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User Location Forecasting Based
on Collective Preferences

Jorge Alvarez-Lozano, J. Antonio García-Macías and Edgar Chávez

Abstract With the proliferation of mobile devices and the huge variety of sensors
they incorporate, it is possible to register the user location on the move. Based on
historical records, it is feasible to predict user location in space or space and time.
Studies show that user mobility patterns have a high degree of repetition and this
regularity has been exploited to forecast the next location of the user. Furthermore,
proposals have been made to forecast user location in space and time; in particular,
we present a spatio-temporal prediction model that we developed to forecast user
location in a medium-term with good accuracy results. After explaining how col-
laborative filtering (CF) works, we explore the feasibility of using collective
preferences to avoid missing POIs and therefore increase the prediction accuracy.
To test the performance of the method based on CF, we compare our
spatio-temporal prediction model with and without using the method based on CF.

1 Introduction

The ability to forecast user location in an accurate way is central to many research
areas such as urban planning, healthcare, pervasive and ubiquitous systems, com-
puter networks and recommender systems, location-based services (LBS), to name
a few. With the increasing proliferation of mobile devices and the huge variety of
sensors incorporated on them, it is possible to register the user location on the move
and hence mobile devices become a very rich source of contextual data.

Also, with the recent proliferation of LBS, it is possible to collect a larger
amount of location data (discrete) through checkins, geotagged activities, pictures,
and so on.
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Based on historical records, is feasible to predict user location in space or space
and time. User mobility patterns have been studied, and researchers have found that
people exhibit a high degree of repetition, visiting regular places during their daily
activities [1]. This regularity of the past movements has been exploited to forecast
the next location of the user. Meanwhile, other researchers have proposed model to
forecast user location in space and time [2, 3, 4]. Specifically, in a previous work
[4], we presented a spatio-temporal prediction model to forecast user location in a
medium-term. For example, assume current time is 10:00 AM (T), what we want to
know is:Where a user will be in the next 3 to 5 h ([T, T + ∆(T)] for some ∆(T)). We
evaluated our model with realistic data, and we obtained a good accuracy obtained
of up to 81.75% for a prediction period of 30 min, and 66.25% considering 7 h.
However, it was not possible to obtain a good accuracy for all users. The major
cause was the lack of location data.

1.1 Collecting Location Data Issues

Although currently it is possible to collect discrete and continuous location data
from different sources, there are some issues related to the collect process. In a
realistic way, is not always possible to collect location data due to some factors:

• Technology/infrastructure issues. Nowadays, a great amount of locations have
Wi-Fi (e.g. home, office, public places). However, users do not have access to
all of these access points. Therefore, user location is only partially known by
considering connections to access points. Using GPS to collect data also has its
disadvantages, the lack of functionality in indoors, and the atmospheric condi-
tions avoid collecting user mobility data.

• Battery issue. Sensing user location through different technologies reduces the
battery life to a couple of hours. Also, considering that mobile devices serve
different purposes, users manage battery use. Therefore, it is only possible to
sensing user mobility for a limited time period.

• Privacy. Another important issue is user privacy. Not all users are willing to
provide their location data; explicitly, users can block the location data col-
lecting process, either at defined time periods, or permanently.

Due to these issues is not possible to have a complete understanding of user
mobility, and thereby the user mobility modeling and the prediction model defi-
nition would be inaccurate. As most of the forecasting algorithms take as reference
a set of significant places or points of interest (POIs) to realize user location
prediction, due to the above issues, it is not possible to identify POIs (and asso-
ciated information) and consequently the prediction models do not represent user
mobility on an accurate way; predictions are not accurate. Thus, the question that
arises is how to compensate the lack of location data to avoid missing point of
interest and define a better prediction model. The hypothesis of this paper is that is
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possible to avoid the lack of mobility data (specifically avoid missing POIs) by
considering the mobility of users who are similar to a given user.

