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Abstract

This paper investigated an Iragi dataset from Korek Telecom Company as Call
Detail Recorded (CDRs) for six months falling between Sep. 2020-Feb. 2021. This
data covers 18 governorates, and it falls within the period of COVID-19. The
Gravity algorithm was applied into two levels of abstraction in deriving the results
as the macroscopic and mesoscopic levels respectively. The goal of this study was to
reveal the strength and weakness of people migration in-between the Iraqgi cities.
Thus, it has been clear that the relationship between each city with the others is
based on inflows and outflows of mobile people. However, the COVID-19
effects on the people’s migration needed to be explored. Whereas the main function
of the gravity model is to clarify the migration flows through modeling spatial
interaction. This was implemented using Python scripting language. It is concluded
that the gravity model has a powerful ability to analyze the movement of people
between cities. According to the mean of result between governorates, showing that
the highest attraction was between Babil and Anbar governorates amounted to 99%,
while the lowest attraction was between Wasit and Thi-Qar governorates with 85%,
and the others ranged between 86% — 98%.
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1. Introduction

Human migration[1] includes movement between geographical locations and is
represented by a group of people or moving individuals. Spatial interactions are reflected
between motivations such as distance, time and a certain opportunity for movement, which
affects the migration behavior and determines the choice of destination. The most popular
models used for this type of study are gravity, radiation and log-linear models. So, in [2] the
migration of the population is first classified into two categories, international and internal,
and is often analyzed separately. In addition, the motives behind the perpetuation and
initiation of both types of migration, such as economic, cultural and political migration, often
differ in their importance.

Also, [3] Origin-Destination (OD) matrix can be used for flow migration or distribution of
trips that has been studied for various reasons, such as prediction of traffic jams or human
resources and diseases spread. Many trip models of trip distribution had been developed to
rate the population flows extremely. The social media coming to light has led to a new
probability in the transportation sector. Respectively, the gravity model is one of the
important models in spatial interaction models. Based on the attractiveness of the thing in a
place or time such as space-time. For example, presence of students in the university during
the Day, the momentum is high and it is the opposite at night. Also, farmers are moving
between governorates and regions according to the season to work in farms and agricultural
places. This means gravity depends on two regions’ production and attraction, as well the
population and size of each city, meaning a big city has higher attraction. Spatial interaction
modeling involves the analysis of flows from an origin to a destination, either over physical
space (migration) or through abstraction space (telecommunication)[4].

However, the gravity model has some limitations. Thus, in[5], the fundamental gravity
model is insufficient for simulating human mobility networks at smaller geographical and
temporal dimensions. The distance variable may be the most important of the independent
variables utilized in the basic gravity model. According to the findings, population density of
census tracts does not have a significant influence in population migration across census
tracts. Other factors such as the existence of points of attraction and land use characteristics
may be more important in driving population movement across census tracts. So, in this study,
the gravity model needed additional arguments not available in the data such as the
destination population and the distance between the governorates and flow. Therefore some
processing was required to address that issue.

