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Abstract

We propose to view social conflicts in Africa avimg strong similarities with earthquake
occurrences and hence to consider the spatial-teinpidemic Type Aftershock Sequence
(ETAS) model. The parameters of this highly parame¢d model are estimated through
simulated annealing. We consider data for 20120t620 calibrate the model for four African
regions separately, and we consider the data fbr B®evaluate the forecasts. These forecasts
concern the amount of future large events as vgdthair locations. Examples of our findings are
that the model predicts a cluster of large evanthé Central Africa region, which was not
expected based on past events, and that in partimul East Africa it apparently holds that small
conflicts can trigger a larger number of conflicts.
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I ntroduction and motivation

Social conflicts data and earthquakes data shamgsimilarities. First, they seem to
correspond to self-exciting processes. Long peradasn-activity correspond with building up
tension, and once an event happens, the tensiete&sed, perhaps causing more events. Such a
triggering increases with the size of the eventmag decrease over time and distance. A
second similarity concerns clustering. That isthreprakes often take place at the edge of
tectonic plates and for conflicts it often occurattconflicts are withessed around country or
region borders. Triggered events seem to occur fegeiently near their previous events than
further away.

To exploit these similarities, we propose to amalgocial conflicts data using a popular
model in the earthquake literature, and this isstivealled Epidemic Type Aftershock Sequence
(ETAS) model. To illustrate, we use social conflidata in Africa. ETAS models are a special
type of a self-exciting point processes and areelyidsed in studying earthquake occurrences.
In this model, events can occur spontaneously aadts can be triggered by other events. Each
event can trigger new events, which in turn cagger new events. The model describes the
intensity and locations of spontaneous backgrowedts and the triggering dynamics.

The outline of our paper is as follows. In Sect®owe describe our sample with social
conflicts data for Africa, and we suggest that edisuch data bear similarities with earthquake
data. In Section 3 we discuss the model and aoddthestimate its parameters. Next, we
discuss ways to evaluate the quality of the maated, a method to create forecasts. Section 4
brings the ETAS model to the data for Africa whesretake the data for 2012 to 2016 as the in-
sample data, and we consider the data for 201dra®@cast sample. We see that the model fits
the data well, and also that out-of-sample forexceah be informative and accurate. Section 5
concludes with limitations, as there are several, with various avenues for further research, of

which we think there are many too.



Social conflictsin Africa

We obtain the conflict data from the Armed Conflicication & Event Data (ACLED) Project
The project collects the dates, actors, typesaléwnce, locations, and fatalities of all reported
political violence and protest events across Afdear since 1997. Before we can analyze the
data, we need to compile a proper database. Weedafsocial conflict (in this database) as an
event which consists of four numbers, that is,ethent date, location (latitude and longitude) and
the number of fatalities. As exact time stampsuai&vailable, we assume that each conflict
happened at 12:00 noon

The numbers of fatalities are estimated as thebeusreported by any source material
and are not verified by the ACLED project itseif.drder to be most reliable, the ACLED
project uses the most conservative estimates.Xample, if a news article mentiosaveral,
many or few fatalities, it is recorded as 1Dozens is recorded as 12. If a report mentions
hundreds of casualties or massacre, it is recorded as 100. The location of a confBatecorded
as the location of the nearest town or city aralldrger region is described, the provincial
capital of that region is used. Furthermore, ibaftict lasts several days, the event is recorded a
a new event each day with the average number a@ftfes over those days. We take the data as
they are and assume that the dates, locationswantars of fatalities are accurate.

We analyze conflicts between 2012 and 2017 witbast two fatalities. This time
window and fatality range results in 17334 event®tal with around 2500 to 7000 events in
each of the major African regions. This numberadrds should be large enough to accurately
estimate the model in each regiodsing more years of data or including events witke
fatality would make model estimation computatiopatifeasible.

In Figure 1 we present the cumulative numbervehés and fatalities over time, using
dual axes. We see that the average number of epentiay increases slightly after 2014 but

remains relatively constant over the period. Thealper of fatalities per event also remains

! https://www.acleddata.com/data/

2The complete description of methodological acceseaind definitions can be found on the
ACLED websitehttps://www.acleddata.com/resources/methodology/

3 Our estimation routine will be implemented in tHeC3\ software package, and this number of
observations is regarded as properly sized, seeoamin(2017).
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relatively constant, except for an increase betvwafsd and 2015, which could be addressed to
the start of the Second Libyan Civil War in 2014.

To explore the spatial distribution of conflictge display all events in this period in a
map of Africa, see Figure 2. The size of the defsesents the number of fatalities. Events with
more than one hundred fatalities are in red. Fi@usaows that there are several large clusters of
events. For example, we see many events with rhared hundred fatalities in the top right
corner of Nigeria, which is the area where Bokoa#ais active. In the top right corner of
Egypt, conflicts resulting from the Arab Spring damseen. Furthermore, there are large clusters
of conflicts around the border of Sudan with So8tildan which associates with the South
Sudanese Civil War. Other notable clusters carobed in the eastern part of the Democratic
Republic of the Congo and in the south of Som&ierall, and as expected, we see that
conflicts tend to be located more around countrgleis than elsewhere.

To explore the spatial distribution of the evemisr time, the latitude and longitude of
each event are presented in Figure 3. The red le@ssent the latitude and longitude of the
geographical center of Africa. We see that theeenaore events in the northern half of Africa
than in the southern half, and more events in #séeen half than in the western half. In the top
panel of the graph, we see that most conflictslrgtered around the equator and that there are
relatively fewer events in the south of Africa.the bottom panel of the graph, we see that
events are more evenly distributed across the todgi Over time, however, events tend to
occur around the same latitudes and longitudes Nhat appearance of events around 30 degrees
latitude from 2013 onwards, which can be associaiddthe many conflicts resulting from the
Arab Spring.

Next, we discuss the distribution of the sizespagnitudes, of the conflict events. In
Table 1, the fatality quantiles are given. It cansken that the distribution of fatalities is quite
skewed, that is, most events have a small numbiatalfties and relatively few events have a
large number of fatalities. Over half of the evdmise 4 fatalities or less, 99% of the events has
up to 100 fatalities and the largest event hasfa@@lities.

