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Abstract: Understanding people’s face-to-face interactions is crucial for effective infectious
disease management. Traditional contact tracing, often relying on interviews or smartphone
applications, faces limitations such as incomplete recall, low adoption rates, and privacy
concerns. This study proposes utilizing anonymized Call Detail Records (CDRs) as a
substitute for in-person meetings. We assume that when two individuals engage in a phone
call connected to the same cell tower, they are likely to meet shortly thereafter. Testing
this assumption, we evaluated two hypotheses. The first hypothesis—that such co-located
interactions occur in a workplace setting—achieved 83% agreement, which is considered
a strong indication of reliability. The second hypothesis—that calls made during these
co-location events are shorter than usual—achieved 86% agreement, suggesting an almost
perfect reliability level. These results demonstrate that CDR-based co-location events can
serve as a reliable substitute for in-person interactions and thus hold significant potential
for enhancing contact tracing and supporting public health efforts.

Keywords: Call Detail Records (CDRs); co-location; face-to-face meetings; contact
tracing; Mozambique

1. Introduction

Infectious diseases are among the top causes of death globally each year. For example,
in 1998, only six diseases (AIDS, malaria, tuberculosis, measles, diarrheal diseases, and
acute respiratory infections) accounted for nearly 90% of deaths of children and young
adults [1]. Recently, in January 2020, the first case of severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2), or simply COVID-19, was reported, and three years later, it in-
fected and killed over 760 million and 6.9 million people, respectively, as of 10 June 2023 [2].
In many cases, the virus is transmitted through physical interaction between people. To
manage the spread of infectious diseases and reduce the societal impact of lockdowns,
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contact tracing, case isolation, and quarantine have been recommended as the best non-
pharmaceutical measures [3-7]. Contact tracing involves contacting exposed individuals to
support and reduce transmission, using technology to maximize responses [8].

Traditionally, after a confirmed or probable case of an infected person is identified,
health authorities typically conduct an interview with the individual, often via phone.
ECDPC [9] lists the generic steps for the contact tracing process as (a) identifying the
contacts of a COVID-19 case; (b) providing contacts with information on self-quarantine,
proper hand hygiene, respiratory etiquette, and guidance on what to do if symptoms de-
velop; (c) testing all high-risk exposure contacts, regardless of vaccination status, as soon as
possible after identification to facilitate further contact tracing; (d) testing all unvaccinated
low-risk exposure contacts; and (e) testing all contacts that become symptomatic. However,
this case-by-case approach is very time-consuming and costly. Tracing all contacts can
be challenging when individuals have numerous contacts, struggle to remember them
accurately, or are unable to provide information on how to reach them.

Therefore, many smartphone applications (apps) have been suggested to support and
enhance the traditional contact tracing approach [10]. Based on radio wave sensors, a smart-
phone can record when two individuals are in close proximity for long enough, creating
a high risk of transmission if one of them is infected, such as with the coronavirus [11].
During the coronavirus pandemic, contact tracing apps were mandatory in East Asian
countries such as China and especially Taiwan, and their efficacy alongside manual contact
tracing methods in identifying new cases have been proven effective [12,13]. The apps
use algorithmic analysis of the user’s travel history and health status to assign a green
code (which demonstrates that they have not been in contact with a confirmed case of
COVID-19), yellow code (which indicates that they have a certain probability of having
been in contact with a confirmed COVID-19 case), and red code (which shows that they
have been in contact with a confirmed case of COVID-19. In South Korea, contact tracing
apps like ‘Corona 100" have gained popularity and helped public health officials reduce
the time required to trace patients’ movements by approximately 24 h, thus assisting the
public in avoiding potentially infectious areas. However, according to Akinbi et al. [10],
there is limited evidence to suggest that the approaches used in East Asian countries would
be easily transferable to neoliberal societies such as the USA, UK, France, Germany, and
others, which have different political and cultural systems. Therefore, several challenges
have been identified in these applications: the set of personal data, including location
and health information, raise significant privacy issues. Users may be reluctant to adopt
apps that compromise their personal information [14,15]; inadequate security measures can
result in data breaches, revealing sensitive information to unauthorized individuals [16,17];
variations in device capabilities and operating systems can affect the accuracy and reliability
of contact tracing [18]; and the effectiveness of these apps depends on widespread adoption
and consistent usage, which can be influenced by user trust and perceived benefits [19].