1.2 Collective Preferences Rule Our Lives

Generally, our decisions are influenced by the preferences of others; we buy a
product because our acquaintances also bought it; we watch a movie because our
friends watched it. At the same way, we influence to other people. Therefore, there
are some people who are similar considering the products they buy, the movies they
watch and so on. This aspect also applies for the places we visit; we visit a
restaurant because a friend invited us; we visit a park because some friends do
exercise there. Besides that, we are similar to other users because we have some
places in common (due to scholar, work, or leisure activities). Therefore, to have
knowledge about what places have been visited for a given user, is feasible to
consider the places visited by his/her similar users, and hence avoid missing that
some places are considered POIs. To do this it is feasible to use a recommender
system technique, collaborative filtering.

Collaborative Filtering (CF) is a technology that has emerged in e-Commerce
applications to produce personalized recommendations for users [5]. It is based on
the assumption that people who like the same things are likely to feel similarly
towards other things. This has turned out to be a very effective way of identifying
new products for customers. CF works by combining the opinions of people who
have expressed inclinations similar to a given user in the past to make a prediction
on what may be of interest to him right now. One well-known example of a CF
system is Amazon.com.

In this work, we present a spatio-temporal prediction model that incorporates a
method based on collaborative filtering to avoid missing points of interest (and
associated data), and consequently we define a better prediction model. To know the
performance of the proposed approach, we compare the results with those obtained
by our prediction model presented in [4]. The rest of this paper is organized as
follows: we start discussing the characteristics of the mobility that allow us to model
mobility, after that we present on a general way our previous spatio-temporal pre-
diction model. Later, we describe how collaborative filtering works. Then, in Sect. 5,
we describe how avoid missing POIs by considering the places that have been visited
by similar users. After that, we present the evaluation and results.

2 User Mobility

Although user mobility seems to be dynamic, most people follow certain mobility
patterns [1, 6, 7]; it is rare to have a completely erratic behavior over time. Mobility
is fixed by our activities and habits, like working, school attendance, recreational
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endeavors, and other activities that vary over time within certain behavior bound-
aries. We can distinguish between weekday, weekend, monthly or annually patterns
[6, 8, 9]. Once recognized the user mobility patterns, we are able to predict her
spatiotemporal location. In our previous work [4], we considered some features and
their interrelation to model user mobility (Fig. 2 illustrates these features). It is
reasonable to assume certain periodicity in location/time patterns. Usually
weekdays are similar, people tend to organize their life according to work or
school hours; activities in the same weekday will have a repetitive pattern.
A corresponding periodicity is observed during weekends. Mobility exhibits a
different pattern for each day of the week [7, 8, 10, 11]. Hence, the places visited in
a given day are postulated to be the same for the subsequent days (feature: day of
the week) (Fig. 1).

Two additional features are that the current location in a given day and hour
conditions the next place to be visited. For example if one user is at home at 7:00
AM on a Monday (feature: hour of the day), the next place he will be at is most
likely the coffee shop or the office, but not the restaurant or a movie theater (feature:
current location). We postulate the user mobility is a markovian stochastic process

Fig. 1 Some significant places are found in the daily user activities

Fig. 2 Some The next user location depends only on the current location, once the sequences
have been factorized by week day and time of the day
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and can be described with a Markov Chain. The Markovian property [12] would
state that current place is only a function of the previous place. Our main claim is
that once the data is grouped by day and time, the sequence of places visited form a
Markovian chain.

2.1 Markovian Chain Among POIs

It is necessary to clarify that the markovian property is just valid when the user
moves among certain discrete places. These discrete locations are distinguished
because the user spends some time and visit them frequently (see Fig. 1); they are
known as significant places or points of interest (POI). In our previous work, we
found that the residence at these POIs is related at the time of the day. Therefore,
considering the Markovian property and the relationship of the residence at POIs
with time of the day, was feasible to model user mobility as a hidden Markov
Model (see Fig. 3). In the next section we describe our prediction model in a
general way.

Fig. 3 An HMM representing some POIs and their relationship with different hours of the day
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3 Spatio-temporal Prediction Model

3.1 Modeling User Mobility as a Hidden Markov Model

A hidden Markov model is a finite state machine consisting of a set of hidden states
(Q), a set of observations (O), transition probabilities (A), emission probabilities
(B), and initial probabilities for each state (p). Hidden states are not directly visible,
while observations (dependents on the state) are visible. Each state has a probability
distribution over the set of observations (k = (A; B; p)). In our case, the hidden
states correspond to POIs, which have a probability distribution over times of day.
Once the HMM has been defined, we use the decoding approach; given a time
period (sequence of observations), we want to know the most likely sequence of
locations where the user will be (hidden states).

