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ABSTRACT 

This paper presents a use case of mobile network data as a new source of insight for humanitarian action. Based 

on analysis covering the Republic of Vanuatu, we identify aggregate behavioral patterns indicating short term and 

medium term behavior changes as a result of a tropical cyclone, which could contribute to our understanding of 

the resilience of communities to natural hazards. We also find interesting behavioral insights on how the human 

movement network is impacted by a cyclone. Due to the detail and tractability of the data set, insights on 

preparation, displacement, damage and resilience could enable more agile and adaptive responses by public 

institutions and other actors to humanitarian emergencies. Considering the array of natural hazards that the South 

Pacific region faces on an annual basis, this use case contributes more evidence in favor of using anonymized 

mobile network data to inform humanitarian action. 
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INTRODUCTION 

This paper analyses mobile network data in the context of the Pacific island nation of Vanuatu, a Y-shaped 

archipelago with four main islands and 79 smaller islands (GFDRR, 2017). Vanuatu’s geographical location 

contributes to the nation’s exposure to a string of volcanoes, earthquakes and other seismic activities, as well as 

tsunamis, storms, tropical cyclones, coastal flooding and landslides. With such breadth and frequency of natural 

hazards, it is considered a country with a high degree of vulnerability. Due to the confluence of vulnerability, the 

availability of big data and a request for policy insights from the Government of Vanuatu, the country was selected 

as an appropriate context for this research. 

Tropical Cyclone Donna impacted northern Vanuatu at the beginning of May 2017, with an early alert published 

on 3rd May. The tropical cyclone intensified to category three on 5th May, and to category five on 8th May. The 
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cyclone moved on from Vanuatu on 9th May. According to the UN Office for the Coordination of Humanitarian 

Affairs (2017) as of 8th May 2017, Vanuatu had experienced significant damage to housing and communication 

networks. During the tropical cyclone, the TVL mobile phone network was down in Torba Province in the north 

of Vanuatu. Tropical Cyclone Donna was unusual for the time of year, as May is not commonly an active month 

for cyclones. 

The primary data source for this research project, mobile network data, is defined as the information elements 

contained in call detail records (CDRs) created by mobile network operators for billing purposes and summarising 

anonymous mobile users’ activity, i.e. phone calls, text messages and data connections (UN Global Pulse, 2018), 

but contain no information on their content. As this data is uniquely detailed and tractable, it can capture 

information not easily found from other sources at a scale that would be difficult to recreate through other means 

(UN Global Pulse & GSMA, 2017). Once anonymized and aggregated to appropriate levels, mobile network data 

can provide a variety of insights with tremendous value for development and humanitarian action, including 

mobility, social interaction and economic activity (UN Global Pulse, 2013). 

Using Tropical Cyclone Donna as a case study, we are interested in exploring how mobile network data capture 

aggregate behavior changes related to natural hazards, perhaps also revealing the resilience of communities to 

these events by the speed at which pre-disaster patterns re-emerge or the point at which new stable patterns emerge 

based on structural changes due to the shock. Alongside this general question, we are also interested in whether 

Tropical Cyclone Donna impacts the human movement network within and between islands. The use case is a 

tangible demonstration of how the data set can provide real value to policymakers and humanitarians by providing 

new insights at a higher degree of spatial granularity, at a higher frequency, in a timely manner, enabling more 

agile and adaptive responses by public institutions to both opportunities and challenges. 

In examining aggregate behavioral patterns; we find short term and medium term behavior changes after Tropical 
Cyclone Donna. We identify four different classes of patterns related to behavior changes, which are increasing, 

decreasing, V shape, and other patterns. We also find interesting behavioral insights by processing the trajectories 

of anonymous mobile network users, developing our understanding of how the human movement network is 

impacted by a cyclone. Findings of note include the nature of inter- and intra-island human movements, both 

before and after Tropical Cyclone Donna, as well as the inference that the local population was taking action in 

anticipation of the tropical cyclone in advance of official alerts, and the observed surge in positive movement 

anomalies away from the Island of Ambae in Penama province on 7th May 2017, the day before the cyclone was 

classified as category five. 

Our analysis of mobile network data complies with the Global System for Mobile communication (GSM) 

Association privacy guidelines for the use of mobile phone data (GSMA, 2014), originally developed in response 

to the Ebola outbreak in West Africa which occurred between 2013 and 2016. Specifically, the guidelines dictate 

that user data be anonymized, that user data not be transferred outside of the mobile network operator’s systems, 

that all analysis take place on the mobile network operator’s systems and under operator supervision, that no 

analysis be undertaken that singles out identifiable individuals, and that only the output of the analysis (i.e. the 

resulting non-sensitive data, aggregate statistics, indicators, etc.) be made available to relevant and approved aid 

agencies, government or research agencies that can use these inputs in their modeling and planning efforts. 