To address these challenges, the use of anonymized CDRs has been proposed as a
complementary approach. Anonymized CDRs provide aggregated data on user movements
and interactions without revealing personal identities, thereby mitigating privacy concerns.
This method has been shown to offer valuable insights into population mobility patterns
and potential exposure risks. Integrating anonymized CDRs into contact tracing efforts
can enhance the effectiveness of public health responses while preserving user privacy and
security. Anonymized CDRs provide aggregated data on user movements and interactions
without revealing personal identities, thereby mitigating privacy concerns. This method
has been shown to offer valuable insights into population mobility patterns and potential
exposure risks [20].



Big Data Cogn. Comput. 2025, 9, 4

30f21

This study used anonymized CDRs to estimate face-to-face interactions to support
contact tracing operations. This approach does not require users to install any app on their
smartphone. It does not compromise users’ privacy because the data are anonymized by
the operator/regulator, and spatial resolution is at the cell tower level, i.e., it is impossible
to extract the exact position of the anonymized user. In addition, it does not depend on
user behavior and participation because all the subscribers that use their mobile phones
automatically generate CDRs. Moreover, it has no technical constraints because the data
capture all subscribers (feature phone and smartphone users and does not require the
subscriber to install any app).

To ensure that the results are meaningful and accessible to decision-makers, the concept
of Post-Administrative Units (PAUs) was introduced. PAUs provide an aggregated level of
geographic boundaries that reflect postal or administrative divisions, allowing stakeholders
such as health authorities or urban planners to more readily understand and utilize the data.
By mapping cell-tower-based analyses onto PAUs, highly granular, technical information is
transformed into a format aligned with recognized territorial demarcations. This approach
enables a clearer interpretation of the results, ensuring that the insights derived from the
study can effectively inform policy decisions and strategic interventions.

The key contributions of this study are as follows: (1) developing a technique to com-
pare users’ usual calling patterns with their calling behavior immediately after co-location
events, thereby enabling the identification of significant changes in their interactions, (2) the
development of a method to determine the residential and work locations of mobile sub-
scribers through the analysis of CDRs, (3) creating a predictive model capable of inferring
likely in-person meetings by examining co-location patterns between individuals, and
(4) the proposal of an effective method to trace potential contacts among subscribers during
public health emergencies, such as epidemics, providing an ethical and efficient alternative
for contact tracing.

The rest of the paper is structured as follows. Section 2 reviews the related work
conducted in this area. Section 3 outlines the data used in this study and the proposed
method. Section 4 presents the results and discussion. Finally, Section 5 concludes and
presents future directions of the research.

2. Related Works

Anonymized CDRs have been used for different purposes, such as human dynam-
ics [21], human mobility patterns [22-25], and disaster management [26-32]. However, few
studies have investigated using anonymized mobile CDRs to estimate face-to-face interac-
tions. Jin and Park [33] conducted a survey of 232 college students who owned a cell phone
to investigate the relationship between cellphone use, interpersonal motives for using
cell phones, face-to-face communication, and loneliness. The authors discovered that the
level of face-to-face interaction was positively correlated with the participants’ cellphone
use and their interpersonal motives for using cell phones. In other words, the more the
participants engaged in face-to-face interactions with others, the stronger their motives for
using cell phones and the more frequently they used them. Przybylski and Weinstein [34]
evaluated the extent to which mobile communication devices shape relationship quality
in dyadic settings. The authors found that the presence of mobile communication devices
negatively impacts closeness, connection, and the quality of conversations. Another study
from Hamann [35] investigated the impact of mobile phones on the ability to communicate.
As in [34], the authors found that their mere presence in any social setting affects a person’s
ability to coherently speak with someone in all aspects of face-to-face communication. Most
of the studies presented above focused on investigating the behavior of mobile phone users
during face-to-face meetings, not to infer the interactions themselves.
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The study that directly used anonymized CDRs to estimate face-to-face interactions
was conducted by Calabrese et al. [36]. In this study, the authors utilized anonymized CDRs
from over one million customers to explore the relationship between individuals” calls
and their physical location. They found that the frequent and recent calls are indications
of coordination before face-to-face meetings. However, in this study, the authors only
ignored the co-location in living or working areas, while it is known that meetings among
people can happen anywhere. In addition, the authors only proved that the call duration
between two co-located users is less than the average call duration and did not investigate
the duration of calls during the meeting between the co-located users and others [31].