The ETAS model we will consider for our data orgges from Ogata (1988, 1998) and it
assumes that the magnitudes of events follow therberg-Richter law. So, before we can

apply our model, we have to align the data. Thisikagiven by



N = 10%-bM (1)

whereN is the number of events with magnitudeor larger anc andb are constants. If one

were to estimate these parameters for actual thetaalue ob is typically close to 1 and in that
case, events with one larger magnitude are terstiess likely to happen. To make the conflicts
follow this law, we group the events based on tfaalities and assign magnitudes to each
group in such a way that the number of eventsd@t eereasing magnitude decreases by a factor
of ten. The derivation of the correspondence betwatalities and magnitudes is given in the
Appendix.

In the end, we obtain the magnitude distributiontiiee conflict events as given in the
Table 2, where we adopt a where the magnitude ragé, 3.1, 3.2, ..., 7. The full table is
given in the Appendix. This table only shows thieger magnitudes. In the left two columns,
the correspondence between fatalities and magnisusteown. The next two columns show the
percentage of events expected by the GutenbergeRiletw at each magnitude, together with the
observed percentage. The last two columns showxpected and observed absolute numbers of
events. We see that with each magnitude step dioeptage and number of events decreases
roughly by a factor ten.

The expected and observed number of events forreagnitude is presented in Figure 4,
together with the log 10 of these numbers (bottamep). If the magnitude distribution follows
the Gutenberg-Richter law, the blue bars in therBgshould correspond with the red line.
Estimating thé value in (1) using Maximum Likelihood results ivaue of 0.95 with standard
error 0.01. Hence, this way of assigning magnituddatalities gives a magnitude distribution
that resembles the distribution of an earthquak&l@g (which is the way that data are called in

the earthquake literature), which is assumed byrtbeel.



The ETAS mode€

In this section we will discuss the ETAS model ugedtudy the social conflicts. The model
parameters will be estimated using the simulatedalmg algorithm proposed in Lombardi
(2015). Furthermore, we will discuss several waytesting the model and describe the way to

make forecasts.

Representation

Earthquake occurrences have been modeled usingegyaf point process models and the most
popular is the Epidemic Type Aftershock SequendA&E) model. In this model, events are
divided into two categories. There are backgrourehts and triggered events. Background
events are events that occur spontaneously. Teggarents occur as a result of other events.
Each event can trigger new events, which in tumaggain trigger new events. Zhuang et al.
(2002) provide a list of common features of ETASdels, and these are (a) The occurrence rate
of background events depends on location and matmibut is independent of time, (b) The
magnitude of a background event is independentsadcation, (c) Each event produces
offspring events independently and the number spoihg events produced depends on the
magnitude of the event, (d) The occurrence timanobffspring event depends only on the time
difference from its ancestor and is independethefmagnitude, (e) The location of an offspring
event depends on the location of its ancestor, @@he magnitude of an offspring event is
independent of the magnitude of its ancestor. Theskeatures explain the design of the ETAS
model.

One of the first models is the temporal ETAS maateposed by Ogata (1988) to
describe the origin times and magnitudes of eagkes. This model has been extended to also
include the spatial aspect of earthquake occureeimc®gata (1998) and Zhuang et al. (2002).
Below, we will use this spatial-temporal ETAS moftelthe social conflicts.

The occurrences of events can often be completsdgribed by the conditional intensity
function of the process, which gives the probabiit an event with a certain magnitude

occurring at a specific place at a specific tim@isTunction often consists of two parts, thagis,



part describing the occurrence rate of backgrowetts and another part describing the way
events trigger new events.

In our study we use the model as defined in Lowh@017), which is similar to the one
in Ogata (1998). The conditional intensity functiarthis model is given by

A(t; U, x, yIHt) = (‘Ll ' u(x, y) + ZTi<tg(t' X, ¥, TiJMiJXiI Yl))f(m) (2)

where event is described by a timE, location(X;, ;) and magnitud@/;. This intensity
function consists of three parts, that is, theiapbhaickground distribution(x, y), the decay
functiong(t, x, y; H;) and the magnitude probability density functfgmn). Each of these
components will be discussed next.

The magnitude probability density function is lzhsa the Gutenberg-Richter law (hence

the reason to scale that data as in the appendikijsagiven by

_ Brexp(—B(m—-M)
F ) = o Ry 3)

wheref = blog(10) andM,,,, is the magnitude of the largest event. Therefers to the
minimum magnitude for which the catalog is complétat is, the magnitude for which all
events with magnitud® > M, are recorded.

The rate at which eventan trigger new events decreases with distanceimedrom

that event. This is described by the decay fungi@mnx, y; H;) which is given by

k-exp(a(M;—M,)) . C(li,q,y
(t—Ti+c)P (rf+d?-exp(2y (M;—M,)))4

Here,H; is the history of events before eventhe decay function in (4) consists of two parts.
The first part describes the temporal decay ratktlam second part the spatial distribution. The
temporal decay is governed by the parameteys, {, p}. The parameter measures the
influence of excess magnitudg — M. in generating offspring events ak a normalizing

constant for the number of offspring events. A $wvalue fora implies that the effect of the



magnitude on triggering new events is small, and that smaller events can trigger a larger
amount of events more easily, see Kumazawa e2@l4(. As usual, we assume that larger
events cause more aftershocks than smaller evbatss,a > 0. As the number of offspring
events cannot be negative, we have thatlals@. It is hard to register all aftershocks a#ter
large event and this incompleteness is measurdidebyarameter. Finally, the parametgris
the rate of decay over time. We would expgeetl, as this implies that each event can only
generate a finite number of offspring events.

The second part of (4) determines the spatialaiibiby distribution. The ternm; is the

distance to everitandcfi,q,y is a normalization constant such that the integval the entire

region equals 1. The terdt - exp(Zy(Mi - MC)) measures the influence of magnitude on the
spatial extent of the aftershock region for eve@imilar top, the parametey measures the
spatial decay rate. If we ignore any spatial congpdsin the model and integrate over the entire
region, the right-hand term of (4) becomes 1 andbtain the decay function for the temporal
model in Ogata (1988).

The first term in (2) consists of a parametemnd the spatial background distribution
u(x,y). The parametex is the Poisson rate of background events. The bagkdrdistribution
determines how these events are distributed atmesggion. We will estimate the spatial
background distribution following the procedurd_mmbardi (2017), which is largely based on
the iterative kernel method proposed by Zhuand. €2@02). For this, the region of interest is
first divided intoN,. cellsC; (i = 1,2, ..., N.) to make a discrete approximation. The cells &re o
size 0.5 x 0.5 degrees latitude/longitude, whicitegponds to an area of approximately 55x55 =
3025 square kilometers. The background rate cgnaraong cells but is assumed to be
homogeneous within each cell. We can then wuite y) = u;/A; whereu; is the probability of
a background event occurring in cellith aread;.