RELATED WORKS 

Scholars have been using various data sources and methods to understand human behaviours and movements 

during and after natural disasters or other types of crises. Recent developments in our understanding of these 

events have, in part, derived from new data sources, such as social media and Global Positioning System (GPS) 

records, which have enabled new insights at a finer degree of spatial and temporal granularity. Wang (2014) 

developed insights on human trajectories and movement patterns at high-resolution by mining Twitter data from 

New York City, during and for several days after Hurricane Sandy in 2012, calculating trip distance distribution, 

the radius of gyration of movements, and frequently visited locations. Meanwhile, Song et al. (2014) used the 

GPS records of 1.6 million users over one year to investigate and analyse human behavior during emergencies 

and their movements following the Great East Japan Earthquake and Fukushima nuclear accident. 

The increasing use of mobile networks in developing countries also offers a rich source of insights for 

humanitarian action. Several scholars have explored the data set to meet humanitarian information needs, for 

example Bengtsson et al. (2011) estimated the net outflow of people from Port-au-Prince following the 2010 
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earthquake in Haiti by scaling insights from mobile network data via reference to the census. They also 

demonstrated the ability to produce rapid estimates of mobile network user movements during the Haitian cholera 

outbreak. Further research by Lu et al. (2012) showed that Port-au-Prince lost nearly a quarter of its residents 

nineteen days after the earthquake. Later research, again by Lu et al. (2016), mined mobile network data to develop 

insights on anomalies in communication, mobility and consumption during Cyclone Mahasen in Bangladesh. This 

research uses a novel approach to understanding human movements, developing time series insights on the number 

of mobile network users that move between the coverage areas of different cell towers, building our understanding 

of what the authors of this paper term a human movement network. 
 
As highlighted in the introduction, above, mobile network data offers insights beyond human movements. De 

Montjoye et. al. (2016) developed an open-source toolbox for feature engineering of mobile network data, called 

bandicoot. The features fall into three categories: (a) anonymized individual information including the total 

number of calls, text response rate and others; (b) spatial information of each anonymous user such as radius of 

gyration, entropy of places visited; and (c) social network metrics such as clustering coefficient. For a 

comprehensive list and definition of these variables, please refer to the bandicoot website. Jahani et.al. (2017) and 

Felbo et. al. (2017) revealed that by combining bandicoot features and advanced machine learning, they are able 

to predict the demographic characteristics of the mobile network user population. Using similar feature 

engineering methods to understand behavioural changes in response to a series of earthquakes, Moumni et al. 

(2013) add to the literature on human movements and displacement post-disaster to examine the impact of an 

environmental shock on call volume, call duration and social activity. They find discernible differences in these 

metrics pre- and post-earthquake, although the paper analyses only two weeks of mobile network data spanning 

the Oaxaca Earthquake in 2012. 
  
Gething and Tatem (2011) note that while the advantages of using mobile network data are self-evident, the 

limitations are weakly presented. They point out that severe natural hazards can damage mobile phone networks 

thus forestalling any analysis, and that when the networks are operational, the lower network coverage of sparsely 

populated regions makes it difficult to track displacement in rural areas. They also highlight issues connected to 

the representativeness of the data set, in that coverage errors and biases exist, and privacy issues regarding the 

mining of mobile network user data. 

DATA  

This paper pursues some of the research areas highlighted in the introduction and related works above, specifically 

insights on post-disaster aggregate behavior changes among mobile network users. In this analysis, we use 

anonymised call detail records generated between 1st January 2017 and 31st December 2017 and geo-located in 

Vanuatu. The mobile network data is accessed via a data partnership with Digicel, which holds a majority market 

share (TeleGeography, 2016). In 2015, Vanuatu hosted 104,000 unique mobile network users, representing 

approximately 40 percent of the country (GSMA, 2015); the market and the number of unique mobile network 

users is likely to have grown since then. By 2017, the overall mobile penetration of the population reached 80 

percent of households (ITU, 2017). 
  
There are hundreds of variables contained within one call detail record, such as transaction type, International 

Mobile Equipment Identity (IMEI) number, timestamp and tower ID, among others. We limit the data extraction 

to the variables commonly used in mobile network data analysis, namely: transaction type, transaction direction, 

caller id (anonymous), correspondent id (anonymous), tower id, call duration and a few others described in Table 

1 below. We extract the raw data set by selecting only the specific columns of interest, highlighted in Table 1. 

Next, we perform data validation by selecting transactions that occur in Vanuatu, based on their antenna_id. 

Mapping Tower Locations to Administrative Divisions 

The call detail records are associated with cell towers; however, in some instances we require insights at different 

administrative levels, such as provinces or area councils. For this purpose, we conduct a reverse geolocation 

process for each tower, using the official shapefiles of administrative divisions from the Government of Vanuatu. 