Additionally, anonymized CDRs are used to infer the spatial distribution of displaced
populations by analyzing the changes in home cell towers for each anonymized mobile
phone subscriber before and after a disaster. The results demonstrate a promising correla-
tion coefficient (70%) between the numbers of arrivals in each neighborhood as determined
by CDRs. The authors focused on urban environments, whereas in the present study, it
is proposed to analyze data from rural areas, which can provide different results in the
local context.

For the present study, it is proposed to (1) investigate the difference between the usual
call behavior of users and call behavior right after co-location, (2) estimate and analyze users’
home and work locations, (3) explore how co-location events between people working can
help infer face-to-face meetings, and (4) demonstrate how the results from this study can
assist in supporting contact tracing efforts to curb the spread of an infectious disease.

3. Materials and Methods
3.1. Study Area

Mozambique is located on the southeastern coast of Africa and has a surface area of
801,590 square kilometers. Mozambique borders Zimbabwe, Tanzania, Zambia, Malawi,
Eswatini, and South Africa. Its 2500 km long coastline along the Indian Ocean, facing the
east of Madagascar. The country is divided into ten provinces and a provincial capital city.
It is estimated to have a population of 33 million, of which 62% reside within rural regions.
The country is composed of 154 districts, 444 administrative posts, and 1164 localities [37].
However, the data available and used in this study consist of 411 administrative posts.
Figure 1 presents the study area.
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Figure 1. Study area (source: created by the authors).
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3.2. Dataset

In this study, anonymized CDRs were used. CDRs are records made by mobile phone
operators whenever a subscriber engages in a mobile phone activity such as a call, Short
Message Service (SMS), or data use [33]. This study used only call data from one of the
biggest mobile operators. Due to contractual agreements and data protection regulations,
this dataset cannot be publicly shared or made available to external parties. However, any
interested research entity can request access to call traffic data from the Communications
Regulator of Mozambique (INCM), provided that it submits a research proposal. Each
CDR entry consists of the International Mobile Equipment Identifier (IMEI) of the Caller
and Callee, International Mobile Subscriber Identifier (IMSI) of the Caller and Callee, start
time of activity, duration of the call, Location Area Code (LAC) of the Caller and Callee,
cell-tower Identifier (CELL-ID) of Caller and Callee, activity type (Call, SMS, and Internet),
and connection type (2G, 3G, or 4G) [31]. To ensure the protection of subscriber data, the
operator anonymized the CDRs by applying an encryption algorithm based on a secret key,
making decryption more difficult. Table 1 presents an example of a row of anonymized
mobile CDRs.

Table 1. Example of anonymized mobile CDRs [31].

