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Abstract

This study adopts a stochastic framework using a continuous-time birth-death process to analyze
transition probabilities between compartments and develop the Kolmogorov master equation. By
employing the probability generating function, the research derives expectation equations for each
population segment, offering valuable insights into the system's dynamic behavior. Through stochastic
modeling, the study highlights the necessity of a novel approach to combating terrorism. Simulations
conducted with the adaptivetau package in R reveal that while military intervention remains
significant, it must be augmented with strategies targeting the root causes of radicalization. The
findings emphasize the importance of dialogue and rehabilitation efforts, underscoring the critical role
of non-kinetic measures in achieving sustainable stability. The study concludes by recommending an
integrated strategy combining military actions with dialogue-based initiatives.
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INTRODUCTION

The tragic events of September 11, 2001, marked a pivotal moment in the global fight against
terrorism (Sandler, 2014). The rise of extremist groups such as Boko Haram, a radical Islamist
organization, has compounded the challenge. Their 2011 attack on the United Nations
headquarters in Abuja starkly illustrated the shifting and intensifying nature of the threat
(Nossiter, 2011). In Nigeria, terrorism has brought widespread devastation, including loss of
lives, destruction of property, and pervasive fear and insecurity (Chinwokwu, 2018). This
escalating violence has displaced millions internally and severely impacted Nigeria’s global
reputation (Abdu, 2018).

Reports, such as the African Insurance Organization’s 2012 findings, underscore the alarming
prevalence of kidnapping for ransom, a profitable activity often linked to terrorism (Catlin,
2015). Nigeria has remained among the world’s most terrorized nations since 2015, ranking
behind only Iraq and Afghanistan according to the 2020 Global Terrorism Index (GTI).
Although the majority of attacks are concentrated in the north, states like Gombe, Kano,
Kaduna, Jos, Bauchi, and even the capital, Abuja, have also suffered significant violence. The
human toll is immense. Thousands have lost their lives to groups like Boko Haram (Laden,
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2012), resulting in a massive number of internally displaced persons (IDMC, 2015). High-
profile incidents, including the 2014 abduction of schoolgirls and subsequent kidnappings,
have underscored the brutality of these groups (Abdalla et al., 2017; Bolaji, 2018). Currently,
Nigeria contends with over 3.3 million internally displaced individuals, a stark testament to
the devastating human cost of terrorism (IDMC, 2015).

For instance, agent-based models (ABMs) have gained prominence for their ability to simulate
the interactions between individuals, terrorist networks, and government agencies, providing
insights into the spread of extremist ideologies and the impact of interventions (Smith &
Johnson, 2021). These models have been particularly useful in understanding the resilience of
groups like Boko Haram, which continue to adapt to military and policy responses (Okoli &
Onuoha, 2022). Additionally, machine learning algorithms have been integrated with
traditional mathematical frameworks to analyze large datasets, such as social media activity,
to predict potential terrorist activities and identify recruitment patterns (Khan et al., 2023).
Such advancements have enabled policymakers to design targeted strategies that address
both the symptoms and root causes of terrorism.

In Nigeria, the application of mathematical models has been critical in addressing the
persistent threat posed by Boko Haram and other extremist groups. Recent studies have
utilized spatial-temporal models to map the geographic spread of terrorist activities,
identifying regions at high risk of attacks and enabling proactive measures (Adeyemi et al.,
2021). These models often incorporate data on population displacement, poverty levels, and
political instability, reflecting the complex interplay of factors driving terrorism in the region
(Idowu & Okafor, 2023). Furthermore, game-theoretic approaches have been employed to
analyze the strategic interactions between terrorist groups and security forces, offering
recommendations for optimal resource allocation and policy design (Eze et al., 2022). Despite
these advancements, challenges remain, including data scarcity and the unpredictable nature
of human behavior. Nevertheless, the integration of mathematical models with real-time data
and advanced computational techniques holds promise for enhancing the effectiveness of
counter-terrorism

This study examines the transmission dynamics of terrorism in Nigeria, with the goal of
developing more effective control measures. It seeks to enhance understanding of this
complex issue, raise public awareness about the dangers of terrorism, and provide
policymakers with actionable insights to strengthen their efforts against it. By analyzing the
multifaceted nature of this challenge, the research aims to contribute meaningfully to the
ongoing discourse on combating terrorism in Nigeria and beyond.