In addition to this, we build a matrix of the distances between each of the towers, which is useful for analysing 

the human movement network. The following tables show the tower mapping information (Table 2) and sample 

data for the distance between towers (Table 3). 
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Table 1. Raw data 
 

No Column Name Sample Remark 

1 caller_id 8f8ad28de134 
 

2 interaction call Call or Text 

3 direction in In or Out 

4 correspondent_id fe01d67aeccd 
 

5 datetime 2017-01-02 08:13:17 
 

 

 
Table 2. Tower level information    Table 3. Cell tower distances 

 

No Column Name Sample Remark 

1 tower_id 31021 
 

2 lat -17.7016944 
 

3 lon 168.3202806 
 

Generating Behavioural Indicators for Each Anonymous User 

We use the bandicoot toolbox (de Montjoye et al., 2016) to extract hundreds of behavioral indicators, producing 

a weekly time series of the average of each indicator, from the raw data. If necessary, bandicoot can also return 

other statistical measures such as median, maximum, minimum, skewness and kurtosis, but we retain the default 

settings which return mean and standard deviation. We use bandicoot because it provides a simple approach to 

extract diverse features from mobile phone metadata that otherwise would be complicated and time-consuming. 
  
We aggregate all the raw transactions at a weekly level following the ISO-8601 standard (a week starts on Monday 

and ends on Sunday). For each week, we develop behavioural indicators for each anonymous user that made a 

transaction during that week. To investigate aggregate behavior changes in response to Tropical Cyclone Donna, 

we focus on the variables developed by the bandicoot library that provides anonymized indicators at the individual 

level, divided into five broad categories: basic phone use, active users behaviors, location, regularity and diversity. 

We take the mean, and when available the standard deviation, of each variable for all anonymous users per week, 

then exclude variables that have missing values or that exhibit flat figures, i.e. all ones or all zeros, for the 

timeframe of the analysis, for which we use data from January to December 2017. 

Transforming User Trajectories into a Human Movement Network 

To understand human movement patterns, we transform the raw data format into a sequence of user transactions, 

which gives us the trajectory of an anonymous user, see Table 4 for an example. From the transactions described 

in Table 4, we create new columns by shifting the transactions, using the n+1 transaction as the Next Tower ID 

and produce Table 5, which includes the distance between the pairs of cell towers by comparison to the cell tower 

distance matrix. This table can then be used to create an aggregate human movement network at different levels 

of spatial and temporal aggregation, we choose a daily resolution for the time series.  
 
The human movement network does not retain the trajectories of users, instead it captures the number of users 

moving between the coverage areas of each origin-destination pair of cell towers within the network, based on 

sequential transactions by users on the mobile network. It retains the distance between the origin-destination pairs 

of towers as an attribute. These data processing steps have the effect of undersampling anonymous users who 

make few transactions, because it is not possible to calculate a trajectory from one or no data points at the 

resolution of the time series. In turn, this results in a bias towards active users, as only their movements would be 

No Column Name Sample 

1 tower_id 31021 

2 corresponding_tower 10305 

3 distance 224.81 
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detected. Thus, when using the terms “human movements” and “the human movement network”, we are not 

generalising to the entire population of Vanuatu, but referring to the movements of active Digicel mobile network 

users. 
 

Table 4. User level information                        Table 5. Distance of two towers to build administrative   

level data 
 

No User ID Date Tower 

ID 

1 8f8ad28de134 2017-

01-01 

31021 

2 8f8ad28de134 2017-

01-01 

23005 

3 8f8ad28de134 2017-

01-01 

50003 

 

We process the mobile network records for the first 20 weeks of 2017, a time frame covering 2nd January to 

21st May. From this data set, we extract the ten weeks running up to the week of the early alert for Tropical 

Cyclone Donna, a time frame covering 20th February to 30th April 2017, from which we construct the human 

movement network for ten ‘normal’ instances of each weekday. This gives us a basis for comparison when 

examining the human movement network during Tropical Cyclone Donna. 

METHODS 

We examine the impact of Tropical Cyclone Donna by detecting behavioral changes, first, as articulated by 

indicators drawn from mobile network data, and second, based on shifts in the human movement network within 

Vanuatu. 

Analysing Behavioural Changes 

We conduct a preliminary analysis by filtering only the numeric variables from the bandicoot software, as well as 

binary variables that mostly come from reporting features (TRUE/FALSE converted into 1/0). We further examine 

them through exploratory data analysis. The variables that demonstrate significantly different patterns after the 

disaster are the best candidates for tracking behavioural changes. They are subject to further analysis. 
  
To check the robustness of the exploratory data analysis, for each variable, we develop a forecast to provide an 

estimation of the future short term trend assuming that the tropical cyclone did not occur. We (partially) mitigate 

seasonality by excluding the first week of the year from the forecast1. Having said this, we do not claim the 

behavioral differences at the aggregate level are as a direct impact of tropical cyclone. But if the actual short term 

trend differs from the forecast, we investigate how the pattern behaves over the longer term. If it maintains some 

distance or pushes away from the pre-disaster and forecast trend, we conclude that behavioral changes are more 

likely to have taken place. 
  
Information from weeks two to 17 is used to forecast the point estimation, 80 percent and 95 percent confidence 

band of weeks 18 to 23. The ets package in R builds a fully automated forecast system as the default, which we 

use (Hyndman et al., 2008). The model is not specified, adjusting for each specific time series type. The default 

of the optimization criterion is log-likelihood. As an example, the simplest likelihood function of Autoregressive 

model of order p - called AR(p) - is defined as follows: 
 

                                                 
1 Other potential seasonality components are not strongly identified during the first quarter of the year.  

 
 

No User ID Date Tower 

ID  

Next 

Tower ID 

Distance 

1 8f8ad28de134 2017-

01-01 

31021 23005 4.8 

2 8f8ad28de134 2017-

01-01 

23005 50003 269 
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Figure 1 displays an example of a forecast result which assumes that the tropical cyclone did not take place, which 

can be used for further analysis of the trend. Comparing it with the actual trend, as in Figure 2, both figures provide 

useful evidence of whether behaviour changes have occurred. 
 

