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ABSTRACT

Prior work has shown that mobile network big data can be used
as a high-frequency alternative data source to derive proxy mea-
sures that have strong predictive capacity to estimate census and
poverty data in developing countries. Given that the observations
from these studies can be dependent on local context and regional
characteristics, we replicate this work targeting two regions in Sri
Lanka. We focus on Northern Province, a post-conflict region with
a highly vulnerable population and Western Province, an urban re-
gion that has been relatively untouched by the conflict. We analyze
the relationship between aggregate features related to consumption,
social and mobility behaviors derived from pseudonymized mo-
bile phone CDRs and census data associated with population-level
socio-economic characteristics. We show that Northern Province
exhibits different social and mobility patterns when compared to
populations with similar socio-economic characteristics in Western
Province, which highlights the importance of replicating prior re-
search studies under different local contexts. We go on to develop
predictive models that estimate the census features using the de-
rived CDR features. Our results confirm the applicability of this
methodology in a Sri Lankan, post-conflict setting, and highlight
potential areas that need to be addressed in order to improve the
accuracy of our prediction models.
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1 INTRODUCTION

The availability of accurate, timely, disaggregated, and comparable
socio-economic data is crucial with regard to planning for eco-
nomic development and resource allocation. Spatially-granular de-
mographic data are often collected through the decennial national
census, and population-level socio-economic characteristics are
often captured more frequently, through representative surveys
such as the Household Income and Expenditure Survey (HIES). In
Sri Lanka, the HIES is conducted once every three years, and is
representative only up to the district level, the second-level ad-
ministrative unit. The census and surveys are expensive and time-
consuming to conduct, and in the context of Sri Lanka, are not fre-
quent enough to capture the changing dynamics of a fast-moving
economy, especially one recovering from civil conflict. Similarly,
other developing countries grapple with a lack of poverty data [12].
Our research seeks to determine the opportunity for mobile phone
metadata to provide a reliable, cheap proxy for census data within
Sri Lanka, focusing on a post-conflict region as well as a fast de-
veloping urban region, that have a greater need for frequent data
collection.

Mobile phone metadata such as Call Detail Records (CDRs) can
broadly describe three dimensions of human behavior: social net-
works, consumption activity, and mobility [11]. CDRs are passively
collected by the mobile network whenever a subscriber uses the
mobile phone to make or receive a phone call, send or receive a
text, or when initiating a data session. A CDR that is generated
by mobile phones yields new types of data - such as spatially dis-
aggregated data at micro-regional levels (e.g. the household level).
This, coupled with the near-ubiquitous adoption of mobile phones
in developing countries, presents opportunities to leverage such
data sources to complement traditional statistics in the intervals
between official surveys.

Our paper seeks to identify relationships between features de-
rived from Sri Lankan census and CDR data, replicating methods
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used by Frias-Martinez and Virseda [6] for an unidentified Latin
American country. We use the 2011/12 Sri Lanka census data and
CDR data for 3 months at the beginning of 2013 for approximately
2,100,000 mobile subscribers ((35-40% of the provincial population
reported in 2011/12 census) within Western Province and 600,000
mobile phone subscribers (50-55% of the provincial population re-
ported in 2011/12 census) from Sri Lanka’s Northern Province. The
analysis for Western Province, a densely populated region that
includes the city of Colombo (the administrative and commercial
center of the country), is intended to be used as a baseline to com-
pare and contrast the behavioral relationships observed in Northern
Province, which is a post-conflict region. Here, we assume the pop-
ulation of Western Province to be largely unaffected by the civil
conflict that occurred prior to 2009 and to exhibit similar behavioral
patterns as reported in prior work.

In our work, we primarily seek to answer two questions: (1) What
relationships, if any, exist between Sri Lankan census and CDR data,
and do these provide an opportunity for predictive models? (2) Are
methods developed for census feature prediction in other countries
applicable within a Sri Lankan context, especially in the regions
severely affected by conflict?

2 RELATED WORK

Recent studies have highlighted the potential for mobile phone
data to address a range of development issues, including: food
security [3], disasters [9, 17], and disease propagation [1, 16]. In
terms of understanding economic activity, numerous studies [2,
6, 13] have sought to map variables derived from CDRs to infer
patterns of socioeconomic levels of populations, sometimes using
them in conjunction with other mobile data such as airtime credit
purchases [3, 7] or with other data sources such as satellite data [15].
Together, these studies highlight CDR’s potential to complement
traditional sources of data.

Frias-Martinez and Virseda [6] identified statistically significant
correlates from CDRs and census based socio-economic features.
Their research indicates strong linkages between populations with
higher socioeconomic levels (SEL) and range of mobility. Using
a somewhat related methodology, Smith-Clarke et al. [14] looked
at mobile phone consumption features aggregated at a cell tower
level and compared it with poverty data in Ivory Coast. However,
the researchers were limited by the lack of ground truth data - the
government data were older than the mobile data and of a lower
resolution.

More recently, Blumenstock et al. 2] built a supervised model
to predict wealth at an individual level. They leveraged CDR and
phone survey data to develop a composite wealth index, which
was used to predict the wealth of the out-of-sample population.
The results were validated at a district level using national survey
data, but the lack of micro-regional data prevented micro-region
validation. Further, Steele et al. [15] showed that CDR data when
combined with remote-sensing data was better positioned to model
traditional measures of poverty at disaggregated geographic levels.
Gutierrez et al. [7] leveraged CDRs and airtime credit purchase data
to infer the relative income of individuals, based on the assumption
that those who made larger airtime credit purchases were relatively
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more affluent than those mobile users who made multiple purchase
of smaller airtime credit.