Additionally, it can be said that gravity is a formula that predicts or calculates the amount
of trade between two countries or two cities inside one country. In other words, it predicts the
people migration between two regions. In addition, the mileage between source and
destination would be from point to point[6]. Mobile data, or Call Details Recorded (CDRs),
used for the study. This data is utilized in many studies, for example in socioeconomic, and it
is characterized by its usefulness in terms of use. It contains calls information and its
limitations is that it does not give accurate details due to privacy, but it is quick to obtain. It is
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available and use in a lot of research indicates its importance in the study of movement
between cities, the movement of individuals and in indicating the movement of countries and
cities economically and socially when festivals and celebrations and the Hajj period take
place. As these occasions are very important to clarify the migration and many other huge
events. So,[7] used the mobile phone data of a set of anonymous, billed records covering
more than 10 million subscribers within a single European country over several years to
understand if the model showed people per-hour journeys as well as mobility. In addition,
interregional US tax income data may also be used from the Daily Income Statistics division
of the Internal Revenue Service, which maintains all data or records of individual tax income
forms each year. The outbreak of Coronavirus started in China, and quickly dispersed to
countries in which migrants from South Asia concentrated, among them the Gulf, Europe and
North America. Migrants came back home as the countries that migrants work in shut down
their economies to protect their citizens. The COVID-19 virus spread to South Asia at the
beginning of 2020, which has negative significant external costs in the migrant countries of
origin. International migration was a major source of growth in South Asia, and a source of
opportunities with expectation to be continued. It has been noted that 1 standard deviation is
predicted in previous international out-migrants in India and Pakistan to increase by 48% in
cases per capita, which is relative to a cross-sectional average in districts in each country[8].
Indeed, for two years, the COVID-19 virus became one of the main factors for changing and
determining the type and time of human movement according to the indicators of the crisis
cell and the Ministry of Health in Irag. Therefore, in December 2019, the outbreak in public
health, and society as a whole was impacted by the new Corona-Virus disease SARS-CoV-2,
also known as COVID-19. Therefore, human mobility has received extensive study in several
disciplines, including geographic location, transfer, urban design, physics, computing and
human health. With the fast development of information and communication technologies
(ICT) and GPS embedded devices, also the high-speed mobile telephone data is an
unprecedented way to track human paths, which is advantageous for deep investigations
through human mobility patterns[9].

The rest of the paper is organized as follows: section two describes the related work. Section
three focuses on the spatial interaction based models and the application of the gravity model.
It also focuses on the observed dataset. While section four describes and explains the
produced results. Finally, section five concludes the results and presents the future work
perspectives.

2. Related Work

In general, Gravity models are considered as the first modeling approaches to have been
used in trade for the first time. The researchers in [10], have applied the gravity model at the
first time to analyze the connection between trades, geography and technology renovation
under academic qualifications. Then, tested how technology and geography affected the
trades. The findings show that the advancement of information technology has reduced the
impact of distance on commerce, since technical progress has made lengthy distances less
significant than in the past.

Gravity model [11] for England and Wales system for both transit patterns and transport
flows against the radiation model. To answer questions on human mobility and infrastructure,
three different datasets were used: Composed of road, bus, coach, tube, train and plane, the
complete multi-modal transport network in the UK Practices of commuting and migration at
ward level for the UK. In this task the number of buses and trains working between all the
cities was reduced to typical working days, 24 hours. First, the bus and train stops were
assigned a ward area by spatial interceptions, and then this assignment was extended to the
city areas. Finally, it depends on the scale of the problem at hand to select the best model. In
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addition, one might imagine combining both models, for example using the gravity model for
small distances d < 3Km and the radiation model for long distances, in order to enhance
accuracy.

While in [12], gravity was applied to trade using the Trade in Value-Added (TiVA) on the
dataset of an Organization for Economic Cooperation and Development, which in turn
distinguished between intermediate inputs and the final good in trade between the two parties.
It covered 63 economies, including 35 countries as a member of the organization and 28
countries from outside the organization. This trade includes international trade and domestic
trade, and thus the characteristics of both the origin and the destination are determined to
control the size of the market. The gravity model structure performed well in representing
bilateral commerce in both finished commodities and intermediate inputs. However, even
after considering the dual nature of goods, the gravity model may perform poorly due to
model misspecification and/or sample selection.

Additionally, [4] used an entropy-maximizing framework to describe the spatial interaction
models as a “family” of four models, and consider gravity as the basic model. This work
looked to assign the flows between the source (origin) and destination for finding the most
possible arrangement of flows out of all possible configurations. Through using mutual
optimization issues and inclusive information about inflows and outflows for each location
also called “constraints”, they could find a family of four models unconstrained, production,
attraction, doubly constrained.

Whereas, in [3] it was used on the Twitter dataset in NY city as the place of study indicates
many trips available easily. Also, focuses on the commute trip, because it is stable temporally
and represents the largest amount among populations. Meanwhile, the main accomplishment
of this method is in threefold: First, discovering the chances of social media at different levels
in trip distribution. Second, using machine learning technique to predict the distribution at
census level. Third, compare the three models(gravity, random forest) and neural network
models to detect the best model for trip distribution at census field levels. According to the
results, the random forest model beats the classic gravity and neural network models. The
random forest model revealed population, distance, number of Twitter users, and employment
as the four most significant determinants of trip distribution.