 
Figure 1. Example of short term forecasting. The blue line is the point estimation. Confidence bands are 80 percent 

(dark grey) and 95 percent (grey). Some part of the actual trend overlaps with upper limits  of the 95 percent 

confidence band which merits further investigation. 

  

 

Figure 2. Example of the full year pattern in 2017. The pattern finally leaves the confidence bands, indicating 

evidence of longer term change in behaviour. 

 Analysing the Human Movement Network 

As described above, we develop a human movement network for each day during the ten weeks running up to the 

week of the early alert for Tropical Cyclone Donna, as well as the three weeks covering Tropical Cyclone Donna 

and its aftermath, a time frame including 1st to 21st May 2017. 
 
To gain a broad sense of the changes in the human movement network connected to the tropical cyclone, we 

multiply the directional weight associated with an origin-destination pair of cell towers (the number of users with 

sequential transactions connected to the origin-destination tower pair) by the distance between them and then sum 

at province level. Figure 7 displays the representations of the total distance traveled within each Province by the 

active mobile network users for a day of interest during Tropical Cyclone Donna and the ten instances of the same 

weekday during the ten weeks running up to the week of the early alert. 
  
To examine changes in the human movement network at higher-resolution, we compute the z-score for the 

directional weight associated with an origin-destination pair of cell towers, which represents the number of 

standard deviations by which the value of the directional weight between a pair of cell towers on the day of interest 
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during Tropical Cyclone Donna is above or below the mean value of the directional weight between the same pair 

of cell towers for the ten instances during the ten weeks leading up to the week of the early alert for the tropical 

cyclone. We filter the z-score matrix for the day of interest during Cyclone Donna, to exclude z-scores between -

3 and 3; z-scores above and below these values we define as anomalies. This generates a matrix of human 

movement network anomalies which we project onto a Map of Vanuatu for further visual analysis (see Figure 8). 

FINDINGS 

Patterns in Aggregate Behavioural Changes 

Some variables developed from mobile network data using the bandicoot library seem to show distinctive trends 

after Tropical Cyclone Donna. Those trends are an initial signal of behaviour changes, but these changes are not, 

per se, the direct result of the tropical cyclone. Such trends should be observed more carefully, such as removing 

potential seasonality if there is strong evidence of its existence, and over a longer period of time to conclude that 

behaviour has changed as a result of the tropical cyclone. 
  
We determine to work with 39 numeric/binary variables based on the preliminary analysis. From the method 

described above, we identify four major patterns of behaviour change after Tropical Cyclone Donna across 29 

variables: 11 variables display an increasing trend, seven variables show a decreasing trend, eight variables 

demonstrate a V-shaped pattern, three variables uncover other patterns including an inverted V-shape pattern. Ten 

variables do not reveal significant patterns, so we exclude them from the analysis. Details of bandicoot variables 

used in this study are presented in Table 6-9.  
 
There is a possibility that non-constant pre-disaster trends are affected by seasonal patterns and it might be better 

to only consider post-disaster patterns. Unfortunately, we do not posess data from other years to examine the 

seasonalities, therefore we stick to distinguishing patterns by considering pre-disaster trends as well. We focus 

our discussion on the average of each trend, and later on we include a small section dedicated to discussing the 

standard deviation. 
 
The first pattern we discuss is the increasing trend (Figure 3, Table 6). The increasing trend is defined as showing 

a stable pattern prior to the tropical cyclone, then a rising pattern over time thereafter. Among the eleven variables 

with increasing trends, four relate to the diversity category (entropy of call contacts, call interactions per contact, 

variability of call interactions per contact, number of call contacts), five are related to the basic phone use category 

(number of outgoing call interactions, number of incoming call interactions, total number of call interactions, 

number of outgoing text interactions, and total number of text interactions) and two of them are reporting variables 

(number of records and if the records contain a call)2. 

The increasing amount of interactions, in particular outgoing calls and texts, could be a reflection of how the 

affected people and potentially the entire country copes with the shock. Moreover, users do not only increase the 

intensity of the interaction, but they also diversify their social network base by demonstrating a higher number of 

call contacts and higher entropy of contacts3. The causes of these changes in behaviours could be for information 

seeking or resource mobilisation. Our findings support the study on the Oaxaca earthquake by Moumni et al. 

(2013) where people made calls more often and carried out mobile interaction with more people around the time 

of the disaster. Additionally, the variability of interaction per call contact increases, which indicates that this 

feature is less predictable post-disaster. 

We assume that the increasing trend of call diversity indicators and the basic phone use category indicators will 

at some point in time change, leading to two potential future outcomes: (i) a peak after which a downward trend 

follows, possibly after full recovery takes place, or (ii) users find a new equilibrium of higher diversity. 

