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Abstract 

School abductions in Nigeria persistently undermine educational continuity and human security. While existing 

scholarship has examined the drivers and consequences of kidnapping, structured forecasting tools for proactive 

school protection are lacking. This study addresses that gap by developing a time-series early-warning framework 

using documented incident data from January 2013 to December 2021. 

Incident records from verified public-domain sources were aggregated into a monthly time series and analyzed using 

an ARIMA (1,1,1) model in Python. Model identification was guided by autocorrelation diagnostics and by 

minimizing the Akaike Information Criterion. Forecast performance was evaluated using a temporally ordered 70/30 

training–testing split with Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) as validation metrics. 

The model achieved a training RMSE of 34.99 and a testing RMSE of 96.81. The higher testing RMSE, while 

reflecting sensitivity to unforeseen escalation spikes, is acceptable for a probabilistic early-warning tool where 

sensitivity is prioritized over exact precision. 

Findings reveal that school abductions exhibit structured temporal dependence and cyclical escalation–de-escalation 

dynamics rather than random occurrence. Five-month-ahead forecasts generate probabilistic risk windows aligned 

with historical volatility patterns. Although not intended to predict specific attack events, the framework 

demonstrates that historical incident data can be transformed into actionable early-warning signals for anticipatory 

school-security governance. The study contributes to education-sector security research by advancing a shift from 

reactive post-incident response toward predictive, data-informed protection strategies in conflict-sensitive 

environments. 

Keywords: School abductions, Time-series forecasting, ARIMA model, Early-warning systems, Education security, 

Human security 

 

 

1. Introduction 

Attacks on educational institutions frequently in fragile and conflict-affected regions worldwide. 

Global monitoring bodies report increasing incidents of school-targeted violence across parts of 

sub-Saharan Africa, South Asia, and the Middle East, where armed groups exploit educational 

institutions as strategic symbols and vulnerable sites of 
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disruption [1,2]. Such attacks generate long-term developmental consequences, including 

educational discontinuity, psychosocial trauma, and institutional destabilization. Within this 

broader international landscape, Nigeria has emerged as one of the most prominent contexts in 

which school abductions have become recurrent and highly visible manifestations of organized 

insecurity. 

Since the 2014 Chibok abduction of 276 schoolgirls, an event rooted in Nigeria's complex 

religious and political landscape, large-scale school kidnappings have recurred repeatedly [3]. 

These incidents have triggered school closures, displaced learners and families, disrupted 

academic calendars, and intensified public fear. Beyond immediate humanitarian harm, recurrent 

school insecurity undermines national human capital development, discourages enrolment, and 

exacerbates Nigeria’s already substantial number of out-of-school children. 

Existing scholarship has extensively examined the structural drivers of kidnapping and banditry in 

Nigeria, linking the phenomenon to socioeconomic deprivation, youth unemployment, governance 

deficits, corruption, and proliferation of small arms [4,5,6]. Other studies document the educational 

and psychosocial impacts of school closures and insecurity [7]. 

While these contributions provide important explanatory and descriptive insights, their analytical 

orientation remains predominantly retrospective. The central questions addressed concern why 

abductions occur and what consequences follow, rather than whether their temporal recurrence can 

be systematically modelled to anticipate future escalation phases. Despite growing scholarship on 

kidnapping dynamics and educational insecurity in Nigeria, empirical forecasting frameworks 

capable of generating anticipatory early-warning signals for school-targeted violence remain 

largely absent in the literature. 

This omission is consequential for policy. Security responses to school abductions in Nigeria have 

largely remained reactive, mobilized after incidents occur rather than informed by anticipatory 

intelligence. Although frameworks such as the National Policy on Safety, Security, and 

Violence-Free School emphasize prevention and preparedness, implementation lacks structured 

forecasting mechanisms to identify emerging risk windows [8,9]. 
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In parallel, advances in conflict forecasting and crime analytics demonstrate that violent events 

frequently exhibit temporal dependence and cyclical volatility rather than a random distribution 

[10,11,12]. Time-series models, particularly ARIMA, have proven effective in modelling short-

term dynamics under uncertainty [13,14]. However, forecasting methodologies have rarely been 

applied to education-sector insecurity in Nigeria. 