As illustrated, prior work has demonstrated the opportunity for
CDRs to predict poverty, and provide a "soft substitute” [6] for data
collected through the expensive and time-consuming census. How-
ever, to our knowledge, similar research has yet to be conducted in
the immediate (< 5 years) aftermath of a conflict.

We consider this research the initial phase of a larger study. In
this phase, we use readily-available data to understand the applica-
tions of this research in the Sri Lankan, post-conflict context. The
data limitation, while self-imposed, better mimics the realities of
working with big data in a policy setting. Most sources of big data
are passively-collected for non-policy purposes. The more sophisti-
cated studies (e.g. Blumenstock et al. [2]) supplement big data with
other sources, such as survey data.

3 BACKGROUND

Sri Lanka’s Northern and Eastern provinces were the most severely
affected by the civil war, which ended in 2009. Northern Province
was chosen as a region of interest for our study because this region
suffers from the greatest paucity of historical census data, and its
population is changing rapidly in the aftermath of the conflict (a
combination of resettlement and continued displacement, as well as
greater economic connectivity and restored infrastructure). Western
Province was chosen assuming the behavior of its population to be
similar to what has been reported in other studies and as such would
be ideal to contrast any behavioral patterns specific to Northern
Province.

The 2011/12 census marked the first country-wide census since
1981 (the census was not conducted in 1991, and the 2001/2 census
only included areas of the Northern Province that were not un-
der rebel control). The Northern Province accounts for 5.4% of Sri
Lanka’s population, and is made up five districts: Jaffna, Kilinochchi,
Mannar, Mullaitivu, and Vavuniya. Out of its five districts, three
districts - Killinochi, Mullaitivu, and Mannar - record less than
100 people per square kilometer. Yet Jaffna district has between
600 - 999 people per square kilometer (see Figure 1), and is one of
the more densely-populated districts in the country. In contrast,
Western Province accounts for 28.6% of the population and consists
of the 3 most densely-populated districts of the country - Colombo,
Kalutara, and Gampaha - with Colombo district having a population
density of 3,438 according to the 2011/12 census.

The civil war significantly affected in-country migratory pat-
terns. Many Northern Province residents migrated to Vavuniya
during the conflict, and the district experienced the highest annual
population growth rate within the country from 1981-2012. Cor-
respondingly, Jaffna and Mannar districts reported a decrease in
growth rates within the same period. Following the end of the war in
2009, there has been substantial resettlement activity. The 2011/2012
census records approximately 351,900 Northern Province residents
who cite their reason for migration (to their current district of resi-
dence) as Displacement' or 'Resettlement after Displacement' [10].
The United Nations estimates that between April 2009 and the end
of November 2012, the total number of people who returned to the
Northern Province stood at 482,000 people, with several thousand
additional internally displaced persons in transit situations within
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Figure 1: Population of Sri Lanka by district from the census
of 2012[10].

the northern Districts [5]. As such, the area under study in Northern
Province includes a highly vulnerable population.

The Sri Lankan Department of Census and Statistics measures
poverty with: the official Poverty Line (LKR 3,264 per person per
month in 2012/13), the poverty headcount index (share of popula-
tion living below the poverty line), and the poverty gap index (the
depth of poverty based on the aggregate poverty shortfall of the
poor relative to the poverty line). The three measures are calculated
at a district-level through the Household Income and Expenditure
Survey (HIES), conducted once every three years with a sample
population of 25,000 households. Recently, the Census department
released more granular poverty data at the Divisional Secretariat
Division (DSD) level, calculated using the small-area estimation
method developed by Elbers, Lanjouw, and Lanjouw [4]. However,
this method still allows a three-year lag in population distribution
reporting, and may not capture spatial heterogeneity.

4 DESCRIPTION OF DATASETS

4.1 Call Detail Records (CDR) data

CDR data captures the following: (1) A unique identifier for the
calling/sending party; (2) A unique identifier for the other party;
(3) The timestamp at which the event was initiated; (4) The ID of
the cellular antenna the subscriber was connected to at the time
of the call. Each antenna is situated on a base transceiver station
(BTS), which we can dereference to a physical (latitude, longitude)
location. We only use CDRs associated with calls for the study.
The residence of each subscriber was determined as per the tech-
niques in [8]. We correlated BTS-level mobile subscriber population
data with mapped census population data, which suggested that
the dataset includes people with more than one mobile SIM (the
true number of mobile phone subscribers is lower than calculated).
The use of novel research methods and new datasets (including
CDR data) have implications regarding privacy and representation,
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a full discussion of which is beyond the scope of this paper. While
we have access to user-level CDR data, all data is pseudonymized. To
further mitigate privacy concerns, we conduct and report analyses
at the aggregate level.

The CDR features are loosely divided into three categories (Table
1): those that describe user’s phone call behavior (Consumption),
their social network (Social), and their geographic movement (Mo-
bility). We calculated individual subscriber-level features, and then
further aggregated them to the BTS level. There are approximately
250 BTS towers in the Northern Province, and approximately 650
BTS towers in Western Province. The estimated mean population
within each BTS ranges from 3500 - 4500 people across districts,
and the mean BTS mobile user population ranges from an estimated
1600 (Mannar) to 3500 (Colombo).

