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Abstract
The problem of the formation of the recommended list of items in the situation of cyclic cold start of the recommendation 

system is considered. This problem occurs when building recommendations for occasional users. The interests of such consumers 
change significantly over time. These users are considered “cold” when accessing the recommendation system. A method for build-
ing recommendations in a cyclical cold start situation using temporal constraints is proposed. Temporal constraints are formed on 
the basis of the selection of repetitive pairs of actions for choosing the same objects at a given level of time granulation. Input data is 
represented by a set of user choice records. For each entry, a time stamp is indicated. The method includes the phases of the forma-
tion of temporal constraints, the addition of source data using these constraints, as well as the formation of recommendations using 
the collaborative filtering algorithm. The proposed method makes it possible, with the help of temporal constraints, to improve the 
accuracy of recommendations for “cold” users with periodic changes in their interests.
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1. Introduction 
Recommendation systems are used to support consumer choice in the field of e-commerce, 

for example, in online stores, hotel booking systems, streaming video sales systems. Such systems 
are designed to predict a set of items that may be interesting to a specific user in the absence of 
information about the choice of specified items by this user. In making recommendations data on 
the choice of other users, as well as on the characteristics of selected items are used [1].

In the process of building such systems, a cold start problem usually arises due to the incom-
pleteness of data on new users [2]. In the case of a new user or a new product, the latter are defined as 
“cold”. This means that information on these products is not enough to form accurate recommenda-
tions. The recommendation system can offer the necessary goods only after the user selects them on 
its own initiative. Such users are no longer “cold” and information about them can be used to support 
consumer choice. A cold start is an important problem in the recommendation system for occasional 
users who visit the corresponding site periodically, at long intervals, for example, to buy household 
appliances, books, and holiday travel [3]. Solving the problem of a cyclic cold start is associated with 
difficulties due to the lack of dependency information affecting consumer choice. Such implicit de-
pendencies can be obtained based on the analysis of the sequence of user actions [4].
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To solve the cold start problem, hybrid methods are used based on the complement of col-
laborative filtering by analyzing context data [5]. Also demographic data are used [6]. To account 
for cyclical changes in the interests of users, their temporal characteristics are used. Research 
in this direction uses two approaches: based on the user model and based on data filtering. In 
the first case, models for one and several users are used. In [7], a model of seasonal changes in 
the interests of the user was proposed, which is trained using gradient descent. The model of 
user preferences in the form of a temporal graph, which uses a random search when generating 
recommendations, is considered in [8]. The neural network model of multiple user behavior was 
proposed in [9]. In accordance with the second approach, using partial filtering of input data 
removes information that does not reflect the current interests of users. For filtering, a model 
based on a multilayer graph [10] is used, as well as the principles of self-learning [11] and active 
learning [12]. Approaches based on the model can more accurately describe the behavior of the 
user. Approaches based on input filtering are easily integrated with existing methods of building 
recommendations.

However, in general, the considered approaches are not focused on solving the problem of a 
cyclical cold start, since the latter is also characterized by a change in consumer interests and in-
complete data on the choice of these consumers. To solve this problem, it is advisable to modify the 
input data based on the temporal model of the cycle of selection of known users, and then formulate 
recommendations for the new user. Therefore, the main idea of the research consists in combining 
the user behavior model, as well as modifying the input data when generating recommendations in 
a cyclical cold start situation.

2. Method of forming recommendations in situation of cyclic cold start using temporal con-
straints on input data 

The developed method is intended for building recommendations in the case when input 
information, which is used to support the choice of the current consumer, is absent or irrelevant. 
Such information is usually absent for a new user and becomes irrelevant for irregular users when 
their interests change over time.

The method complements the input data set, which is used to build recommendations, before 
performing collaborative filtering. Supplement data is based on the use of temporal dependencies. 
Temporal dependencies have the form of weighted rules [13]. The weights of these rules are deter-
mined based on a random search [14]. Temporal dependencies in recommendation systems char-
acterize selection sequences by well-known consumers of products that may be of interest to the 
current user. It is necessary to select and order the sequence of events (choice) for their formation, 
taking into account the context of this choice. A general approach to the selection of the initial 
subsets of events was proposed in [15].