The probabilities:; are estimated using the iterative kernel methopgsed by Zhuang

et al. (2002), which uses the following functiom fbe background distribution, that is,

(x=x)*+(y=y;)?
4) (5)

1 1
K Y) = 13001 = o) o exp (-2
]



whereT is the length of the study peridd the total number of events; is the probability that
eventj is a triggered event ant] is a variable bandwidth. The probabilgyis given by the

ratio between the intensity produced by all presieuents and the total intensity at that time and

place, that is,

j—1
L Y 9(tj—tixj—xyyj-yilmy)
J AtjxyjlHe ;)

(6)

Finally, d; is a variable bandwidth defined as the smallesst @round everjtwhich includes at
leastn, = 10 events, as in Zhuang et al. (2002). This waynts/eappening in rural areas have
a further reaching effect than events that happe®nsely populated areas, which makes
regions with high and low event densities more carabple. Following Lombardi (2015), we can

use (5) to estimate the probabilitiesby

u(XiYy) .
Uyy=———— 1i=1,2,..,N 7

These probabilities then give the spatial backgdadistribution, where the sum over all cells
equals 1. Together with the average backgrounduratee decay functiog(t, x, y; H;) and the
magnitude distributiof(m), we now have described the conditional intensitycfion of the
process. This function will be used for calculatthg log likelihood to estimate the parameters
of the model.

The log-likelihood function is given by Vere-Jor(@970), and it reads as

log L(6IH,) =TI, In[A(Ty, X, Vil Hr)] = [[f, o ACt, x, y|H,)dtdxdy ®)

For the calculation of the log likelihood, the bgadund probabilities; from (7) are needed for

the cells in which an event has taken place.



Hence, the parameters of the model{asé, p, ¢, a,d, q,y; u;, i = 1,2, ..., N.} whereN,
is the subset of nonempty cells. These parameterde estimated by maximizing the log
likelihood function using the simulated annealitgpathm, which will be discussed below.

Due to the high dimensionality of the likelihoodhfiion, there is a chance that a
parameter is not identified and becomes arbitrdailge or small during the estimation.
Therefore, we will impose certain parameter restnms on the eight parameters in the model.
These restrictions are based on the restrictioad i modeling earthquake occurrences and on
values that are physically desirable, see Ogat@3)1T hese restrictions are given in Table 3.
The branching ratio of the process gives the awenagnber of events triggered by an event and

is given by Lombardi (2017) and equals

© Mgy k-ex M;—M,
¢ = [ [ mex LRCHEHO ¢ () dmat ©)

M (t+c)P

If > 1 due top < 1, events are generated faster than they die outhenporocess becomes
explosive. The four parameters in the temporal aomept,a, p, ¢, andk influence the number of
events in the simulated catalogs. Furthermorep#nametep has a positive linear effect on the
number of events and the parameters that detetmengpatial decayl, y andqg have no effect

on the number of events. The spatial parametergitdeghe distribution of the events over the
region. A higher value far andk lead to more events and a higher valuecfi@ads to fewer
events. For the temporal decay rathere is a small region in which the process ts no
explosive. However, the size of this parameteraegiaries depending on the values of the other

parameters.
Estimation

The parameters will be estimated using a simulategkaling algorithm, which is a method for
approximating the global optimum of a given funatidt originates from annealing in
metallurgy, describing the physical process of oaulydefects by heating and then slowly
cooling the material. Even though this method ilskety to find the optimal solution, it can
often find a very good approximation of the optimumparticular, it can be preferable over

(quasi) Newton methods in situations with a largenber of independent variables like in our
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case. As the algorithm finds a good solution ielatively short amount of time, we can run it
many times, providing a probability distributiorr fine parameters and the background
distribution. These can be used to evaluate mausdrtainties. We will run the algorithm
Ngy = 100 times.

The algorithm starts by generating a random smiytfter which it searches for a new
point in that neighborhood. This search is based probability distribution that depends on the
so called temperature of the process. The methoepéall points that raise the objective
function (in case of maximization) and also acc@aisits that lower the objective, with a certain
probability. As such, it avoids being trapped indbmaxima. By decreasing the temperature, the
probability of accepting a worse solution is lowekerehen the solution space is explored.

More formally, we adopt the simulated annealingcpdure used to estimate the ETAS
models as described in Lombardi (2015). It congigtmn initialization, a loop and a cooling

scheme.

To initialize set the courit = 0 and generate a random starting péig;)tt and set the
initial temperaturd’, > 0. The starting temperature must be high enoughatfmasolution can
be selected and is calculated based on the funictiba optimized, see Lin et al (1993).

The loop is a random search for a better solwrmund the local maximum. First, set
§k = §Opt and generate the next candidafeom a multi-dimensional Cauchy distribution G.
We move to this point with a certain probabilitar§plez € [0,1] uniformly and move to the
newly generated point f < A(§Opt,37, Ti), where the acceptance functi@ms the Metropolis

criterion in Sen and Stoffa (2013), that reads as

f(y)_f(gopt))
Tk

A(éopt,ﬁ, Ti) = min {1, exp ( (10)

If the log-likelihood at this new point is largeve set this new point as the current optimum, that

is,

LogL(F|Hy) > LogL(8ope|Ht) = Bope = §

11



Once a new optimum is found, the temperature igted according to the cooling schedule
proposed in Ingber (2000) and Lombardi (2017), that

34\ 1
T, = Toexp [—13.8 - exp (— F) . kD]

whereD = 8 is the number of parameters in the model.theeconstants -13.8 and 3.4 were
found to provide a fast algorithm based on a sitmarlastudy in Lombardi (2017). After
decreasing the temperature, the loop is repeati@iccanvergence. Events that took place before
the study period can still have an effect on evarsisle the study period. We will therefore use a
one year burn-in period when estimating the madehce, the estimation period consists of five
years from 2012 to 2016, where 2012 will be used learning period and the four other years,
2013-2016, will be used as the study period. Tha dbthe last year 2017 will be used for

evaluating out-of-sample forecast performance.