MATERIALS AND METHOD

A model was developed to examine the transitions of individuals across various stages,
incorporating factors such as recruitment, radicalization, counter-terrorism efforts, and
rehabilitation programs. The dynamics of terrorism were represented as a continuous birth-
death stochastic process. The model is visually depicted in the accompanying diagram. The
model consist of Susceptible individuals (S) whom are likely to become a member of Boko
Haram or to have their ideology in mine over time, when they come in contact with the
Terrorist class (T). The Moderate class (M) or individual are those who adopted their ideology
but partially and are not easily detected and they have not yet become a terrorist group. Some
of the terrorist class moved to extreme and become combatant in exchange of fire with the
military. But the intervention of military strategies, while some of the terrorist group become
Repentant (R) and are surrendered and moved to rehabilitation or radicalized class (Rh) and

A. U Kinafa, A. A. Misal, H. S. Danjuma, DUJOPAS 11 (1d): 35-46, 2025 36



Modeling the Dynamics of Terrorism with Control Strategies in Nigeria

later may form part of susceptible class. The Population of combatant class is then Detent (D)
as depicted from the model diagram below:
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Figure 1: Model diagram with some interventions and control effect on the transmission of terrorism.
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Table 1: Parameter Interpretation

Parameter

Interpretation

S A®" g H X8 POoov QT ™ >

Input rate (birth rate)
Contact rate
External recruitment
Intervention strategy.

Rate at which a Terrorist recovered from their activities
Rate of progression from Repentant to Rehabilitation
Rate of Progression from Combatant to Detention Facility
Rate of ideology development
Rate at which susceptible make contact with the terrorist
Proportion of movement from terrorist to the combatant or repentant compartment
Rate of progression from exposed to Rehabilitation
Natural Death
Death due to terrorism
Death due to torture
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Continuous Time Markov Chain
Definition Let X(#) be the state at time (t) and t = 0, A stochastic process X(t), t = 0 on state S is
said to be a Continuous Time Markov Chain (CTMC), if for allijinSand t>0

P(X(s+t)=j/X(s)=i,X(u),0<su<s)=P(X(s+t)=j/ X (s)=i) The CTMC s said to

be Homogenous if for all t, sZOif,P(X (S+t): jI X (S):i): P(X (t): j/ X (S):i) 2

Let X(t) be the number of populations in the compartment at time (t). Let A(t) be the stochastic
birth-rate, u(t) be the stochastic death rate associated with the defined process. Then the birth
and death of individuals will be defined by:

(A (t)At +o0AtL,if,, j=i+1
t(t) At +oAt,if,, j=i—-1
1—(A(t)At+ z(t)At+0At), j =1
| OAt, otherwise

Define AS (t) =S (t+A(t))—-S(t)