This study addresses this critical operational gap by developing a time-series early-warning 

framework for school abductions using ARIMA modelling. It asks: 

RQ1: Can historical school abduction data generate reliable short-term early-warning signals 

to support anticipatory school-security governance in Nigeria? 

By transforming historical incident records into forward-looking risk indicators, the study 

advances predictive risk management within education-sector security analysis. 

2. Literature Review 

2.1 Human Security and Educational Institutions 

Security scholarship has progressively shifted from traditional state-centric paradigms toward 

broader human-security frameworks that prioritize the protection of individuals, communities, and 

essential social institutions [15,16]. Whereas classical security thinking focused primarily on 

territorial integrity and military threats, human security perspectives emphasize freedom from 

fear, freedom from want, and protection against structural vulnerability. Within this expanded 

understanding, educational institutions are not merely service providers but foundational 

infrastructures that sustain social reproduction, civic participation, and long-term developmental 

stability. 

Schools are critical nodes for human capital, social integration, and mobility; their disruption 

triggers cascading socioeconomic effects far beyond immediate victims. Educational insecurity 

undermines literacy development, economic productivity, social cohesion, and state legitimacy. 

Global evidence indicates that attacks on schools are frequently employed strategically in fragile 

contexts to destabilize communities, erode trust in governance, and signal state weakness [1,2]. 

In response, the Safe Schools Declaration, endorsed by over 100 states, provides a framework for 

governments to protect 
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education from attack and restrict the military use of educational facilities, reflecting growing 

international recognition of schools as protected spaces even during armed conflict [17]. 

Within Nigeria, the vulnerability of educational institutions has been associated with weak 

perimeter control, limited surveillance infrastructure, inadequate emergency response systems, and 

fragmented coordination between educational authorities and security agencies [18]. In many rural 

and semi-urban areas, schools operate with minimal protective capacity, rendering them 

susceptible to organized armed incursions. These structural vulnerabilities situate school 

abductions within a broader human security challenge rather than as isolated criminal events. 

A human-security lens, therefore, justifies shifting analytical attention from reactive enforcement 

to preventive and anticipatory protection strategies. Rather than solely responding after 

abductions occur, security governance frameworks must incorporate risk assessment, monitoring, 

and forecasting mechanisms that can identify periods of heightened vulnerability. This 

conceptual orientation provides theoretical grounding for exploring time-series forecasting as a 

tool for proactive school-security planning. 

2.2 Kidnapping and Organized Insecurity in Nigeria 

Kidnapping in Nigeria has evolved from sporadic criminal activity into a structured and adaptive 

insecurity phenomenon embedded within broader patterns of banditry, insurgency, and organized 

violence. Early analyses identified socioeconomic deprivation, unemployment, weak deterrence 

mechanisms, and limited law enforcement capacity as drivers of kidnapping [19,20]. These 

structural explanations emphasized poverty, marginalization, and state fragility as enabling 

conditions. 

Subsequent scholarship expanded this understanding by linking kidnapping escalation to 

governance failures, corruption, arms proliferation, porous borders, and the diffusion of violent 

networks [4, 21, 5]. In this framing, kidnapping becomes embedded within a broader political 

economy of insecurity, where organized groups exploit institutional weaknesses for financial and 

strategic gain. 

More recent studies conceptualize kidnapping as integrated within banditry and insurgency 

networks that exhibit adaptive learning and operational coordination [22, 6]. The International 

Crisis Group documents that Nigeria's Northwest region, which has been the most affected by 

school abductions in recent years, has suffered over 8,000 deaths and displaced more than 
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200,000 people since 2011 due to violence involving herder-allied groups, criminal gangs, and 

jihadist infiltrators [23]. These inter-group tensions are rooted in longstanding competition over 

land and water resources between predominantly Fulani herders and mainly Hausa farmers, a 

conflict that has mobilized armed groups on both sides and created conditions conducive to 

wider criminality [24]. 

These dynamics operate from ungoverned forests, where gangs engage in kidnapping, cattle 

rustling, and armed robbery, embedding school-targeted violence in a broader criminal 

ecosystem. School-targeted abductions within this context function as high-impact operations 

designed to maximize publicity, bargaining leverage, and psychological intimidation. 