Inference

If the model describes the dynamics of the corghell, the residuals are expected to follow a
stationary Poisson process with a unit rate. Thigloals are obtained by a transformation of the

time axis, as in Ogata (1998), that is,
A(t) = fot 11, f;:lcm“"/l(t’,x, y, m|H,)dt'dxdydm (11)

These residuals give the expected number of evatiisnagnitude larger tha¥ . up to timet
and in the regioR. If the residuals follow a stationary Poisson gsxwith rate one, the inter-
event times follow an exponential distribution. §an be tested using a one-sided
Kolmogorov-Smirnov test (KS-test). We will also fuem a Wald-Wolfowitz runs test, which
tests the null hypothesis that the inter-event $imr@ stationary and not autocorrelated.
Furthermore, we can perform a visual check bytipigtthe number of events expected
by the model against the observed number of ev&hts.can be done for the transformed times,
all events, background events and triggered evéhtsexpected numbers of events are

12



calculated by integrating the intensities over {imagnitude and space. The expected number of

total events is given by

NGBI01H] = [ [, A(t, x,y|H,)dtdxdy (12)
The expected number of background events is giyen b

NEE[OIH = [, [f, u-ulx,y)dt = p(T, = Ty) (13)
and the expected number of triggered events is

N.916|H,] = NAL[6IH,] — NB&[6|H,]

_ k-exp(@(Mi—M)) Chay
= fT ffR (t-Ti+c)? (r7+d2-exp(2y (M;—M,)))4 dtdxdy (14)

whereT; andT, are the start and end times of the sample pelote that we also integrate over
the magnitude distribution, but as the magnitudesralependent of the parameters, this integral
equals one.

The observed number of all events (backgroundggered) can be obtained directly. As
we cannot know for certain whether an event isck@p@und or a triggered event, we cannot
count them. Therefore, the number of observed backgl and triggered events are calculated
as the sum of the probabilities of being a backgdoor triggered event. The probability that
eventi is a background event is given in Lombardi (2087y it reads as

B _  wru(XyYy)
Prob; = A(Ty XY i|Hr;) (15)

and the probability that events a triggered event is given Brob! = 1 — Prob?. The sum of
these probabilities over all events determinedbsérved' number of background and triggered

events.
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The number-of-events test compares the numberesitg in the conflict catalog (the
dataset) with the number of events expected bynibdel. The expected number of events and
its distribution are obtained from simulating agkanumber of event catalogs and calculating the
number of events in each of them. Specificallys thidone in the following waySimulate
Ng;pr = 100 catalogs based on the estimated parameters imA8 Enodel. Then, fit a normal
distribution to the number of events in each sinedaatalog. Next, calculate the median and
the 95% confidence bounds, and with these we caartpetprobability that we observe more
events than in our dataset.

Finally, we will test the performance of the mobglmaking a forecast for the number of
events and their location in the hold-out sample.fdéus on events with magnitudie > 4,
which for the African countries data correspond22ar more fatalities. For this, we simulate
Ng;pr = 100 catalogs using the empirical ETAS model and cateuthe expected number of

events with magnitud®, > 4 in each cell of the regions in the hold-out samplee expected

number of events in simulated catalag cell C; is given in Lombardi (2017), and it reads as

Mmax i

whereH; is the history of the process up to titfer catalog. For each cell we then take the
median number of events of all simulated catalegthe forecast. The total number of events
can then be calculated as the sum of the mediamauaf events over all cells. The forecasted
number of events and locations will then be comgbarigh their observed number and locations
to examine accuracy.

In Van den Hengel (2018), the above describednasion and evaluation methodology is
examined using extensive simulations. There ibisctuded that the ETAS model can be reliably
implemented for simulated data. It can happen thdbgt parameters are estimated at their

boundary value, and this is not unexpected givahttie ETAS model is heavily parameterized.
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Modeling and forecasting social conflictsin Africa

The continent of Africa is often divided in five jpageographical regions. These are North-,
West-, Central-, East- and South Africa. Theseargare displayed in Figure 5. The numbers of
events in each region for the learning period, \sfuetiod, forecasting period and total, are given
in Table 4. As the number of events in the regioatB Africa is too small to reasonably

estimate the model, we will restrict the studyhte bther four major regions. Some summary
statistics regarding the number of fatalities araymtudes are given in Table 5. This last table
shows that the size of events is quite similarstributed in each region.

As the model assumes the magnitude probabilitgitiefunction based on the
Gutenberg-Richter law in (1), we check whether #ssumption more or less holds for the
catalogs in each region. If it deviates too much,might assume the wrong magnitude
distribution for the data. For this, we estimate parameteb in (1) for each region, and the
estimation results are given in Table 6. As thei@alfb is close to one for each region, we
continue with the assumed probability density fiorcin the conditional intensity function in
(2)"

For each region, the study area is determinedhi&gmnallest rectangular area covering all
events. The spatial background distribution isnested for this area. As this means that it can
cover areas that are not in the study region, asabther countries or parts of the ocean, the cells
outside the study region are removed. The effec¢heriotal probability should be minimal, as
these areas have a very low probability due tel ¢d events. The estimated spatial background
distributions are given in Figure 6 to 9 for Notkiest, Central and East Africa, respectively.
Furthermore, a map with the actual conflicts inheaagion is given adjacent to the map of the
background distribution. We see that the estimdisulibutions are in line with what we would
expect from the catalogs, as the areas with highatility correspond with areas with high

event density.

* Due to an unfortunate bug in the software, eveiits avnegative longitude cause an error. We will
therefore restrict our study region to the righliesdf the prime meridian. This means that out toftal of
17829 events, 495 events will be omitted in Noathd West Africa. This should not affect the estiorat
results in a large way as this number of eventslaively small.
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Parameter estimates

For each region we have estimated the eight pasamet the spatial-temporal ETAS model
Ng;y = 100 times. The results for the North, West, Central Bast Africa catalog are given in
Tables 7, 8, 9, and, respectively. In these taliesparameter estimates of the best model, their
median and distributions are given. Estimates waith are estimates that are on, or are very
close to, the boundary of their constraint. Wetbeéthis is the case for the parameted g
andy in each region, where parameterd, andy go to their lower bound arglgoes to its
upper bound. The parametemeasures the incompleteness of the catalogsaaléege event.
As the conflicts in our database are reported dailg basis, the next triggered event occurs the
next day or later. It therefore makes sense tlemetare no undetected aftershocks right after an
event. Furthermore, a value of= 0 would not much change the shape of the likelihood
function. The termi? - exp[2y (M; — M.)] measures the influence of the magnitude on the
spatial extent of the aftershock region for eves d goes to its lower bound apdends to
become arbitrarily small, it suggests that the nitage has little influence on the region of
aftershocks. If we decrease the lower bound ottmstraint for parameterit also tends to
become arbitrarily small. In that case, the onfluence on the spatial decay is the distance from
the event.

