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Abstract

Existing works on diffusion fail to account for the incapacitating effects conflict events may have on the operational
capability of the combatant sides and how these effects may determine the evolution of a conflict. I hypothesize that
it is those events with losses on the state side that are likely to be associated with geo-temporal spillovers, whereas
events with insurgency losses are less likely to be associated with future mayhem in their vicinity. To test my
arguments, I first introduce a new, comprehensive and detailed event dataset on the long-running civil conflict in
Turkey. The Turkish State–PKK Conflict Event Database (TPCONED) includes the exact date and county-level
location for the fatal events of the armed conflict between the Turkish state and the rebel organization PKK since its
very beginning in 1984 with detailed information on combatant casualties. I then employ a split population bi-probit
model which allows me to comprehensively depict the geotemporal evolution of the conflict by acknowledging,
estimating and accounting for the variation in the underlying conflict proneness across locations as a latent variable
that shapes the diffusion of events. The results of the statistical analyses offer support for my hypotheses and reveal
that how events evolve over space and time is conditioned by the damages suffered by the combatant sides.
I demonstrate the robustness of these results on a matched sample I obtain by employing the Coarsened Exact
Matching (CEM) on the data.
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Introduction

How do civil conflicts evolve over time and space? Are
they chaotic episodes of armed violence in fragile states
or is there a predictable pattern to the diffusion of events
that we can decipher? Given the prevalence and destruc-
tiveness of civil conflicts it is imperative that we answer
these questions, because if we can figure out the spatial
and temporal dynamics, we can then hope to devise pre-
emptive actions and policies to prevent or at least contain
these humanitarian disasters.

The literature on conflict diffusion is dominated
by works on international contagion and focuses on
the factors that facilitate the spread of civil conflicts
between countries (Buhaug & Gleditsch, 2008; Ward &
Gleditsch, 2010; Cederman, Girardin & Gleditsch, 2009;
Cederman et al., 2013; Lake & Rothchild, 1998; Lane,

2016; Salehyan & Gleditsch, 2007; Weidmann, 2015).
Compared to this rich literature on cross-country diffusion,
the literature on diffusion of events within conflicts is still in
its early stages. Nevertheless, existing studies have already
firmly established that conflict events exhibit spatial and
temporal interdependencies (Townsley, Johnson & Rat-
cliffe, 2008; Hegre, Ostby, & Raleigh, 2009; Lyall,
2009; Raleigh et al., 2010; Weidmann & Ward, 2010;
Schutte & Weidmann, 2011; O’Loughlin & Witmer,
2012). This strong result has then led scholars to explore
the mechanisms that explain this spatio-temporal cluster-
ing of violence. Recent works have theorized about and
provided empirical evidence for the role played by the

Corresponding author:
a.kibris@warwick.ac.uk

Journal of Peace Research
1–15
ª The Author(s) 2021

Article reuse guidelines:
sagepub.com/journals-permissions
DOI: 10.1177/0022343320978695
journals.sagepub.com/home/jpr

https://orcid.org/0000-0002-1913-0820
https://orcid.org/0000-0002-1913-0820
mailto:a.kibris@warwick.ac.uk
https://sagepub.com/journals-permissions
https://doi.org/10.1177/0022343320978695
http://journals.sagepub.com/home/jpr
http://crossmark.crossref.org/dialog/?doi=10.1177%2F0022343320978695&domain=pdf&date_stamp=2021-03-16


relative capabilities of combatants (Holtermann, 2016;
Beardsley, Gleditsch & Lo, 2015), accessibility of locations
via road networks (Zhukov, 2012), environmental condi-
tions (Carter & Veale, 2015), and retaliatory motives
(Braithwaite & Johnson, 2012; Linke, Witmer &
O’Loughlin, 2012) in determining the time and location
of conflict events. Surprisingly however, none of these
works pays any attention to the incapacitating effects
these events may have on the warring factions and how
these effects may determine the evolution of the conflict.
Even those studies that emphasize the tit-for-tat nature of
conflicts seem to have forgotten what Machiavelli
reminded Lorenzo Di Pierro De Medici 400 years ago:
‘(men) can avenge themselves of lighter injuries, of more serious
ones they cannot’ (Machiavelli, n.d.: 7).

In this study, I argue that how an insurgency spreads
within a country is associated with how conflict events
affect the operational capabilities of the warring sides, or
in Machiavelli’s words, with the amount of injury each
side suffers as a result of each event. Employing a split
population bi-probit model I test my arguments on a
new event dataset I introduce on the long running civil
conflict in Turkey. The results offer support for my
arguments. Confirming previous diffusion studies, I find
that once a civil conflict starts, geotemporal interdepen-
dencies play an important role in determining how
events evolve over time and space. Significantly contri-
buting to our understanding of these interdependencies,
and in line with my theoretical arguments, my findings
indicate that the geotemporal evolution of the conflict is
conditioned by the damages suffered by the combatant
sides, and that it is events with losses on the state side
that are likely to be associated with geotemporal spil-
lovers, whereas events with insurgency losses are less
likely to be followed by further violence in the
neighborhood.

In the next section, I discuss diffusion patterns in civil
conflicts and introduce my theoretical arguments. Then
I introduce my case, my data, my statistical model, the
results and robustness checks in the following sections.

Theory and literature

The conflict diffusion literature has two main branches.
The first branch focuses on international diffusion and
analyzes the mechanisms behind transnational spillovers
of violence. The works under this branch are in fact
cross-country studies of conflict onset that assess a coun-
try’s risk of experiencing a civil conflict based on its local
characteristics and its interactions with the outside
world. Among the interactions identified in this

literature as transborder carriers of conflict risk are
refugee flows (Salehyan & Gleditsch, 2007; Braithwaite,
2010; Rüegger, 2018), communication networks
(Weidmann, 2015; Beiser, 2016), circulation of arms
and combatants (Lane, 2016; Bara, 2018; Braithwaite &
Chu, 2018), learning and strategic emulation (Buhaug &
Gleditsch, 2008; Maves & Braithwaite, 2013; Hill,
Rothchild & Cameron, 1998; Forsberg, 2008; Ayres &
Saideman, 2000), and external sponsorship of insurgencies
(Gleditsch, Salehyan, & Schultz, 2008; Cederman, Girardin
& Gleditsch, 2009; Schultz, 2010).