P(X(t+At)— X (1)) =+

©)
Table 2: Description of event taking place due to transition probabilities
Transition Probability Description
S—>5S+1 A(At) +0(At) Birth of susceptible individual.
SH>S-1M->M+1 B(At) +0(At) Rate of movement to mild compartment.
S—>S-1 1(At) +0(At) Death of susceptible individual(Natural)
SH»S-1T->T+1 AS(AL) +0(At) Rate of susceptible individual becoming
Terrorist.
S5>S+1R, >R, -1 a(At) +0(At) Rate of Rehabilitated individual fallen back to the
H H susceptible class
| > 1-1 /u( At) + 0(At) Natural death of the exposed individual.
| 51-1R., >R, -1 w(At) + 0(At) Rate of progression from exposed to
oH H Rehabilitation compartment.
ToT+1 /O( At) +0(At) External recruitment Rate
To>T-1,C—>C+1 ar(At) +0(At) Proportion of movement from Terrorist to
Combatant compartment.
T->T-1R—>R+1 (1—7)(At) + O(At) Proportion of movement from Terrorist to
Repentant compartment.
CoC-1 ( M+ d)(At) +0(At) Natural death and Death due to terrorism.
C—->C-1D—>D+1 6(At) +0(At) Rate of progression from combatant to detention
facility.
R—o>R-1 /U( At) +0(At) Natural death of the rehabilitated individual.
RSR-1R. >R, +1 O(At) +0(At) Rate of progression from repentant to Rehabilitation
o H facility.
Do>D-1 (12 +m)(At) +0(At) Natural death and death due to torture in Detention
facility.
R L RH -1 1(At) +0(At) Natural death in the rehabilitation facility.
ToT+1 (0( At) + O( At) Rate of Recruitment
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Model equation from Continuous -Time Markov Chain

A (At)+0At, — if (ki k,, ks, k, ks, kg, k; ) =(2,0,0,0,0,0,0)
aR, (At)+oAt, — if (k;,k,, ks, k,, ks, ke, k; ) =(1,0,0,0,0,-1,0)
%(At)"—oAt,—) if (ky, K, ks, Ky, ks, kg, k; ) =(-1,1,0,0,0,0,0)

%(At)+oAt,—> if (K. Ky, ks, Ky Ko Ko K, ) = (<1,0,1,0,0,0,0)

uS (At)+oAt, — if (ky,k,, ks, k,, kg, kg, k; ) =(-1,0,0,0,0,0,0)
BT At+0At, — if (k, k,, Ky, Kk, kg, ke, k; ) =(-1,1,0,0,0,0,0)
PM At +0At, — if (K, K,, Ky, K, ks, ks, k; ) =(0,-1,1,0,0,0,0)
oM At +0At, — if (k;, k,, ks, k,, ks, kg, k; ) =(0,-1,0,0,0,1,0)
UM (At)+o0At, — if (k;, k,, ks, Ky, Ks, kg, k,)=(0,-1,0,0,0,0,0)
PTAt+0At, — if (k;,k,, ks, K, ks, ke, k; ) =(0,0,1,0,0,0,0)
Peik2k3kaksKk6k7 (t+At) = (1+d) T At + 0At, — if (kl, K, ks, K, Ks, K, k7)= (0,0,—1,0,0,0,0)
arT (At)+oAt,— if (k;,k,, ks, k,, kg, kg, k; ) =(0,0,-1,1,0,0,0)
a(l—7z) T(At)+o0At, — if (k;, Kk, ks, K,, ks, kg, K, ) =(0,0,-1,0,1,0,0)
(1 +d)CAt+0At, — if (k;, k,, ks, Ky, ks, kg, K, ) =(0,0,0,-1,0,0,0)
OCAt +oAt, — if (k;,k,, ks, k,, kg, kg, k; ) =(0,0,0,-1,0,0,1)
UR(At)+0At, — if (k;, k,, ks, Kk, kg, kg, k; ) =(0,0,0,0,-1,0,0)
SRAt+0At, — if (k;, k,, ks, k,, kg, kg, k; ) =(0,0,0,0,-1,1,0)
aR, At +0At, — if (ky, k,, ks, k, kg, kg, k; ) =(2,0,0,0,0,-1,0)
R, (At)+oAt, — if (k;, k,, ks, Ky, ks, kg, k,)=(0,0,0,0,0,-1,0)
(1 +1)D(t)+0At,—if (k;, k,, ks, k,, kg, kg, k; ) =(0,0,0,0,0,0,-1)
1-Q(At)+oAt, — if (k;, k,, ks, K, ks, kg, k; ) =(0,0,0,0,0,0,0)
0, — otherwise