This framing aligns with international conflict research, which demonstrates that violent events 

often exhibit temporal clustering and path dependence [10]. When violent actors operate within 

structured networks, their actions may produce recurrence patterns detectable through time-series 

analysis. In the Nigerian context, scholars have argued that school abductions could be prevented 

through intelligence gathering and early warning mechanisms that identify emerging threats before 

they materialize [25]. Therefore, the organized and adaptive character of kidnapping in Nigeria 

provides analytical justification for investigating temporal dependence and forecasting feasibility. 

2.3 Forecasting Violent Events 

Forecasting methodologies have gained increasing prominence in the study of civil conflict, 

political instability, and crime concentration. Rather than treating violent events as entirely 

stochastic, contemporary research demonstrates that many forms of violence exhibit serial 

dependence, escalation–de-escalation cycles, and clustered recurrence [11]. Time-series 

approaches allow researchers to identify patterns in historical data that may inform short-term 

predictive modelling. 

As Hegre and colleagues observe, prediction and forecasting have now "fully reached peace and 

conflict research," with scholars increasingly presenting within- and out-of-sample prediction 

results, a development that bridges academic theory and policymaker needs [26]. Crime 

forecasting specifically has been described as "made relevant by recent criminological theories, 

made possible by recent information technologies... and made desirable because of innovative 

crime management practices" [27]. In the field of predictive policing, statistical forecasting 

has been applied to 
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optimize patrol allocation and crime prevention strategies [12]. Similarly, conflict forecasting 

research has demonstrated the feasibility of generating probabilistic predictions of political 

instability and civil unrest [10]. These approaches do not claim deterministic precision; rather, they 

emphasize probabilistic risk assessment grounded in historical patterns. 

The "law of crime concentration" further reinforces the principle that criminal events are often 

concentrated on specific temporal and spatial clusters rather than evenly distributed [28]. This 

aligns with the "near repeat" hypothesis, originally developed in burglary research, which posits 

that proximity to a recent crime incident temporarily elevates risk for neighbouring locations, a 

pattern demonstrating that victimization can function similarly to an infectious process [29]. Such 

empirical regularities suggest that violent phenomena may contain exploitable temporal signals 

suitable for modelling. 

Despite these advances, scholars caution against overconfidence in predictive models applied to 

conflict settings. It was noted that while conflict research has generated important insights into the 

correlations of violence, the complexity and contingency of armed conflict impose inherent limits 

on predictive accuracy [30]. This caution is particularly relevant for education-sector violence, 

where event data is often sparse and subject to reporting biases. 

Notwithstanding these limitations, education-sector insecurity remains underexplored within 

forecasting literature, particularly in African contexts. While civil conflict forecasting has 

expanded significantly, targeted modelling of school abduction recurrence has received limited 

attention. Bridging this gap requires adapting established forecasting techniques to the specific 

dynamics of education-targeted violence. The present study, therefore, adopts a circumscribed 

ambition: generating probabilistic risk indicators rather than deterministic event predictions, 

consistent with the cautious approach advocated in the forecasting literature. 

2.4 ARIMA in Volatile Contexts 

The Autoregressive Integrated Moving Average (ARIMA) framework remains one of the most 

widely applied statistical approaches for short-term forecasting under uncertainty. ARIMA models 

capture autoregressive dependence and moving-average error structures while accommodating 

non-stationary series through differencing. Their interpretability and relative computational 

efficiency make them particularly suitable for volatile environments where data availability may 

be limited [13]. 
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Applications of ARIMA extend across diverse domains, including epidemiological modelling, 

telecommunications demand forecasting, financial volatility analysis, and crisis monitoring 

[31,32,14]. In these contexts, ARIMA has demonstrated the capacity to model irregular 

fluctuations and short-term cyclical behaviour without imposing strong structural assumptions. 

Violent event data, including conflict incidents and crime occurrences, frequently exhibit non-

stationarity, irregular spikes, and clustering. ARIMA’s flexibility in handling such characteristics 

makes it an appropriate methodological choice for modelling school abduction recurrence. While 

more complex machine-learning models exist, ARIMA offers advantages in transparency and 

interpretability, which are critical in policy-sensitive applications where explainable models 

enhance decision-maker trust. 