The purpose of supplementing the input data is to set restrictions for the new, “cold” user in 
the form of permissible temporal dependencies of the choice of goods or services.

As a source of data in the recommendation systems, a matrix E  of choice (for example, 
purchases) of the consumer is usually used. This matrix is sparse, that is, only a small part of the 
elements of the matrix is non-zero and displays the connection of users with items.

Each element kje  of this matrix characterizes the choice of a consumer ku  from a set of 
consumers U  of an item (product, service) .ji  Each non-zero element kje  contains either the value 
of the product rating ji  or the number of units of this product purchased by the consumer .ku  For 
simplicity, let’s assume that the element kje  contains the number of purchased items.

Traditionally, such a matrix summarizes information about each choice (purchase) n
kje  of 

items ji  by the user .ku
This selection is performed sequentially over a specified time interval [ ]1, :Nτ τ

                                          
n

1 1: , .kj n n N n ne -∀ ∃τ τ £ τ £ τ τ < τ  (1)

This means that each element of the matrix E  combines a set of consumer choices (purchas-
es, ratings) ordered in time:



(2019), «EUREKA: Physics and Engineering»
Number 4

36

Computer Sciences

Original Research Article:
full paper

                                               
1 2 N, ,..., ,..., .n

kj kj kj kj kje e e e e=  (2)

When several users select several [ ]1, Nτ τ  products in an interval, let’s obtain the sequence 
of selecting N

1 :E

                                             
N 1 2 1

1 , ,..., , ,... .n n
kj lj km lmE e e e e +=  (3)

This sequence contains a pattern of user behavior linking the purchase of goods ji  and .mi  
Indeed, users ku  and lu  in the moments of time 1τ  and 2τ  chose the same product ji . After some 
time, in moments nτ  and 1n+τ  the same product mi  was also selected. Thus, the sequence (3) re-
flects the cyclical behavior of the users.

Such dependencies are not used in the traditional construction of recommendations, but 
are essential when cyclically cold start, since information about purchases periodically becomes 
irrelevant. As a result, when user preferences change, it is necessary to collect and analyze data on 
user needs.

An example of user selection cycles is shown in Fig. 1. This example shows the sequence of 
user selection in the six weeks preceding the appearance of a new user. At the moment of time 11τ  
a new, “cold” user 6

Coldu  chooses an item 3 .i
The selection sequence is shown in Fig. 1 as follows. At the time point 1,τ  the buyer 1u  

chose the item 1.i  At the time 2 ,τ  the buyer 4u  chose the item 4 ,i  etc.
Analysis of this sequence shows that the 1u  user’s choice of a pair of items ( )1 4,i i  is repeat-

ed twice in about 2 weeks and does not change when other interests of users change. 
Therefore, it is advisable to consider this pair as a temporal limitation: after choosing 1,i  a 

user has to choose 4 .i

Fig. 1. The sequence of user selection 

The buyer 4 ,u  after selecting an item 4i  after about a week in one case, chose the product 
5 ,i  and in the other – 6 .i  Such dependencies should be considered as rules with the same weight, 
which corresponds to the probability of their realization.

Other buyers have chosen only one product; therefore there are no temporal dependencies 
for them.

Thus, there are 3 temporal dependencies in the given example: constraints ( )1 4,i i  and rules 
( )4 5,i i  and ( )4 6, .i i

These constraints and rules can be ad hoc or typical for a given domain, or for these items. 
If the frequency of occurrence of these constraints or rules in the input data exceeds a certain 
threshold value, then the dependencies between the specified objects should be considered typical. 
The threshold value depends on the domain. Therefore it should be chosen experimentally. Typical 
rules apply when specifying input to a new user.

In [13], several types of temporal rules are presented that are focused on decision-making 
support in process management. Such rules must be adapted to the given features of support rec-
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ommendations. In this paper, we use a modified rule of the type “Next”, which links two successive 
purchases at a given level of time granulation.