Attribute Value
IMEI-CALLER (anonymized) 3bd78673£3084c4bcc564580c028b83367c5{8489dc5bab63a68afb3383f0d2ce
IMEI-CALLEE (anonymized) 450325fa618cald370b69{54c5¢1{485b05a2599273c94187ca3682582653211
IMSI-CALLER (anonymized) 1d68927da0e0681a887a0ac721af3c911aa71d965f1706d83c61bcc82d59e856
IMSI-CALLEE (anonymized) 674f6ebeb6d350e69326af7ca86335e7d55b7fe89731d2a135cb53eb2balb743
START TIME OF ACTIVITY 2019-03-09 21:39:42
DURATION (seconds) 320
LAC-CALLER 5800
CELL-ID-CALLER 694715
LAC-CALLEE 620
CELL-ID-CALLEE 705688
ACTIVITY-TYPE CALL
CONNECTION-TYPE 3G

As can be seen from Table 1, anonymized CDRs do not include any personally identifi-
able information, e.g., name, phone number, gender, or age, to preserve user privacy. In
addition to the CDRs file, another file contains spatial information (latitude and longitude)
and the Cell-ID, which is used to join CDRs with cell tower data.

In this research, 24 days (6 March 2019-29 March 2019) worth of CDRs were used.
These data were originally provided by the INCM for the purposes of study [31] and have
been reused in the present study, thereby avoiding the need for a formal request for a
new dataset from the communications regulator. Figure 2 shows the distribution of daily
activities and the number of active subscribers.

From Figure 2, it is clear that there is a smooth proportion between the daily number
of activities and the number of subscribers. This is a good indicator of mobile phone
use patterns.
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Figure 2. Number of activities and active subscribers per day in the study area (source: created by

the authors).

3.3. Methodology

Face-to-face interaction estimation using mobile phone anonymized CDRs consists
of multiple steps, some of which were carried out using established techniques from
prior research [31]. The proposed method consists of six main steps, namely (1) Voronoi
tessellation of the study area, (2) estimation of co-locations, (3) estimation of mobile phone
users” home location and work location, (4) testing the hypotheses, (5) quantify the per
cent of agreement of the proposed hypotheses, and (6) assignment of the results at Post-

Administrative Units. Figure 3 summarizes the method used in this research.

DATA | Anonymized CDRs | ‘ Tessellation of study area
’ Extract users’ co-locations (cell-tower Level)
DATA ) , .
ANALYSIS I Estimate users’ home location (cell-tower Level)
| Estimate users’ work location (cell-tower Level)
‘ H2: Co-locations are likely to happen at workplace of one of the users
TEST
HYPOTHESES
‘ H1: Calls during a co-location/meeting are shorter than usual
Percent of agreement for H1
EVALUATION
Percent of agreement for H2

Figure 3. Methodology flow chart (source: created by the authors).

3.3.1. Tessellation of the Study Area

The study area comprises 4918 cell towers, spatially distributed based on population
density, meaning that densely populated areas have a higher concentration of cell towers.
Hence, each cell tower’s coverage area decreased in highly populated areas. Using cell
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tower locations as centroids, Voronoi polygons of the study area were constructed using
the principles presented by Boots et al. [38], as shown in Figure 4.
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Figure 4. Tessellation of the study area (source: created by the authors).

3.3.2. Co-Locations Extraction

This study defines a co-location event as a call between two subscribers connected to
the same cell tower. A co-location event can be seen as a call to coordinate a meeting in a
nearby area, referred to as a “coordination knot”, as hypothesized by [39,40]. Of course,
two mobile phone users can call each other while sharing the same cell tower without
meeting each other. Therefore, an in-depth spatiotemporal investigation of co-location
events is needed to find a reasonable proxy for face-to-face meetings.

3.3.3. Home and Work Location Estimation

The underlying principle for estimating the user’s home location (at the cell tower
level) is that people typically stay at home during the night. Based on this principle, a cell
tower is designated as the user’s home location if it is the most frequently used during night-
time (07:00 p.m.—07:00 a.m.) for the entire analysis period, as proposed by [31]. Similarly,
the work location is the most used cell tower during the daytime (07:00 a.m.—07:00 p.m.).

3.3.4. Testing the Hypotheses

To define co-locations as the reasonable proxies of face-to-face meetings, two
spatiotemporal-related hypotheses were defined, as follows:

H1: Co-locations are likely to happen at the workplace of one of the users.