3.2 Defining User Prediction Model

In our previous approach, the HMM is defined as follows (see Fig. 3):

• Hidden states. These are defined by the set of POIs. Also, another hidden state
was added to define when the user is at a location that is not a POI.

• Observations. These are defined by the average of the arrival and leaving time to
the POIs. According to [13], the arrival and leaving times to some places do not
change much. This way, we can define in an accurate way the time when the
user will be at a POI; otherwise, considering the leaving time, we can define that
he is at another POI, or at a non POI.

• Vector p. It defines the probability that the user starts his day at a given POI.
• Transition matrix. It defines the probability that the user moves from a POI to

another, or from a POI to the state that corresponds to a non-POI.
• Confusion matrix. It defines the probability that the user is at a given POI (or at

a non-POI), at a given time.

Regarding to discover the hidden states sequence that was most likely to have
produced a given observation sequence, we use the Viterbi’s algorithm [14]. Once
the HMM is defined, we are able to forecast the user location in a given time period
(see Fig. 4). For instance, if the current time is 11:00 AM, and we want to know
where the user will be in the period 11:00–18:00, the vector p, transition matrix (A),
and confusion matrix (B), are used to identify the combinations of hidden states
(and their corresponding probabilities) that satisfy such time period, so later the
sequence of hidden states with the highest probability is selected. In order to define
the prediction model, some stages are required, here we summarized these stages:
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3.3 Identifying Points of Interest

Mobile traces produced by the mobile devices, provide a great amount of location
data useful to discover where the user spends her time. Thereby, with this amount
of location data there is a need for algorithms that deal with the challenge of turning
data into significant places [15–22].

To discover POIs, we have used the algorithms presented by Ashbrook and
Starner [15] and Kang et al. [16] taking into account the below criterions:

• Residence time.
• Cluster radius.
• Frequency of visits.
• Time period (Windows size).

The Ashbrook and Starner’s [15] algorithm focuses on discovering indoor sig-
nificant places. To do that, they consider the GPS loss signal within a fixed radius r,
and a time threshold t for the disappearing period. Meanwhile, Kang et al. [16]
propose a time-based clustering algorithm to discover outdoor significant places.
They compare each incoming GPS reading with previous readings in the current
cluster; if the stream of readings moves away from the current cluster, then they
form a new one. In Kang et al. [16] consider two thresholds, d and t for distance and
staying time respectively. If the GPS readings are close together (within some

Fig. 4 Using Viterbi’s algorithm to identify the sequence of POIs where the user will be in a
given time period
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distance d of each other), and the user spends at least t minutes at that region, a
cluster is formed. When the user moves away from the current cluster, a new cluster
is formed; the cluster is discarded if the user stays less than t time. These variables
allow us to identify the places where the user spends some time and visits fre-
quently. Also, considering the cluster radius we can identify POIs in different
levels. The last variable is very important to define an accurate forecasting model,
and it is necessary to identify the period of time that covers the current mobility
pattern. That is, if the current day is a Monday i, the challenge is to determine the
quantity of previous Mondays that are similar in terms of mobility.

3.4 User Mobility Similarity

To identify the time period that covers the current mobility pattern, we used the
cosine similarity; comparing the Dayi vector with the Dayi−1 vector. The window
size increases if the similarity is above some threshold H; otherwise, skip the
records of the Dayi−1, and compare Dayi vector and Dayi−2 vector. If the similarity
of m consecutive days is below some threshold H, the window size ends, and just
includes the records of the days with a similar mobility.

3.5 Converting User Mobility into a Vector

In order to compare the user mobility by day, each day has been converted into a
vector. For each day, we divide it into 48 periods of 30 min; each slot contains an
index (starting from 1) that corresponds to a place where the user has been in that
period, as shown in Fig. 5. The index 0 defines an unknown place. We defined the
size of the slot to 30 min in order to know with this level of granularity where the
user has been.

