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ABSTRACT 
Human activity modeling from large-scale sensor data is an 
emerging domain. We present a framework to classify days into 
two groups: weekends and weekdays. The data collected by 
Device Analyzer, an Android application managed by University 
of Cambridge, includes cell tower connectivity data, from which 
physical location can be derived. Since the location information is 
removed from the datasets, the semantic of places needs to be 
inferred from the connectivity patterns. In this particular 
experiment, we use cell tower data to identify weekends and 
weekdays. By processing data collected over a long period of time 
by Device Analyzer, we find the cell towers which are mainly 
used in weekends or weekdays and then take advantage of them to 
identify the day type. 

Categories and Subject Descriptors 
H.1.2 [Information Systems]: User/Machine systems- Human 
information processing; H.2.8 Database applications: data 
mining.  

General Terms 
Algorithms, Performance, Experimentation 

Keywords 
Reality mining; Activity recognition; Smartphone data; 
Information theory; Human routines recognition; 

1. INTRODUCTION 
Determining the behavior and habits of individuals and the 
structure and dynamics of organizations needs human activity 
modeling from large-scale sensor data [1, 2, 3]. The data can be 
derived from sensors embedded in smartphones that have become 
an integral part of our daily lives. People habitually carry their 
mobile phones with them and use them as a medium for much of 
their communication and it makes mobile phones an ideal vehicle 
to study both individuals and organizations[4].  
Our dataset is Device Analyzer dataset [5, 6] which includes 
wireless connectivity, GSM communication, and a number of 
system parameters, which can be used to derive the phone’s 
location. For privacy purposes, users’ geolocation data is removed 

from the data, hence, is unavailable, and devices’ MAC addresses, 
Wifi SSIDs, and Cell-tower IDs and other forms of identification 
are hashed. Therefore, we can only rely on the hashed cell-tower 
IDs and Wifi connectivity to infer semantic descriptions of place. 
However, Wifi connectivity is dynamic and has different range. It 
provides coverage over a smaller region if compared to cell-tower 
connectivity. In our study, we are interested in human movements 
across the city throughout the day. With a larger region to 
monitor, cell tower data is more useful.  It holds great potential 
for providing fine-quality information to extract daily mobility 
routine based on physical location information derived from cell 
tower connectivity. Every one of the approximately 4 billion 
mobile phones in use today has continuous access to information 
about proximate cellular towers. These continuous cellular tower 
data streams can provide valuable insight into a user's behaviors 
[7]. There are also numerous studies on significant location and 
movement prediction using GPS data [11]. Unlike GPS data, 
mobile network data using GSM do not provide the exact location 
of a phone event. 
A routine, defined as temporal regularities in people’s lives, often 
involves patterns of locations (e.g. being at work or at home) over 
time, possibly over di erent time scales. As people’s locations 
and interactions often vary from day to day and from individual to 
individual, automatic routine classification and discovery are in 
general challenging tasks. Many interesting results have been 
obtained about mining individuals’ mobility patterns [8, 9, 10]. 
For instance, individuals’ mobility is found to be highly regular 
[8]. Most individuals return to a handful of locations and share a 
rather universal probability density function for places visited [9]. 
Also, members of a same social group, such as researchers from 
the same labs, present similar mobility behaviors [10].  
Reality mining is defined in [2] as analysis of machine-sensed 
environmental data, with the goal of identifying predictable 
patterns of human behavior. They capture more than 3 million cell 
phone activities of one hundred subjects over the course of only 
nine months. Other recent approaches try to propose a framework 
for classifying places by using images and audio clips from 
smartphones [12] or location of the user [15]. 
In this paper, we classify the user's days into two groups: weekend 
and weekdays. In other words, given a day in someone’s life, 
measured solely in terms of the cell tower connectivity obtainable 
from a mobile phone, we recognize this day more closely 
resembles a weekend or a weekday. This classification is 
important because it can be used as preprocessing step in order to 
help identify similarities among individuals [16], recognize 
regular activities or abnormal events [17], predict future 
movements or destinations [9]. For example, it is more accurate if 
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day type is considered in a user destination prediction. In this 
study, first we find the most used cell tower IDs. Then, we train a 
model to distinguish Cell Tower IDs (CID) which user connects 
to in weekends/weekdays. 
The remainder of this paper is organized as follows. First we 
present the dataset and data representation in section 2. Next, we 
describe our approach in section 3 and Experiments and results 
are discussed thereafter (section 4).  