4.2 Census Data

For high-resolution 'ground truth' population data, we decided to
use census results. While census results are widely-reported at the
district level (2nd level administrative unit), some data are made
publicly-available at the Grama Niladhari (GN) division (4th and
lowest level administrative unit).

Northern Province has 921 GN divisions, with mean GN pop-
ulations of over 1200 people in Jaffna, Kilinochchi, and Vavuniya
districts, and less than 750 people in Mullaitivu and Mannar. West-
ern Province has 2496 GN divisions, with mean GN population
of over 1,600 for Gampaha and Kalutara districts, while Colombo
district reporting a mean GN population of 4,000 people. We used
58 features from 12 categories of the national census for our anal-
ysis (Table 2). The Sri Lankan census focuses on population and
housing, and does not collect or calculate figures related to income,
assets, or consumption. Ideally, we would compare CDR data with
poverty-specific features. For instance, Frias-Martinez and Virseda
[6] used government-calculated socio-economic level (SEL) values,
a weighted average of census features expressed from letters A
(high SEL) to D (low SEL). A similar aggregate indicator does not
exist in Sri Lanka. Therefore, we assume that at least some of the
census features chosen (e.g. tile, granite, or terrazzo flooring, and
university degrees) correspond to high SEL, and others (e.g. semi-
permanent housing, cadjan or palmyrah walls) correspond to low
SEL.

The census reports raw data in absolute figures, which we then
converted into proportions. We also derived three additional fea-
tures to capture population age from the census-provided data to
identify whether larger age bands allowed clearer observation of
statistical relationships.

Our census categories weigh heavily towards household-level
data, especially observations of the housing unit (roof materials,
wall materials, etc) and infrastructure. We were limited by publicly-
available GN-level data, which does not include other collected data
such as: literacy and computer literacy rates, more detailed (and
gender-segregated) economic status data, and reasons for migration.

As a large number of census features involve infrastructure, it
is crucial to understand the type of housing and building materi-
als found in the regions of the study. The Department of Census
classifies building materials into three types: 'ephemeral’ (includes
use of straw, cadjan leaf, sand), 'semi-durable’ (includes clay walls,
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galvanized sheet roofs, stone floors), and '‘permanent’ (includes use
of tile, asbestos, brick and cement). Mannar district has the highest
percentage of temporary and/or shanty units (44.5%) in the coun-
try, followed by Kilinochchi (24.4%). A majority of the houses in
the Mullaitivu and Kilinochchi districts are built with ephemeral
and semi-durable materials. In Western Province, the percentage of
permanent houses is at 91.6% (Colombo - 93.6%, Gampaha - 90.5%
and Kalutara - 89.9%) with all 3 districts having less than 0.5%
'ephemeral’ housing.

The CDR data was available only at a BTS-level, and our census
information is reported at the Grama Niladhari (GN) administrative
level. As there are far more GNs than BTS towers, mapping the BTS-
level CDR data to the GN-level makes all the CDR values similarly
small and strips them of interesting statistical properties. For this
reason, we use the BTS as our unit of analysis.

To convert the GN-level census proportions to BTS-level census
values, we employ a geographic coverage-based mapping method.

n
val(GN;, X)
BTScensus = Z —————— * ratio;
4 pop(GN;)

where val(GNj, X) = GN-level census value for feature X
pop(GN;) = Population of GN division
Area of intersection between BTS & GN
Total geographic area of the BTS

ratio; =

5 STATISTICAL METHODS

For each census and CDR feature pair, we ran: 1) an ANOVA test,
which indicates statistically significant different features based on
CDR features; and 2) Spearman’s rank correlation, to capture the
strength and direction of the monotonic relationship. We chose to
use Spearman’s rank correlation for the analysis, to better capture
monotonic (not only linear) relationships.In appendix A, we record
the results for pairs that had statistically significant ANOVA results
(p-value < 0.001) and their Spearman’s p.

6 FINDINGS

In general, the mobility CDR features perform best (result in the
highest number of statistically significant correlations), followed
by social features and, finally, consumption features when both
provinces are considered together, which corresponds to the find-
ings by Frias-Martinez and Virseda [6]. However, our results deviate
when considering consumption CDR features for Western Province,
where the consumption CDR features showed the highest number
of statistically significant correlations.

Consumption Features. The consumption features generally demon-
strate weak to moderate monotonic relationships to census features
in Northern Province. The features related to the number of calls
(Total Calls, Total In, and Total Out) provide better results when
compared to features related to call duration. The direction of rela-
tionships is as expected - in general, greater consumption is pos-
itively correlated to features associated with higher SEL (such as
having tertiary education (degree) and roofs made of asbestos or
concrete), and negatively correlated to census features associated
with low SEL, such as living in improvised housing.
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Social Features. Within the social features, the relationships be-
tween contact count and high SEL features (degree-holders, as-
bestos and concrete roof materials, tile/granite/terrazzo floor mate-
rials) exhibit moderate to strong positive correlations. This suggests
that having a greater number of contacts corresponds to having a
higher SEL. In Western Province, we observe moderate to strong
positive relationships between the contact rate, physical distance,
and high SEL socio-economic characteristics as well - and vice
versa. This conforms to the findings published by Frias-Martinez
and Virseda[6]. However, in Northern Province, our results diverge
from previous findings with respect to two social features: physical
distance and contact rate. There are strong negative relationships
between physical distance and the high SEL features. There are
also moderate to strong positive relationships between physical
distance and characteristics associated with low SEL: improvised
housing, cadjan/palmyrah/straw roof materials, and metal sheet
roof materials. A similar trend is observed with regard to contact
rate as well. This suggests that in Northern Province, BTS regions
with users who have greater geographic dispersion among their
contacts, and/or who speak to their contacts more regularly, have
lower socio-economic characteristics.