The findings of this impressive literature provide the-
oretical and methodological insights for the second
branch which takes a micro-level approach to analyze
the within-conflict diffusion of violence. This literature
is still in its early stages; however, existing works have
already firmly established that conflict events exhibit a
strong spatial and temporal interdependency (Townsley,
Johnson & Ratcliffe, 2008; Hegre, Ostby & Raleigh,
2009; Lyall, 2009; Raleigh et al., 2010; Weidmann &
Ward, 2010; Schutte & Weidmann, 2011; O’Loughlin
& Witmer, 2012). Recent works have investigated the
mechanisms that explain this spatio-temporal clustering
and provided empirical evidence for the role played by
factors such as the accessibility of locations via road net-
works (Zhukov, 2012), environmental conditions
(Carter & Veale, 2015), internal displacements (Bohnet,
Cottier & Hug, 2018), and state coercion (Duffy Toft &
Zhukov, 2012) in determining the time and location of
conflict events. Interestingly however, attention is yet to
be paid to the incapacitating effects conflict events may
have on the warring sides, and how these effects may
influence the likelihood of geotemporal spillovers. This,
I argue, is a serious shortcoming. Civil conflicts involve
strategic actors making strategic decisions on whether,
when and how to act. It is, thus, not possible to construct
an accurate understanding of how conflict events evolve
over time and space without taking into account those
factors that shape these decisions. Operational capability
is one of the most important of such factors. Operational
capability refers to the capacity of conflict actors to carry
out successful combat operations against the adversary
on the battlefield, and is mainly determined by resources
available to them and their ability to successfully use
those resources (Tellis et al., 2000). Note that conflict
events can inflict damages on both of those determinants
of operational capability and as such can have incapaci-
tating effects on conflict actors.

The argument that the evolution of a conflict is asso-
ciated with how conflict actors are affected by events has
in fact already been raised by those works that emphasize
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the tit-for-tat nature of conflicts and the retaliatory
motives of conflict actors (Jaeger & Paserman, 2008;
Lyall, 2009; Haushofer, Biletzki & Kanwisher, 2010;
Linke, Witmer & O’Loughlin, 2012; Kocher, Pepinsky
& Kalyvas, 2011; O’Loughlin & Witmer, 2012;
Braithwaite & Johnson, 2012; Schutte & Donnay,
2014). However, even those works implicitly assume
that combatants will always have the capacity to react
against all instances of violence. In this study, I relax this
assumption by controlling for combatant casualties in
each violent event as a measure of the damage to the
operational capability of warring sides.

The size of the military force is an important resource
in all armed conflicts, but especially so for insurgents
fighting against powerful state adversaries. In fact,
the opportunity-cost theories of conflict onset posit the
availability of labor as the binding constraint on the
production of violence by insurgencies (Grossman,
1991; Mikulascheck & Shapiro, 2018). Most civil con-
flicts are fought between organized, well-armed, and size-
able state military forces and relatively much smaller and
ill-equipped insurgent groups.1 Balcells & Kalyvas
(2014: 1391) use the term ‘irregular conflicts’ to refer
to civil conflicts with such power asymmetry. The asym-
metry in resources in irregular civil conflicts means that,
compared to state forces, casualties are expected to be
more costly and debilitating for insurgents since each
combatant corresponds to a higher share of their opera-
tional capability. The relative difficulty of recruiting and
training replacements inflates this cost further. Heavy
losses against state forces may also have a deterrent effect
on both the insurgents and their civilian support base
which may then render recruitment even more difficult
and may even lead to defections.

The asymmetry in resources not only renders them
more valuable for insurgents but also shapes the way they
utilize them. Due to a state’s material advantages, insur-
gent groups stand a high risk of defeat if they try to fight
the state with conventional tactics in consistent theaters
of combat. They thus favor mobility and guerrilla war-
fare. Staying mobile helps them evade attacks. It also
gives them an opportunity to compete with the state’s
armed forces by varying targets and using the element of
surprise to their advantage (Beardsley, Gleditsch & Lo,
2015). McColl’s (1969) influential account of how

revolutionary insurgencies evolve also emphasizes the
need for mobility.

Note that this type of irregular warfare creates a
pattern in which insurgents proactively stage hit-and-
run attacks which then drive state forces into reactive
counterinsurgency operations.2 But, the insurgents’
capacity to sustain such a pattern depends on whether
they can hit their targets and run afterwards without
getting hit themselves. Casualty counts give us a grim
account of their success in doing so. While security
force casualties provide a measure of the hit the state
side takes, insurgency casualties provide a measure of
their (in)ability to run. It follows that with each insur-
gent casualty this pattern becomes less sustainable, and
the likelihood of future hit-and-run attacks in the vici-
nity goes down. On the other hand, state casualties can
be expected to bolster this pattern. It is reasonable to
expect damages on state forces to make it easier for
insurgents to escape after an attack. Successful attacks
may also boost morale among rebels, help them in their
efforts to gain public support and find new recruits
(Kalyvas, 2006) thereby allowing them to increase the
geotemporal scope of their activities.

Casualties are important in determining the actions of
state forces as well. The size advantage and the relative
ease of recruitment shield the operational capability of
state forces against losing soldiers, thus state casualties are
less likely to have a dampening effect on conflict activity.
On the contrary, in many cases, because losses on the
state side carry heavy political costs for state leaders
(Kibris, 2011), this can lead them to resort to retaliatory
actions that perpetuate violence (Jaeger & Paserman,
2008). Holtermann (2016) argues that state casualties
can also be seen as a measure of the relative capacity of
rebels and as such they can indicate higher likelihood of
future conflict events in the neighborhood. Relatedly,
losses in one area may lead to a transfer of state military
resources from nearby locations and may leave those
areas vulnerable.