Fig. 5 User mobility as a vector
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3.6 Updating POIs

Also, in our previous work, we incorporated a mechanism to update POIs (and the
information related to them) day by day. Considering that user preferences or
interests change over time, it is necessary to include new POIs to the prediction
model. The prediction model also is updated when a place ceases to be a POI.

3.7 Predictability of the User Mobility

And finally, as our approach is based on the hypothesis that the user mobility
among POIs can be represented as a Markov chain, it is important to verify that the
user mobility has the Markov property in order to do an accurate prediction;
otherwise, HMM is not useful, and it will generate bad results. To address this
aspect, we use the test proposed in Zhang et al. [23]. This test uses the transition
frequency matrix to determine whether user mobility has the Markov property.
More detail about the spatio-temporal prediction model can be found in
Alvarez-Lozano et al. [4].

4 Collaborative Filtering

Collaborative filtering (CF) is a popular recommendation algorithm that bases its
predictions and recommendations on the ratings or behavior of other users in the
system. The fundamental assumption behind this method is that other users’
opinions can be selected and aggregated in such a way as to provide a reasonable
prediction of the active user’s preference. Intuitively, they assume that, if users
agree about the quality or relevance of some items, then they will likely agree about
other items—if a group of users likes the same things as John, then John is likely to
like the things they like which he hasn’t yet seen [24]. Examples of its use include
Amazon, iTunes, Netflix, LastFM, StumbleUpon, and Delicious.

The information domain for a collaborative filtering system consists of users
which have expressed preferences for various items. A preference expressed by a
user for an item is called a rating and is frequently represented as a (User, Item,
Rating) triple. These ratings can take many forms, depending on the system in
question.

The set of all rating triples forms a sparse matrix referred to as the ratings matrix.
The rating matrix is denoted by R, with ru,i being the rating user u provided for item
i, ru being the vector of all ratings provided by user u, and ri being the vector of all
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ratings provided for item i. Figure 6 presents an example of the rating matrix.
Generally, CF can be categorized as user-user and item-item.

4.1 User-User Collaborative Filtering

User-user CF is a straightforward algorithmic interpretation of the core premise of
collaborative filtering: find other users whose past rating behavior is similar to that
of the current user and use their ratings on other items to predict what the current
user will like. To predict John’s preference for an item he has not rated, user-user
CF looks for other users who have high agreement with John on the items they have
both rated. These users’ ratings for the item in question are then weighted by their
level of agreement with John’s ratings to predict John’s preference.

4.2 Item-Item Collaborative Filtering

Item-item collaborative filtering, also called item-based collaborative filtering is one
of the most widely deployed collaborative filtering techniques today [25, 26].
Amazon is a good example of the usage of this technique. Rather than using
similarities between users’ rating behavior to predict preferences, item-item CF uses
similarities between the rating patterns of items. If two items tend to have the same
users like and dislike them, then they are similar and users are expected to have
similar preferences for similar items.

Fig. 6 Rating matrix presenting the ratings that M users have regarding to N items
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4.3 Stages of CF

For any approach the stages of the CF are as follows:

4.3.1 Building a User Profile

The first stage is to build user profiles from feedback on items made over time.
A user profile comprises these numerical ratings assigned to individual items. More
formally, each user u has at most one rating ru,i for each item i.

4.3.2 Measuring User Similarity

In user-based CF, the goal is to locate other users with profiles similar to that of the
active user, commonly referred to as neighbors. This is done by calculating the
weight of the active user against every other user with respect to the similarity in
their ratings given to the same items. For item-based CF, the goal is to identify
items that are similar to a given item.

4.3.3 Generating a Prediction

After similar users or items are identified, it is possible to combine all the neigh-
bors’ ratings into a prediction by computing a weighted average of the ratings,
using the correlations as the weights.

For user-based CF, the system combines the ratings of users in N to generate
predictions for user u’s preference for an item i. This is typically done by com-
puting the weighted average of the neighboring users’ ratings i using similarity as
the weights [27]:

pu;i ¼ ru þ k
Xn

v¼1

!rv;i $ !rv
! "

! wu;v ð1Þ

where n is the number of best neighbors chosen and k is a normalizing factor such
that the absolute values of the weights sum to unity.