By applying ARIMA to monthly school abduction data, this study leverages a robust statistical 

framework to test whether structured temporal dependence exists and whether such structure can 

support short-term early-warning signals. 

3. Methodology 

3.1 Research Design 

This study adopts a quantitative, univariate time-series forecasting design to examine whether 

historical school abduction incidents in Nigeria exhibit structured temporal dependence capable of 

supporting short-term predictive modelling. The design is explanatory-predictive in orientation, 

focusing not on causal inference but on identifying the recurrence structure embedded in 

longitudinal incident data. 

The analytical objective is twofold: 

1. To determine whether monthly school abduction counts demonstrate statistically 

exploitable autoregressive patterns. 

2. To evaluate whether such patterns can generate reliable short-term forecasts suitable for 

early-warning applications. 

A univariate framework was intentionally selected to isolate temporal dependence without 

incorporating exogenous predictors. This approach ensures interpretability and avoids overfitting 

risks that may arise from limited data in multivariate contexts. The design prioritizes transparency, 

replicability, and policy interpretability. 
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ARIMA was selected over simpler exponential smoothing methods due to its flexibility in handling 

complex autoregressive and moving-average components, as evidenced by the ACF/PACF diagnostics. 

Unlike opaque machine learning models, ARIMA offers transparency and interpretability – essential for 

building trust among security policymakers. 

The methodological workflow (Figure 1) proceeds through six structured stages: 

1. Incident identification and verification 

2. Data cleaning and temporal aggregation 

3. Stationarity assessment and transformation 

4. ARIMA model estimation and order selection 

5. Model validation and performance evaluation 

6. Short-term forecasting and risk interpretation 

 

 

 

 

 

 

 

 

 

Figure 1. Conceptual Early-Warning Forecasting Framework 

3.2 Data Compilation 

The dataset comprises documented school abduction incidents occurring between January 2013 

and December 2021. Data were compiled from publicly accessible and verifiable sources, 

including national newspapers, recognized online media platforms, and broadcast reports.   

For this study, “abduction” means the unlawful taking of a student or staff member from a school 

premises, while “attempted abduction” means a verified event where armed persons approached 

a school with apparent abduction intent but failed to take anyone.  To ensure reliability, only 

incidents meeting all the following inclusion criteria were retained: 

• Explicit involvement of a school or enrolled students 

• Confirmed date of occurrence 

• Identifiable geographic location 
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• Verification by at least one credible reporting source 

Incidents lacking confirmed dates or involving non-school-related kidnappings were excluded to 

preserve definitional consistency. 

Each verified event was recorded with the following attributes: 

• Date of occurrence 

• State and geopolitical zone 

• Number of abducted individuals 

• Nature of incident (abduction, attempted abduction, raid) 

Although multiple variables were recorded, the time-series modelling component utilized only the 

temporal dimension (incident date). The final structured dataset consisted of 108 monthly 

observations after aggregation. 

3.3 Time-Series Construction 

Event-level records were aggregated into monthly incident counts to create a univariate time series 

Yt, where: 

Yt = Number of school abduction incidents in month t. 

Monthly aggregation was selected for three reasons: 

1. Daily-level data exhibited sparse clustering and extreme volatility. 

2. Monthly frequency aligns with practical school-security planning cycles. 

3. Aggregation reduces noise while preserving escalation patterns. 

Months with no reported incidents were retained as zero values to maintain temporal continuity 

and avoid artificial truncation of the series. The final time series contains 108 monthly 

observations equally spaced. 

3.4 Model Assessment and Transformation 

Time-series modelling requires stationarity in mean and variance. The raw monthly series was 

visually inspected and evaluated for trend and volatility shifts. Non-stationary behaviour was 

observed, particularly during escalation periods between 2019 and 2021. 
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To stabilize the series, first-order differencing was applied: 

∇Yt = Yt − Yt−1 

This transformation reduces trend persistence and prepares data for ARIMA modelling. 

Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) plots were 

examined to identify lag structure and inform autoregressive (p) and moving-average (q) order 

selection. 

3.5 Model Specification 

The Autoregressive Integrated Moving Average (ARIMA) model, denoted ARIMA (p, d, q), was 

employed following the foundational framework established for modelling non-stationary time 

series through autoregressive and moving-average components [33]. 