A decreasing trend is the second major pattern of interest (Figure 4, Table 7), where relatively constant behavior 

before Tropical Cyclone Donna shifts to a declining pattern post-disaster. There are seven variables displaying a  
 

                                                 
2 More information on these metrics can be found in deMontjoye et al. (2013) 

  
3 For mobile network data, entropy is defined as the distribution of interaction across different contacts. Higher entropy indicates more 

equally balanced interactions with a large number of contacts (de Montjoye et.al., 2013). 
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Figure 3. Eleven variables displaying an increasing trend 

after Tropical Cyclone Donna, which is represented by the 

dotted line. 

 
Figure 4. Seven variables displaying a decreasing trend 

after Tropical Cyclone Donna, which is represented by 

the dotted line. 

 

Table 6. List of bandicoot variables with increasing trend 
 

 
Table 7. List of bandicoot variables with decreasing trend 

 

 

Variables with increasing trends after cyclone Donna Definition 

entropy_of_contacts__allweek__allday__call__mean The entropy of the user's contacts on call. 

interactions_per_contact__allweek__allday__call__mean__mean The number of calls a user had with each of its contacts mean 

interactions_per_contact__allweek__allday__call__std__mean The number of calls a user had with each of its contacts SD 

of mean 

number_of_contacts__allweek__allday__call__mean The number of contacts the user called with. 

number_of_interaction_in__allweek__allday__call__mean The number of incoming calls. 

number_of_interaction_out__allweek__allday__call__mean The number of outgoing calls. 

number_of_interaction_out__allweek__allday__text__mean The number of outgoing text 

number_of_interactions__allweek__allday__call__mean The number of calls. 

number_of_interactions__allweek__allday__text__mean The number of text. 

reporting__number_of_records The number of records 

reporting_has_call The record contain calls 

 

Variables with decreasing trends after cyclone Donna Definition 

balance_of_contacts__allweek__allday__call__mean__mean  The balance of calls per contact mean 

balance_of_contacts__allweek__allday__call__std__mean   The balance of calls per contact SD of mean 

interevent_time__allweek__allday__call__mean__mean The interevent time between two calls of the user mean 

interevent_time__allweek__allday__call__std__mean      The interevent time between two calls of the user SD of mean 

percent_initiated_interactions__allweek__allday__call__mean The percentage of calls initiated by the user. 

percent_pareto_durations__allweek__allday__call__mean The percentage of user's contacts that account for 80% of its 

total time spent on the phone. 

percent_pareto_interactions__allweek__allday__call__mean The percentage of user's contacts that account for 80% of its 
calls. 
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Figure 5. Eight variables displaying a V-shaped pattern, 

linked to Tropical Cyclone Donna, which is represented 

by the dotted line. 

 
Figure 6. Three variables displaying other patterns 

including an inverted V-shape pattern, linked to Tropical 

Cyclone Donna, which is represented by the dotted line. 

 

Table 8. List of bandicoot variables with V-shape trend 
 

 

downward pattern that sit under three of the indicator categories: regularity (call inter-event time, and call inter-

event variability), active behaviors (percent of calls initiated) and diversity (balance of call contacts, balance of 

call contacts variability4, call percent pareto and total interactions percent pareto), some of which complement the 

insights from variables displaying an increasing trend.  

For example, decreasing inter-event time is a natural consequence of a higher number of interactions. 

Additionally, the decreasing trend for balance of call contacts, percent initiated call interactions, percent pareto 

call duration and percent pareto call interaction, which exhibit opposite trends to other indicators in their 

categories, is a product of the scale free nature of the network. The absence of the indicator on call duration post-

disaster among the indicators showing a declining pattern does not support the finding of Moumni et al. (2013). 

Finally, call balance of contacts and call inter-event time of show decreasing variability over time; this evidence 

adds more confidence to their central tendency post-disaster. 

 
The V-shaped pattern (Figure 5, Table 8) represents a downward trend in the variable of interest prior to the 

tropical cyclone, that switches to an upward trend thereafter. In other words, this trend performs a sharp quadratic 

shape with a local minimum. We find this pattern for four metric categories: diversity (balance of contacts of text 

and balance of contacts of text variability), regularity (call duration and text interactions per contact variabilities, 

text inter-event time), basic phone use (total number of text) and active users behaviors (percent nocturnal of call 

and text).  
 