According to [13], a gravitational distribution model was applied to Call Details Records
(CDRs). The data were collected from 1.819.928 users in Portugal for 18 months for the
period from 2006 to 2007. Many models were obtained by computing the regression line
between real migration flows within a specified time and two specific regions. Consequently,
the gravitation and log-linear approaches with a straight distance (displacement) as their trip
cost and districts centroids as reference points outperform the other alternatives.

A radiation model that takes district population into account outperforms the other
radiation models but falls short of the gravity and log-linear models. Nonetheless, the study
has significant drawbacks. To begin, only participants who had migrated once were inferred
and investigated in this research. Second, due to the local non travel cost, only inter-district
migration was considered in this study's trip distribution modeling. Third, there was a
shortage of actual truth for the predicted migration trips, owing mostly to data scarcity.
Moreover, in[14], it has been suggested that nonlinear Least Square (NLS) approaches as a
major in the estimation process. Thus, since heteroscedasticity is frequently overlooked, the
NLS was crucially arguable. The Ordinary Least Squares (OLS) was suggested, which is used
for individual fixed effects in multiplicative estimation. Nevertheless, that approach increases
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the problems in zero trades, or gravity with thwart results for estimating the percent of
heteroscedasticity. So, Poisson pseudo-maximum-likelihood (PPML) estimator has been
applied as a new approach to solve this issue; and they have found that PPML deals with
change of elasticity, false specification, and extra zeros, in contrast to previous fixed effect
OLS and NLS capabilities.

In addition,[15] has examined the effect on internet latency on a broad scale of the COVID-19
pandemic. Latency is especially valuable not only because it has a deep impact on certain
classes of applications, but also because it is an extremely good health status indicator for the
network itself. Results, derived from an assessment of wide number of measurements, show
that in terms of higher variability, the impact of increased online activity is relevant. The main
changes were noted at night, the time of the day when most online actions link to
entertainment. Outcomes for Italy, Spain, France, Germany, Sweden and the entire European
Union show significant disparities, which may result from their network resilience and/or
non-uniform limitations imposed by governments.

The research in [16] presented an analysis of a type of data (CDRs) for Kenya and the other
for Namibia using gravitational spatial interaction models and some variables of the radiation
model. As the study objective was the transmission of diseases, such as malaria, which
resulted in the spatial accuracy of the models higher than the data itself. Similar models can
be used widely for health care, mobility, and other areas. Radiation models include less
parameters than gravitational models and estimate visits between overnight sites better for
both nations studied. The results demonstrate that estimates for several parameters vary
between nations and with geographical resolution, highlighting how poor flow data and
spatial population distribution can affect model fit.

3. The Research Methodology

The goal of this research was to understand people’s migration, and their transition from
one place to another. The force of attraction symbolizes the migration that takes place.
Analyzing the data by implementing the gravity model as a specialist and useful in this field
of mobility gave several results. This procedure was implemented by using the SPatial
INTeraction modeling (SpInt) module via python, which will be described in sections 3.1 and

3.1  Data Description

The flow migration needs specific types of datasets, and the mobile phone data is one of
the important types in this subject. However, it is difficult to obtain because the needs to
maintain privacy, and thus private information must be encrypted. Due to that, it is unable to
identify the individuals and the beneficiaries from these subscriptions because it cannot
distinguish them as people based on ages, names and genders. Therefore, the data retains a
kind of deficiency, even though it gives useful information, such as speed and the to/from
immigrant movements, where these immigrants have multiple reasons for movement.
Accordingly, if there is no real data, you have to generate your own data. Some researchers
worked to generate such data and specify it as they need. Also, there are several ways to
generate data such as AI-GANs, Faker, MOSTLY.Al, Barnum packages, and there are several
tools to generate several types of data as needed.