2. Dataset 
Device Analyzer is an application which was developed to collect 
a large-scale research data-set of phone usage. Device Analyzer 
gathers data about running background processes, wireless 
connectivity, GSM communication, and some system status and 
parameters. It collected usage information from 12,500 Android 
devices over the course of nearly 2 years, containing 53 billion 
data points [5, 6]. In order to train a model and classify days, we 
need to have enough data instances so only the user with more 
than 30 days of data are considered. In our work, we processed 
3524 days of data which is collected from 30 devices. The time 
when the user switches from one CID to another is specified in 
the dataset so we can identify the CID which is being used at any 
time. In the preprocessing step, first the data that are not related to 
CIDs are removed then the user CID access is extracted.  

3. Day classification 
Despite great dissimilarities in individuals’ mobility areas, 
ranging from a few square kilometers to more than a few thousand 
square kilometers, individuals’ mobility is found to be highly 
regular [8]. The amount of predictable structure in an individual’s 
life can be quantified using information entropy metric which is 
typically measured in bits. In information theory, the amount of 
randomness in a signal corresponds to its entropy. People who 
live entropic lives tend to be more variable and harder to predict. 
In contrast, low-entropy lives are characterized by strong patterns 
across all time scales. The Figure 1 depicts the patterns in cell 
tower access duration for a ‘low-entropy’ subject and a ‘high-
entropy’ subject over a specific time. By calculating the entropy 
metric of a given chart, we are able to quantify the amount of 
behavioral regularity of each subject [2]. 
It should be noted that patterns of movement in practice are 
dependent on the time of day and the day of week. For example, 
users typically exhibit different dynamics on weekday mornings 
than on Saturday evenings. Figure 2 illustrates the access 
frequency distribution of a user for his home and work place 
during a day and a week respectively. Obviously, user's home has 
high access frequency at night and equal access frequency over 
every day, meanwhile his workplace has high access frequency at 
day-time and during weekdays (Monday to Friday) [13]. Without 
doubt, he connects to different cell towers during weekends and 
weekdays. This implies that user's frequency access to the CIDs 
could be used to identify different day types effectively. For 
example, if the user connects to the CIDs that are mainly used in 
the weekdays, it can be inferred that this is weekdays.     
In order to perform classification, we consider the frequency 
access of the most visited CIDs as features. After extracting the 
CIDs from dataset, we search to find the 50 most used CIDs. 
Then, these CIDs are considered as features so each day is an 
instance that contains 50 features. Each feature shows the 
frequency access of the corresponding CID. Clearly, some CIDs 
such as work CIDs are visited more during weekdays than 

weekends. Having the date from Device Analyzer dataset, we 
know whether it is weekend or not. The day type is added to the 
instances as ground truth.  For example, Table 1 shows a sample 
of an instance (day). It can be inferred that during this day the 
user visits CID1, which is the most visited CID in the training set, 
15 times. He visits CID2 four times and so on. Moreover, it can 
be inferred that the processed day is not Saturday or Sunday. 
Therefore, in the training stage, we know the access frequency of 
the user to the important CIDs as well as the day type. The 
classification was performed using the random forest algorithm 
[14] because the number of the features is relatively high 
compared to the instances (days) for a person. 
 

Table 1. Sample instance 

CID1 CID2 CID3 ….. CID50 Weekend 

15 4 9 ….. 5 No 

   

 
Figure 1. (a) Distribution of CID access duration of a ‘low-
entropy’ subject the user over a specific time. The subject is 
likely to connect to CID 3 in this time period. (b)Distribution 
of CID access duration of a ‘high-entropy’ subject. It is hard 
to predict the subject's behavior.  

Figure 2. User A's access frequency distribution of his home 
and work place shows clear patterns: home has higher access 
frequency at night and during the weekend, while work place 
has higher access frequency at daytime and during weekdays 
[16]. 
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Therefore, in order to classify a day, first we should count how 
many times he connects to most used CIDs. Then, by using 
trained random forest, we can recognize this day is like a weekend 
or a weekday. If the user connects to the CIDs that are usually 
visited in weekdays, the model identifies the day as weekdays. In 
contrast, if the used CIDs are the same as the CID that he 
connects in weekends, the day is considered as weekend. To sum 
up, the classification decision is made base on the cell tower IDs 
which user connects to. Figure 3 shows the sequence diagram of 
the classification method described in this paper.  