                                                 
4 Balance of contatcs represents the fraction of outgoing interactions out of the total interactions (Almatouq et al., 2016) 

 

Variables with V shape trends after cyclone Donna Definition 

balance_of_contacts__allweek__allday__text__mean__mean  The balance of text per contact mean 

balance_of_contacts__allweek__allday__text__std__mean  The balance of text per contact SD of mean 

call_duration__allweek__allday__call__std__mean     Duration of call SD of mean 

interactions_per_contact__allweek__allday__text__std__mean  The number of interactions a user had with each of its contacts. 

interevent_time__allweek__allday__text__mean__mean  The interevent time between two text of the user. 

number_of_interaction_in__allweek__allday__text__mean The of number of text received. 

percent_nocturnal__allweek__allday__call__mean  The of percentage of calls the user had at night. 

percent_nocturnal__allweek__allday__text__mean  The average percentage of texts the user sent at night. 
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Unlike the previous trends that are relatively constant pre-disaster, features with a V-shaped pattern already 

display a declining trend before Tropical Cyclone Donna. Text indicators for balance of contact, inter-event time, 

number of interactions and percent nocturnal decreased pre-disaster and increased post-disaster. In general, this 

evidence suggests that a disaster such as a tropical cyclone plays a role in returning texting behavior back into the 

mainstream of mobile communication. This is a new insight that is not revealed in previous studies. From the 

charts in Figure 5, most portray a clear V-shape, but the chart in the bottom right corner, representing the percent 

nocturnal of texts, actually displays a W-shaped pattern, which merits further investigation. The percent nocturnal 

for calls delivers another new insight that a disaster like a tropical cyclone could contribute to a shift towards 

evening phone calls. 
 
The V-shaped pattern of the variability indicators (standard deviation) suggests that the dispersion of data points 

for the linked indicators shrank to the center around the time of the tropical cyclone, then the dispersion returned 

to normal levels following the recovery process. Indicator variabilities are usually not a major focus because they 

are nuance parameters; however, knowing that some features have non-constant variance is sometimes useful 

when implementing model adjustment.  

 
We observe two final patterns: inverted V-shape and inverted decreasing (decreasing pre-disaster then constant 

post-disaster) displayed in Figure 6 and Table 9. We find that entropy of text contact (diversity category) and 

percent initiated call and text (active users behaviors category) rise pre-disaster, peaking around the time of 

Tropical Cyclone Donna and then decline post-disaster. 
 
Inverted decreasing is found for the indicator on the percentage of interactions while at home (active users 

behaviors category, Figure 6, bottom left corner). The sustained nature of this trend may be due to infrastructure 

damage and the need for repairs to personal property as a result of the tropical cyclone, keeping users at home, as 

well as other social factors. If so, this could be an important variable to investigate and track following a natural 
disaster, as a measure of recovery time. Ground truth insights such as the location of damaged antennas are 

required to validate this intuition. 
 
The overall findings suggest that given a natural hazard, call related metrics are more likely to produce either a 

longer term quadratic pattern or find a new equilibrium different to pre-disaster levels, as suggested by the 

increasing patterns. Meanwhile, text related metrics tend to show a short term quadratic behavior with more 

features following V-shaped and inverted V-shaped patterns. In our study, those patterns are not precisely 

correlated with the tropical cyclone; however, text behaviors might be useful for monitoring short term 

vulnerability, and further research on this observation is merited. 
 
Meanwhile, resilience is both demonstrated and developed by “bouncing forward” (Manyena et al., 2011; Houston 

et al., 2015) as a positive consequence of successful adaptation to shocks and hardship. Through this lens, 

increasing patterns defined in this study are promising as the proxy indicators of resilience. We find two longer 

term possibilities, either the indicator returns to pre-event levels or it finds a new equilibrium at a different level. 

The time it takes to return to previous levels or to stabilise at the new normal is likely a good measure of resilience, 

but further contextual research is required on which patterns indicate higher resilience. We do not find strong 

evidence that predefined categories of indicators exclusively fall into a certain pattern. Another approach such as 

cluster analysis or principal component analysis might be an alternative to group the indicators into specific 

patterns in a more compact fashion. 
 
Recent literature recognizes that communication is one of the elements of adaptive capacity (Norris et al., 2008; 

Pfefferbaum et al, 2015; Houston et al. 2015; Houston, 2018). Borrowing these framework, we argue that our 

findings on various patterns of human behaviors via mobile network data indicates a promising research agenda 

on further exploring mobile communications as proxy indicators for vulnerability, adaptive capacity and 

community resilience.  

Changes in the Human Movement Network 

By comparing the aggregate distance travelled by active mobile network users within each province for the ten 

weeks preceding the week of the early alert for Tropical Cyclone Donna with Monday 8th May (the day on which 

Cyclone Donna intensified to category five, which is displayed as a red diamond in Figure 7), it is clear that the 

impact on the human movement network is sizeable for the provinces near the eye of the tropical cyclone, as 

articulated by the aggregate distance travelled being well outside the range during ‘normal’ times. 
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Table 9. List of bandicoot variables with other trends 
 

  
 

 

 
Figure 7. Human movements by province: aggregate distance travelled 

 

The provinces of Torba, Sanma, Penama and Malampa all display diminished aggregate human movements on 

8th May, well outside of the normal range captured by the boxplots in Figure 7. This finding is consistent with 

the trajectory and impact of the tropical cyclone described in the situation reports from the National Disaster 

Management Office of the Government of the Republic of Vanuatu (2017) and the UN Office for the Coordination 

of Humanitarian Affairs (2017). After crossing above Torba province in the north of the archipelago, the tropical 

cyclone headed south, along with the west coast of Vanuatu, hugging the western edge of the provinces of Sanma 

and Malampa. 
  