Where @
Q=A(t)+ ﬂsl(t)JﬁT (£)+ 45 () + @M (t)+ 1M (t) + @M (t)+ pT (1)
+(u+d)T(t)+a@-7)T(t)+axT (t)+(u+d)C(t)+6C(t)

+uR(t)+6R(t)+aR,, (t)+ xR, (t)+(u+n)D(t) 6)

Invoking the law of total probability to the transition probabilities generated, we can express

P

(k1,k2,k3,k4,k5,k6,k7) (t + At) in terms of probability at time t as follows;
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Prasciasssasen (150 =A(A) Pk +2)(1) + 222 (k ~1) (ks +1) (A1) p(k, ~Lk, +1) () +
BST

(kD (ke +1)(At) p(ky =Lk, +1)(t) + p(k ~1)(At) p(ky ~1)(t) +

o (k, —1)(k; +1)(At) p(k, —Lk; +1)(t) + @(k, —1)(ks +1)(At) p(k, -1 ks +1)(t)+

u(k,=1)(At) p(k, —1)(t)+ p(ks +1)(At) p(k; +1)(t)+ax (ks —1)(k, +1)(At) p(ks —Lk, +1)(t)+
a(l-7)(ky —1) (ks +1)(At) p(k, =L ks +1)(t)+ (e +d) (ks —1)(At) p(k, —1)(t)+

0(k, -1)(k, +1)(At) p(k, =Lk, +1)(t)+ (u+d)(k, —-1)(At) p(k, —1)(t)+

5 (ks —1)(ks +1)(At) p(ks =L kg +1)(t)+ (ks —1)(At) p(ks —1)(t)+

(ks —1)(k, +1)(At) p(ks —Lk, +1)(t)+a (ks —1)(k, +1)(At) p(ks -1k, +1)(t)+

(ks =2)(At) p (ks =) (t) + (+ ) (kr =1)(A) (K, =1)(t) ++(1= Q) (A) By 2 s sianr) + O(AL)
(6)

N

=

From the equation above, we can derive the Master differential equation also known as
Kolmogorov forward differential equation for the transmission probabilities.

|: (k1,k2,k3,k4,k5,k6,k7) (t+At) (k1k2 k3,k4,k5,k8, k7):|
We compute ( A t) And set

(At)=0
Therefore, the Master equation will be
ABS
Prasasassiasein (1440 = A(A) P +1)(1)+ 222 (k1) (k +2) p(k Lk, +2)(1) +

ﬂlflT ( )(k +1) p(kl -1 kz +l)(t)+,u(kl _1) p(kl_l)(t)+

@ (k, 1) (ks +1) p(k, =L k; +1)(t)+ o (k, —1) (ks +1) p(k, =L ks +1)(t)+
1k, =1) p(k, =1)(t)+ p (ks +1) p(ky +1)(t)+am (k; —1)(k, +1) p(ks —1k, +1)(t)+
a(l-7)(k,—1)(ks +1) p(ky =L ks +1)(t)+ (e +d) (ky —1) p(k, —1)(t)+
0(k,—1)(k; +1) p(k, =Lk, +1)(t)+ (u+d)(k, —1) p(k, —1)(t)+

(ks —1) (ks +1) p(ks =L kg +1)(t)+ 22(ks —1) p(ks —1)(t) +

(ks —1)(k, +1) p(ks —L k, +1)(t)+a(ks —1)(k, +1) p(ks —1 k, +1)(t)+

#(ks=1) p(ks =1)(t)+ (u+m) (k, =1) p(k, ~1)(t) +(1-Q) Ptkziaiaisiksir) = QPikekskakskexr)
(7)

)

)

Define,

P

(k1,k2,k3,k4,k5,k6,k7)

(t+At)—

(At)

(kl k2,k3,k4,k5,k6,k7)
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Prasasasasasasn (180 = A (A1) p(k +D 1)+ L= (06 -2) (kg +1) p(k ~Li +1) (1) +
B2L (ki =1) (ke +1) p(k —L ke +1)(0)+ (K, ~1) Pk, - 1) () +