Mobility Features. Unique cell count (which reflect averages at
the BTS level) is the only mobility feature that produce the ex-
pected relationship in Northern Province. Unique cell count shows
a moderate to strong positive relationship with some high SEL fea-
tures, and a moderate to strong negative relationship with low SEL
features. However, travel distance, maximum travel distance and
radius of gyration which are mobility features that better capture
extreme behavior generally demonstrate moderate to strong nega-
tive correlations with high SEL features, and moderate to strong
positive relationships with low SEL features. It should be noted that
for each of these trends, there are outliers. For instance, there is a
strong positive relationship with solar lighting (what we assume
to be a high SEL feature) and a negative relationship with cabook
walls (an assumed low SEL feature), which needs to be further in-
vestigated. Nonetheless, this trend suggests that within Northern
Province, BTS regions with users who travel further, and/or travel
long distances more frequently, have lower SEL features - an in-
verse relationship to that identified by Frias-Martinez and Virseda
[6]. For Western Province, the results align with the findings of
prior research[6].

7 REGRESSION MODEL

We built a multivariate linear regression model using the ordinary
least squares method to predict the census feature values from the
derived CDR features. Predictor and response features were log-
transformed to better satisfy the conditions for linear regression
models.

We included 14 predictors in the final regression. These included
the 13 CDR features and one additional feature, mobile user popula-
tion density, to control for variations in the number of active mobile
users per unit of BTS geographic area of coverage. We reported
the highest-performing model, as measured by highest adjusted R?
values. Figure 2 & 3 reports results for the models with an adjusted
R? >0.25. As can be seen in these graphs, the consumption mod-
els have the poorest performance for both Northern and Western
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provinces. The predictive power of social and mobility models differ
when considering the two provinces. For Northen Province, mobil-
ity models perform better than social models, whereas for Western
Province, this observation seems to be reversed. We can also ob-
serve that different CDR features have different predictive capacity
on a given census feature. For instance, in Northern Province, the
results suggest that social CDR features are a good predictor of the
number of households with permanent housing, but a poor pre-
dictor of households with semi-permanent structures. In Western
Province, mobility is a very good predictor of the households with
tile/granite/terrazo floors, but a poor predictor for the type of the
wall material.

8 DISCUSSION

Our research shows some promising findings. First, it suggests that
socio-economic levels can affect CDR data in a post-conflict, Sri

Roof Material - Cadjan / Palmyrah / Straw
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Lankan setting. In particular, regions with high socio-economic lev-
els may be observed through a greater number of contacts, greater
number of unique cells being visited and greater consumption
while having a lower values for contact rates, radius of gyration,
maximum travel distance, travel distance, and physical distance
between contacts. The inverse holds true for regions with lower
socio-economic levels. The findings involving radius of gyration,
maximum travel distance, travel distance, contact rate and physical
distance are especially interesting, as they are the inverse trends to
those observed in prior research [6], but only in Northern Province.

These results correspond to assumptions about the Northern
Province population under study, which includes a high percentage
of a vulnerable, highly mobile group that were displaced due to
conflict. It suggests that our dataset, especially through features that
capture human movement and geographic spread of networks, may
have predictive capability for census features within a post-conflict
context as well.

By considering the correlation results from both Northern and
Western provinces, we can observe more nuanced patterns as well.
For instance, in Northern Province, the number of households with
cement floors has a weak positive correlation with unique cell count,
and negatively correlated with the radius of gyration and maximum
travel distance - a trend that is associated high SEL for Northern
Province. However, in Western Province, the number of households
with cement floors is negatively correlated with all of the mobility
features - a trend that is associated with low SEL. While this discrep-
ancy might be due to limitations in our data and/or methodology,
it might also be due to the fact that high or low SEL populations in
different regions exhibit different socio-economic characteristics
. Additional analysis would be needed to verify whether such nu-
anced observations can be inferred accurately from CDR data at a
regional level.

Our work emphasizes the need to replicate existing research
methods within different contexts. CDR features are, ultimately,
behavioral features, and these are not constant across time and
space. For example, our work indicated a relationship between
radius of gyration and low socio-economic features in Northern
Province - the inverse of those identified by Frias-Martinez and
Virseda [6]. Without understanding the local post-conflict context,
our finding may have seemed incorrect. Through such replication
in different local contexts, this papers moves the extant knowledge
base forward.

However our R? values are less than ideal and well below the
accuracy levels obtained in previous research [6]. In and of itself,
this is not an indication of low utility of these techniques in the Sri
Lankan post-conflict context. Rather, it is a reflection of underlying
limitations in both our data and our methodology, some of which
we can improve upon. These limitations are further articulated
below.