If these are valid mechanisms then we should expect
events with insurgency casualties to curb the potential
for future events in nearby locations and events with
state security force casualties to be harbingers of geotem-
poral spillovers. The following two hypotheses are
derived from these expectations:

1 According to the Technologies of Rebellion dataset, during the
Cold War period, 66.34% of all major civil conflicts were
asymmetric (Kalyvas & Balcells, 2010).

2 Confirming this pattern, Linke, Witmer & O’Loughlin (2012: 6)
indicate that most attacks around Baghdad in the 2004–2009 period
were initiated by insurgents.
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Hypothesis 1: In irregular civil conflicts, casualties on the
state side are positively associated with future conflict
events in other locations in the neighborhood.

Hypothesis 2: In irregular civil conflicts, casualties on the
insurgency side are negatively associated with future
events in other locations in the neighborhood.

I test these hypotheses on a new and detailed event
dataset I introduce on the long-running civil conflict in
Turkey. The Turkish State–PKK Conflict Event Data-
base (TPCONED) includes the exact date and county-
level location for the fatal events of the armed conflict
between the Turkish state and the rebel organization
PKK in the 1984–2018 period with detailed information
on combatant casualties.

Statistical analysis of conflict diffusion offers an
empirical challenge because it comes with very specific
and demanding data requirements. In order to be able to
track the geotemporal path of violence, one needs a
comprehensive and complete event dataset with detailed
information on the time, location and characteristics of
conflict events. Comprehensiveness, which is full geo-
temporal coverage of the conflict, is important to make
sure that any observed association is not specific to a
period or a location. Completeness, which is not having
any missing observations, is even more important. Miss-
ing observations introduce a serious selection bias in any
statistical analysis, but they are even more problematic in
diffusion studies since with each missing observation
another step in the geotemporal progression of events
gets lost and the accuracy of the dataset in reflecting the
diffusion of violence weakens. TPCONED is a compre-
hensive and complete event dataset on the armed conflict
between the rebel organization PKK and the Turkish
state, and as such, it avails the armed conflict in Turkey
as a rich case study for understanding the geotemporal
dynamics of civil conflicts.

The conflict

Since late 1984, Turkey has been suffering from an
insurgency campaign led by the Kurdish separatist guer-
rilla organization the Kurdistan Workers’ Party (PKK).
The organization was first founded with the goal of
establishing an independent Kurdish state in southeast-
ern Turkey, though later on in the 1990s, it appeared to
have rolled back on its goal to a federational structure
that would grant more autonomy to the large Kurdish
minority in the country. The armed conflict between the
PKK and the Turkish security forces (TSF) has been
geographically concentrated in southeastern and eastern
regions which have traditionally been inhabited by

ethnic Kurds. First dismissed by Turkish governments
as the acts of a handful of outlaws, this irregular conflict
has been going on for more than 35 years.3 Financially, it
has cost the country billions of dollars. But more impor-
tantly, it claimed the lives of tens of thousands.

Figure 1 depicts the total number of TSF and PKK
casualties over time. As can be seen, the 1990s has been
the bloodiest period of the conflict. The insurgency
announced a unilateral ceasefire after its leader Abdullah
Öcalan was captured in 1999 and ceased its attacks in the
early 2000s. Unfortunately, peace in the area did not last
long and violence flared up again after 2004. The latest
ceasefire was announced in March 2013 as part of a
peace process which unfortunately broke down in July
2015 only to bring more bloodshed. Figure 2 depicts the
geographical distribution of combatant casualties at the
province level and reveals their geographical
concentration.

The Turkish State–PKK Conflict Event
Database – TPCONED

I test my hypotheses with a new, high-resolution event
dataset that I introduce in this study on the armed con-
flict between the rebel organization PKK and the Turk-
ish state. This is one of the longest running civil conflicts
in the world, and it plays an important role in the polit-
ical turmoil of the Middle East, and as such it has a lot to
tell us about civil conflicts. However, due to scarcity of
reliable data, it has been analyzed by only a handful of
empirical studies so far. I release the Turkish State–PKK
Conflict Event Database (TPCONED) with the hope of

Figure 1. Combatant casualties, 1984–2018

3 The Turkish prime minister of the time referred to the PKK as a
handful of outlaws after their first attacks in 1984 (Pulur, 2010).
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motivating those much-needed studies that will bring
this deadly conflict into the spotlight.

TPCONED (https://wrap.warwick.ac.uk/138227) is
a dataset on the fatal events of the armed conflict
between the rebel organization PKK and the Turkish
state that took place on Turkish soil and in which there
was at least one combatant casualty. It contains detailed
information on 7,063 conflict events with 17,308 PKK
casualties and 7,514 state casualties over the course of the
conflict in the 1984–2018 period.4 For each event, the
exact date, location at the county (town) level, location at
the province level, number of TSF and PKK casualties,
and the data sources are listed. The dataset has been in
the making since 2009, and relies on a wide range of
local sources which include reports and publications by
the Turkish Ministry of Defence, Turkish General Staff,
the Directorate General of Press and Information of
Turkish Prime Ministry and by various other state offices
and local administrations in Turkey; the archives of the
Gendarmerie Museum in Ankara; the digital and hard
copy archives of five major Turkish daily newspapers
(Cumhuriyet, Milliyet, Hürriyet, Sabah, and Zaman);
PKK publications; daily and yearly reports by the Turk-
ish Human Rights Association; scholarly works (Tezcür,
2016); and personal contacts and interviews with the
families of the casualties. I provide detailed information
on these sources in section A1 in the Online appendix.

Note that my sources belong to different political
affiliations and views. I cross-checked contentious events
across these sources to make sure that the resulting data-
set is as comprehensive and accurate as possible. A very
important thing to note here is that combatant casualties

do not only serve as a binary decision rule for an event to
be included in TPCONED but more importantly they
provide a solid confirmation of the validity of each event
in the dataset.

