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Abstract 

Current smartphones have virtually unlimited space to store contact information. Users typically have 

dozens or even hundreds of contacts in their address book. The number of contacts can make it difficult 

to find particular contacts from the linear list provided by current phones. Grouping contacts ease the 

retrieval of particular contacts and also enables to share content with specific groups. Previous work, 

however, shows that users are not willing to manually categorize their contacts. In this paper we inves-

tigate the automatic classification of contacts in phones’ contact lists, using the user’s communication 

history. Potential contact groups were determined in an online survey with 82 participants. We collect-

ed the call and SMS communication history from 20 additional participants. Using the collected data 

we trained a machine-learning algorithm that correctly classified 59.2% of the contacts. In a pilot study 

in which we asked participants to review the results of the classifier we found that 73.6% of the re-

viewed contacts were considered correctly classified. We provide directions to further improve the 

performance and argue that the current results already enable to ease the manual classification of mo-

bile phone contacts. 

1 Introduction 

With the increase of mobile phones’ ubiquity, they have become one of the most common 

channels for communication. The wide dissemination of mobile phones also increased the 

number of contacts that can be assembled in a user’s contact list. Contact lists contain the 

most intimate friends, colleagues, and family members but also other persons that only have 

a lose connection with the user. Current systems lack an understanding of the relation be-

tween a user and her or his contacts. They require that users categorize their contacts manu-

ally. Recent mobile phone’s operating systems provide tools for manually grouping contact 

items. However, people do not use these tools. Grob et al. (2009) report that only 16% of 

users create any contact groups. Min et al. (2013) suspect that users do not perceive enough 

value to categorize the hundreds of contacts digitally maintained. Further, research shows 

that relationships are dynamic (Onnela et al. 2007) and need to be periodically updated 
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(Kelly et al 2011). On the other hand, grouping contacts allows users to more easily maintain 

the privacy and with whom they want to share information. This privacy feature is included 

in social networks such as Facebook and Google+ but not directly available from phones’ 

contact lists. 

In this paper we investigate whether it is possible to automatically group contact items on 

smartphones based on the communications history (call logs and SMS data) retrieved only 

from the mobile phone. To define possible groups, we conducted an online questionnaire and 

asked participants to provide groups they would use to categorize their contacts. Based on 

the results we select 5 groups (family, friend, acquaintance, work, and other). Then, we re-

cruited 20 participants and collected communication data from their mobile phones. We use 

machine-learning techniques to classify the contacts with 59.2% accuracy and ask partici-

pants of a pilot study to review the results, which reveal an accuracy of 73.6%. 

2 Related Work 

Researchers have investigated social networks and interaction between their ties. Approaches 

have focused on tie strength based on four dimensions: amount of time, intimacy, intensity, 

and reciprocal services (Granovetter 1973). Based on this information distinct groups within 

a social network are analyzed. Olson et al. (2005) found that people share information with 

their peers based on the type of relationship. Gilbert and Karahalios (2009) achieved 85% 

accuracy for a binary classification of weak and strong ties. They suggested that privacy 

controls based on tie strength might help to divide a user’s social network into meaningful 

groups. Jones and OʼNeill (2010) reported six criteria for grouping that people commonly 

considered: social circles and cliques, tie strength, functional roles, organizational bounda-

ries, temporal episodes, and geographical locations. 

Another strand of research evaluates the usability and effectiveness of contact apps. Ou-

lasvirta et al. (2005) and Knittel et al. (2013) assessed the augmentation of contacts with 

contextual information. Whittaker et al. (2002) conducted interviews and reported that vari-

ous criteria, such as history of communication, related to selecting important contacts. 

Komninos and Liarokapis (2009) explored four contextual cues that related to the importance 

of mobile contacts, i.e., frequency of use, location and temporal context, task and activity 

context, and personal preferences. Based on a month-long field study, Jung et al. (2008) 

reported that personalization and reflection of own communication behavior were main fac-

tors encouraging users to explore new usage of contacts apps. 

Various researchers have used communication logs for grouping contacts. Ankolekar et al. 

(2009) used the SMS and calls history to develop a social network. Regroup is a system that 

helps users to create custom groups on-demand in online social networks (Amershi et al. 

