work 

After this short introduction to the basics for recommendation systems and the classi-
fication criteria applied in this paper, in this section related works will be discussed. 
These related works are also the basics for the designed comprehensive reference 
model in the subsequent section.  

3.1   Process Models for Recommender Systems  

In the field of recommendation systems some models exist which describe the process 
of recommendation calculation in different abstraction levels. Often, these models are 
influenced by the point of view the model is developed for. To obtain an overview of 
these models the most important are presented here, which lay the groundwork for the 
comprehensive reference model.  

Abstract model of recommendation systems. [5] described this model which con-
sists of four components: (i) background knowledge: knowledge domain and previ-
ously gathered user/usage data (see section 2.1), (ii) user/usage data of the current 
interaction session, (iii) an recommendation algorithm which calculated user prefer-
ence approximations based on the background knowledge and the current user/usage 
data, and (iv) presentation of the recommendations.  
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Model including activities and information flows.  [18] present an extended rec-
ommendation model which includes activities between the involved responsibility 
parties and the resulting information flows between these parties. This model is de-
fined on a very abstract level of detail to cover as many recommendation activities as 
possible. For a concrete usage scenario these activities significantly vary. Further-
more, not each of the activities of information flows has to be concretized or realized.  

Conceptional classification model. A particularized description model is presented 
in [15]. In this model the characteristics of recommendation systems are differentiated 
in functional in- and outputs (see section 2.2), recommendation method (see section 
3.3), and additional design decisions. The model differentiates the functional inputs in 
those that describe the current user and those representing the whole community. 
Additional design decisions are determined by the recommendation system provider 
(before runtime) but determine the recommendation quality and the kind of presenta-
tion. Thus, these decisions have a major impact for the users’ perception of the rec-
ommendations which furthermore constitute the success of recommendation systems. 

3.2   Recommendation Calculation Processes for Recommender Systems 

In this section the processes for recommendation calculation will be described which 
are used to predict preference values for the current user. The presented calculation 
processes are oriented to the differentiation of functional input sources (see section 
2.2). The subsequent section 3.3 lists calculation functions which can be utilized 
within the calculation processes presented here.  

Calculation process of content-based systems. Content-based systems calculate 
preference values based on objective properties, the features. Using these features an 
item-to-item-correlation is constructed based on the preferences of the current user 
[5]. The objective is to identify unrated information artifacts which is alike rated in-
formation (information the system has preference values for).  

The calculation process of content-based systems is composed of two phases, as 
shown in Fig. 1 (left). In the first phase ‘feature extraction’ objective properties are 
extracted for the information artifacts, with the aim of identifying the best describing 
characteristics of this artifact. In the second phase ‘filtering and preference value 
prediction’ a heuristic or model-based mathematical function is used to calculate the 
similarity of informational artifacts. The applied functions can be distinguished in 
exact-match and best-match approaches. 

Calculation process of collaboration-based systems. Collaboration-based recom-
mendation systems recommend information artifacts to the current user based on 
community data, the user/usage data of other users. The process is composed of three 
phases, as shown in Fig. 1 (right). In the first phase a user-to-user-correlation is con-
structed based on a comparison of acquired preferences of these users (or user ac-
count). The aim of the second phase is to identify a homogeneous neighborhood 
group of mostly similar users. In the last phase the preference value predictions are 
calculated. The resulting recommendations for the current user are these information 
artifacts which are preferred by other users which have mostly similar preferences to 
the current one [5,13,18].  
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Fig. 1. Calculation processes for content-based (left) and collaboration based (right) systems 

Hybrid systems. Hybrid recommendation systems combine the approaches of con-
tent-based and collaboration-based processes. The objective of the combination is to 
reduce weaknesses and problems when applying the above processes separately [3]. 
[1] identified four categories of combinations for hybrid systems:  

(i) Combination of results: both processes are integrated in independently, the re-
sulting preference predictions are combined afterwards.  

(ii) Content-based aspects in collaboration-based methods: content-based user 
models are utilized to calculate homogeneous neighborhood groups. 

(iii) Collaboration-based aspects in content-based methods: the predominant ap-
proach is a dimension reduction of content-based user models based on collabora-
tively constructed neighborhood groups. 

(iv) Unified model: both processes are modeled in one joint model which is used to 
calculate the preference value predictions. This model can be probabilistic, rule-
based, or knowledge-based. 

3.3   Computation Functions in the Recommendation Process  

In the phases of the recommendation calculation processes mathematical functions 
can be applied. In this section these some applicable functions will be introduced, 
which is necessary to identify the information flows in the comprehensive reference 
model for recommender systems.  

Feature extraction. For the phase of feature extraction the text-based approach TF-
IDF is mentioned which identifies relevant terms of documents and their signifi-
cances. Using latent semantic analysis or respectively latent semantic indexing the 
quality of this feature extraction can be increased [1].  

Proximity calculation. To calculate the proximity between user models five strate-
gies can be distinguished [1,9,12,13,14,16,17]:  
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1. 1. distance-based: Lq-distance, Mahalanobis-distance, 
2. 2. correlation-based: (constrained/weighted) pearson correlation, 
3. 3. vector-space-based : cosine-based approach, adjusted cosine similariy, TF-IDF-

schema, rocchio algorithm, 
4. 4. rule-based: boolean matching, decision trees, association rule discovery, and 
5. 5. probabilistic: Hidden Markov Model, dynamic Bayesian networks, Bayesian 

belief networks, naïve Bayesian classifier, maximum-entropy-method, probabilistic 
relational model, probabilistic latent semantic analysis. 