Turkey has a draft army and a mandatory military
service system that requires each Turkish man, when
he comes of age, to serve in the army for about a year.
This mandatory system is supported by a military and
religious culture that glorifies the army and service to the
country. When a soldier or a police officer dies in service,
he or she is considered a martyr, both legally and cultu-
rally. A state funeral is held for each of them in their
hometowns. These funerals have always been important
public events attended by high-level military and state
officials and thousands of locals. The national and the
local media cover the story of the fallen soldier or officer,
his grief-stricken family, and the funeral ceremony, and
by so extensively publicizing the casualties on the state
side, they create the most credible way of tracking down
the events and the geotemporal evolution of the conflict.

A similar glorification of combatant casualties is also
present on the PKK side. They also refer to their casu-
alties as martyrs and commemorate them by special pub-
lications. Although very limited compared to the
information on the Turkish side, such resources present
valuable information on conflict events.

Hence, all the events recorded in TPCONED have
been confirmed by information on the identity of the
each of the 7,514 TSF casualties involved and of a good
portion of the PKK casualties.5

To demonstrate the accuracy, precision and compre-
hensiveness gains that TPCONED accomplishes,

Figure 2. Total combatant casualties, 1984–2018

4 The dataset is continuously updated. Currently, events of 2020 are
being coded.

5 No personal information on the casualties is included in
TPCONED but anonymized information is available on request.
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I present a systematic and detailed comparison (á la
Donnay et al., 2018) of TPCONED and the UCDP-
GED database (Sundberg & Melander, 2013), which is
one of the most commonly used conflict event databases
by researchers, in section A2 in the Online appendix.
Note that the GED does not have any data on the con-
flict for its first five years, and then has only a total of
4,682 conflict events recorded for the 1989–2018
period. Moreover, of the recorded events, only 54%,
have location information at the county level, that is,
location at the county level is missing in 46% of the
observations. With nearly half the observations missing,
it becomes quite impossible to track the evolution of the
conflict at the county level with the GED data. Unfor-
tunately, the problem with missing observations persists
at larger geographical aggregations as well. For 7.5% of
the observations, reported location covers almost the
entire conflict zone.6

Another major problem that diminishes the quality of
existing conflict event databases is that most of them rely
on international news agencies. Going back to the GED
example, nearly all the observations under theTurkish
state–PKK conflict are coded from sources like the BBC,
Reuters, Agence France Press, etc. Admittedly, these
international news agencies themselves rely on local
sources for information, but they tend to rely more on
state sources or agencies which, in many cases, feed them
with biased information. In the Turkish case for exam-
ple, they mostly rely on the Anadolu (News) Agency
which is in fact owned and controlled by the Turkish
state. Moreover, they tend to be biased towards more
substantial events in their reporting while ignoring
smaller ones. They also tend to summarize the informa-
tion they receive from local sources and leave out certain
details, like precise location of the event, which they
deem irrelevant for their international readers. Moreover,
in many cases, a lot gets lost in translation.

Statistical model and analyses

Simply stated, diffusion refers to the temporal and geo-
graphical spread of conflict events. In this study, I define
a conflict event as any conflict-related lethal violence that
results in the death of at least one combatant. I use
casualties as a measure of the size of losses in terms of
operational capability of each warring faction in each
conflict event.

In most civil conflicts, violence remains geographi-
cally clustered, and a great deal of places never experience
any events while a small subset of locations accounts for
nearly all the violence in a recurring fashion. Civil con-
flicts are violent struggles about state formation (Wein-
stein, 2007; Tull, 2004; Pegg, 1998), in other words,
insurgencies are would-be states. Note that no such
would-be-state-maker takes up arms without a targeted
territory. Insurgents may target to take over a country as
a whole or some parts of it, either because it is the ethnic
homeland, the promised territory, or because it is rich in
economic resources, or home to ideologically sympa-
thetic populations, etc. The fact that insurgents target
certain territories implies that there is an underlying,
base risk distribution over space, and that the geotem-
poral evolution of the conflict is correlated with this
distribution. This implication is consistent with the
observed geographical clustering of conflict events. It is
also consistent with McColl’s (1969) account of how
insurgencies evolve. The targeted base areas become the
hubs of conflict events, the areas in their periphery expe-
rience relatively fewer incidents as insurgents try to
expand, and the rest of the territory remains outside the
conflict zone. But if particular territorial units are not
likely to experience any conflict events, then their inclu-
sion in the sample may lead the diffusion analysis astray.
Braumoeller & Goertz (2002) and Mahoney & Goertz
(2004) argue that including irrelevant cases where the
outcome of interest is impossible induces erroneous
inference. Having said that, trying to exclude them can
also be very problematic since it requires distinguishing
between the relevant and irrelevant areas when relevancy
is unobservable. Any ad hoc identification risks exclud-
ing relevant areas or including irrelevant ones. Note that
a similar problem had been discussed in the study of
international conflicts. There the argument is that some
country dyads, because they lack any opportunity to
fight, are not relevant for an empirical study on the
determinants of international war. To deal with this
problem, Clark & Regan (2003) and Xiang (2010) pro-
pose split population models in which they estimate
relevance as a latent variable. In this study, I follow their

6 The Global Terrorism Database (GTD, 2020) which is also
commonly used in conflict studies, includes even fewer
observations with only 2,208 events recorded for the conflict
between the Turkish state and the PKK. Moreover, the database’s
coverage remains very sparse for the 1990s which, as Figure 1 depicts,
is the most intense period of the conflict. A more serious shortcoming
for my purposes is that the GTD reports fatalities in aggregate
without any breakdown, thus, it does not allow one to assess the
losses of the sides. Finally, data source is missing for 850 (38.5%)
observations and location is coded as unknown for 14% (309) of the
recorded events.

6 journal of PEACE RESEARCH XX(X)



proposition and employ a split population bi-probit
model to analyze the geotemporal evolution of conflict
events.