2012). Different features such as the number of mutual contacts are used for suggesting simi-

lar contacts for a group. Maclean et al. (2011) proposed an algorithm for creating social to-

pologies by mining communication history and identifying likely groups based on co-

occurrence patterns. Purtell et al. (2011) also followed a similar approach but used emails 
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and photo tags to create the topologies. Roth et al. (2010) used the user’s implicit interaction 

with (group of) contacts for estimating user’s affinity. The affinity is used to generate 

groups. Min et al. (2013) classified the life facet of contacts on a smartphone. With 90% 

accuracy they could classify contacts with any communication logs. They considered only 

three life facets, i.e., ‘Family’, ‘Work’, ‘Social’. Further, they used information retrieved 

from external resources, i.e., the Facebook social network. In contrast, we derive the contact 

groups from empirical findings. We consider five groups of contacts. Further, we solely use 

features extracted from the mobile phone without any external resources. Additionally, the 

performance of the classifier was also assessed through a pilot study with potential users.  

3 Facets for Contact Grouping 

We used an online questionnaire to identify which facets are relevant for grouping mobile 

phone contacts. Through the questionnaire we aimed to retrieve facets people would want to 

use to group their contacts. The questionnaire included demographics questions and ques-

tions regarding to the frequency of making phone calls and sending SMS. Most importantly 

we asked participants to list all groups they would like to use in order to group their contacts. 

The online questionnaire was available for one week (June 12
th

 – June 19
th

 2012). It was 

distributed through mailing lists and social networks, i.e., Facebook and Google+. Answer-

ing the questionnaire took approximately five minutes. 

In total 82 persons (46 female) filled the questionnaire 65% were 18-25 years old and 35% 

were 26-50 years old. In total 20% of the participants reported to have less than 50 contacts, 

29% between 50 and 100 contacts, and 33% reported to have more than 100 contacts in their 

address book. 78% of the participants sent SMS (several times) daily and 57% daily made 

calls (several times). 

As the responses collected were mainly in German, we translated all answers to English for 

analyzing the provided contact groups. Furthermore, we harmonized the answers by combin-

ing very similar groups (e.g., work, office, job). After harmonizing the answer we found 32 

different groups. The five most common groups were: ‘Family’ (79.3%), ‘Friend’ (70.7%), 

‘Acquaintance’ (65.5%), ‘Work’ (56.1%), and ‘others’ (22%). The identified groups, indeed, 

overlap with the facets (work, family, social) Oznec and Farnham (2011) proposed for social 

networks based on qualitative work. We use these five facets for classifying contacts. 

4 Data Acquisition 

After determining the groups we collected communication logs to develop a classifier that 

automatically groups contacts based on features derived from the participants’ communica-

tion history. We developed an application for Android smartphones to collect the required 

data from participants’ mobile phones. 
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4.1 Apparatus & User study 

We developed an Android application to retrieve the communication log and the contacts in 

mobile phones’ address books. The app uses Android’s communication history to retrieve the 

start and end time of all calls as well as the time SMS are sent and the length of the SMS. 

After retrieving the data the app randomly selects up to 50 contacts the participants at least 

once communicated with. Further, the app asks the participant to group the contacts and 

assign each contact to at least one of the five given groups, i.e., family, acquaintance, friend, 

work, or other. With this data the ground truth is also gathered. The collected data is sent to a 

remote server and stored in a central database. 

We recruited 20 participants (12 female, average age=22.2, SD=2.30) with an Android 

smartphone. We asked them to install our app on their phone, complete the procedure, and 

provide us data. The participants were mainly students or staffs of our university. The proce-

dure took around 30 minutes per participant. 

Group Number of calls Call duration  

(second) 
Number of SMS SMS length  

(characters) 

Family 13.9 (23.86) 87.45 (134.22) 3.3 (8.66) 80.57 (56.69) 

Friend 16.31 (25.98) 89.80 (150.22) 236.9 (778.02) 73.41 (39.82) 

Acquaintance 1.84 (3.53) 42.05 (147.34) 18.3 (77.06) 89.06 (70.68) 

Work 3.56 (6.60) 47.78 (86.90) 4.1 (8.62) 80.95 (42.98) 

Other 1.95 (2.36) 35.88 (95.30) 0.1 (0.21) 90.0 (67.88) 

Table 1: The average number of calls, the average call duration, the average number of SMS and the average length 
of the SMS in characters. The numbers in brackets shows the standard deviation. 

 

Figure 1: The percentage of SMS and calls in the participants’ communication history across the five groups.  