9k, ~1) (ks +1) p (K, ~L ks +1) (1) + (K, ~1)(ky +1) p (K, ~L K, +1) (1) +
(k1) p (K, ~1)(t) + p (ks +1) p (, +1)(t) + (K ~1) (K, +1) p (K, =1k, +1)(t)+
a(l-7) (ks —1) (ks +1) p(ks —L ks +1)(t)+ (e +d) (K, —1) p(k; —1)(t)+

0(k, —1)(k, +1) p(k, —Lk, +1)(t)+ (u+d)(k, —1) p(k, —1)(t)+

5 (ks ~1) (ko +1) p (ks ~L K +1)(1) + (ks ~1) p (ks 1) (1) +

(ks 1) (K, +1) P (ks ~L,k, +1)(t)+ (K, ~1) (k, +1) p (ks ~L K, +1)(t)+

2
ﬂ(ks 1) (e 1)(t)+(,u+77)(k7 1) ( )( )+(1_Q)P(kl,kz,kS,k4,k5,k6,k7)_Q|:>(k1,k2,k3,k4,k5,k6,k7)(8)

The above is the Kolmogorov Master forward equation, which is of full dynamics. It should
be noted that A and {3 could either be a constant or time dependent. In this model, we assumed

that A and P are dependent on time.
Define Tj as the time for the jth jump. Then the time for (j + 1)t jump will be given by

T =T, +W,
Where Wij is the interevent time for jthjump.
Now for  x(T;)=(Ky, Ky, Ky, Ky, kg, kg, K ) and N =(k +k, +k;+k, +ks+ks +k;)
InU
V(kl, K,,Ks, K, Ks, K k7)
Where U is a uniformly distributed random variable on the interval [0,1] (Allen, 2010) And

A8S
V(K Ky, Ky, Ky Ko kg Ky ) = A (1) + ﬂ ik, (t) +

%klkz (t)+ 2(k, ~1) p(k, —l)(t)+gok2k3 () + wkoks (t)+

1k, (1) + pk, (1) + amkk, (1) + Q- z)kKg (1) + (e +d)k, (t)+
Ok, K, (t)+ (u+d)k, (t)+Skeks (1) + 2ks (1) + 7k, (t)+aksk, (t)+
#Ks (0) + (1)K, (0)+ (1= Q) Py o isansiorn) ~ Prtkoraakser?)

We obtain the interevent time as, W; =

©)

And
1

V(kl,kzgk37k4’k5’k6’k7)

Is the mean of the exponentially distributed random variable W;.

RESULTS AND DISCUSSION

Model analysis
The SM T C R Ru D model categorizes each individual in a hypothetical population into one

of seven compartments. A simulation was carried out on the effect of control measures by
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varying the frequency of interactions between individuals in different compartments and the
probability of transmitting terrorism during these interactions.

Table 3: Parameters, Descriptions, Values and their source

Parameter Description Value Source
A Input rate (birth rate) 0.086 (Abdu &Okoro, 2016)
B Contact rate 0.046 (Abdu &Okoro, 2016)
P External recruitment 0.00005 (Gambo & Mohammed, 2020)
a Intervention strategy. 0.35 (Bolaji, 2018)
a Rate of recovery 0.0005 (Laden, 2012)
0 Rate of progression from Repentant to 0.8 (Gambo & Mohammed, 2020)
Rehabilitation
0 Rate of Progression from Combatant to Detention 0.25 (Gambo & Mohammed, 2020)
Facility
0] Rate of ideology development 0.07 (Gambo & Mohammed, 2020)
A Rate at which susceptible make contact with the 0.05 (Abdu & Okoro, 2016)
terrorist
I Proportion of movement from terrorist to the 0.2 (Udoh&Oladeji, 2019)
combatant or repentant compartment
® Rate of progression from exposed to Rehabilitation ~ 0.03 (Laden, 2012)
R Natural Death 0.0034247  (Abiodun et al., 2018)
d Death due to terrorism 0.083 (Gambo & Mohammed, 2020)
n Death due to torture 0.025 (Gambo & Mohammed, 2020)
S Susceptible Compartment 10000 (NPC, 2020)
M Exposed Compartment 2300 https/ / defence.gov.ng
T Terrorist Compartment 80 https/ /defence.gov.ng
C Combatant Compartment 5 https//defence.gov.ng
R Repentant Compartment 80 https/ / defence.gov.ng
Ru Rehabilitation Compartment 60 https//defence.gov.ng
D Detention Compartment 2 https/ / defence.gov.ng
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Figure 2: Population size of Susceptible Class at varying  Figure 3: Population size of Moderate class at varying