The human movement network anomalies, generated for each day during the three weeks from 1st to 21st May 

2017, add to our understanding of human movements before, during and after Tropical Cyclone Donna. Figure 8 

shows these anomalies from four days of interest projected onto a map of Vanuatu: negative anomalies in human 

movements or an anomalous decrease in human movements are displayed in red, and positive anomalies in human 

Variables with other shapes/trends after cyclone Donna Definition 

entropy_of_contacts__allweek__allday__text__mean (inverted 

V shape) 
The entropy of the user's contacts on text. 

percent_initiated_conversations__allweek__allday__callandtext

__mean (inverted V shape) 
The percentage of conversations (calls and text) that have been 

initiated by the user. 

percent_at_home__allweek__allday__mean (constant after 
decreasing) 

The percentage of interactions the user had while he was at 
home 
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movements or an anomalous increase in human movements are displayed in blue, with the width of the line 

signifying the size of the anomaly. 
 
 

 

 
Figure 8. Human movement network anomalies pre-, during and post-Tropical Cyclone Donna (red = negative anomaly 

in human movements or an anomalous decrease, blue = positive anomaly in human movements or an anomalous 

increase; clockwise from the top left, 1st, 3rd, 8th and 12th May). 

 

An early alert for Tropical Cyclone Donna was issued by the Fiji Meteorological Service on 3rd May 2017 

(Vanuatu Red Cross Society, 2017); however, based on the human movement network anomalies, 1st May witness 

significant positive anomalous movements into Port Vila, the capital, and 2nd May witnessed significant positive 

anomalous movements out of Port Vila. These movements could represent people migrating to safer locations to 

sit out the storm, or returning from business trips early to protect loved ones and assets. Either way, it seems that 

some members of the local population were already acting in anticipation of the tropical cyclone. 
  
From the day of the early alert on 3rd May until 7th May, we see broadly an increase in negative human movement 

network anomalies within the islands of the northern provinces and an increase in positive human movement 

network anomalies between the islands of the northern provinces, as well as predominantly positive human 

movement network anomalies in the southern provinces of Shefa and Tafea. Of note, on 5th May, the day on 

which Digicel sent text blast to all users warning of Tropical Cyclone Donna (Food Security Cluster, 2017), we 

see a step increase in negative human movement network anomalies within the islands of the northern provinces, 

and on 7th May we witness a surge in positive human movement network anomalies away from the Island of 

Ambae in Penama province. This suggests that the mobile data is capturing two behaviors: reduced movement 
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due to the cyclone, and evacuation. The increase in within island human movements in the southern provinces 

could be explained by the increase in population on these islands caused by evacuations from the northern 

provinces, or due to improved sampling caused by increased mobile network usage linked to the natural hazard. 
  
As can be seen from the bottom-right image in Figure 8, the human movement network anomalies on Tropical 

Cyclone Donna’s most intense day, 8th May 2017, on which it was classified as a category five tropical cyclone, 

are uniformly negative for the northern provinces, and predominantly positive for the southern provinces. As with 

the preceding days, the increase in within island human movements in Port Vila could be explained by the increase 

in population on this island caused by evacuations from the northern provinces, or by increased activity on the 

mobile network improving the detection of human movements on the island. 
 
On 9th May, human movement network anomalies within the islands of the northern provinces remain negative; 

however, we also see the return of positive human movement network anomalies between the islands. This trend 

of positive human movement network anomalies between the islands increases on 10th May, with diminished 

within island negative human movement network anomalies. The trend of positive human movement network 

anomalies between islands continues until 21st May and possibly beyond, with a climax on 12th May, as 

highlighted by the bottom left image in Figure 9. The within island negative human movement network anomalies 

reverse to positive by 11th May but return to negative on 18th May until the end of the study period on 21st May, 

this trend is especially clear in Sanma province. With the increase in positive human movement network anomalies 

between the islands, especially between Port Vila and the northern provinces, we may be detecting both the return 

of evacuees and the beginning of the response effort. Regarding the within island behaviour, especially in Sanma 

province, we may be witnessing an initial boost to human movement due to evacuation or return post-tropical 

cyclone, followed by negative human movement as reconstruction efforts begin and damaged infrastructure 

suppresses all non-essential movement.  
 
As highlighted above, it is also possible that some of the fluctuations in positive human movement network 

anomalies pre- and post-cyclone are a result of the improvement in sampling caused by greater use of the mobile 

network at that time. It is clear from the section on aggregate behavioural changes, above, in particular the 

increasing trend in the indicators under the basic phone use category, for example the indicator on the total number 

of interactions, that the network is experiencing higher usage connected to the tropical cyclone. For negative 

human movement network anomalies this is unlikely to be the case, as if the above observation is true, they appear 

in spite of the additional sampling and can therefore be analysed with more confidence. As highlighted in the 

section on data processing, due to the data scarcity relative to GPS-based trajectory data, active users shape the 

signal more than less active users, resulting in coverage bias, thus we make no attempt to generalise the findings 

to the entire population of Vanuatu. In addition, the patterns of human movements intra- and inter-island make 

the case study specific to an archipelagic context. We would expect to find different human movement trends and 

structure to the human movement network on a larger island or in a continental country. 
 