For item-based CF, after collecting a set S of items similar to i, pu,i can be
predicted as follows:

pu;i ¼
P

j2S s i; jð Þru;jP
j2S s i; jð Þj j

ð2Þ

S is typically selected to be the k items most similar to i that u has also rated for
some neighborhood size k.
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5 User Location and CF

Considering the POIs identification process, in this work (and in most of the related
works), we use a minimum number of visits (frequency) to consider a place as a
POI. However, this decision has a problem. Consider that 3 users, John, Mark, and
Sam are coworkers, and during the workday, they have in common some places
such as coffee shop, restaurant, meeting room, and an office. However, in some
occasions John’s mobile device had no battery, and it was not possible to collect
location data while he was in the restaurant; the restaurant does not have the
required visits to be considered as a POI. In contrast, Mark and Sam had no
problem to collect location data while they were in the restaurant. For these users
the restaurant was considered as a POI. But considering that the three users have
some places in common, and they differ just in one place (restaurant), there is some
probability that the restaurant has to be considered as a POI for John.

Hence, unlike the approach of collaborative filtering to make predictions for a
user considering the preferences of users similar to this one, in this paper we are
interested in avoid missing POIs by considering the places that are visited by those
users who are similar to a given user. Therefore, instead of having items’ ratings,
we have places’ ratings. Thus, in the R matrix, the rows represent users and col-
umns represent geographic regions. Hence, we select the geographic region where
user of interest mobilize.

5.1 Building User Profile

Once we select the geographic region, we proceed to divide it into N ' M cells of a
given size as shown in Fig. 7a, each cell represents a column in the R matrix (cell 1,
1 represents column 1; cell 1, 2 represents column 2; cell N, M represents column
N ' M). After that, in order to define the vector ru for a user i, we take as reference
the geographical coordinates of user i′ POIs. The ru vector indices are marked with
1 to indicate that in the correspondent cell there is a POI. Otherwise, the vector
indices are marked with 0. For example, considering the Fig. 7, a user has 6 POIs
(Fig. 7a), the correspondent cells are marked in Fig. 7b, and finally, the corre-
spondent indices are marked in the ru vector (Fig. 7c). Thus, we have knowledge
about in which cells the user spends his time. After defining each vector ru, the
matrix R is constructed (Fig. 8), and at this point it is possible to compute the
similarity among each pair of users.
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Fig. 7 Building user profile a The geographic region is divided into cells of a given size. b Cells
are marked according to the POIs geographic position. c The correspondent indices in the ru vector
are marked

Fig. 8 Once the matrix R is
defined, it is possible to
compute the similarity among
users
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5.2 Measuring User Similarity

Considering the mentioned scenario, John, Mark and Sam vectors can be defined as
ru7, ru4, and ru2 (see Fig. 8), and using a similarity function, a certain similarity is
found between John and Mark, and John and Sam. There are different mathematical
formulations that can be used to calculate the similarity between two items. Using
cosine similarity, users are represented as vectors and similarity is measured by the
cosine distance between two rating vectors:

sim u; vð Þ ¼ cos ~u;~vð Þ ¼
~u !~v

~uk k ( ~vk k
ð3Þ

5.3 Avoiding Missing Points of Interest

After we know the similarity among users, for each user we select the k more
similar users to this one.

Thus, to avoid missing POIs we consider the similarity between rU and rV (V is
the most u’ similar vectors) vectors, if similarity is greater than a given threshold h,
we compare the indices marked as 1 in both vectors, if vector rV has a larger amount
of marked indices, we verified that user i on day of the week j associated to vector
rU has location records (candidate POIs) in those regions in which differs with
vector rv.

If user i on day of the week j has at least n visits to the candidate POIs, and the
visits to these places were realized during the time period that comprises the current
mobility pattern, these places are considered as POIs. In order to know the per-
formance of the prediction model after adding new POIs, a new prediction model is
defined when new POIs are added. This process is applied considering each k value.
The process of incorporating POIs is restricted by the date in which visits to the
candidates POIs were realized. That is, if we add a place that was visited outside of
the current mobility pattern, the prediction model does not define the user mobility
behavior in an accurate way, and the predictions made by this prediction model will
be inaccurate.

The above process is applied for each vector ru. Thus, for each user and day of
the week, the incorporation of places (candidate POIs) as POIs is verified consid-
ering the places visited by the k most similar users.