In this paper, a real mobile data sets used an Iraqi data set from Korek Telecom including
CDRs, which was about 12 fields containing Report_Date, A_Number, B_Number,
Call_Description, Call_Duration_Seconds, Governorate, Site_ld,Site, Longitude,
Latitude, DateTime, and Destination , in 10139733 lines for a period of 6 months
within from Sep 2020 to Feb 2021.Figure 1 shows the original fields of the observed data
before preprocessing.
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Index([ 'REPORT DATE', ' A NUMBER', ' B NUMBER', " CALL DESCRIPTION',
" CAL_DURATION SECONDS', ' GOVERNORATE, " SITE ID, " SITE',
" LONGITUDE', " LATITUDE', " DATETIME', " DESTINATION'],
dtype="object’)
Figure 1: Original Dataset

This dataset covers 18 Iraqi governorates. Bearing in mind that the positions pertain to the

tower, they do not concern subscriber position, but it is an indication of the movement of
groups of people within the areas covered by towers. In addition, it falls within the period of
Covid-19, which is a well-known period that affected the movement of cities in Iraq
specifically from the rest of the world.
Several preprocessing processes were implemented as integration operations and some
software operations were performed on the data, because it was limited to the positions of
people and coordinates. New data sets containing the coordinates of cities with names were
merged with the Korek data set to obtain a complete data set. Figure 2 shows a sample of
macroscopic data set after processing, while Figure 3 displays a sample of mesoscopic data
set after processing.

s o Dst O Flows cityJdx lstx longx popx cyidy laty loogy popy i
0 Anbar 378221 Babl 02544 470765 1 325598 419196 1818318 2 224882 445502 2119403 15.283343
1 Ambar 378221  Baghdad 1489065 1967506 1 325509 419196 1818318 3 23152 443661 B30T 14481997
2 Anbar 378221 Bawa  BA3S5 432578 1 32558 41916 1818318 4 205258 477738 2985073 19623049
3 Anbar 378221 Diysla 20042 408163 1 325508 419196 1818318 § NTIH 451495 1680008 WIINTY
4 Anbar 378221 Dohuk 1420958 1808179 1 225588 419196 1818318 8 368532 420885 1306562 11185038

31 Wast 18305 Newwa 1906577 1944072 18 326024 457521 1415034 13 382208 422062 MBIGT 14456620

N2 Wast 1835  Qadssiyah 115032 1327 18 326024 457521 1415034 1320437 451495 1325031 18565468

M3 Wast 18395  Salahaddin 36920 55315 18 326024 457521 1415034 15 3518 434837 1637232 15906455

304 Wast 18395 Sulaymariyah 1331028 1349423 18 326024 457521 141504 16 55558 454351 219194 16447348

305 West 18305  ThQa 118796 138191 18 326024 457521 1415034 17 311042 463625 2150038 20142749

Figure 2: MacroDataSet Sample

Where, Src and Dst refer to the labels of location i and j for individuals who are moving
between them. Also, O; and D; are the total numbers of outflows (number of humans who
left location i), and inflows (number of humans reached to location j). While month column
mentioned the date of the call. flows represent the total number of inflows and outflows. In
addition, the distance between the towers is represented as D;;. Additionally,
city_id_x and city_id_y columns represent 1D for every governorate. Furthermore,
pop_x and pop_y columns represent the population for each governorate. lastly,
Lat and Long represent the coordination of the nearest tower covered by the call.
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month 8¢ Ol Dst Df Flows city ldx lstx longx popx cityldy laty longy popy ]

0 DEC.20 Anbar 69777 Babl 16M0 88117 1 325508 419196 1818318 2 324682 445502 2110403 15283043

1 DEC-20 Anbar 69777 Baghdad 271058 340835 1 325598 419196 1818318 3 333152 443661 83071 14.481597
2 DEC-20 Anbar 69777 Basa 6905 78682 1 325538 419196 1818318 4 305258 47.7738 2985073 196239