The other parameterg, k, p, anda vary across the regions. For easy comparison, they
are displayed together in Table 11. What is mosteable is thap < 1 in the four regions.

This implies that the process is explosive: ea@negenerates an infinite amount of triggered
events whert — co. However, this effect is not obvious from the daa to the short time span.
The value for the background rateén each region corresponds to the number of
background events, which is given in Table 12. itmbers of expected and observed events

are very close, which indicates that the model dess the data well. These expected and
observed numbers are given over time in Figure®idNorth Africa. Results for the other three
regions are very similar. When we divide the numidddrackground events by the number of
days, we obtain an average of 0.47, 0.48, 0.3@a&tibackground events per day for the
regions North, West, Central and East, respectitdince, the estimates forresemble the

number of background events in the catalog.
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The parametek governs the expected number of direct aftershoaksed by an event.
The estimation results in Table 11 suggest thattsveause the most aftershocks in the North
region k = 0.0376) and the least in the West region 0.0226). The parametermeasures the
effect of magnitude in generating aftershocks. Alkralue indicates that the triggering rate is
less dependent on magnitude. Hence, smaller egantgigger a larger amount of events more
easily ifa is small, see Kumazawa and Ogata. (2014). Thigesig that in the East regian%
0.0893) small conflicts can trigger larger amountanflicts easier as compared to the other

three regions.

Residuals

Figure 10 shows that the transformed event timaagy11), seem to follow a Poisson process
with unit rate. In the bottom two figures, we sbkattthis is also the case for background and
triggered events. This suggests that the moddiléesta capture the temporal behavior of the
process.

Whether the model captures the temporal beha¥ittregprocess can be tested more
formally using the KS-test and the runs test. Faheregion, the null hypothesis that the inter-
event times are exponentially distributed is rejdcit the 1% level. This suggests that the model
does not perfectly capture the temporal behavidh@fprocess. In contrast, the runs test fails to
reject the null hypothesis at the 1% level thatither-event times are stationary and not

autocorrelated.

Further results

The results of the Number of Events tests are giv@rable 13. For each region, the median
number of events and 95% confidence interval arergior theNs,;,, = 100 simulated catalogs
based on the estimated ETAS model, as describaccabarthermore, the number of events in
the conflict catalog is given, together with thelmability that we observe a number of events
larger than the number in the conflict catalog. $&e that for the regions North, Central and
East, the number of events in the conflict catdilegwithin the 95% confidence bounds. For the

West region the actually observed number of evierltgger than expected by the model.

17



Forecasting for 2017

For the forecasts we simulat®&g,,, = 100 catalogs and calculated the median expected number
of events in each cell in the year 2017. The tatacast can then be calculated as the sum over
all cells. We only forecast large events, whicharents with magnitud® > 4. This

corresponds to events with 22 fatalities or motee forecasts for each region are given in Table
14. The forecasts are compared with two naive &wtscand the observed number of events. For
the first naive forecast we use the average numibevents in the period 2012-2016 and for the
second naive forecast we use the number of largetewof last year. We see that for the regions
North and West, our ETAS based forecasts are muehk accurate than the naive forecasts. In
the Central and East region, our prediction undieneses the number of large events.

The results for the forecast locations of eventgven in Figures 11 to 14. For
forecasting of event locations, we consider thitbermpredictions for comparison. Two of them
are naive predictions. We predict that future evdmatppen at places where past events have
happened and we predict that future events happkighly populated areas or around country
borders. For this, a map with the events is diggdayogether with a map that shows every city
with a population larger than 1000. The countrydeos can also be seen on this map. The third
other prediction is based on our model and is gienated spatial background distribution. This
predicts that future events will happen at plachsne there is a high probability of background
events. These three maps are displayed togetheiowitforecasts map. The forecast map also
includes the actual locations of the large eventicated by an *.

First, we notice for the various graphs that thedétle connection between population
density and conflict areas. This can for exampled®n in the West catalog where most conflicts
take place in the north-east part of Nigeria ahm East catalog where most conflicts occur in
South Sudan. The locations of previous conflicedem to be a good predictor for future events.

For our forecasts map, the similarity with thetsgddackground distribution is
noticeable. A more detailed look reveals that ezathin the forecasting map is highly correlated
with its equivalent cell in the background disttibn. One explanation could be that, as the
parametep < 1, the process becomes explosive and the simulaionke forecasting period
are not accurate. Nonetheless, we believe thdooecasts maps are good predictors of the

actual locations of future large events.
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On average, the forecasts coincide with the lonatin the event catalogs. There are also
some areas in which our model is extra informafieese are regions with relatively few or
small events in the past, but still show a highestgd number in the future. For example, in the
North catalog, we would not expect a future evarthe center of Libya, as the previous events
at that place were relatively small. Other suchareg can be found in the West catalog, where
two events in the west of Nigeria occurred. Finabliye of the clearest examples is in the Central
catalog. In the forecast map, there is a clustéarge conflicts in an area of high intensity ie th
south of the Democratic Republic of the Congo. Tas not expected from the event map,
where only a few small events can be seen. Hereeg, though the forecasting map is highly
correlated with the spatial background distributibroes produce useful predictions for the

locations of future large events.

Conclusion and further research

We have successfully estimated a spatial-tempoFfAlSEmodel on social conflict data in Africa.
Using this model we could make an out-of-sampledast for the number of large future events
and their locations. The estimated spatial backgplalistribution showed that the probability
distribution of background events was in line wiltle locations in the conflict catalogs, that is,
high probability areas were associated with higenédensity areas. The Number of Events test
showed that for three out of four regions, the nends events in the conflict catalog were close
to the number of events expected by the model. @mlthe West region the number of events
was slightly underestimated. The KS-test showetthieinter-event times were not exactly
exponentially distributed and this indicated thmet lmodel does not perfectly capture the
temporal behavior of the data. The runs test howswggested that the inter-event times are
stationary and not autocorrelated.