It is important to remark that since POIs are identified for each day of the week,
and therefore a prediction model is defined for each day of the week, we define a
vector for each day. Thus, we define seven vectors for each user; rid, represents the
cells that user i has visited in the day of the week d.
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6 Evaluation

As the main goal of this paper is to know the feasibility of using collective pref-
erences to avoid missing POIs and therefore increase the prediction accuracy, to test
the performance of the method based on CF, we compared our spatio-temporal
prediction model with and without using the method based on CF.

6.1 Dataset

To evaluate our approach we use the GeoLife dataset [21, 28, 29], which contains
GPS trajectories collected in the context of the GeoLife project from Microsoft
Research Asia. This dataset contains trajectories of 178 users collected in a period
of four years, from April 2007 to October 2011. A GPS trajectory is represented by
a sequence of time-stamped points, each one of them containing the information of
latitude, longitude, and altitude. The trajectories were recorded by different GPS
loggers and GPS-phones, and have a variety of sampling rates, with 91% percent of
the trajectories being logged in a dense representation (every 1–5 s or every 5–10 m
per reading). After analyzing the records of each user, we decided to choose the
records of 35 users because these users have continuous GPS readings over several
weeks, allowing us to define an accurate model for them. Also, these users realize
their daily activities in the same city: Beijing, China.

6.2 Training Prediction Models

For each user, we grouped the records according to the day when they were created.
Then, we used the readings of the last month to test the prediction model, and the
remaining readings are used to identify the accurate time period for training the
prediction model. This way, we use the historical records of a given day of the week
to define the prediction model for this specific day. For each user, seven
spatio-temporal prediction models were defined in order to characterize the user
mobility by day. Once the time period that includes the current mobility pattern has
been identified, the prediction model training is realized. After that, the process that
determines the incorporation of new POIs is performed. In order to determine the
viability and effectiveness of the incorporation of new POIs, for each value of K
considered, a new prediction model is defined if, and only if new places were added
to the initial set of POIs. This way, for each day of the week, each users has up to 9
predictions models. That is, for each size of POI, the user has the base prediction

User Location Forecasting Based on Collective Preferences 249



model and the resulting prediction models after considering the similarity with the
1, and 3 most similar vectors.

6.3 Defining User Profile

In order to define each vector ru, first we define the geographic region. As the users
considered live in Beijing, we select the area of this city, as shown in Fig. 9a. As
the algorithms to identify POIs uses three values to set the cluster radius (500, 250,
and 100 m), we divide the geographic region into cells considering three values:
1000, 500, and 250 m (see Fig. 9b, c and d, respectively). Thus, we define three
matrixes R: R1000, R500, and R250, allowing us to know the user similarity at three
different levels. Hence, we define 21 vectors for each user; 7 for each matrix R. This
way, we use the POIs with radius of 100 m to define the vectors of the matrix R250,
the POIs with radius of 250 m to define the R500, and finally the POIS with radius of
500 m to define the R1000.

Fig. 9 Geographic region used to define R matrix a Geographic grid considering cells of 1000 m
b Geographic grid considering cells of 500 m c Geographic grid considering cells of 250 m
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6.4 Predictions

For each user, there is a month of records for the test process. This way, each
prediction model can be tested 4 on four days. Thus, we used each prediction model
(i.e. base, k = 1, k = 3, as appropriate) to predict user location for the correspondent
day in the test week 1. Once we did predictions for test week 1, we compare the
user mobility of the predicted day with the mobility of the training process using the
cosine similarity. If the similarity is above some threshold H (H = 0:50), the
current HMM is updated with the records of the predicted day. Otherwise, the
current HMM is used to predict the user location for the test week 2 (i.e. 9th
Monday). This process is applied for the subsequent weeks 3 and 4. For each
spatio-temporal prediction model, we have made five predictions considering dif-
ferent values for ∆T (30 min, 1, 3, 5, and 7 h): 20 predictions for each prediction
model. All the prediction models were defined using a 1st order HMM.