In a split population model an additional binary
choice regression – used as a selection step – is added
to a standard statistical model to capture the idea that
there are two data-generating processes behind the
observed data. In the context of modelling civil conflict
diffusion, the selection step is meant to estimate the
underlying risk distribution over territorial units and
identify the potential base areas. A split population
model, in that sense, can be used to bring together the
civil conflict onset literature which explains the occur-
rence of violence in relation to specific conditions exist-
ing prior to the conflict, and the diffusion literature
which emphasizes the importance of geotemporal
interdependencies.7

My dependent variable Yi, t is a binary incidence vari-
able that takes on the value 1 if a conflict event took
place in location i in time t, and 0 if not, and

Yi; t*0 with probability 1 �pi and

Yi; t*Fi; twith probability pi

where Fi, t is a cumulative distribution function for a
binary choice model.

Let pi ¼ Gi where Gi is also a cumulative distribution
function for a binary variable. Then, because the zero
outcome is generated by both the binary choice models
Gi and Fi, t, we have

Yi; t¼ 0 with probability 1 � Gið Þþ Gi 1 � Fi; t
� �

and

Yi; t¼ 1 with probability GiFi; t

under the assumption that the two distributions are
independent. Here, Gi determines the distribution of
underlying conflict risk and Fi, t determines the distri-
bution of event risk. Note that the underlying risk is not
observable. We only observe whether a location experi-
ences a conflict event at a given time or not.

The independence assumption is not a reasonable one
in a civil conflict context. Locations with high underly-
ing risk will most probably have high probability of
experiencing conflict events. I therefore adopt a bivariate
standard normal distribution to model the two correlated
cumulative distribution functions. As a result, the above
model becomes

Yi; t¼ 0 with probability ½1 �F2ðbXi; t; gZi; t; �Þ�

Yi; t¼ 1 with probability F2ðbXi; t; gZi; t; �Þ

where F2 is the bivariate standard normal cumulative
distribution function and � is the correlation coefficient.
Z is the vector of covariates that affect the base risk, and
X is the vector of covariates that affect the probability of
diffusion. This is very similar to the binary choice model
Xiang (2010) employs in the context of international
war.

The subscripts i and t designate time and space units
to be used. In terms of designating space, the literature
hosts two approaches. The first approach makes use of
administrative divisions (Holtermann, 2016; Weidmann
& Ward, 2010; O’Louglin & Witmer, 2012; Zhukov,
2012) to identify distinct spaces. Scholars justify the dis-
tinctiveness of administrative units by referring to their
socio-economic differences. However, as Schutte &
Weidmann (2011: 147) argue ‘administrative bound-
aries may have little relevance in civil wars, since they
can be crossed easily by armed forces’. But this concern is
even more valid for the second approach which divides
the area of study into grid cells of equal size and treats
each grid cell as a distinct space (Schutte & Weidmann,
2011; Raleigh & Hegre, 2009; Townsley, Johnson &
Ratcliffe, 2008). Unfortunately, there is not much dis-
cussion in the works that employ geographical grids on
what makes two adjacent grid cells distinct spaces from
the perspective of conflict actors and/or for the sake of
conflict dynamics. To deal with the ad hoc nature of this
gridding exercise, two alternatives have been offered so
far. The more commonly adopted alternative is to repeat
the analyses with multiple grid sizes. While this practice
may help ease concerns about the robustness of esti-
mated associations, it does not provide any theoretical
justification for the relevance of resulting geographical
units. Moreover, exact event coordinate information is
very hard to come by. Most conflict event databases,
including the GED, report the coordinates of the admin-
istrative unit in which the event takes place. The second
alternative is offered in a recent study by Schutte (2017)
where he employs a point process model (PPM) in
which, rather than relying on predefined spatial units,
suitable spatial windows are heuristically defined from
the distribution of events over territory. As Schutte
(2017: 454) argues, these windows offer a better alter-
native to ad hoc spatial grids but are so far limited to
cross-sectional analysis as ‘the introduction of a temporal
dimension provides additional challenges’.

7 The identification restrictions are discussed in Section A3 in the
Online appendix.
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Schutte & Weidmann (2011) argue that spatially
aggregating conflict activity leads to a loss of informa-
tion, and they favor using as fine a spatial resolution as
possible with the data to hand. In this study, I follow up
on their advice and estimate my model under the highest
spatial resolution possible with my data, namely, the
county level. This is quite a high resolution especially
considering that I am able to sustain it across all events
throughout the whole span of the conflict and that it
cannot be attained by any of the other available datasets.
Moreover, my socio-economic controls are able to match
the geographical resolution of my event data. To make
sure that my results are not specific to any time aggrega-
tion, I estimate my model under monthly, quarterly,
half-yearly and yearly time denominations.

My X vector of diffusion covariates contains control
variables for within-conflict dynamics. To control for the
geotemporal interdependencies, I include the length of
the last peace spell; the percentage of past periods with
conflict incidences; one-period lagged state casualties;
one-period lagged insurgent casualties; one-period lagged
inverse-road-distance-weighted state casualties in other
counties; and one-period lagged inverse-road-distance-
weighted insurgent casualties in other counties. These
last two are the control variables of interest for this study
as they are the spatio-temporal lags whose association
with the dependent variable will inform us about the
extent and nature of geotemporal spillovers. Unlike exist-
ing studies, I do not limit geotemporal interdependen-
cies to immediately neighboring administrative units or
units within a fixed distance. Instead, my spatio-
temporal lags take into account all events of the previous
period after assigning them weights according to dis-
tance. Accordingly, the one-period lagged inverse-road-
distance-weighted insurgent casualties for county i at
time t is

X
k 6¼i

1=dkið Þ state casualtiesð Þk; t�1

where dki is the road distance between county k and
county i in kilometers. Similarly,

X
k 6¼i

1=dkið Þ insurgency casualtiesð Þk; t�1

is the spatio-temporally lagged insurgency casualties for
county i at time t8. I use road distances to calculate these

spatial lags in order to account for the role of the road
networks in facilitating the spread of violence (Zhukov,
2012).

I also control for area, border status and percentage
of rural mountainous terrain across counties. Finally,
I include season and year dummies to capture the seaso-
nal and yearly variations.