The general form is: 

 

 

Where: 

• p = autoregressive order 

• d = differencing order 

• q = moving-average order 

• ϕi = autoregressive coefficients 

• θj = moving-average coefficients 

• ϵt = white noise 

 

In the ARIMA framework, p represents the autoregressive order, d the differencing order required 

for stationarity, and q the moving-average order. The autoregressive and moving-average orders 

were initially identified using PACF and ACF diagnostics of the differenced series. Significant lag-1 

spikes in the PACF suggested p=1, while the decaying ACF suggested q=1. Since the original series 

exhibited non-stationary behaviour, first-order differencing was applied (d=1). Candidate models 

with p and q values ranging from 0 to 2 were then estimated and compared using AIC minimization 

and residual diagnostic testing. 

• ACF and PACF diagnostics 

• Akaike Information Criterion (AIC) minimization 

• Parsimony considerations 
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The candidate model with the lowest AIC was selected as optimal. All computations were 

implemented in Python using: 

• pandas for data manipulation 

• numpy for numerical operations 

• statsmodels for ARIMA estimation 

 

3.6 Validation Strategy 

To preserve temporal integrity and avoid information leakage, a chronological split was applied: 

• 70% Training Set (earlier observations) 

• 30% Testing Set (most recent observations) 

The training dataset covered January 2013 to April 2019, while the testing dataset covered May 2019 

to December 2021. This split ensures that forecasts are evaluated against future data rather than 

randomly partitioned subsets. 

Forecast performance was evaluated using: 

Mean Absolute Error (MAE) was used here to measure average forecast deviation without 

penalizing large errors disproportionately. 

 

 

Root Mean Square Error (RMSE) was used to penalize larger errors more heavily, making it 

sensitive to sharp escalation spikes. 

 

 

 

Using both metrics provides a balanced evaluation under irregular event dynamics. 

 

3.7 Forecast Horizon and Interpretation 

The fitted ARIMA model generated five-month-ahead forecasts beyond the observed series. A 

short-term horizon was selected to: 

• Minimize compounding forecast uncertainty 
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• Maintain operational planning relevance 

• Avoid instability associated with long-range extrapolation 

Forecast outputs were accompanied by 95% confidence intervals to reflect inherent uncertainty. 

 

4. Results 

4.1 Descriptive Findings 

The compiled dataset spans January 2013 to December 2021 (108 monthly observations). 

Descriptive aggregation indicates uneven temporal distribution, with relatively lower incident 

frequency between 2013–2018 and a pronounced escalation between 2019–2021. The North-West 

and the North-Central regions recorded the highest concentration of incidents during the latter 

period. The temporal clustering suggests non-random recurrence and justifies formal time-series 

modelling. 

4.2 Stationarity and Model Identification 

Visual inspection of the raw monthly series revealed non-stationary behaviour characterized by 

evolving mean levels and volatility shifts. First-order differencing was applied to stabilize the 

series and satisfy ARIMA modelling assumptions. 

ACF and PACF diagnostics on the first-differenced series suggested the presence of short-term 

autoregressive and moving-average dependence. Significant lag-1 spikes in the PACF indicated a 

first-order autoregressive component (p=1), while the gradually decaying ACF suggested a first-

order moving-average component (q=1). Since the original series exhibited non-stationary 

behaviour, first-order differencing was applied (d=1). 

Multiple candidate ARIMA models with p and q values ranging from 0 to 2 were estimated and 

compared using the Akaike Information Criterion (AIC). The ARIMA (1,1,1) model produced the 

lowest AIC value (AIC=328.7) and demonstrated stable residual behaviour without significant 

residual autocorrelation based on the Ljung–Box diagnostic test (p>0.05). Consequently, ARIMA 

(1,1,1) was selected as the final forecasting model. 

Residual diagnostics indicated no systematic autocorrelation in model errors, suggesting adequate 

capture of temporal dependence. 

Table 1 presents the comparative evaluation of candidate ARIMA models estimated during the 
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model identification stage. The models were compared using the Akaike Information Criterion 

(AIC) and residual autocorrelation diagnostics to determine the most parsimonious and 

statistically adequate forecasting specification. 