4. Experiment Result 
The classification was performed using a random forest of 4 

trees, each constructed while considering 6 random features. For 
this project, we directly use WEKA [6], a comprehensive tool for 
machine learning and data mining, to explore the user's mobility 
pattern on different categories of places.  

10-fold cross-validation technique is used to evaluate the 
performance. Cross-validation involves repeatedly training and 
testing on non-overlapped subsets in order to evaluate the 
performance of model on unseen data. In 10-fold cross validation, 
we split the data into 10 equal-sized parts and then for the jth part, 
we train the model using other 9 parts of the data and calculate the 
prediction error of this model when predicting the jth   part. We do 
this for j = 1, 2, ..., 10 and take the average of the 10 prediction 
errors. Thus, each time, 90% of the days are used as training 
dataset and during the training stage the model learns which CIDs 
are work-CIDs and which CIDs are home-CIDs. The remaining 
data is used as test dataset to evaluate the random forest. The 
weekend/weekday classification results are presented in Table 2 
and Figure 4. For each user, the number of processed days and 
overall accuracy is presented. 

There are some difficulties with the dataset. For example, People 
usually have the same living pattern in weekends and other 
holidays but we could not infer holidays from the dataset. 
Therefore, some days such as public holidays are classified in the 
weekends while we consider them as error. Moreover, in some 
countries, weekends are not and it may be “Friday and Saturday” 
or “Thursday and Friday” or just Friday. However, we consider 
“Saturday and Sunday” as weekends based on the date of the 
dataset. Therefore, the overall accuracy for different users varies a 
lot in Table 2. The average accuracy is 79%. 

Besides di culties with the dataset itself, other challenges 
include the facts that some people do not follow strict schedules. 
For example, unemployed people, retired employees, or students 
who are in summer holidays may not have different daily routine 
in weekdays and weekends. Moreover, people sometimes work in 
weekends which makes it hard to distinguish between weekends 
and weekdays. These kinds of problems reduce the calculated 
accuracy of our method. It is expected that the more data we have, 
the more accurate the classifier is. However, in figure 4 the 
trendline is nearly straight which means that the accuracy does not 
improve if the number of days increases. The reason can be the 
result of the mentioned difficulties with the dataset because by 
processing larger data, we still have such problems.  

 
Figure 3. Sequence diagram of the method proposed in this 
paper. This diagram shows how the model is trained and how 
it is evaluated.  

 

 
Figure 4. The scatter graph of the result. The accuracy is 
different for each user because our classification method 
performed significantly better for low-entropy lives much 
better. By increasing the number of the days, the accuracy 
does not improve because of the nature of the dataset. 

5. Conclusion and Future Work 
Today’s smartphones can capture much richer data than was 
available some years ago. Using Device Analyzer dataset, which 
has been deidentified and does not contain location data, we 
classified individuals’ days by considering the most used CIDs. 
People normally connects to different cell tower in weekends and 
weekdays so using access frequency of CIDs can help us to find 
day type. Our method performed significantly better for low-
entropy lives much better because they are characterized by strong 
patterns. Future work includes comparing the connectivity 
patterns to find potential social relationships between individuals, 
and if clusters of individuals with similar routines in proximity to 
each other can be found in the dataset. 
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Table 2. Experimental results 

User 
Instances 
(days) 

Overall 
Accuracy 

1 68 97% 

2 84 67% 

3 69 84% 

4 72 78% 

5 53 75% 

6 40 80% 

7 53 73% 

8 73 79% 

9 49 67% 

10 53 80% 

11 95 87% 

12 32 93% 

13 40 77% 

14 95 89% 

15 54 87% 

16 567 82% 

17 96 85% 

18 704 73% 

19 118 76% 

20 74 74% 

21 64 88% 

22 38 78% 

23 61 67% 

24 152 70% 

25 67 89% 

26 43 64% 

27 161 70% 

28 60 68% 

29 311 89% 

30 78 90% 

- 
Sum:3524 

days Average:79% 
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