8.1 Data Sources

We chose census features that could best illustrate aspects related to
socioeconomic levels. However, we were limited by what GN-level
census data was available in the public domain. It is possible that
model could be more effective in predicting other potentially more
appropriate census features, such as proportions of resettled or
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displaced persons and computer literacy, which are not publicly
available. In an ideal scenario we would have had data at the census
block level (which is a far smaller spatial unit than BTS coverage
area or a GN), to better resemble the data used by Frias-Martinez and
Virseda [6]. This would have reduced potential errors in mapping
census features to BTS coverage areas.

In Sri Lanka, this data is not available to outside researchers due
to the legally-mandated regulations governing the Department of
Census and Statistics (DCS). To access such data requires formal
collaboration with the DCS .

8.2 Mapping census features to BTS coverage
areas

Our mapping method relies solely on geographic coverage. For
simplicity, we assumed uniform population density across the over-
lap areas (i.e. the area overlaps between GNs and voronoi cells).
This is problematic and is further compounded by the fact that we
had access only to GN level census attributes, and not at a more
granular census-block level. A better approach would have been to
utilize a kernel density estimation technique when mapping census
features to the voronoi cells.

8.3 Prediction Models

We built a basic multivariate linear regression model, controlling
just for the number of mobile users per voronoi cell, and did not ac-
count for the varying population density that is seen in the Northern
Province. In future work, we will control for this. In an ideal sce-
nario, we would conduct a targeted survey to collect demographic
and socio-economic data for a subset of the mobile subscribers in
our study area. However, given that we have pseudonymized CDR
data, matching survey results to CDR records may not be feasible
with privacy safeguards.

In addition to the statistical methods employed in this study,
we plan to explore machine learning techniques as well and de-
velop models that can enable better feature selection and improve
predictive capacity.

9 CONCLUSION

Our analysis demonstrates the potential for mobile network big
data to predict census features, both in post-conflict regions as well
as in a more urbanized region with a connected population. Our
preliminary findings suggest that mobile network big data yields
behavioral features that can help observe a specific vulnerable pop-
ulation, those of displaced and recently resettled persons. Applying
this methodology to different regions yielded characteristics that
are specific to that regional population. Our work also demonstrates
the importance of replicating previous research studies in a local
context. In this instance, the regional characteristics and the post-
conflict situation of the region under study revealed interesting
behavioral patterns that diverged from the anticipated result, pro-
viding new insight on behavioral norms associated with certain
population-level socio-economic characteristics in a post-conflict
setting.
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Predicting population-level socio-economic characteristics using CDRs in Sri Lanka

APPENDIX A
A.1 TFeatures derived from CDR data

Table 1 shows the aggregate features that were derived from 3
months of CDR data recorded in the beginning of year 2013.

Table 1: Features derived from CDR data

DSMM’18, June 15, 2018, Houston, TX, USA

Table 2: List of chosen census features

Census Feature
Cement
Tile/Granite/Terrazo
Mud
Wood
Sand
Concrete
Tile
Asbestos

Census Feature Category

Floor Materials

Category Feature Description
Total In Total number of calls received
Total Out Total number of calls made
. Total Total calls made and received
Consumption

Duration In

Average duration of the calls received

Duration Out

Average duration of the calls made

Duration

Average duration of the calls

Roof Materials

Concrete
Aluminium Sheet
Metal Sheet
Cadjan/Palmyrah/Straw

Brick
Cement Block

Contact Count Number of unique contacts (phone calls
Social made/received)

Contact Rate Average number of connections made by
the user with his/her contacts

Physical Distance Average physical distance between user

and his/her all contacts

Unique Cell Counts | Number of different BTSs visited by a per-

Mobility son

Distance travelled Distance between each pair of consecu-

tively visited BTS

Distance between home cell and each vis-
ited BTS, weighted by frequency of visits

Radius of gyration

The maximum distance between the BTSs
typically visited by a person

Maximum Distance

A.2 Census features used for analysis

Table 2 shows the census features that were chosen for the study.
Feature categories marked with * have data collected at an indi-
vidual level while all others have data collected at a household
level.

A.3 Spearman’s rank correlation results

This section reports the Spearman’s rank correlation,p, for different
CDR features. Only values with a p-value below 0.001 are shown.
p values are represented as below.

(+), (=) p <0.15: very weak
+,— 0.15 < p < 0.25: weak

++, —— 0.25 < p < 0.40: moderate
+++,——— 040<p<0.75: strong

To interpret the tables, we can take the example of [Floor Materi-
als - Tile/Granite/Terrazzo, Contact Count] for Northern province.
We first assign each BTS to its respective quartile based on its aver-
age contact count. We then run an ANOVA test (also known as an F-
test statistic) to compare the between-group variability with within-
group variability for the Floor Materials - Tile/Granite/Terrazzo
values of each group (where each 'group' is made up of all BTS’s
within a quartile). Census features that can not be divided into
quartiles are not included in this analysis. The p value is repre-
sented by ++, indicating a moderate positive relationship (0.25 <
p < 0.39). Together, the tests suggest that there is a relationship
between Contact Count and Floor Materials - Tile/Granite/Terrazzo
and, as the number of contacts increase, so does the proportion of
households with tile, granite or terrazzo floors. In other words, it is
an indication of higher socio-economic levels.