4.2 Dataset 

The participants in total categorized 439 contacts (M=22, SD=10.49). 153 contacts were 

classified as ‘Acquaintance’, 139 as ‘Friend’, 77 as ‘Family’, 27 as ‘Work’, and 43 as ‘oth-

er’. The collected communication data included 3,895 calls, and 37,189 SMS. An Analysis 

of Variance (ANOVA) and follow-up post-hoc tests reveal that the number and the duration 
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of calls as well as the SMS’ length are significantly different between all five groups (all 

p<.05). There is no significant difference in the number of SMS between the groups (p>.05). 

Table 1 depicts the average number of calls and SMS, the duration of calls, and SMS’s 

length for the five groups. The comparison the ratio between the number of calls and SMS 

within the group indicates that more than 62% of the communication between contact in the 

‘Friends’ and ‘Acquaintance’ groups is through SMS. On the other hand for the contacts in 

the ‘Family’ group 87% of the communication is through making phone calls. Figure 1 

shows the ratio for all five groups. 

 

Figure 2: Fraction of SMS that have been exchanged with the five groups over the course of a day. 

 

Figure 3: Fraction of calls with contacts from the five groups over the course of a day. 

Furthermore, we also assessed the distribution of SMS and call activities during a day. Fig-

ures 2 and 3 depict the distribution of sent SMS and calls. The distribution reveals that the 

participants have more SMS activities in the morning and more call activities in the after-

noon and evening. The results show the maximum number of SMS sent and received is 

around 10 O’clock mainly with Acquaintance, while the maximum call activity is around 17 

O’clock with Friends.  

Further, we ranked the groups based on the SMS and call activity. To achieve this, we first 

created a list for each participant and sorted the contacts in a descending order by the number 

of SMS or call. Then we divided the list into eight equal parts. The first eight contacts got the 

rank 1, the second eight contacts rank 2, and so on and so forth. Figure 4 depicts the result. 

The results show that the ‘Friend’ group is the main contacts in the first and second rank. 
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The contacts in the ‘Work’ group mainly appear from the rank 3. Interestingly, there is an 

inverse trend for the ‘Family’ group in the SMS and call ranking. 

 
Figure 4: Participants’ contacts ranked according to the SMS and call activity. 

Table 3: The features used to train the machine learning algorithms. 

Feature Description 

Weighted activity A participant’s SMS and call activity in relation to the average SMS 

activity of all participants. 

Ratio between SMS and 

calls 

The ratio between exchanged SMS and calls for a contact in the whole 

communication history. 

Number of calls and SMS The number of SMS and calls in the communication history of a con-

tact. 

Difference between local 

and average number of 

SMS and calls 

The difference between the number of SMS/calls of a contact and the 

average number of SMS/calls of the participant. 

SMS and call rank A contact’s rank according to SMS and call activity (see previous 

section and Figure 4). 

Average SMS length and 

call duration 

The average length of SMS exchanged with a contact and the average 

duration of calls with that contact. Unanswered calls are excluded here. 

Time The time of the communication activities is discretized by dividing the 

day in 4-hour blocks starting at midnight (e.g. 0:00 to 3:59) and deter-

mining the block in which most communication with the contact hap-

pened.  

Weekday or weekend Described if the communication mainly takes place on weekend or on 

weekdays by determining when most communication takes place. 
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5 Classifying Contacts 

We used the collected communication logs and the manual classification to derive an auto-

matic classification algorithm. We first derived the features shown in Table 3 from the data. 

We used the features as input to train a machine-learning algorithm. Experimental results 

reported in the following are obtained using WEKA (Hall et al. 2009). All learning parame-

ters use the default values in WEKA unless otherwise stated. We used leave-one-out cross-

validation to train the classifier and test its performance. That means we trained the classifier 

with data from 19 participants and evaluated the performance using the data from the re-

maining participant. The process was repeated for all participants resulting in 20 runs that 

were aggregated afterwards. 

In a first step we used J48, WEKA’s implementation of a C4.5 decision tree, to classify the 

data. The confusion matrix in Table 4 (left) shows the individual classifications. Overall, 260 

contacts (59.2%) were classified correctly and 179 contacts (40.8%) were classified incor-

rectly. The confusion matrix (see Table 4 left) shows that not all groups can be separated 

with the same performance. In particular, the groups Family and Others as well as Friends 

and Acquaintance are difficult to distinguish. 

 

Table 4: Confusion matrix resulting from leave-one-out cross-validation using a C4.5 decision tree (left) and a 

multilayer classifier consisting of three C4.5 decision trees (right). 