The temporal rule of a sequential selection of items in the recommendation system sets 
a pair of consecutive events for the selection of goods or services kje  and kme  by the user ku  at 
times nτ  and lτ  at a given level of time granulation Δτ. This rule is set using the temporal operator 
X (Next) [13]:

                                      ( ) ( ): , , | | .k kj n km l n lu e X e∃ τ τ τ - τ » ∆τ   (4)

In accordance with rule (4), there are no intermediate purchases at the time level Δτ.
When selecting objects in the recommendation system sequentially temporal restriction sets 

a pair of consecutive events for which a strict order is set at a given level of time granulation Δτ:

                                  ( ) ( ), : , , | | .kj n km l n lj m k e X e∃ ∀ τ τ τ - τ » ∆τ  (5)

By virtue of the condition ,k∀  the constraint (5) will continue to be presented without the 
user’s index k, as a pair ( ), .j me e

Restrictions (5) can be used to supplement information about a new user. Such dependences 
simulate a change in user interests and allow you to modify the source data in a cyclical cold start 
situation.

The formation and use of temporal limitations in building recommendations is carried out 
within the framework of the developed method. The method uses temporal dependencies for a 
given level of time granulation.

As input data are used: sales log containing a set of triples ( ){ }, , ;k j nL u i= τ  time interval 
for input data [ ]1, ;Nτ τ  level of time granulation Δτ; threshold number α of repetitions of the rule. 
The last parameter is used when choosing temporal constraints.

The method includes the following steps.
Stage 1. Selection of a subset of sales log records for a given time interval [ ]1, .Nτ τ  This interval 

depends on the subject area. For example, for the task of booking hotels such an interval can be a year, sales 
of clothes – a season, and so on. The selection condition at this stage is [ ]1, .n Nτ Î τ τ

Stage 2. Generalization of selection events for a given time granulation .∆τ  At this stage, the values 

nτ  are summarized according to the level of detail – up to hours, days, etc.
Stage 3. Formation of pairs ( ),j me e  of sequential selection (purchases) of users at a given level of 

time granulation. The result of this stage is a set R  that includes the pairs ( ),j me e  and the number of repe-
titions of these pairs jmn  on the set of input data:

                                       
( ){ },� , : , .� 2j m j jmm j mR e e n e neX= ³   (6)

Stage 4. Formation of temporal constraints C  for the choice of users: 

                                  
( ) { } { }{ }: ., � , �j m j j m jmeC e j e e e n∀ = ==  (7)

The restriction (7) means that after selecting an item ,ji  users must select an item .mi  The 
number of cases of choice is .jmn

Stage 5. Selection of temporal restrictions for users.
At this stage, a subset of constraints is selected for each set C, for which jmn > α :

                                                
( ){ }, : .�j m jmeC e nα = > α  (8) 

The result of this phase is a set of constraints for all users.
Stage 6. Supplementing the input data L with constraint records according to (8) for new, 

“cold” users.
The resulting log ColdL  has the following form:
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( ){ }, , : .Cold Cold

k m jmlL L u i nτ > α=


 (9)

Stage 7. Building recommendations using traditional methods, in particular collaborative 
filtering [16]. The result of this stage is a list of recommended items for a new user. The list takes 
into account cycles of changes in the interests of known users. 

3. Experimental results
Consider the implementation of the method on the example of the sequence of user selec-

tion, shown in Fig. 1. The sales lot L is presented in this figure in a graphical form. The level of 
time granulation Δτ is one week. The base time interval [ ]1 10,τ τ  covers all 6 weeks. The threshold 
number of repetitions α is 1. The original data are supplemented for the new user 6 .Coldu

The phased implementation of the method is presented in Table 1.

Table 1
The results of the method in stages

Stage number Stage results Comments

1 L The interval [τ1, τ10]  covers all input data. Therefore, the logL is transferred to the 
second stage in full

2

1 2 1, ,weekτ τ Î  3 2,weekτ Î  
4 5 3, ,weekτ τ Î  
6 7 4, ,weekτ τ Î  

8 5,weekτ Î  
9 10 6, weekτ τ Î

The input data instead of the exact time stamps τ1–τ10 get values with a detail of up 
to one week

3
( ) ( )
( )

1 4 4 5

4 6

, 2 , , 1 ,,�

, , 1

,�

�

e e e e
R

e e

  =  
  

A set of temporal dependencies are formed for all known users

4 ( ){ }1 4,�C e e= A set of constraints C is formed from a single repeating element

5 ( )1 4,�e e The constraint satisfies the condition n14>α

6 ( )1 4 11,,�iL u τ
 The input data of the new user u6

Cold is supplemented with the constraints

The restriction obtained in step 5 makes it possible to establish a potential connection be-
tween the choice of the user 6

Coldu  and the known preferences of other users. This connection is 
depicted by the horizontal arrow in the oval in Fig. 2.