Table 1. Comparative Evaluation of Candidate ARIMA Models 

Model AIC Residual Autocorrelation 

ARIMA(0,1,1) 334.5 Present 

ARIMA(1,1,0) 331.2 Mild 

ARIMA(1,1,1) 328.7 None detected 

ARIMA(2,1,1) 330.1 None detected 

ARIMA(1,1,2) 329.8 Mild 

The ARIMA (1,1,1) model achieved the lowest AIC value (328.7) among the evaluated 

candidate models and demonstrated no significant residual autocorrelation. This indicates that 

the model provided the best balance between goodness-of-fit and parsimony, supporting its 

selection as the final forecasting specification. 

4.3 Forecast Performance Evaluation 

Model performance was assessed using a temporally ordered 70%–30% train–test split to preserve 

chronological integrity. 

Table 2. ARIMA Forecast Performance Metrics 
 

Dataset MAE RMSE 

Training Set 15.90 34.99 

Testing Set 33.93 96.81 

The training set MAE of 15.90 and RMSE of 34.99 indicate moderate in-sample deviation relative 

to the series' volatility. Out-of-sample errors increase, with MAE of 33.93 and RMSE of 96.81 

(Table 2), reflecting the irregular and event-driven nature of school abduction incidents. 

The higher testing RMSE suggests sensitivity to sharp escalation spikes during the hold-out period, 

which is consistent with the volatile structure of violent event data. Importantly, the testing MAE 

relative to historical monthly variability indicates that the model maintains usable short-term 

predictive capability without evidence of severe overfitting. These results support the suitability 

of ARIMA modelling for early-warning applications rather than precise event-level prediction. 
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4.4 Five-Month Forecast Output 

The fitted ARIMA model generated forecasts for five successive months beyond the observed 

data. The projected trajectory exhibits alternating escalation–de-escalation behaviour consistent 

with historical cyclical volatility patterns. 

Confidence intervals widen progressively over the forecast horizon, reflecting increasing 

uncertainty. Forecast peaks correspond structurally to prior escalation phases observed in the 

historical series. 

The forecast values are interpreted as probabilistic risk signals rather than deterministic 

predictions. Elevated projected counts relative to historical baseline levels are classified as 

heightened-risk windows suitable for anticipatory school security planning. 

5. Discussion 

The findings of this study demonstrate that school abductions in Nigeria exhibit structured 

temporal dependence rather than purely random occurrence. The descriptive escalation observed 

between 2019 and 2021 is supported by an autoregressive structure in the monthly series, 

indicating that past incident levels contain predictive information about near-term recurrence. 

This aligns with the conflict and crime forecasting literature, which shows that violent events 

often cluster temporally and cycle in volatility [10,11]. 

The ARIMA-based framework achieved a training MAE of 15.90 and RMSE of 34.99, with testing 

MAE of 33.93 and RMSE of 96.81. While out-of-sample errors increased relative to training 

performance, this pattern is consistent with the irregular and shock-driven nature of violent event 

data. Importantly, the magnitude of the testing MAE suggests that the model maintains meaningful 

short-term predictive capability without evidence of severe overfitting. The higher RMSE values 

reflect sensitivity to sharp escalation spikes, which are characteristic of episodic insecurity 

environments. These results reinforce the suitability of ARIMA models for short-horizon early-

warning applications rather than precise event-level prediction. 

The study contributes to Nigerian insecurity research by extending analysis beyond retrospective 

explanation toward anticipatory modelling. Existing scholarship has focused primarily on 

structural drivers of kidnapping, including socioeconomic deprivation and governance deficits, as 

well as educational consequences such as school closures and trauma [4-7]. While these insights 

are critical, they do not provide operational tools for forecasting escalation phases. By 
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demonstrating that historical abduction data contains exploitable temporal signals, this study 

bridges descriptive insecurity research and predictive analytics. 

The framework also situates Nigerian school insecurity within a broader international shift toward 

data-informed security governance. Time-series forecasting has been applied in civil conflict 

modelling, predictive policing, and crisis monitoring [12,14]. Extending similar methodological 

logic to education-sector insecurity contributes to a growing body of anticipatory governance 

research. However, the present study adopts a cautious interpretation: forecasts are treated as 

probabilistic risk indicators rather than deterministic predictions. This distinction is critical in 

volatile environments, where uncertainty remains inherent. 