3 DEC-20 Anbar 69777 Diysla 5181 74938 1 325598 419196 1818318 5 337733 451405 1680328 WTINTXW
4 DEC-20 Anbar 69777 Dotnit 235847 30574 1 325508 419106 1818318 6 358532 420885 1326562 11.185008
1831 SEP-20 Wask 2045 Ninewa 326428 329373 18 326024 457521 141504 13 3522006 422362 3820197 14.456520
1832 SEP-20 Wask 2045  Qadissiyah 18088 21033 18 326024 457521 1415034 14 320437 451405 1325031 18.565468
1833 SEP-20 Wasih 2045  Salhaddn 5970 8915 18 326024 457521 1415084 15 345338 434837 1637202 15906455
1834 SEP-20 Wast 2945 Sulaymaniah 225189 228134 18 326024 457521 141504 16 355558 454351 2210104 1644746
1838 SEP-20 Wask 2045 Thi-Qar 15979 1804 18 326024 457521 141504 17 311042 463625 2150338 20.142749

Figure 3: MesoDataSet Sample

3.2 Method and Material

The gravitation model was applied to the observed data sets. In this package of models, the
city residents were used as a mass as an attractive formula in physics, as it is widely used in
transportation and the spread of epidemics. When using it, the sample is transferred from one
place to another, for example, a person or any type of virus and anything that can be move on
reality[17]. In addition, the general formula displays in the general Eq. (1) [11].

SiDj
Y
dij

Tij =k (1)

where, the normalization factor is k. Thus, S; and D; in the equation are equivalent to 0;
and D; columns in the observed data. In addition, the distance between the towers is
represented as D;;, and equivalent to d;; in the gravitation formula. The gravity model has
was between the source and destination or called location i and j. Also, the inflows and
outflows have been represented from the observed data. The next two formulas in Eq. (2)
and Eq. (3) represent this implementation in python respectively; where, equation 2 is the
library used to import the gravity algorithm, and equation 3 is the main equation for applying
the gravity algorithm[4]. ‘Pow is the cost function that does the input and output for D;;, or
the so-called cost.

Also, some libraries have been used such as Geopandas for detecting the location of users, in
addition to Numpy and Pandas.Figure 4 below represents the general structure of the model.

In [1]: from spint. gravity import Gravity (2)

In [2]: gravity = Gravity(flows, 0i, Dj, Dij,'pow") (3)

Represent the
results in several
levels

preprocesssing Gravity model Post brocessin Extract In-flows
on data applied P g and Out-flows

Input data

Figure 4: General structure of the Gravity model
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3.3 Model Fit Statistics

There are some metrics or statistic fit to express the best model or equivalent model to the
applied data set within certain fixed ratios in a fixed mathematical equation for each scale
such as R — squared in [18]. It is the statistical term for the fraction of variance of the
dependent variable that can be predicted from the independent variable, represented by R? or
r2. In addition, R — squared values ranged between 0 and 1. It is represented by the
following Eq. (4) [4].
InL"(Mgy)1)

2 e —_——
R =1 In LA(MIntercept) (4)

pseudo

Macroscopic Level

Mesoscopic
Level

Figure 5: The models in several levels of abstraction

where, L™ is the likelihood of an approximate model Mg, is an explanatory model with all

variables of interest, in other words the represented data that is used for modeling. Mntercept
is a model with only an intercept, or the data used in modeling.

3.4  Pedestrian Structural Simulation

For pedestrian motion simulation, there are many simulation methods and software
products. Their spatial presentation might be continuous, grid, or network structure. However,
their purposes might be a specific purpose or public intention. Their level of abstraction might
be macroscopic, mesoscopic, or microscopic as shown in Figure 5. Therefore, these models
are classifiable. However, the theory and modeling that are specifically focusing on panic
conditions and emergencies are still in the early stages of development [19]. Thus, this
research focused on the levels of abstraction by analyzing the observed data along the total
period in macroscopic level. Meanwhile, in mesoscopic level for every single month.