To this hypothesis, first, co-locations were extracted from the anonymized CDR data.
Then, assuming that people usually meet during the daytime, and during this period,
people are at work, the co-location place was investigated. The investigation consisted of
comparing the co-location place to the work location of the pair. If the co-location place
is the same as the work location of one of the users, then the hypothesis is valid. Figure 5
presents the graphical representation of the process to test H1.
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Figure 5. Testing H1 (source: created by the authors).

H2: Calls while attending a meeting are shorter than usual.

Co-location events were first extracted from the anonymized CDR data to test this
hypothesis. Then, the call duration was investigated right after co-location. Figure 6 shows
the graphical representation of the process to test H2.

A

Time
<7 L "+, User1and User 2
“..A .- Calldur<Avgdur
tiz
At D Userd Co-location
Cﬁ and
User 2
Y \
\
o /
\
\
\
\
A B®
User 2
User 1
t

xy

Figure 6. Testing H2 (source: created by the authors).

In Figure 6, at time ti, User 1 and User 2 are at locations A and B, respectively. At
time ti+1, the users co-located at location C and spent At, and one of the users received
a call while at the exact location. The duration of this call was compared to the average
call duration of that user for the entire study period. r is a scalar used to reduce the effect
of false displacement, which happens when a user makes or receives a call while their
nearest cell tower is fully loaded. The mobile phone operator assigns their mobile activity
to another cell tower.

3.3.5. Evaluation

The daily percentage of agreement for each hypothesis was computed using Equation (1)

to evaluate the results:
_ Ty—Fy

p=-£ -f
! Ty + Fy

)
where

e Ty represents the results that agree with the hypothesis;
e  Fp represents the results that disagree with the hypothesis and
e irepresents the days of the month (March) considered in this study.

The Ty and Fy results were based on the CDR data analysis, which confirms or not
what is proposed in each hypothesis.
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H1: Co-locations are likely to happen at the workplace of one of the users.

To evaluate this hypothesis, co-location place was compared to the work location of
the pair. If the co-location place was the same as the work location of one of the users, then
the co-location was labeled with true, otherwise, with false. Then, the labeling results for
all the co-location activities for a specific day were then aggregated and Equation (1) was
applied to compute the daily percentage of agreement for H1.

H2: Calls while attending a meeting are shorter than usual.

To evaluate this hypothesis, the call duration of a given user during co-location were
compared to their average call duration. If the call duration during the co-location was less
than average call duration, then the activity was labeled as true, otherwise, the activity was
labeled as false. The labeling results for all the users, for specific day were then aggregated
and Equation (1) was applied to compute the daily percentage of agreement for H2.

3.3.6. Assigning the Cell-Tower-Based Results to Post-Administrative Units

All the estimations were at the cell tower level (Thiessen polygons). However,
decision-makers are usually interested in seeing the results in administrative units. Post-
Administrative Units (PAUs) present the analysis results in this study. There is no match
between the Thiessen polygons and PAUs. Therefore, the spatial interpolation proposed
by Flowerdew et al. [41] was used for cell-tower-based results to PAUs, as shown in

Equation (2):
i %S
u; = al:t

)

where

e  u; represents the number of subscribers assigned to a PAU using spatial interpola-
tion method;

e irepresents the number of PAUs that share a given cell tower;

e g is the intersection area between the coverage area of a cell tower (Voronoi polygon)
and PAU;

e A represents the total area of the cell tower under consideration and

e  Sis the total number of subscribers found in the shared cell tower.

=

. Results and Discussion

First, the users’ home and work locations at the cell tower level were estimated and
assigned to PAUs. Figure 7 shows the distribution of users working and living, and the
percentage increase in users in each PAU during daytime.

Figure 7a,b clearly shows that the number of subscribers living in each PAU does not
differ much from the number of people working in the same area.

This might be related to two situations: (a) people work in their residential areas;
(b) there is a replacement of people in each PAU, i.e., the number of outflow for working is
equal to the number of inflow for working. Figure 7c shows the detailed increase in people
during daytime in each PAU. This result suggests a slight increase in users in each PAU (up
to 30%).