6.5 Effectiveness of the Prediction Model

To determine the effectiveness of the prediction, if we estimate where a user will be
in the interval [T; T + ∆T], the prediction is correct if the user is at place qi in the
interval [Tpred − h; Tpred + h]; h represents an error margin. That is, a prediction is
correct when the user is at the POI defined by qi, at the time indicated by the
observation oi with certain error margin. It would also be correct if the prediction
indicates that the user is not at a POI (in the case of the state corresponding to an
unknown place). We have defined h = 15 min.

Tpred ¼ T þ oi 1) i)No: of obs: in the interval ð4Þ

7 Results

7.1 POIs

Regarding to points of interest, on average each user has 3.65 POIs when we set the
cluster radius to 500 m; 3.62 POIs using a cluster radius of 250 m, and 3.20 POIS
with a cluster radius of 100 m (Table 1).

Table 1 Average number of
POIs identified per user

Cluster radius POIs
500 m 3.65
250 m 3.62
100 m 3.20
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7.2 Matrix R Vectors ru

Once we have identified POIS, the vectors ru were defined. Table 2 presents the
amount of vectors defined considering different cell sizes. If for each user and day
of the week we define a vector ru, each matrix R would have 245 vectors. However,
not all users have POIs in each day of the week, because that, a lower number was
obtained, just 232 vectors for each R matrix.

7.3 Vectors Similarity

Later, for each matrix, we obtained the similarity of each vector compared to the
rest of the vectors. To the approach of this paper, becomes relevant those vectors
with similarity greater than a given threshold. However, not all vectors have at least
one vector with similarity greater than the threshold. Therefore, Table 2 shows the
amount of vectors which have at least one vector with a similarity greater than a
given threshold; the threshold was set to 0.75. After that, for each vector, we
identified the k vectors most similar. Also, Table 2 presents the number of vectors
with 3 and 5 similar vectors (similarity > threshold).

Thereafter, Table 3 presents the average similarity for all vectors considering
each k value. As can be seen, as the cell size increases, the similarity also increases.
Moreover, in Table 4 we present the maximum and minimum similarity (average)
found when we take as reference the vectors associated to each day of the week. An
interesting aspect is the fact that by considering different cell size and k values, the
maximum similarity is obtained when a work day is taken as reference. This can be
explained by the fact the users do not have regular mobility patterns on weekends.
Another interesting fact is that vectors associated to weekdays have a higher sim-
ilarity by comparing them with other vectors. For example, when cell size is set to
1000 m, 41% of vectors associated to weekdays have at least one vector with

Table 2 Number of vectors defined using different cell sizes, and number of vector which have at
least one vector with a similarity greater than a given threshold

Cell size Vectors k = 1 k = 3 k = 5
500 m 232 136 63 28
250 m 232 114 60 38
100 m 232 63 1 0

Table 3 Average similarity
found by considering different
cell sizes and K values

Cell size k = 1 k = 3 k = 5

1000 0.8796 0.8727 0.8499
500 0.8715 0.8530 0.8353
250 0.8470 0.8208
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similarity higher than the threshold. In contrast, for vectors associated to weekends,
just the 20%. The same behavior is identified when using different cell sizes
(see Table 5).

Later, in Table 6 we present another interesting aspect. One problem associated
with getting similarity among vectors, as the number of vectors increases when
more users are considered; getting vector similarity process is complicated.

Therefore, we identified the amount of occasions on which the k most similar
vectors correspond to the same user. For example, considering the cell size of
1000 m and k = 5, 28 vectors have 5 similar vectors (similarity > H), and on 4
times, these vectors correspond to the user (14.28% of times). Or, considering a cell
size of 500 m and k = 1, 114 vectors have 1 similar vector, and on 97 times this
vector corresponds to the same user (85.08% of times). When the cell size was set
to 250 m, just a few amount of vectors have 1 similar vector (63), and on 49 times
these vectors correspond to the same user; however, considering k = 3 just 1 vector
have 3 similar vectors and corresponds to the same user. And finally, with k = 5
there is no vector with 5 similar vectors. As cell size decreases, the lower the
amount of similar vectors. Considering the above results, it is feasible to obtain just

Table 4 Major and minor
similarity found by similarity
between vectors when
considering a vector per week
of the week