My Z vector of covariates for base risk includes a rich
set of controls which depict the socio-economic situation
at the start of the armed conflict. I control for percentage
of farmers with no land; percentage of farmers with more
than 100 acres of land; number of mosques per village;
percentage of villages with no drinking water; percentage
of villages with no electricity; unemployment rate; lit-
eracy rate and level of urbanization across counties as
measures of state capacity and reach, and as indicators
of economic development and welfare. Economic grie-
vances and low state capacity create fertile environments
for insurgencies (Holtermann, 2012). I also control for
the percentage of villages whose names were changed by
the state as a measure of ethnic discriminatory policies.
Ethnic discrimination is identified as an important factor
that increases the vulnerability of a country to experience
conflict (Metternich, Minhas & Ward, 2017; Cederman
et al., 2013; Cederman, Wimmer & Min, 2010). Relat-
edly, I also control for the ethnic distribution of the
population across counties to account for the potential
support base of the PKK.

Finally, I control for the percentage of mountainous
area, border status, and population across counties
(Fearon & Laitin, 2003; Do & Iyer, 2010; Weidmann
& Ward, 2010; Zhukov, 2012; Holtermann, 2016;
Cederman, Girardin & Gleditsch, 2009; Cederman
et al., 2013).

I provide a detailed discussion on the control variables
in Section A4 in the Online appendix along with descrip-
tive statistics and a visual representation of their predic-
tive power in terms of the base risk of conflict across
counties.

Results

Table I presents the estimated parameters of the bivariate
probit model under monthly, quarterly, half-yearly, and
yearly time aggregations.

8 Simply put, for each county i, these expressions add up the
casualties that took place in all other counties in the previous
period after dividing the casualty count from each county by the
road distance between that county and county i. This way,
casualties elsewhere are weighted according to their distance from

county i. Consequently, casualties from nearby counties get
assigned a higher weight in the calculation of the weighted average,
whereas casualties that took place in faraway counties are divided by
their higher distances and so get assigned much smaller weights.
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Table I. Partial observability bivariate probit results

Unit of
observation:

County-month
(1984-2018)

Number of obs.:
266,845

Unit of observation:
County-quarter year

(1984-2018)
Number of obs.:

88,734

Unit of observation:
County-half year

(1984-2018)
Number of obs.:

44,367

Unit of
observation:

County-year
(1984-2018)

Number of obs.:
21,862

Within-conflict dynamics
Length of last peace spell -0.004** -0.012** -0.054** -0.037*

(-13.16) (-12.35) (-5.63) (-2.13)
Percentage of past time periods with

conflict events
0.035** 0.030** 0.017** 0.012**

(10.06) (16.60) (10.59) (9.42)
Inverse-distance-weighted state casualties

in other counties in t-1
1.284** 0.619** 1.280** 0.827**

(6.43) (6.25) (4.82) (5.92)
Inverse-distance-weighted insurgent

casualties in other counties in t-1
0.084y -0.069** -0.119** -0.158**

(1.90) (-2.09) (-2.74) (-4.27)
State casualties in the county in t-1 0.102** 0.047** 0.060* 0.158**

(6.08) (5.34) (2.19) (2.73)
Insurgent casualties in the county in t-1 0.020* 0.012** 0.025** 0.067**

(2.41) (2.99) (3.21) (2.79)
County area in km squares 0.0001** 0.0001** 0.0001* 0.0001*

(4.04) (3.52) (2.50) (2.39)
Percentage of mountainous terrain in

rural area
0.002* 0.003** 0.001 0.001

(2.02) (3.07) (0.22) (0.20)
Border status 0.037 0.028 0.056 0.115

(0.56) (0.55) (0.45) (0.88)
Estimated parameters for seasonal and year dummies are not

reported.
Base risk

Percentage of mountainous terrain in
rural area

0.002 0.001 0.006 0.004
(0.80) (0.27) (0.99) (1.09)

Percentage of villages whose names were
changed by the state

0.007** 0.008* 0.006* 0.004*
(2.66) (2.27) (2.02) (1.97)

Percentage of landless farmers 0.013** 0.008 0.011y 0.007**
(3.02) (1.45) (1.88) (2.94)

Percentage of farmers with more than
100 acres of land

-0.023** -0.021** -0.014* -0.010**
(-3.45) (-3.09) (-2.17) (-2.98)

Number of mosques per village -0.590** -0.260y -0.423* -0.223*
(-4.32) (-1.68) (-2.47) (-2.49)

Percentage of villages with no drinking
water

0.005 -0.002 0.003y 0.002
(1.15) (-0.70) (1.93) (1.27)

Percentage of villages with no electricity 0.004y 0.003 0.005y 0.003y

(1.81) (1.46) (1.86) (1.95)
Border status 0.478 0.798** 0.341 0.159

(1.32) (3.26) (1.09) (0.88)
Percentage of ethnically Kurdish

population
0.031** 0.081** 0.013* 0.010**

(4.49) (4.98) (1.98) (3.21)
Urbanization rate -0.009 -0.004 -0.009 -0.002

(-1.39) (-0.56) (-1.46) (-0.62)
Literacy rate 0.008 -0.013 0.008 0.004

(0.95) (-1.03) (1.06) (0.87)
Unemployment rate 0.107* 0.094* 0.085 0.041

(2.51) (2.22) (1.54) (1.74)

(continued)
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The estimated coefficients for the within-conflict-
dynamics equation reveal the importance of geotemporal
interdependencies. The longer a county stays peaceful
the less likely it becomes to experience violence. Simi-
larly, counties with more troubled histories, measured by
percentage of past times with conflict events and with
casualties in the county itself in the previous period, are
more likely to experience conflict events.

As hypothesized, results indicate that geotemporal
spillovers are conditioned by the losses of the sides. The
estimated parameters for the inverse-distance-weighted-
lagged-casualties indicate that it is the state force casual-
ties in an area that are heralds of conflict events in nearby
locations. On the other hand, events with insurgent
casualties have a significant dampening impact on future
events in the vicinity especially in the long run. These
results are consistent with the asymmetric power struc-
ture in civil conflicts and with a rebel strategy of hit-and-
run attacks whose likelihood of spilling over to nearby
locations increases as state forces incur more military
losses and decreases as insurgents themselves get hit.