From a policy perspective, identifying short-term risk windows may support the proactive 

allocation of limited security resources. Rather than responding solely after incidents occur, 

authorities could integrate periodic forecasting into school security planning cycles.  

For instance, during a month flagged as an elevated risk, the Nigeria Security and Civil Defense 

Corps (NSCDC) could deploy rapid-response teams to schools in historically high-risk local 

government areas such as Chikun, Igabi, and Giwa in Kaduna State. State ministries of education 

could also pre-authorize early school closure or shift to online learning when the forecast 

exceeds the 75th percentile of historical incidents. Community vigilance groups, supported by 

local security trusts, could receive targeted alerts and airtime credit to report suspicious 

movements. These examples illustrate how probabilistic forecasts can trigger graduated, 

context-specific responses rather than one-size-fits-all measures. The model does not replace 

structural reform or long-term security investment, but it provides an analytical layer that can 

enhance preparedness in the face of uncertainty. 

The model's 95% confidence intervals widen progressively over the forecast horizon, reflecting 

increasing uncertainty. Months in which the lower bound of the forecast interval remains above 

the historical median, such as the first two months of the forecast period in this analysis, could be 

interpreted as elevated-risk windows warranting enhanced preparedness measures. 

Overall, the findings suggest that school abductions in Nigeria exhibit patterned recurrence 

amenable to structured forecasting. While forecasting cannot eliminate insecurity, it can contribute 

to improved anticipatory awareness within education-sector governance. 
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6. Conclusion 

School abductions represent a persistent threat to educational stability and human security in 

Nigeria. Drawing on documented incidents between 2013 and 2021, this study developed an 

ARIMA-based time-series forecasting framework to examine whether historical recurrence 

patterns can inform short-term early-warning intelligence. 

The results indicate that school abduction incidents exhibit structured temporal dependence and 

cyclical escalation–de-escalation behaviour. The model achieved stable short-term predictive 

performance under volatile conditions, demonstrating that historical incident data can be 

systematically transformed into probabilistic risk signals. 

By reframing school security analysis from a reactive response to a predictive risk management 

approach, the study contributes methodologically and conceptually to education-sector security 

research. The framework provides a practical analytical foundation for anticipatory planning 

within existing school-safety policy structures. 

This framework provides the operational, data-driven engine required to actualize the preventative 

vision of the National Policy on Safety, Security, and Violence-Free Schools (NPSSVFS). By 

shifting from a reactive posture to one informed by probabilistic risk windows, Nigeria can begin 

to close the gap between policy aspiration and on-the-ground protection of its educational 

institutions. 

7. Limitations and Future Research 

This study relies on secondary, publicly available data, which may be subject to reporting bias 

and underrepresentation of unreported incidents. Media reports may overemphasize dramatic 

events (e.g., large-scale abductions) while missing smaller or failed abductions, potentially 

inflating the time series' variance. Conversely, unreported incidents could lead to an 

underestimation of baseline risk. The univariate ARIMA framework captures temporal 

dependence but does not account for exogenous drivers, such as socioeconomic indicators, 

security-force deployments, or political events. Consequently, forecasts should be interpreted as 

short-term probabilistic indicators rather than causal predictions. 

The presence of numerous zero-value observations presents a modeling challenge, as ARIMA 

assumes a continuous distribution. This likely contributes to the discrepancy between training 

and testing errors and underscores that the model is better suited to identifying periods of 
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elevated risk than to predicting the exact count of incidents. 

While the North-West and North-Central geopolitical zones accounted for the majority of 

incidents during the escalation period (2019-2021), the univariate ARIMA model treats the 

whole country as a single aggregate. Consequently, it cannot identify sub-regional risk windows 

(e.g., states or local government areas where a near-term abduction may be more likely). Spatial 

risk patterns, therefore, remain unexplored in this analysis. Any operational use of the forecasts 

should be complemented with local intelligence, as the model does not provide location-specific 

early warnings. 

Future research may extend this framework through multivariate models incorporating external 

variables (e.g., ARIMAX), spatial or spatio-temporal analysis to capture regional diffusion 

patterns, or hybrid approaches combining statistical and machine-learning techniques. 

Additionally, integrating real-time reporting systems could enhance operational effectiveness. 
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