After extracting co-locations, an evaluation was conducted to extract only those co-
locations at the work location. Then, the cell tower distribution of the co-locations at the
cell tower level was assigned to PAUs, as shown in Figures 8 and 9.
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Figure 7. Total number of users (a) working and (b) living, and (c) the percent of increase during
daytime in each PAU (source: created by the authors).

Figure 8 shows that the co-location events have a similar daily distribution for each

cell tower from 6 March to 15 March (the day that cyclone Idai struck Beira city in central

Mozambique). From 16 March to 17 March, all the districts along the corridor of the cyclone

from east to west were affected and did not register mobile phone activities. Therefore,

there was a significant reduction in co-locations along this corridor.
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Figure 8. The co-location was distributed at the work location from 6 March to 17 March 2019 (source:
created by the authors).

Figure 9 suggests that the affected regions’ cell towers failed to register the activities
for more than 4 days. However, from 22 March, there was a clear tendency for recovery of
the cell tower; hence, the number of co-locations increased significantly up to the last day
(29 March), when over 90% of the cell towers were operational.

The daily percentage of agreement was computed to evaluate the first hypothesis.
Figure 10 shows the daily percentage of agreement.
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Figure 9. Co-location will be distributed at the work location from 18 March to 29 March 2019 (Source:
Created by the Authors).

Figure 10 shows that the daily percentage of agreement was greater than 80% for
the whole study period. This result suggests that the first hypothesis states that meetings
between users usually happen at their workplace has almost perfect agreement.

After evaluating the first hypothesis, the second hypothesis was tested, which states
that calls during meetings/co-locations are shorter than usual. The test consisted of
analyzing the duration of calls during the co-location. Since some users have very sparse
CDRs, we focused on those activities that occurred most within an hour after co-location.
We assumed that users meet within a few minutes after the co-location call, and the meeting
duration is at least an hour. Figure 11 presents the daily average call duration (which
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represents the typical call duration for each subscriber) and the call duration distribution
right after co-location.
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Figure 10. Percent of agreement for H1 (source: created by the authors).

From Figure 11, it is clear that overall, there are similar distributions between the
average duration of calls and the duration of calls right after co-location. It is also clear
that the distribution of the average duration of calls is greater than the distribution of the
duration of calls right after co-location for the whole study period for calls with a duration
less than or equal to 300 s (5 min). However, there is an opposite trend for calls with a
duration greater than 5 min, i.e., the average call duration distribution is lesser than the
call duration distribution right after co-location.

A similar process to the one carried out for the first hypothesis was executed to evaluate
the second hypothesis, i.e., the percentage of agreement was computed by comparing the
co-locations that satisfied the hypothesis and those that failed. Figure 12 presents the daily
percentage of agreement for hypothesis 2.

Figure 12 clearly shows that similar to the first hypothesis, the second hypothesis has
a daily percentage of agreement greater than 80% for the whole study period. This suggests
that this hypothesis has almost perfect agreement.

Assuming that the co-locations represent the proxy of face-to-face meetings if a given
user is diagnosed with an infection (e.g., COVID-19), their contacts for the last couple of
days can be represented as in Figure 13.

Figure 13 illustrates how the co-location data can be applied to contact tracing during
an infectious disease outbreak. The figure uses a timeline that shows the daily number of
meetings a hypothetical infected user has with other users leading up to the day they were
confirmed positive. Day “T” represents the day before the user was confirmed as positive,
and “n” represents the virus incubation period, which is 14 days for COVID-19 [42,43]. The
figure shows that the infected user had varying numbers of daily meetings with different
users throughout the incubation period. User 13 and User 14, who had contact with
the infected user on Day “T—n", are highlighted as potential sources of infection. It is
noted that User 13 may still be infected, while User 14 may have already recovered. The

figure demonstrates that identifying and isolating all individuals who had contact with
the infected user during the incubation period can be an effective strategy to contain the
spread of the virus [44]. It is important to note that this is a hypothetical example using a
small sample of users to demonstrate the principle. In a real-world scenario, contact tracing
would involve a significantly larger network of individuals.
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To measure the dynamics of face-to-face meetings in the study area, the co-location
events were aggregated by subscription, and the results are shown in Figure 14.