level of recruitment rate.

level of contact rate.
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Figure 8: Population size of Detent class at varying
level of rate of counter terrorist.

DISCUSSION

The findings presented in Figures 2 to 8 provide a detailed understanding of the dynamics of
terrorism, the processes of radicalization, and the effectiveness of various intervention
strategies. Figure 2 shows an initial rise in both the susceptible population and the terrorist
compartment, peaking at year 4 when the contact rate reaches 0.45% terrorists per thousand
susceptible individuals. This suggests that the early stages of terrorist activity are marked by
rapid recruitment and ideological spread, particularly when susceptible individuals are
highly exposed to extremist influences (Smith & Johnson, 2021). Figure 3 further emphasizes
the role of terrorists in compelling susceptible individuals to adopt extremist ideologies to
moderate class, highlighting the importance of early intervention to disrupt recruitment
networks (Adeyemi et al., 2021). Figure 4 reveals that the rate of full indoctrination into
terrorist ideologies peaks at year 3, with 6.5% per thousand exposed individuals converting
to terrorists. This peak underscores the critical window for counter-radicalization efforts, as
delays in intervention could lead to a significant increase in terrorist activities (Okoli &
Onuoha, 2022). The subsequent decline in indoctrination rates after year 5, with a minor
resurgence at year 13, suggests that sustained counter-terrorism measures are necessary to
prevent long-term radicalization (Khan et al., 2023). Figures 5 to 8 highlight the impact of
rehabilitation, intervention, and detention strategies in mitigating terrorism. Figure 5
demonstrates that the rehabilitation compartment peaks at year 13 for a rehabilitation rate of
2.5% per thousand individuals, indicating that rehabilitation programs require time to yield
significant results (Eze et al., 2022). Figure 6 shows that the repentant compartment peaks at
different intervals depending on the military intervention effort rates, emphasizing the need
for adaptive strategies to address varying levels of terrorist activity (Idowu & Okafor, 2023).
Figure 7 illustrates the effectiveness of intervention strategies on the combatant compartment
peaking at year 5 and year 8, suggesting that timely and consistent interventions can
significantly reduce terrorist activities (Global Terrorism Index, 2023). Figure 8 indicates
steady decline in the detention class, reflecting the importance of law enforcement in curbing
terrorism.

A. U Kinafa, A. A. Misal, H. S. Danjuma, DUJOPAS 11 (1d): 35-46, 2025 44



Modeling the Dynamics of Terrorism with Control Strategies in Nigeria

CONCLUSION

The study concludes that the model effectively reflects real-world dynamics, particularly in
assessing the impact of counter-terrorism measures in a specific case study of Boko Haram in
Nigeria. It highlights that intervention strategies targeting both exposed individuals and
active terrorists have proven effective in curbing the spread of terrorism in the northeastern
region of Nigeria. The research recommends future studies to address current limitations by
broadening the model's scope and integrating additional variables and counter-terrorism
strategies. This expansion will provide a deeper understanding of terrorism dynamics and
facilitate the development of more robust solutions.

Furthermore, the study underscores the critical role of public education and intelligence
gathering in counter-terrorism efforts. Raising public awareness and collecting accurate
intelligence are pivotal for addressing the root causes of terrorism and fostering the creation
of more peaceful and resilient communities.
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