Classification. A classification leads to groups of ‘similar’ objects based on a metric 
function, which is here based on features. Here three approaches can be distinguished 
[4,6,19,20]: 

1. 1. Nearest Neighbor: kNN, 
2. 2. linear classifier: (modified) least squares, Support Vector Mashines, modified 

naïve Bayes, and 
3. 3. Cluster-algorithms: Tree-Clustering, Expectation-Maximization-Algorithm, K-

Means, Gibbs Sampling, Monte-Carlo-Methods, Horting-Algorithm 

Aggregation. Aggregation functions unite multiple values to one. Approaches are the 
simple average (means), weighed sum, adjusted weighed sum or the regression model. 
A similar approach are providing the (bi-polar) slope one-algorithms [1,13,14]. 

4   Comprehensive Reference Model for Recommender Systems 

In this section the comprehensive reference model for recommender systems will be 
presented. The model is based on the Recommendation Calculation Processes for 
Recommender Systems (see section 3.2) and summarizes the main aspects of related 
work reference models (see section 3.1). Furthermore the information flows in the 
reference model will be identified. 

4.1   Aggregation of Existing Process Models 

The existing process models are described in section 3.2. To achieve the comprehen-
sive reference model, the processes of content- and collaborative-based recommenda-
tion systems had been combined and extended by the transitions and phases of hybrid 
systems.  

The resulting comprehensive reference model for recommendation systems is pre-
sented in Fig. 2. The entry point for this model is the green node at the upper side, the 
endpoint with the resulting preference value predictions is the red node at the bottom 
side. The yellow squares are decision points which path has to be followed. The deci-
sion itself is mainly determined by design conditions. Input data for the reference 
model are the objects itself, or to be precise, features of these objects for which the 
preference value predictions are to be calculated, as well as user models, containing 
processed user information (like interactions or selection/buy decisions). These user 
models are differentiated in the user model for the current user for whom the prefer-
ence values are to predict, and the user models of other users. 
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Fig. 2. Comprehensive reference model for recommendation systems 

In Fig. 2 the process of content-based recommendation systems is presented in the 
left grey box, whereas the process of collaboration-based recommendation systems is 
visible in the right grey box. In between these two boxes transitions for possible hy-
brid combinations are displayed to illustrate the intersections between these two 
classes of recommendation systems. The smaller grey box at the bottom side of the 
model represents the class of hybrid recommendation systems which combines the 
results the two processes calculated independently. The residual category of unified 
models (see section 3.2) is not distanced in form of transitions or phases, but is a form 
auf instantiation of the whole process model.  

4.2   Data Flow in the Transitions of the Reference Model 

In Fig. 2 some transitions are displayed between the phases of the recommendation 
processes. These been examined for their data flow. Therefore, the computation func-
tions described in section 3.3, which may be executed in the phases, had been taken 
into account. These computation functions expect specific input data and process 
them to a specific output data. Therefore these data is passed between the connected 
phases when recommendations are calculated. In Fig. 3 these annotated data flow in 
the transition is presented.  

The features of the objects may be extracted using feature extraction algorithms. 
The resulting feature vector is passed on to the phase ‘filtering and preference value 
prediction’. In conjunction with the feature vector of the current users’ user model 
distance values are calculated using proximity calculation algorithms. The results of 
the content-based recommendation process are the preference value predictions.  
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Fig. 3. Comprehensive reference model for recommendation systems extended by annotations 
of the data flow at the transitions  

For the collaboration-based recommendation process both feature vectors of the 
current users’ user model and the user models of other users are the input for the 
phase ‘user model proximity’ calculation. Here again proximity calculation algo-
rithms are applied which generate distance values. These values flow into the phase 
‘mentor selection’ where classification algorithms are applied. Using the resulting 
user model set describing users likewise similar preferences, in the phase ‘preference 
value prediction’ these predictions are calculated.  

For hybrid systems combining the processes the one approach is to hand over the 
set of mentors to the content-specific phase ‘filtering and preference value predic-
tion’. The other approach of bringing aspect of one process into the other process is to 
pass the resulting feature vector of the current users’ user model (containing the proc-
ess result of the objects feature vector) to the collaboration-specific phase ‘user model 
proximity calculation’. The category of combining the results uses aggregation func-
tions to merge the calculated preference value predictions.  

5   Conclusion 

For the success of recommendation systems in applications it is crucial the current 
user accepts recommended objects. The acceptance depends on the traceability, which 
in turn depends on the information the user may perceive. Using the model presented 
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in this paper those information of the recommendation calculation process can be 
identified which should be depicted to the user to enhance traceability. So the user can 
better understand why objects had been recommended. This may increase the success 
and returns for the vendors utilizing the system. 

In this paper we presented a comprehensive reference model for recommender sys-
tems. This reference model conjuncts the processes of content-based and collabora-
tion-based recommendation systems and extends these processes with the transitions 
and phases of the category of hybrid systems. Furthermore, the algorithms which can 
be applied in the phases of the model had been examined to identify the data flow 
between these phases.  

The resulting reference model presents the state of the art approaches of recom-
mender systems to calculate preference value predictions. Using this reference model, 
developers can systematically construct new recommendation systems or develop 
further improvements and extensions of existing recommendation systems.  
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