We were able to use the estimated model to makggbians for the number and
locations of future large events, out-of-samplee Tdrecast locations were very much in line

with the locations of actual events.
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Limitations and futureresearch

The ETAS model and estimation procedures have bpemized specifically for estimating
earthquake catalogs, and our study is the firbtitay it to social conflict data. We used the
constants for the cooling procedure and it seeme&dtk well. This, however, does not mean
that these are the optimal constants for estimatomglict catalogs. Moreover, the parameter
constraints in estimating the model are obtainethfthe earthquake literature and these might
be too strict for modeling conflicts. However, wh&a relaxed these constraints we ran
estimation problems, as some parameters becanteadhpismall or large. This problem still
persisted after much trial and error with differeanstraint values. Hence, further research in the
estimation procedure and parameter constraintsdeggsocial conflicts might produce better
results.

The model estimated in this study is the statiparAS model, which assumes that the
background rate does not change over time. Thistislways the case for conflict data. For
example, the rise of the Arab Spring in North Adritaused a stream of events. Our study can
perhaps be extended using a non-stationary ETAShasdn Kumazawa and Ogata (2014),
where the background rate varies over time. Furibeg, the models for earthquakes work with
continuous time, while the conflicts are only repdrwith a daily precision. Another possible
extension might therefore be a discrete time implaiation. Finally, the model used in this
study assumed the Gutenberg-Richter law for thenmade distribution, as it closely resembles
the magnitude distribution of earthquakes. Onedcahsider a different distribution that is
more natural to the size distribution of conflicts.

Regarding the data, it would be interesting toster our model to smaller regions.
Regions of interest could be the north-east of Negevhere the Boko Haram insurgency is
active, the conflicts around Lake Chad or aroumdShdan South-Sudan border. Our study
focused more on aggregate conflict dynamics anaitld be interesting to see if the findings

hold at a smaller scale.
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Appendix: Magnitude distribution of social conflicts

Let M,,;, andM,,,,,, be the minimum and maximum of our magnitude rafge.a bin size of

0.1, that is, magnitudes are reported with onendalcaccuracy as in our data, we have a total of

Nsteps = 1O(Ivlmax - Mmin) +1

magnitude steps. One extra step is includeM,ag is in the range. Given that a percentage x of
events has magnitudé,,;, we want a percentage x/10 to have magniMgle,+1, a percentage
x/100 to have magnitud¥,,,;,, + 2, and so on. In smaller magnitude steps, an inereg8.1
corresponds to a frequency decrease ef 10'/1° = 1.259. Then, given that a percentage x of
events has magnitudé,,;,,, we want a percentagg w to have magnitud#f,,;,+0.1, a
percentage:/w? to have magnituda,,;, + 0.2, and so on.

To determine the percentage of events with a nhadmiofM,,;,, we solve the following

eguation

Nsteps
X
— =100%
w
n=0
which gives use = 20% for 10 < Ngeps < 100.

Next, we have to estimate the number of magnittejess The largest event is one event
with 600 fatalities in a dataset of about 20000névén total. Hence, the largest event, which will
be given the largest magnitudig,,,, has an occurrence frequency of 1 in 20,000 or3340f
the percentage of events with magnitiig;,, is roughly 20%, then the percentage of events
with magnitudeM,,;, + 4 will be 20%/16 = 0.002%, which is about the frequency of thedatg
event. Hence, if we use 4 full magnitude stepgQosmaller steps, the frequency of the smallest
and largest events follow the Gutenberg-Richter [Blws means we will use a magnitude range
of Momins Mimax = Mpmin + 4). Lastly, we have to determiné,,;,,, which can be chosen rather
arbitrarily. In earthquake studies, the minimum magle is often set &t,,,;, = 3, as this

associates with an earthquake considered of rebkosiae. We will also sét,,,;,, = 3 which
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gives a magnitude range O, Minqax} = {3,7}. For this magnitude range,= 20.56% and
the setf{x/w™}"=¢° gives the percentages of events for each magnffufe3.1, ..., 7.0}.

Next, we have to assign to numbers of fatalittea tertain magnitude, in such a way that
the resulting magnitude distribution matches thevaldistribution as close as possible. For this,

we first calculate the cumulative percenta@ﬁzoﬁ}ﬁzéo for each magnitude, which we use

as fatality quantiles. If a number of fatalitiesresponds to multiple quantiles, it will be

assigned to the magnitude of the lowest quantde e&ch magnitude, we have the number of
fatalities, expected and observed percentage oftgevand the expected and observed number of
events. The next table presents the final results.
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Table: The magnitude distribution of the socialfiohdata. For each magnitude, there is the
corresponding number of fatalities, the expectedggage of events, the observed percentage
of events, the expected number of events and tberadd number of events

Magnitude  Fatalities % expected % observed Begec Observed

3 2 20.57 26.94 3565 4669
3.1 3 16.34 14.49 2832 2511
3.2 4 12.98 17.29 2250 2997
3.3 6 10.31 8.64 1787 1498
3.4 8 8.19 4.76 1419 825
3.5 10 6.50 10.00 1127 1733
3.6 10 5.17 0.00 896 0

3.7 12 4.10 3.91 711 677
3.8 15 3.26 3.64 565 631
3.9 19 2.59 2.02 449 351
4 22 2.06 1.77 357 306
4.1 27 1.63 1.29 283 224
4.2 31 1.30 1.07 225 186
4.3 38 1.03 0.93 179 162
4.4 45 0.82 0.33 142 58
4.5 50 0.65 0.85 113 147
4.6 58 0.52 0.44 90 76
4.7 67 0.41 0.34 71 59
4.8 78 0.33 0.27 57 47
4.9 97 0.26 0.05 45 9

5 100 0.21 0.33 36 57
5.1 107 0.16 0.13 28 22
5.2 129 0.13 0.07 22 13
5.3 150 0.10 0.00 18 0

5.4 183 0.08 0.07 14 12
5.5 204 0.07 0.05 11 8
5.6 248 0.05 0.05 9 8
5.7 310 0.04 0.03 7 6
5.8 349 0.03 0.00 6 0
5.9 400 0.03 0.05 4 8

6 400 0.02 0.00 4 0

6.1 409 0.02 0.02 3 3

6.2 458 0.01 0.01 2 2
6.3 590 0.01 0.00 2 0
6.4 597 0.01 0.02 1 4
6.5 597 0.01 0.00 1 0
6.6 597 0.01 0.00 1 0
6.7 598 0.00 0.01 1 1
6.8 598 0.00 0.00 1 0
6.9 599 0.00 0.00 0 0