The classification results suggest that the groups “Friends” and “Acquaintance” as well as 

the groups “Family” and “Other” share similar characteristics. Users might not be able to 

clearly separating friends and acquaintance, for example, themselves. Therefore, we con-

structed a multilayer classifier that consists of three classifiers (see Figure 5). The first classi-

fier (A) only distinguishes between the following three groups: Family & Other, Friends & 

Acquaintance, and Work. The two additional classifiers take the input from the first one and 

only distinguish between Family & Other (classifier B) and between Friends & Acquaintance 

(classifier C). Using the same procedure each classifier has the following accuracy: Classifier 

A 77.9%, Classifier B 81.7%, and Classifier C 88 %. The resulting classifier correctly classi-

fies 256 out of 439 contacts (58.3%). 

a b c d e <- classified as 

44 14 4 5 11 a=family 

7 116 9 6 1 b=friends 

26 24 81 10 11 c=acquaintance 

10 4 6 4 2 d=work 

13 1 14 1 15 e=other 

 

a b c d e <- classified as 

31 18 23 0 6 a=family 

14 109 15 0 1 b=friends 

9 31 106 0 6 c=acquaintance 

9 6 10 0 1 d=work 

21 0 13 0 10 e=other 
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Figure 5: The multilayer classifier consists of three classifiers 

6 Pilot Study to Evaluate the Classifier’s Performance 

It can be assumed that users cannot always precisely categorize their contacts. A user might 

not necessarily recognize contacts wrongly classified by the classifier as incorrect. To test 

the performance of the classifier with potential users we conducted a pilot study with five 

participants. All participants were male students and between 19 and 24 years old.  

We implemented an application for Android phones that classifies the contacts using the five 

groups. The application first collects all contacts with a communication history from the 

participant’s phone and afterwards derives the features. The contacts are classified using the 

standard C4.5 as well as the multilayer classifier. Then, the participants reviewed the classi-

fied contacts. They were asked to correct any result that was wrongly classified. 

Overall, the standard C4.5 classifier correctly classifies 93 out of 144 contacts (64.6%) and 

the multilayer classifier correctly classifies 106 out of 144 contacts (73.6%). The confusion 

matrixes for both classifiers are shown in table 5.  

Table 5: Confusion matrix resulting from participants’ review of the output of a C4.5 decision tree (left) and a 

multilayer classifier consisting of three C4.5 decision trees (right). 

a b c d e <- classified as 

12 0 4 0 0 a=family 

12 37 1 9 4 b=friends 

10 0 38 2 5 c=acquaintance 

0 3 0 1 0 d=work 

1 0 0 0 5 e=other 

 

a b c d e <- classified as 

10 1 3 2 0 a=family 

7 43 0 4 0 b=friends 

6 0 47 6 3 c=acquaintance 

1 1 0 2 1 d=work 

1 1 1 0 4 e=other 
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7 Conclusion 

In this paper we investigated if contacts in mobile phones’ address books can be automatical-

ly classified using just the communication history consisting of call and SMS logs. Using an 

online questionnaire we identified the five categories family, friends, acquaintance, work, 

and other that user would use to categorize their contacts. Collecting real-world data from 20 

participants and training machine-learning algorithms we found that 59.2% of the contacts 

can be correctly classified. Results from a subsequent pilot study in which we asked partici-

pants to review the results of the classifier suggest that users are themselves not able to clear-

ly differentiate between the groups. 73.6% of the contacts that have been reviewed by partic-

ipants have not been recognized as wrongly classified. 

Using just the communication history enables to correctly classify the majority of a user’s 

contacts and users would not correct the classification for 73.6% of the contacts. While the 

performance does not enable a fully automatic process it can clearly lower the burden for the 

user. Correcting the category for around a quarter of the contacts is much faster and easier 

than manually classifying all contacts. 

We believe that a (semi-)automatic classification could be clearly improved using individual-

ized classifiers. Users have not only different communication patterns and preferences but 

might also classify their contacts differently. The classifiers could also be improved by using 

additional information for training and recognition. Information from social networks such as 

Google+ and Facebook could help to boost the performance of the classifiers. Furthermore, 

location information (e.g., derived from area codes) could also help to improve the precision 

of the classification. Determining contact categories using an online questionnaire might not 

have determined the exact categories that users would really in daily life. We consider im-

plementing our work in an app that can be deployed on a large scale through mobile applica-

tion stores (Henze and Pielot 2013, Henze et al. 2013). As in our previous work this could 

increase the generalizability beyond a specific population (Sahami et al. 2013). 
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