Tables 3 - 8 show Spearman’s p between different CDR feature
categories and the socio-economic characteristics. Features are

Cabook
Soil Bricks
Mud
Cadjan/Palmyrah
Plank/Metal Sheet
Single House - 1 Storey
Single House - 2 Storey
Single House - 2+ Storey
Attached House/Annex
Flat
Twin House
Row/Line Room
Hut/Shanty
Permanent
Semi Permanent
Improvised
Encroached
Rent Free
Tenure Rent (Private Owned)
Rent (Government Owned)
Owned
Fire wood
Kerosene
Cooking Fuel Gas
Electricity
Dust
Electricity
Kerosene
Solar Power
Bio Gas
No schooling
Primary
Secondary
O/L
A/L
Degree
Employed
Unemployed
Not Active
Male
Female
Young
Age” Middle-aged
Senior

Wall Materials

Type of Structure

Housing Type

Lighting

Education *

Employment *

Gender *

color-coded if they have two or more moderate to strong correla-
tions that move according to the general trends. Rows are shaded
in blue if the census features are mostly associated with higher SEL
characteristics, green if they are mostly associated with lower SEL
characteristics.

A.4 Regression analysis results

The results from the regression analysis where all CDR features
were used is given in tables 9 & 10.
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Table 3: Correlation of consumption CDR features for Northern province - Blue : All consumption features are positively
correlated with the census feature - Green : All consumption features are negatively correlated with the census feature

Census Feature Category

Census Feature Total Calls Total Calls In Total Calls Out | Total Duration | Total Duration | Total Duration
In Out

Floor Material

Cement
Concrete

Roof Material

Aluminium Sheet - ——
Metal Sheet — —
Cadjan / Palmyrah / Straw — — —
Other Tt T

‘Wall Material

Cement Block ++ — —
Cabook + -

Soil Bricks ++

Type of Structure Attached House / Annex + +
Flat ++ + +
Row / Line Room + +
Permanent + ++ - —
Housing Type Semi Permanent - ——
Tenure RentFree | | o+ [ | | [ —
Cooking Fuel
Lighting CSolarPower | | - [ | |
Education Level
Secondary + -
Primary - -
Employed -
Employment Unemployed — —
Not Active ++ — —
Gender Malle—
Young — —— —
Age Middle Aged — —
Senior ++ - —
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Table 4: Correlation of consumption CDR features for Western province - Blue : All consumption features are positively
correlated with the census feature - Green : All consumption features are negatively correlated with the census feature

Census Feature Category | Census Feature Total Calls Total CallsIn | Total Calls Out | Total Duration | Total Duration | Total Duration
In Out

Floor Material

Roof Material

‘Wall Material

Type of Structure

Housing Type

Unclassified

Tenure

Cooking Fuel

Lighting

Education Level

Noschoolng [ - | - [ - | —— ]

Employment

Age
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Table 5: Correlation of social CDR features for Northern Table 6: Correlation of social CDR features for Western
province - Blue : Correlation for contact count is positive, province - Blue : Correlation of census feature with all 3
contact rate is negative, and physical distance is negative CDR features is positive - Green : Correlation of census fea-
- Green : Correlation for contact count is negative, contact ture with all 3 features is negative
rate is positive, and physical distance is positive
Census Census Feature Contact Contact Physical
Census Census Feature Contact Contact Physical Feature Count Rate Distance
Feature Count Rate Distance Category ] i
Category Tile / Granite / Terazzo +++ +) Ft
Floor Tile / Granite / Terazzo ++ —— I Wood ++ +
Material Cement — __ Floor Cement [Ep—— ()
ateria Concrete ++ —— Material I?on:icrete === ___
Asbestos ++ —— R u == __
C Sand = p—
oncrete ++ —
Tile —— _ Other —
E/Ioof ial Aluminium Sheet — p— Asbestos ++ ++ T
ateria Metal Sheet - ++ S Roof Concrete +++ + s
Cadjan / Palmyrah / Straw T Material Tile - —_ ___
Other + ++ Metal Sheet p— )
Brick T+ = ngjan / Palmyrah / Straw —= = _—
Cement Block + S S Brick . T+ + —
Wall Cabook — ___ Cer;enkt Bloc! Jp—— e
Material Soil Bricks S __ Wall Ca‘ ook ¥
ateria Cadjan / Palmyrah —— +++ all Soil Bricks p—— -
Plank / Metal Sheet T+ Material Mu4 — __
Other T+ Cadjan / Palmyrah - - p—
i Plank / Metal Sheet ()]
Single (1 Storey) + == ——
Si Other — —_—
ingle (2 Storey) ++ — e
f Attached House / Annex + S¥ng e (1 Storey) ++ + Er=
Dypeo Flat T Single (2 Storey) +++ + +++
Structure Twin House T+ - Single (2+ Storey) +++ + SR
Row / Line Room sy Type of Attached House / Annex + 4+ ++ e
Hut / Shanty s Structure Flat' +++ +) e
: Permanent e p— — Twin ngse ++ = F++
Housing i Row / Line Room + (+) ¥+ +
T Semi Permanent + +++ TRt 7Sk
Jpe Improvised - Tt ut anty ++ ¥
Rent (Government Owned) ++ — Housing germ;nent It T
Rent (Privately Owned) ++ + —_ JEp—— Type emi (-?rmanent === —_
—— _ Improvised — —__
Tenure Rent Free B
Encroached T+ Owned R = T+
Other T+ - Rent (Government Owned) +++ + T
Gas T+ R Tenure Rent (Privately Owned) ++ + + ++ +
ici Rent Free ek (+) 4+
. Electricity N __
Cooking Dust 4+ _ ___ Encroached + T+
Fuel Kerosene F+ cher ++ + o
Other [ = Fire Wood +
Electricity T+ = — ) Kerosene +++ + I
K Cooking Gas +++ + + + +
Lighting s - Fuel Electricity ++ + + TR
Solar Power e =
Other + ust ¥ T ¥
Other +++ + + 4+
Degree 4F AF aF — J—— S — - —
AL +++ - -—- Lighting oe}f CIHY)
Education O/L S+ _ _ ther F+ + ¥
Level Secondary + p— 2e§ree ++ ¥
Primary — Education S / VP + )
No Schooling p— Level econdary — -
Unemployed _ _ Primary 4 - - )
Employment Not Active 4 S o= No Schooling —
Employed [€D)
Male -
Gender Female — o Employment | Unemployed - -
Middle Aged —— p— Not Active ()
Age Senior e — _ Age Young — _
Middle Aged (€3] + ¥
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Table 7: Correlation of mobility CDR features for Northern
province - Blue : Correlation for radius of gyration is nega-
tive, unique cell count is positive, travel distance is negative,
and maximum travel distance is negative - Green : Corre-
lation for radius of gyration is positive, unique cell count
is negative, travel distance is positive, and maximum travel
distance is positive