7 600 0.00 0.01 0 1
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Figures

Cumulative number of events and fatalities over time
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Figure 1: Cumulative number of events and fatalioeer time
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Figure 2: Map of social conflicts in Africa in tiperiod 2012-2017 with at least two fatalities.
Events with more than 100 fatalities are coloredl re
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Latitude and longitude of events over time
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Figure 3: The latitude and longitude of events dirae. The red lines represent the latitude and
longitude of the geographical center of Africathe latitude plot, points above the red line are
more north and points below are more south. Indhgitude plot, points above the red line are

more east and points below the red line are most.we
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Distribution of number of events
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Figure 4: Distribution of the number of events. Tihee bars in the top figure show the number
of events for each magnitude and the red lineestimber of events corresponding to the
Gutenberg-Richter law. In the bottom figure, thgaothm base 10 of the same data is shown. If
the magnitude distribution follows the GutenbergtRer law, the blue bars in the bottom figure

should correspond to the red line.
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Figure 5: The five major regions of Africa: Nortest, Central, East and South. Source:
Wikimedia Commons, the free media repository
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Figure 6: Spatial background distributions of thedel with the largest log-likelihood for the
region North Africa. The area is divided intp = 4070 cells. In these cells, the background
intensity is assumed to be homogeneous. The debslge probability of a background event

occurring in that cell.
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Figure 7: Spatial background distributions of thedal with the largest log-likelihood for the
region West Africa. The area is divided itNp = 1102 cells. In these cells, the background
intensity is assumed to be homogeneous. The debglge probability of a background event

occurring in that cell.
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Figure 8: Spatial background distributions of thedal with the largest log-likelihood for the
region Central Africa. The area is divided ildp= 3330 cells. In these cells, the background
intensity is assumed to be homogeneous. The debglge probability of a background event

occurring in that cell.
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Figure 9: Spatial background distributions of thedal with the largest log-likelihood for the
region East Africa. The area is divided ilMp = 4368 cells. In these cells, the background

intensity is assumed to be homogeneous. The debglge probability of a background event
occurring in that cell.

32



Cumulative number of events
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Figure 10: Results of the residual analysis forNloeth Africa catalog. In the top left figure the

observed number of events is plotted against #restormed times from (11). In the top right

figure, the observed number of events (blue) isigtbagainst the expected number of events by

the model (red). In the bottom two figures, theavlsed number of background and triggered

events (blue) are compared with the number of evexpected by the model (red).
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Figure 11: Forecasts foiorth Africa. Top left: event catalog 2012-2016. Top right:yGitap

with cities with 1000+ population. Bottom left: $j@h background distribution estimated from
the data from 2012-2016. Bottom right: forecastthar expected number of events wih>

4 in each cell in the year 2017, together with theatmns of the actual conflicts that have taken

place withM > 4.
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Figure 12: Forecasts fokest Africa. Top left: event catalog 2012-2016. Top rightyGitap

with cities with 1000+ population. Bottom left: $j@h background distribution estimated from
the data from 2012-2016. Bottom right: forecasttha expected number of events wih>

4 in each cell in the year 2017, together with theatmns of the actual conflicts that have taken

place withM > 4.
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Figure 13: Forecasts f@entral Africa. Top left: event catalog 2012-2016. Top rightyGitap
with cities with 1000+ population. Bottom left: $j@h background distribution estimated from
the data from 2012-2016. Bottom right: forecasttha expected number of events wih>

4 in each cell in the year 2017, together with theatmns of the actual conflicts that have taken

place withM > 4.
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Figure 14: Forecasts f@ast Africa. Top left: event catalog 2012-2016. Top rightyGitap with
cities with 1000+ population. Bottom left: spatckground distribution estimated from the
data from 2012-2016. Bottom right: forecast for éx@ected number of events with> 4 in

each cell in the year 2017, together with the liocet of the actual conflicts that have taken place

with M > 4.
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Tables

Table 1: Fatality quantiles of events in the ACLE#&laset between 2012 and 2017 with at least
2 fatalities

Quantile Fatalities Quantile Fatalities
0 2 0.91 20
0.1 2 0.92 22
0.2 2 0.93 25
0.3 3 0.94 28
0.4 3 0.95 31
0.5 4 0.96 38
0.6 6 0.97 a7
0.7 8 0.98 58
0.8 10 0.99 96
0.9 19 1 600
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Table 2: The magnitude distribution of the soctiftict data. For each magnitude there is the
corresponding number of fatalities, the percente#gavents expected by the Gutenberg-Richter
law, the observed percentage of events, the exgpabisolute number of events and the observed

absolute number of events. The full table appeatise Appendix.

Magnitude  Fatalities % expected % observed ergect observed
3 2 20.57 26.94 3565 4669
4 22 2.06 1.77 357 306
5 100 0.21 0.33 36 57

6 400 0.02 0.00 4 0

7 600 0.00 0.01
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Table 3: Parameter restrictions in our ETAS modlkese restrictions are based on the

restrictions used for modeling earthquake occuesr@md on values that are physically

desirables, see Ogata (1998).

Parameter

0O T X T

)X O a9

Lower bound Upper bound

0

0.001 0.1

0.5 2

1.00E-5 0.1

0 2

0.01 1
3

0
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Table 4: Number of conflict events in each regionthe learning period (2012), study period
(2013-2016) and forecasting period (2017) and tal {@012-2017).

North West CentralsE South Total
N learning period 291 378 203 70810 1620
N study period 3518 2164 1834 46127 12250
N forecasting period 612 617 589 163G 3464
N total 4421 3159 2626 695673 17334
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Table 5: Summary statistics of the magnitudes amdber of fatalities in each region. The

columns are the minimum (Min.), the first quanfilst Q.), the median (Med.), Mean, third

guantile (3rd Q.) and the maximum (Max.).

Region
Magnitude
North
West
Central

East

Fatalities
North
West
Central
East

Min.

3.0

3.0

3.0

3.0

N NN N

1st Q. Med.
3.0 3.2
3.1 3.2
3.1 3.2
3.0 3.2
2 4
3 5
3 4
2 4
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Mean

3.4

3.4

3.3

3.3

10
13

3rd Q. Max.
3.56.1
3.77
3.5 6.1
3.5 6.7
10 411
12 600
10 420
10 598



Table 6: Maximum likelihood estimates of the partenie in the Gutenberg-Richter law in (1).