The estimated parameters of the base risk equation
point towards the importance of state reach and control.
Mosques as preachers of state ideology, and big land-
owners as the agents of the state in the rural areas seem
to make an important dampening impact on the under-
lying conflict risk.

As expected, base risk is significantly higher for coun-
ties with higher Kurdish population percentages. Those
locations which had been subject to discriminatory state

policies and had their names Turkified by the state have a
higher likelihood of being part of the conflict area.

Difficult terrains are not significantly associated with
the base risk but they facilitate the diffusion of violence
in the short run.

To make sure that these results are not specific to the
bi-probit model, I replicated the foregoing analyses with
a simple logit model as well. The estimated associations
between the incidence probability and the control vari-
ables remain similar in direction but get statistically
stronger.9 I present the results in Table A5 in the Online
appendix.

Figure 3 plots the average marginal effects of spatio-
temporally lagged casualties in order to give a better
understanding of their relative substantive significance.
The marginal effect of a variable corresponds to the aver-
age expected change in the estimated probability of
observing a fatal conflict event in county i at time t given
a marginal change in that control variable while other
control variables are evaluated at their mean values. As
can be seen, the spatio-temporal lag of state casualties has
a high marginal effect on the probability of diffusion.
The average marginal effect of a unit increase in
inverse-distance-weighted state casualties on the prob-
ability of observing a fatal conflict event at county i in

Table I. (continued)

Unit of
observation:

County-month
(1984-2018)

Number of obs.:
266,845

Unit of observation:
County-quarter year

(1984-2018)
Number of obs.:

88,734

Unit of observation:
County-half year

(1984-2018)
Number of obs.:

44,367

Unit of
observation:

County-year
(1984-2018)

Number of obs.:
21,862

Population in 10 thousand 0.016** 0.012** 0.022** 0.012**
(2.77) (2.84) (2.99) (3.05)

Wald Chi-square 3,786.69 3,604.00 687.50 269.11
Correlation (rho) between the two

equations
(robust standard error)

0.341 0.684 -0.231 -0.912
(0.191) (0.131) (0.325) (0.282)

Wald test of rho¼0: Chi-square 2.70* 11.56** 0.47 10.45**

Standard errors are adjusted for 648 counties.
z-values in parenthesis.
y p < 0.1, * p < 0.05, ** p < 0.01.

9 I also reran the model after controlling for the vote share of the
ethnically Kurdish parties across counties in the 1995, 1999, 2002,
2015, and 2018 general elections. The inclusion of this control either
in the base risk or the diffusion equation does not create any
substantive difference in the results which are available upon request.
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time t ranges from 2.5% to 7.1% across different
temporal aggregations. On the other hand, the average
marginal effect of a unit increase in inverse-distance-
weighted insurgency casualties ranges from (-1.3) % to
0.0% depending on the time unit.10

Robustness of results

In this section, I employ the Coarsened Exact Matching
(CEM) (Blackwell et al., 2009) technique as a robustness
check on my results.

Matching is a nonparametric method of controlling
for some or all of the confounding influence of pretreat-
ment control variables. The key goal of matching is to
prune observations in order to better approximate
experimental conditions in observational data. More spe-
cifically, a statistical matching criterion based on the
similarity of confounding factors or their effect on the
probability of treatment is used to pair treated and
untreated observations, and only those matched observa-
tions are retained in the dataset while the unmatched
ones are discarded. I argue that matching is a good
robustness check for the results I obtain from the split
population bi-probit model because it in fact offers
another way of defining the relevancy of observations
based on their similarity in terms of treatment likelihood.
Those unmatched observations are left out as irrelevant
for the purpose at hand.

The predicted base risk gives me a composite pre-
treatment variable subsuming the socio-economic
pre-conflict variables across which I can match my
observations. Note that matching techniques are usu-
ally employed on cross-sectional data with binary

treatments, whereas I have a panel dataset and my treat-
ment, i.e. the spatio-temporally lagged casualties, is by
design a continuous variable. The panel nature of the
data is easily incorporated by treating groups of obser-
vations under each time unit as a separate cross-section
subset and by conducting matching within each of these
subsets.11 The continuous treatment variable is a more
challenging obstacle. Matching methods have rarely been
applied to a continuous treatment. Researchers have
proposed techniques to generalize the binary case to
continuous treatments (Hirano & Imbens, 2004; Bia
& Mattei, 2007; Fong, Hazlett & Imai, 2018); never-
theless, these techniques come with some untrivial
assumptions (Fong, Hazlett & Imai, 2018) which are
not suitable for my purposes.

Instead, I adopt the more common approach in
applied social sciences and binarize my treatment. My
binary treatment variable takes on the value 1 if location i
at time t has a high inverse-road-distance-weighted aver-
age of conflict event incidences in the neighborhood at
time t-1 and zero otherwise. Formally, I define my treat-
ment variable as

Treatmenti; t ¼ 1 if
X

k 6¼i
1=dkið Þ incidenceð Þk; t�1

> 90thpercentile

Treatmenti; t¼ 0 otherwise

where dki is the road distance between locations k and i
in kilometers.

The choice of the cutoff value is based on the distri-
bution of the treatment variable and is chosen to dis-
tinguish between observations with high and low
spatio-temporal incidence lags. To make sure that my
results do not depend on my choice of cutoff value,
I repeated the exercise with different cutoff percentiles
such as the 75th and the 95th, and obtained substan-
tively similar results.12

I then use the CEM to match my observations. I then
run a probit regression with clustered errors at the county
level on my matched sample. Table II presents the
results.13 As can be seen, the estimated coefficients still
associate events with state force casualties with higher
risks of future events in the vicinity, while events with

Figure 3. Average marginal effects with 95% CIs

10 I report the estimated average marginal effects for all control
variables in Table A4 in the Online appendix.

11 Otherwise, for each location, observations over time get matched
to each other.
12 Results available upon request.
13 The results are very similar when socio-economic controls are
included (and they are available upon request) but please note that
in this subsample they are already controlled for by matching.
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insurgency casualties are associated with lower risks of
mayhem in the neighborhood in the long run.