Census Census Feature Radius Unique Travel Max.
Feature of Gyra- Cell Dis- Dis-
Category tion Count tance tance
Tile / Granite / Terazzo === 4 A -
Floor Cement — — S
Material Concrete = + —_
Sand -
Asbestos -——— +++ I
Concrete — 4+
Tile — — ___
Aluminium Sheet — p— ——
Roof
. Metal Sheet ++ + JE—— aeae
Material Cadjan / Palmyrah / + - ==
Straw
Other . +
Brick — I+ —
Cement Block - == e —— _
Wall Ca})ook Jp—— Ak —__
Material Soil .Brlcks - —
Cadjan / Palmyrah +++ - E
Plank / Metal Sheet ++ — 44
Other =+ —
Single (1 Storey) — F ——
Single (2 Storey) — ++
Type of Attached House / Annex ++
Structure Flat s
Twin House — ++
Hut / Shanty ++ J— T+
: Permanent === 9F = A = I
Housing =
Semi Permanent S -—— ++
Type Improvised Ty I
Rent (Government — ++
Owned)
Tenure Rent (Privately Owned) - ERE __
Rent Free - —— dede — —
Gas === 4 A AR —
Cooking Electricity — + 4+
Fuel Dust - == ++ + —_
Other — e
. Electricity [p—— TR —
Lighting Kerosene + - =
Solar Power dedE - — 4
Degree -—= +++ ——
A/L -—= +++ —
Education O/L __ 4+ _
Level Secondary — E = ——
Primary — = —
No Schooling - -
Employed -
Employment | Unemployed . .
Not Active - —— dede — —
Male — ——
Gender Female . . _ T
Young — ——
Age Middle Aged = + o
Senior ——= ++ + f— —__

Table 8: Correlation of mobility CDR features for Western
province - Blue : Correlation of census feature with all 4
CDR features is positive - Green : Correlation of census fea-
ture with all 4 CDR features is negative

Census Census Feature Radius Unique Travel Max.
Feature of Gyra- Cell Dis- Dis-
Category tion Count tance tance
Tile / Granite / Terazzo ++ + + + ++ + ++ +
Wood + ++ ++ ++
Fl Cement - ——— —— —
oor
. Concrete —== s== — ___
Material Mud _ _ — _
Sand - — — -
Other -
Asbestos ++ +++ + 4+ ++
Concrete ++ +++ +++ +++
Aluminium Sheet =) =) —
Tile - —— - —__
Roof . Metal Sheet - — f— ——
Material Cadjan / Palmyrah / - - —— =
Straw
Other () -
Brick ++ ++ ++
Cement Block — — -
Wall i/([);ld Bricks - — — ——
Material Cadjan / Palmyrah —— —_ — ——
Plank / Metal Sheet - - -
Other - — — __
Single (1 Storey) (+) +++ ++ +
Single (2 Storey) ++ +++ +++ +++
Single (2+ Storey) ++ +++ + 4+ + 4+
Type of Attached House / Annex ++ +++ +++ ++
Structure Flat L ++ + 4+ + + 4+
Twin House F R AR F 4Fr ++
Row / Line Room + + + +)
Hut / Shanty T+ ¥
Permanent + ++ ++ ++
Housing Semi Permanent — —— S ___
Type Improvised - — p— p—
Unclassified ¥
Owned + +++ ++ + ++
Rent (Government ++ +++ +++ ++
Owned)
Rent (Privately Owned) ++ + 4+ +++ ++
Tenure
Rent Free 4 +++ ++ +
Encroached + + + ¥
Other (+) +++ ++ +
Fire Wood +
Kerosene 4FaF aF = ar 9F =F AF 4FaF
Cooking Gas ++ ++ 4+ ++
Fuel Electricity ++ ST F++ T+ +
Dust (+) ++ + )
Other ++ +++ +++ ++
S Electricity + T T an T+
Lighting Other — -
Degree 4 “F A aF 4 AR A ++
Education AL i3 + ++ ++
Secondary ——= — —
Level Primary (=) JEp—— — -
No Schooling == ——
Employment | Unemployed - — — p—
Young - — f— —
Age Middle Aged (+) ++ ++ T
Senior (+)
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Table 9: Adjusted R? (Coefficient of determination) for final Table 10: Adjusted R? (Coefficient of determination) for final
regression analysis - Northern province regression analysis - Western province