In Fig. 2 input data are presented in the traditional form, without taking into account time 
stamps. Information about the new user 6

Coldu  includes the selection of item 1 .i  This choice does 
not allow comparing its interests with the choice of other users. The addition of data element 64e  al-
lows to establish communication with the user 1 .u  This connection is reflected by vertical arrows. 
Adding a new link gives the opportunity to form recommendations using collaborative filtering.

Experimental verification of the method was performed using the Online Retail dataset 
located in the UCI storage.

This kit is a sales log for a UK chain of gift shops. This network makes wholesale purchases. 
Such purchases are repeated at regular intervals. Interest in gifts may also change cyclically. As 
part of the experiment, a subset of 10.4 thousand records was selected that contain repeated pur-
chases by the same users, which allows them to find temporal constraints. A subset of the data was 
supplemented by a record of one purchase of a new buyer.

During the experiment, the value of AUC (Area Under the Curve) was compared for the rec-
ommended list of the most popular items, as well as the recommendations obtained using temporal 



(2019), «EUREKA: Physics and Engineering»
Number 4

39

Computer Sciences

Original Research Article:
full paper

constraints. In the first case, for the dataset used, the AUC value was 0.71, and in the second – 0.72. 
The increase in accuracy is small, but it should be borne in mind that a small dataset was used. In 
general, the experimental results indicate the influence of temporal limitations. To further improve 
the accuracy, it is necessary to use weighted temporal dependencies that define possible patterns 
of user choice.

Fig. 2. Updated raw data 

4. The discussion of the results
The result of the work is the method of forming recommendations in the situation of a cycli-

cal cold start. This situation occurs for users who occasionally turn to the recommendation system.
The recommended list of items that are obtained as a result of the completion of the method 

allows personalizing the consumer choice in the conditions of incomplete data about the user of the 
recommendation system.

The difference of the proposed method lies in the preliminary modification of the input data 
of the new user, taking into account the temporal restrictions on the choice of existing consumers.

The advantage of the method is that it is possible using temporal constraints to clarify rec-
ommendations for users who access the recommendation system occasionally, at long intervals. 
Temporal limitations make it possible to form a connection between the choice of new and well-
known users.

The disadvantage of the method is that the temporal limitations used when forming recom-
mendations and, as a result, the composition of the recommended list of items, largely depend on 
the time interval in which the initial data is selected.

The method has limitations related to the features of offline and online modes of operation 
of the recommendation system. The method is focused only on the online mode of operation, since 
it does not take into account the entire data set, as in offline mode, but only the most relevant input 
data, reflecting the cycle of changing user priorities.

The developed method is intended for use in the situation of a cyclic cold start of the rec-
ommendation system associated with the periodic change in user preferences. The method comple-
ments the existing approaches to building recommendations based on collaborative filtering.

5. Conclusions
The problem of building a list of recommended objects in the situation of a cyclic cold start 

characterized by a periodic change in consumer preferences is considered. This complicates the con-
struction of recommendations for new, “cold” users. In such a situation it is necessary to consider 
patterns that characterize changes in consumer interests. These patterns set constraints when forming 
recommendations and are usually not taken into account within the framework of existing approaches.

A method for constructing recommendations under cyclic cold start conditions using tem-
poral constraints is proposed. The method includes the steps of forming temporal constraints, sup-
plementing data for new users based on these constraints, as well as generating recommendations 
using an augmented data set.

This method, in contrast to existing ones, allows using cyclical changes in the choice of 
consumers to personalize recommendations to new users.
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The proposed method makes it possible to increase the efficiency of forming recommenda-
tions for new “cold” users in a situation of periodic changes in their interests, taking into account 
temporal limitations for known users.

With further improvement of the method, it is also assumed to take into account the weight-
ed temporal dependencies that characterize typical patterns of user choice over time. The key 
difference between the considered restrictions and such dependencies is that the latter do not set 
mandatory, but possible options for changing user preferences.
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