Conclusion

Kalyvas (2008) applauds the emergence of the literature
on micro-dynamics of civil conflicts as a very exciting
development that deepens our understanding of political
violence. But he also points out some recurrent flaws in
the literature stemming from ‘insufficient theorization,
superficial engagement with the case at hand and reliance
on off-the-shelf datasets’ ( Kalyvas, 2008: 398). My start-
ing point in this study echoes Kalyvas’ criticisms specif-
ically for the emerging literature on within-country
diffusion of civil conflicts.

I argue that existing works fail to acknowledge that
conflict events can have incapacitating effects on warring
sides. I tackle this shortcoming by hypothesizing that the
geotemporal interdependency among conflict events is
conditioned by the impact these events have on the

operational capability of the sides of the conflict. I then
test my hypotheses on a new and detailed event dataset
on the long-running civil conflict in Turkey.
TPCONED has been in the making for more than a
decade. It relies on a wide range of local sources from
different political affiliations and views, and as such
offers comprehensive, accurate, high resolution and
unbiased coverage of the long-running civil conflict
between the Turkish state and the rebel organization
PKK. I release TPCONED with the hope that it will
be a valuable resource especially for in-depth studies on
micro-level dynamics of civil conflicts.

One important point to note here is that the hypoth-
eses tested in this study are about the diffusion patterns
of irregular civil conflicts, and not about their outcomes
or their level of violence. While the first hypothesis does
imply that an irregular civil conflict is likely to continue
and geographically expand as long as rebels are able to
inflict damages on state forces, this implication does not
allow us to conclude on a rebel victory in such conflicts.

Table II. Results of the probit regression on matched sample

Unit of observation: Unit of observation: Unit of observation:
Unit of

observation:
County-month
(1984–2018)

County-quarter
(1984–2018)

County-halfyear
(1984–2018)

County-year
(1984–2018)

Number of obs.:
94,206

Number of obs.:
33,029

Number of obs.:
15,739

Number of obs.:
11,528

Length of last peace spell -0.006** -0.015** -0.063** -0.076**
(-4.52) (-5.96) (-4.82) (-4.22)

Percentage of past time periods with conflict
events

0.041** 0.034** 0.020** 0.019**
(8.81) (12.13) (15.64) (18.12)

Inverse-distance-weighted state casualties
in other counties in t-1

1.387** 0.648** 0.890** 0.671**
(4.99) (3.97) (9.33) (8.90)

Inverse-distance-weighted insurgent
casualties in other counties in t-1

0.182 0.064 -0.107** -0.103**
(1.51) (1.14) (3.86) (4.16)

State casualties in the county in t-1 0.096** 0.011 0.041** 0.035**
(3.04) (0.98) (3.57) (3.16)

Insurgent casualties in the county in t-1 0.017 0.015* 0.012** 0.022**
(1.40) (2.20) (3.20) (4.19)

County area in km squares 0.0001** 0.0002** 0.0001** 0.0001**
(3.24) (5.85) (4.71) (3.67)

Percentage of mountainous terrain
in rural area

0.001 0.002y 0.0003 0.001y

(0.79) (1.75) (0.36) (1.73)
Border status -0.086 -0.091 0.040 0.096y

(-0.94) (-0.91) (0.68) (1.74)

Estimated parameters for seasonal and year dummies are not reported.
Robust errors clustered at the county level.
z-values in parenthesis.
y p < 0.1, * p < 0.05, ** p < 0.01.
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In fact, we know from cross-country studies that irregu-
lar civil conflicts do last long, but because of the power
asymmetry that characterizes them, are mostly won by
incumbents (Balcells & Kalyvas, 2014; Kalyvas & Bal-
cells, 2010).

Similarly, while the second hypothesis does imply that
states can curb the geographical spread of conflict events
by inflicting damages on the insurgents, this implication
does not mean that states can resolve conflicts by going
on a killing rampage. Military coercion, as the theoretical
arguments and the empirical results here indicate, can be
effective in containing or even extinguishing violence in
the short run, but it must be remembered that civil
conflicts are population-centric contests with social,
political and economic dimensions. Insurgent organiza-
tions will have the ability to generate political support
and continue their violent campaign as long as states fail
in their counterinsurgency efforts to address those social,
economic and/or political problems and to secure the
loyalties of civilians. The Turkish case itself is a good
example. Turkish security forces dealt a major blow to
the PKK through their use of extensive military coercion
in the 1990s and even captured its leader Abdullah Öca-
lan in 1999. The PKK then declared a unilateral cease-
fire. Many commentators heralded this as the PKK’s
defeat and as the end of the conflict (Bila, 2000; Cemal,
1999). However, because subsequent Turkish govern-
ments failed to take the necessary steps to address the
political, economic and social problems underlying the
conflict, the organization easily recovered in the early
2000s and violence resumed.

Finally, results must be tempered by the study’s limita-
tions. First, it must be admitted that, rather than absolute
numbers, the ratio of casualties to group size in each loca-
tion at each time period provides a better measure of the
extent of the damage on the operational capabilities of the
sides. Not surprisingly though, for strategic purposes, no
army or insurgent organization reveals such information,
hence working with ratios remains as an ideal.

Second, it must be emphasized that this is a single-
case study. While the media coverage of ongoing con-
flicts around the world offers ample anecdotal evidence
of the generalizability of results,14 a comparative study is
yet to be conducted.

Replication data
The dataset, codebook, and do-files for the empirical analy-
sis in this article, along with the Online appendix, can be
found at http://www.prio.org/jpr/datasets. All statistical
analyses were conducted using Stata15. TPCONED is
available at the University of Warwick Research Archive
Portal https://wrap.warwick.ac.uk/138227.
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