Nonetheless, in an archipelagic context, the ability to detect persistent negative human movement network 

anomalies can be of use to humanitarians for identifying areas struggling to recover from natural disasters and for 

the targeting of assistance on this basis. The frequency and granularity of the data set, in particular, offers a step 

change in the speed of feedback on the efficacy of humanitarian assistance, which could enable more efficient 

resource allocation. This potential invites further exploration of insights from mobile network data in an 

operational context. 

 CONCLUSION AND FURTHER RESEARCH 

Due to its detail and tractability, mobile network data holds the potential to inform humanitarian 
operations, especially in periods of high uncertainty in the hours, days and sometimes weeks following 
a natural disaster. The observed coverage errors and biases in the data set can be addressed with 
calibration methods by reference to the census, but these often require either good quality subscriber 
identity module (SIM) registration data, or a tele-survey of a random sample of the network subscriber 
base. Thus for the foreseeable future, mobile network data insights can complement traditional data 
collection methods common in the humanitarian sector. The research findings described above focus 
on general sense-making and anomaly detection with the mobile network data, functions for which full 
representativeness is desired but not required, and so offers value to humanitarian operations in 
archipelagic contexts. 
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Our identification of aggregate patterns indicates short term and medium term behavior changes after Tropical 

Cyclone Donna. We identify four different classes of patterns in the bandicoot variables related to behavior 

changes, which include increasing, decreasing, V-shaped, and other patterns. Patterns generated from text 

activities, although not exclusively, tend to revert to the pre-event levels. Patterns produced by call activities are 

more intriguing, since the indicators displaying increasing patterns show a potential longer term convergence that 

exceeds our study period. There are two potential future states, either a long term bouncing back to pre-disaster 

levels or a new equilibrium. Both cases are interesting because they offer potential as a measure of community 

resilience, both in terms of the return to stable states and the time it takes to achieve stability, as well as to inform 

the targeting of resources by governments and humanitarian agencies. 
    
We also find interesting behaviors by processing the trajectories of anonymous mobile network users, creating 

insights on aggregate human movements. Findings of note include the nature of inter- and intra-island human 

movements, both before and after Tropical Cyclone Donna. These movements by a cohort of the local population 

at different stages during the crisis were hypothesized to represent people migrating to safer locations to sit out 

the storm, returning from business trips early to protect family members and assets, the return of evacuees and the 

beginning of humanitarian assistance and the reconstruction effort. Exactly where and when these activities 

contribute to the observed human movement network anomalies requires greater contextual knowledge and further 

research. It should be highlighted that the insights cannot be applied to the general population due to the absence 

of universal coverage of the mobile network and hence the possible presence of coverage bias. For example, due 

to the cost of using mobile network services, it is likely that the dataset is more representative of wealthier 

socioeconomic cohorts than the population at large. As highlighted above, this issue could be addressed by 

surveying a random sample of mobile network users and then calibrating the insights from the research by 

reference to the census. 
  
In terms of further research on the general behavioral patterns based on the bandicoot variables, it would be 

interesting to compare behaviour changes connected with different natural hazards: for example, do differences 

exist between sudden onset hazards like earthquakes and relatively slower onset hazards like cyclones. The 

existing body of research suggests that this may be the case. The second area of further research could analyze 

regional level patterns, in particular comparing more and less severely impacted areas. This research could 

investigate the presence of causal links between the tropical cyclone and longer-term changes in behavior. A more 

rigorous conclusion would be expected if there are meaningful trend differences between Torba province, which 

was closest to the eye of the tropical cyclone, and other regions well beyond the reach of the storm, although the 

near-closed system status of an archipelagic country would complicate such an analysis. Since Tropical Cyclone 

Donna happened at an unusual time, it would also be interesting to compare the results with findings from other 

tropical cyclones that occurred during what is traditionally the cyclone season. 
  
Regarding human movements, it would be interesting to examine population and mobile network user distribution, 

and tower-level activity to understand the positive human movement network anomalies in the southern provinces 

throughout the study period. Further research in this specific area should also include the use of a centroid-based 

human movement matrix gridded at a certain resolution or administrative level, as the tower-level human 

movement matrix used in this research may not capture human movement patterns as optimally. More 

sophisticated anomaly detection methods would be beneficial, as well as awareness of the possibility that tower 

or grids pairs which experience negligible flows during normal times produce anomalies based on only a small 

increase in the actual human movements between the two locations. In addition, it would be interesting to examine 

mathematically the correlation between the trajectory of the cyclone and decreased active human movements, as 

well as correlating aggregate mobile network activity volume with cyclone landfall. Exploring any differences in 

behavior between littoral and in-land communities could hold potential. It would also be interesting to conduct a 

network analysis of aggregated call and text activity to understand how the cyclone impacted behavior at this 

level, as well as investigate whether anomalies in airtime credit purchases in advance of the cyclone predict 

exposure to previous tropical cyclones or other natural hazards. 
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