‘ Census Feature Group ‘ Census Feature ‘ Adjusted R? ‘ RSS ‘ ‘ Census Feature Group ‘ Census Feature ‘ Adjusted R? ‘ RSS

Tile / Granite / Terazzo 0.464 0.07 Tile / Granite / Terazzo 0.662 3.99

Wood 0.053 0.00 Wood 0.177 0.01

Cement 0.263 8.35 Cement 0.204 12.00

Floor Material Concrete 0.045 0.04 Floor Material Concrete 0.556 0.36

Mud 0.138 1.72 Mud 0.396 0.09

Sand 0.156 0.71 Sand 0.086 0.00

Other 0.013 0.00 Other 0.029 0.00

Tile 0.395 6.73 Tile 0.635 13.19

Asbestos 0.484 3.00 Asbestos 0.584 12.64

Concrete 0.163 0.05 Concrete 0.620 1.77

Roof Material Aluminium Sheet 0.038 0.01 Roof Material Aluminium Sheet 0.040 0.04

Metal Sheet 0.373 5.42 Metal Sheet 0.168 0.74

Cadjan / Palmyrah / Straw 0.171 1.29 Cadjan / Palmyrah / Straw 0.258 0.02

Other 0.197 0.09 Other 0.031 0.00

Brick 0.125 1.57 Brick 0.393 16.75

Cement Block 0.431 10.73 Cement Block 0.224 16.30

Cabook 0.190 0.00 Cabook 0.100 1.77

. Soil Bricks 0.098 0.01 . Soil Bricks 0.284 0.24

Wall Material Nud 0110 032 Wall Material Nud 0343 035

Cadjan / Palmyrah 0.297 2.45 Cadjan / Palmyrah 0.200 0.00

Plank / Metal Sheet 0.223 0.83 Plank / Metal Sheet 0.063 0.57

Other 0.200 0.21 Other 0.063 0.01

Single (1 Storey) 0.007 975.85 Single (1 Storey) 0.071 18542.10

Single (2 Storey) 0.079 1.43 Single (2 Storey) 0.153 1839.10

Single (2+ Storey) 0.043 0.14 Single (2+ Storey) 0.243 9.65

Type of Structure Attached House / Annex 0.057 0.06 Type of Structure Attached House / Annex 0.041 267.20

P Flat 0.057 0.00 P Flat 0.350 16.57

Twin House 0.074 0.00 Twin House 0.078 1.87

Row / Line Room 0.023 2.61 Row / Line Room 0.107 203.99

Hut / Shanty 0.116 21.23 Hut / Shanty 0.065 4.90

Permanent 0.520 10.31 Permanent 0.120 16.93

Housing Type Semi Permanent 0.393 5.28 Housing Type Semi Permanent 0.305 1.25

Improvised 0.168 0.65 Improvised 0.109 0.01

Unclassified 0.150 0.00 Unclassified 0.037 0.00

Owned 0.003 | 3832.84 Owned 0.114 13729.26

Rent (Government Owned) 0.018 15.74 Rent (Government Owned) 0.265 24.39

Tenure Rent (Privately Owned) 0.025 133.71 Tenure Rent (Privately Owned) 0.166 857.29

Rent Free 0.006 50.62 Rent Free 0.122 12.52

Encroached 0.011 7.74 Encroached 0.030 27.67

Other 0.031 3.47 Other 0.052 3.84

Fire Wood 0.001 | 3639.04 Fire Wood 0.030 4652.96

Kerosene 0.012 40.37 Kerosene 0.243 181.46

. Gas 0.023 418.72 . Gas 0.221 7107.79

Cooking Fuel Electricity 0.037 0.03 Cooking Fuel Electricity 0.166 0.59

Dust 0.046 0.01 Dust 0.035 0.07

Other 0.059 0.06 Other 0.077 6.92

Electricity 0.016 | 6176.80 Electricity 0.137 21633.82

Kerosene 0.089 176.18 Kerosene 0.034 16.34

Lighting Solar Power 0.092 4.95 Lighting Solar Power 0.130 0.01

Bio Gas 0.021 0.00 Bio Gas 0.023 0.00

Other 0.033 0.00 Other 0.075 0.03

Degree 0.069 7.66 Degree 0.023 19808.99

A/L 0.062 57.13 A/L 0.014 | 577717.12

. O/L 0.047 165.91 . O/L 0.016 | 228707.40

Education Level Secondary 0.037 | 1059.40 Education Level Secondary 0.013 | 390164.99

Primary 0.022 370.54 Primary 0.015 72516.20

No Schooling 0.013 3.00 No Schooling 0.020 1648.53

Employed 0.132 1.74 Employed 0.110 6.74

Employment Unemployed 0.102 0.09 Employed Unemployed 0.121 0.04

Not Active 0.345 2.89 Not Active 0.077 4.63

Gender Male 0.188 2.09 Gender Male 0.076 4.29

Female 0.307 2.41 Female 0.068 5.42

Young 0.195 1.32 Young 0.110 1.83

Age Middle Aged 0.219 2.46 Age Middle Aged 0.115 6.74

Senior 0.503 0.28 Senior 0.152 0.62
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