Figure 14 shows the daily distribution of the total co-location per user. These results
suggest that over 50% of users co-locate once, and around 40% collocate more than once and
less than six times daily. Assuming that co-location is a proxy of face-to-face meetings, there
is a considerable number of contacts between people, which could accelerate spread in the
case of a surge of an infectious disease. To gain a deeper understanding of the distribution
of co-location events, the daily statistics are computed and presented in Table 2.
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Table 2 suggests that 6 March and 29 March registered the most minor and highest

co-location events during the study period, respectively. The number of co-location events

increased initially and stabilized on 10 March. From 14 March, the number of co-location

events reduced and increased until 23 March, stabilizing until the end of the study period.

This last reduction in co-location events can be associated with cyclone Idai, which hit Beira

city (in Central Mozambique) on 14 March 2019, causing massive flooding, leaving entire

communities submerged under 10 m of water, and damaged infrastructure and roads,

with about 3 million people were affected [31]. Along its path, cyclone Idai destroyed

many infrastructures, including electricity and telecommunications towers. Therefore,

four-to-five days after the cyclone hit Beira city (in the central part of Mozambique), many

cell towers were out of order and failed to register mobile phone activities.
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Table 2. Daily statistics of co-location events (source: created by the authors).
Day Count Minimum Maximum Mean gtar}da.rd
eviation
6 March 392,965 1 43 1.850 1.542
7 March 468,776 1 30 2.003 1.720
8 March 479,930 1 33 2.020 1.743
9 March 515,802 1 41 2.081 1.837
10 March 541,751 1 35 2.163 1.915
11 March 551,659 1 37 2.168 1.916
12 March 547,261 1 39 2174 1.930
13 March 525,967 1 31 2.120 1.854
14 March 513,656 1 36 2.104 1.845
15 March 494,928 1 31 2.136 1.891
16 March 465,234 1 47 2.093 1.852
17 March 455,831 1 33 2.104 1.861
18 March 476,565 1 36 2.099 1.846
19 March 468,592 1 36 2.091 1.838
20 March 505,751 1 34 2.157 1.926
21 March 479,126 1 30 2.031 1.764
22 March 508,910 1 33 2.079 1.821
23 March 533,269 1 34 2.070 1.814
24 March 526,407 1 31 2.125 1.859
25 March 542,437 1 38 2.151 1.896
26 March 545,085 1 34 2177 1.931
27 March 546,915 1 34 2.151 1.893
28 March 552,719 1 33 2.151 1.897
29 March 568,771 1 36 2.173 1.921

In Table 2, the maximum number of user co-location events varies from 30 to 47.
Suppose we assume that co-location is a proxy of face-to-face meetings. In that case,
users with this number of co-locations with different pairs can be seen, for example, an IT
employee in a building who needs to communicate with their colleagues to support them
in solving some issues. In real life, except in meetings, it is not common for someone to
meet more than 30 people in one day. Usually, a person attends, on average, two meetings,
as seen in Table 2 and proved by Yu [20].

5. Conclusions and Future Work

This article proposed using anonymized CDRs to estimate co-locations as a proxy of
face-to-face meetings. This approach involves extracting the co-location events as a call
between two users connected to the same cell tower. Two hypotheses define the co-location
as a proxy of face-to-face meetings. The first hypothesis (H1) states that user meetings
usually happen at their workplaces, and the second hypothesis (H2) states that calls during
meetings are shorter than usual. To test H1, the work location for each user was computed
as the most used cell tower during the study period. Then, co-locations at workplaces and
other places for each user were computed. The results were then aggregated at the cell
tower level, and the daily percentage of agreement was calculated, which was over 80%,
suggesting that there is an almost perfect agreement. H2 was tested by computing the daily
average call duration for each user and comparing it with the duration of a call right after
the co-location. The results were then aggregated at the cell tower level.