Region b Standard error
North 0.956 0.025
West 0.854 0.024
Central 0.990 0.034
East 1.006 0.022
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Table 7: Parameter estimatdarth Africa. Estimation results for the eight parameters ef th
ETAS model, the log likelihood and the number oére¢ for the North Africa conflict catalog.
Estimates marked with a * are at, or very closéhteir constraint values. The best estimate, that
is, the estimate of the run with the highest I&glihood, is given for each parameter.

Furthermore, the median and the 95% confidenceviaieare given.

Parameter Best value Median 95% Confidencevater
m 4.60e-1 5.05e-1 {4.17e-458-1}

k 3.76e-2 3.58e-2 {2.%,6.13e-1}

p 7.46e-1 7.43e-1 {6.79853e-1}

C 1.00e-5* 1.04e-5 {1.00e-5, @91

a 0.39e-01 2.48e-1 {5.21e-3, 5.3Fe-
d 1.00e-2* 1.00e-2 {1.00e-2, 2@}

q 3.00e0* 3.00e0 {2.98eBM0e0}

4 6.94e-4* 3.05e-3 {1.58e-5, 9.B}e-
logL 1.33e3 1.31e3 {6.262.33e3}
Events 3.56e3 3.63e3 {3.35e3, 3.75e3}
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Table 8: Parameter estimatéfest Africa. Estimation results for the eight parameters of the
ETAS model, the log likelihood and the number odér¢ for the West Africa conflict catalog.
Estimates marked with a * are at, or very closélteir constraint values. The best estimate, that
is, the estimate of the run with the highest I&glihood, is given for each parameter.

Furthermore, the median and the 95% confidenceviaieare given.

Parameter Best value Median 95% Confidence laterv
m 5.02e-1 5.21e-1 {4.136H40e-1}

k 2.26e-2 2.24e-2 {1.758D2e-2}

p 7.01e-1 7.22e-1 {6.61&B2e-1}

C 1.00e-5* 1.04e-5 {1.00€1515e-2}

a 2.46e-01 4.76e-1 {4.45e-2, 5.62e-
d 1.00e-2* 1.00e-2 {1.00e-0e-2}

q 3.00e0* 3.00e0 {2.98e8M0e0}

% 1.97e-4* 2.15e-3 {2.54e-5, 6-Be
LogL -6.16e3 -6.17e3 {-6.20em816e3}
Events 2.16e3 2.26e3 {2.04e3, 2.31e3}
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Table 9: Parameter estimatéantral Africa. Estimation results for the eight parameters ef th
ETAS model, the log likelihood and the number ofre for the Central Africa conflict catalog.
Estimates marked with a * are at, or very closelteir constraint values. The best estimate, that
is, the estimate of the run with the highest I&glihood, is given for each parameter.

Furthermore, the median and the 95% confidenceviaieare given.

Parameter Best value Median 95% Confidencevater
U 3.79%-1 3.5%-1 {3.01etB4e-1}

k 3.52e-2 3.80e-2 {2.02e-2, 4.2%e-
p 7.95e-1 7.96e-1 {7.486828e-1}

c 1.00e-5* 1.00e-5 {1.00€e1515e-5}

a 3.03e-1 1.86e-1 {4.49e-2, 8:2Fe
d 1.00e-2* 1.00e-2 {1.00et)1e-2}

q 3.00e0* 2.99e0 {2.968M0e0}

Y 3.21e-5* 5.65e-3 {8.02e-5, 2.29%e
LogL -3.13e3 -3.15e3 {-3.30€3.13e3}
Events 1.89e3 1.90e3 {1.68e3, 2.00e3}
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Table 10: Parameter estimateast Africa. Estimation results for the 8 parameters of thA&T
model, the log likelihood and the number of evéatdhe East Africa conflict catalog. Estimates
marked with a * are at, or very close to, theirstomnt values. The best estimate, that is, the
estimate of the run with the highest log likelihp@given for each parameter. Furthermore, the

median and the 95% confidence intervals are given.

Parameter Best value Median 95% Confidencevater
U 8.38e-1 8.54e-1 {7.69e-b62-1}

k 3.07e-2 2.96e-2 {2.25e-B8@-2}

p 7.14e-1 6.95e-1 {6.566-B0e-1}

c 1.00e-5* 1.05e-5 {1.00€1519e-5}

a 8.93e-2 6.13e-1 {1.09e-2, 5:2%e
d 1.00e-2* 1.00e-2 {1.00et0e-2}

q 3.00e0* 3.00e0 {2.978M0e0}

7\ 8.18e-5* 6.57e-3 {8.18e-5, 58}
LogL -8.39%¢e3 -8.42e3 {-8.86€8.39e3}
Events 4.59e3 4.68e3 {4.38e3, 4.88e3}
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Table 11rarameter estimates for the parametgts p anda of the ETAS model. The values

are the values from the 'Best Value' columns in@saB to 10. The last column gives the number
of events in the study period.

Region U k p a Events
North 0.460 0.0376 0.746 0.139 3518
West 0.502 0.0226 0.701 0.246 2164
Central 0.379 0.0352 0.795 0.303 1834
East 0.838 0.0307 0.714 0.0893 4617
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Table 12: Total number of expected and observedtsybackground events and triggered

events for each region. The expected numbers oftgwaee calculated using (12) to (14)

Region All Background Triggered
Expected Observed Expected Observed Expected Goserv

North 3558 3516 671 691 2887 2824
West 2160 2163 733 705 1427 1457
Central 1889 1834 553 525 1337 1308

East 4589 4616 1223 1255 3365 3361
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Table 13: Results for the Number of Events testHerdifferent regions. The estimated ETAS
model for each region is used to simullitg, = 100 catalogs. The median and 95% confidence
interval are calculated for the simulated catalagsyell as the relative difference (% dif.).

Furthermore, the probability (Prob.) that we obedhe number of events in the event catalog or
more events is in the final column.

Region Median Observed % dif. 95% Confidemderval}  Prob.
North 3101 3516 -11.8% {2737, 3592} 0.064
West 1933 2163 -10.6% {1774, 2107} 0.019
Central 1861 1834 +1.5% {1652, 2076} 0.62
East 4506 4616 -2.4% {4090, 4852} 0.34
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Table 14: Forecasts for the number of events walgmtudeM > 4 in 2017. The average

number of these events in the period 2012-2016/engthe number in 2016, the number
predicted by the model and the observed numbeveite in 2017.

Region Average Last year Model Observed
North 54.2 58 16.7 17
West 61.8 39 18.3 22
Central 23.2 13 13.8 39
East 58.4 50 30.5 69
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