Size k = 1 Day k = 3 Day k = 5 Day
1000 0.920 Mon 0.900 Mon 0.863 Mon

0.861 Sat 0.853 Tue 0.838 Tue
500 0.901 Tue 0.867 Mon 0.849 Sun

0.830 Sun 0.815 Thu 0.802 Thu
250 0.874 Thu 0.826 Fri

0.782 Mon 0.786 Mon

Table 5 Percentage of
vectors having k similar
vectors (sim > H) according
of the type of day: WD:
weekday, and WE: weekend

Cell size k = 1 k = 3 k = 5
1000 WD 41.14 14.85 8.57
1000 WE 24.63 5.79 0
500 WD 44.57 23.42 11.42
500 WE 20.28 10.14 4.34
250 WD 17.33 0.06 0
250 WE 3.38 0 0

Table 6 Amount of times
when the K most similar
vectors correspond to the
same user

Cell size k = 1 k = 3 k = 5

1000 (No.) 92 31 4
Percentage 67.64 49.20 14.28
500 (No.) 97 25 4
Percentage 85.08 41.66 10.52
250 (No.) 49 1
Percentage 77.77 100
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the similarity among the vectors associated to a given user, due that by considering
different values for k, in most occasions the most similar vectors corresponded to
the same user.

7.4 Incorporating POIs

After applying the process to avoiding missing POIs, some additional prediction
models were defined. In Table 7, we present the number of models defined con-
sidering different cell sizes and k = 1 and k = 3. For example, considering a cell
size of 500 m, of 60 vectors having 3 similar vectors, just on 12 occasions were
added POIs, and therefore 12 additional prediction models were defined. When the
cell size is of 250 m, of 63 vectors having 1 similar vectors, just were defined 9
additional prediction models. Regarding POIs added, Table 8 presents the results.
Considering a cell size of 1000 m and k = 1, on average 1.62 were added, in
contrast 1.45 were added when k = 3. When the process considered a cell size of
500 m, there were added 1.36 and 1.3 POIs for k = 1 and k = 3, respectively. And,
for a cell size of 250 m and k = 1, on average 1.3 POIs were added. As the reader
can notice, Table 8, does not show the amount of POIs added when k was set to 5.
Although, the process to avoid missing POIs identified places to be added con-
sidering k = 5, these places had already been added when k was set to 1 or 3.
Therefore, we can argue that it is just necessary to consider the most similar vector
and the three most similar vectors to realize the POIs incorporation process.

7.5 Prediction

In Fig. 10, we show the average accuracy obtained on the four test weeks by
considering the prediction models that used POIs of different radius size. When

Table 7 Extra prediction
models defined

Cell size k = 1 k = 3
1000 49 14
500 33 12
250 9 0

Table 8 Average amount of
POIs added after the POIs
incorporation process

Cell size k = 1 k = 3
1000 1.62 1.45
500 1.36 1.30
250 1.30 0
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considering a period of 30 min, we obtain an accuracy of 80% considering POIs of
500 m; for a period of 60 min, we obtain 76%. When ∆T is set to 180 min, the
accuracy is of 71% for a period of 3 h; a period of 5 h yields an accuracy of 70%,
and finally a 7 h period yields an accuracy of 63%. When considering POIs of
250 m, the accuracy is of 75, 73, 67, 61, and 59%, respectively; when considering
POIs of 100 m, an accuracy of 72, 67, 66, 54, and 48% was obtained. These results
correspond to the accuracy obtained by the base prediction models.

Regarding to the accuracy increase obtained by the prediction models defined
after the process to avoiding POIs, in Table 9 we present the average increase. The
predictions models defined by comparing vectors associated to cells of 1000 m and
k = 1, obtained an increase of 8.14% over the base prediction model, and 7.97%
when k = 3. Likewise, when the cell size was set to 500 m, the increase was 7.84
and 8.32% for k = 1 and k = 3, respectively. And finally, for a cell size of 250 m
and k = 1, the increase was of 8.45%. It is important to mention that it was obtained
an accuracy of up to 13%.

Fig. 10 Once Average accuracy obtained after

Table 9 Accuracy increase by considering the prediction models defined after considering the
most similar vector and the three most similar vectors

Radius cluster k = 1 k = 3
1000 8.14 7.97
500 7.84 8.32
250 8.45 0
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