Similarly, as in H1, the daily percentage of agreement was calculated, which was
over 80%, suggesting that there is an almost perfect agreement. These results proved that
co-location can be seen as a coordination call to meet nearby and can hence be used as
a proxy for face-to-face meetings. While this study concluded that co-locations can be
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used as a proxy of face-to-face meetings only by using anonymized CDRs, it would be
interesting to conduct a survey on the daily meetings for a sample of users and compare
it with the results of the proposed approach. In addition to this, this study only used call
data. Still, it would be interesting to see the contribution of SMS data and data usage
(connection to the internet) since people often communicate through SMS or by using apps
like WhatsApp, Facebook, Instagram, Twitter, etc. Additionally, it would be interesting
to conduct an analysis of the data during weekends and holidays. This would provide
further insight into activity patterns. By comparing data from workdays to weekends and
holidays, we could identify distinct behavioral patterns, such as increased movement in
recreational areas during leisure times and possibly reduced activity in work-related zones.

Integrating mobile phone data and other digital tools into public health strategies
provides a powerful means for health authorities to respond swiftly and effectively to
respiratory pandemics, enhancing their ability to protect public health and save lives.

A key contribution of the present study is the validation of two hypotheses to use
co-location events as proxies for face-to-face interactions. The first hypothesis assumes
that meetings between individuals often occur at their workplace. The study tested this by
identifying work locations based on the most frequently used cell towers during daytime
hours. The results showed over 80% agreement, indicating that co-location at workplace
cell towers could reliably represent face-to-face interactions. The second hypothesis posits
that calls made during these co-location events tend to be shorter than usual. The analysis
of call durations confirmed this with a similarly high-agreement level, reinforcing the
validity of using co-location events as indicators of face-to-face meetings.

Another significant contribution is the method developed to estimate users’ home and
work locations from CDR data. The study assumes that the cell towers most frequently used
during night hours indicate home locations, while those used during daytime hours reflect
work locations. This spatial understanding enhances the ability to contextualize co-location
events and differentiate between meetings occurring at work and other locations.

The study also extended its analysis to rural areas, an important expansion since
previous research has predominantly focused on urban settings. By including rural regions,
the study demonstrated the broader applicability of its methods and provided insights into
the unique challenges and dynamics in these areas. For example, the findings suggested
that the distribution of cell towers and the mobility patterns of individuals in rural settings
might influence the nature of co-location events.

Additionally, the research explored the resilience of its methods in the context of a
real-world event Cyclone Idai in Mozambique. The cyclone disrupted telecommunications
infrastructure, allowing the researchers to evaluate how such disruptions affect mobile
phone activity and co-location events. This aspect of the study provided an opportunity to
assess the robustness and adaptability of the proposed approach under extreme conditions.

The study’s contributions also have significant implications for public health. The
ability to use anonymized CDRs for contact tracing supports more efficient identification
of potential transmission chains during infectious disease outbreaks.

Finally, the study offers recommendations for future research. It suggests integrating
additional types of mobile data, such as SMS and internet usage, to refine the understanding
of communication patterns further. Moreover, it calls for surveys to validate the inferred
interactions with actual user behaviors, strengthening the empirical foundation of its
findings. These forward-looking suggestions ensure that the research paves the way for
continued innovation in the field.

Like any other type of study, no matter how careful one is, the possibility of threats to
its validity cannot be ruled out, and it is the researcher’s responsibility to identify them
and define control actions to mitigate them. The use of mobile phone data raises significant
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privacy issues. Ensuring that data are anonymized and secure is crucial, but there is always
a risk of re-identification, especially when data are combined from multiple sources. The
absence of a method that allows for the hypotheses to be confirmed with users (in person)
of the numbers under study constitutes a threat to the study’s validity.
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