4. The Results Discussion

The estimated results from applying the model to the observed data sets, are shown in
Figures 6, 7 and 8 at two levels of macroscopic and mesoscopic models respectively. The
macroscopic model is explored in Figure 6 that focused on the individuals in some areas and
representing them in one group to clarify the general structure of the data, which can be
considered as density. Thus, the obtained results show that the city of Ninewa has the lowest
attraction among all Iraqgi cities during the observed period. On the other hand, the most
attractive cities are Diyala, Missan, Salah al-Din, and Wasit respectively. However, it is
important to note that the number of in and out flows are equal because there is no
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information for the destination, so these results had been acquired after the preprocessing
phase as mentioned above. Furthermore, the obtained results from the gravity model were

projected geographically to show them as it is on the real area map.
10|
0.8/
0.4/
0.2/
6.0 z

Figure 6: The Migration in-between Iraqi governorates from macroscopic level
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Thi-ae | I I

wasit ] § f i

Some software capabilities had been used to link the model and geography as shown in

Figure 7. So, the Iragqi map, according to the obtained results, shows that the cities with dark
color are the most attractive for migration, while the light ones are the least attractive. Thus,
the mesoscopic had been used to explore the results in more detail for smaller groups, and it
considered both Macroscopic and Microscopic levels. The observed data was explored in
detail for each month, and is presented in one form as in Figure 8.
It has been found that there is a great diversity of migration between the governorates, so the
northern governorates such as Dohuk and Sulaymaniyah are close in proportion among the
rest of the provinces. Ninewa is considered to have the lowest rate of migration, and there are
also high and closely related ratios, such as Missan, Salah al-Din and Wasit, as they are
considered among the governorates with a medium population density and a medium area, so
the movement in it is clear
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Macro Map

Figure 7: The Migration map in-between Iragi governorates from macroscopic level

However, by calculating the arithmetic mean of inflows and outflows between cities and
based on Table 1, which represents a random sample of inter-city relations, it was concluded
in Figure 9 that the line connecting Kirkuk and Dohuk = 89% is the least thick, which
indicates the least migration between the randomly taken cities. While the thickest line is
between Missan and Diyala = 99%, which indicates the most migration between the
randomly taken cities. In addition, the color of the circle represents the governorate density,
and the size of the circle represents the governorate area size. Thus, the rest of the samples
table can be considered at the average level of migration. Note that these results may not
reflect the true reality of typical daily life because they covered the epidemic period only.
Consequently, it would be necessary to expand the dataset to cover the post-COVID-19
periods to discover the truth of migration. It is also recommended in the future to use complex
networks models for studying people migration via wireless networks, it could be very useful
to investigate this kind of studies.
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Figure 8: The Migration in-between Iragi governorates from Mesoscopic Level

Table 1: Sample of migration between the governorates

Muthanna Qadissiyah 0.982465 4 Anbar Missan 0.966178
Dohuk Kirkuk 0.894006 19 Babil Kirkuk 0.947431
Karbala Salahaddin 0.990253 16 Anbar Kirkuk 0.925656
Diyala Missan 0.995669 72 Diyala Karbala 0.991144
Kirkuk Najaf 0.948027 121 Missan Sulaymaniyah 0.936327
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Figure 9: The Flow Migration Density

5. Conclusions and Future Work

It became clear that the phone network data are very useful in analyzing social patterns of
urban life, since they aid in analyzing wide data that covers vast urban areas. In this paper, the
observed data shed light on the people migration between Iragi governorates during the
COVID-19 period based on the gravity model. The extracted results showed that the highest
migration cities are Diyala, Missan, Salah al-Din and Wasit, where the attraction force was
highest in that period. Whereas the lowest migration was in Nineveh. Also, it had been found
that this model succeeded in analyzing real CDRs data.
In addition, it is concluded that the data of the mobile network (CDRs) can aid in discovering
the number of migrant people in and out of cities, also among these cities. These people
movements had been reflected according to the CDRs nature of a spatio-temporal mode.
Notwithstanding that there are no details data about the physical, social and economic
conditions of these cities, that would have explained more reasons for the people migration. If
there were more detailed groups or data, that would also help arrive to conclusions about the
social and economic reasons.

Consequently, this type of data may be analyzed with complex networks models due to the
diverse ratios of inflows and outflows among the cities within variant spatio-temporal
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mode. In addition, the gravity model had been tested with a calibration ratio of 77%. For the
future, it is possible to deal with data for other social or economic fields, and it is even
possible to deduce the momentum of the migration as to how long it will continue, and
whether it will continue or not. It is recommended to expand the observed data period to cover
period intervals before and after COVID-19, this would give more comprehensive
perspectives.
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