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Abstract: The rapid growth of crime in Nigeria and other developing countries has intensified the
need for proactive, data-driven policing strategies. Predictive policing leverages historical crime data
and artificial intelligence (AI) techniques to support crime forecasting, patrol planning, and resource
allocation. However, most state-of-the-art predictive policing frameworks have been developed and
evaluated in data-rich environments, whereas Nigeria and many developing countries continue to face
fragmented crime records, partial digitization, natrrative-heavy police data, limited digital infrastructure,
and evolving Al governance. This paper presents an analytical review of Al-based predictive policing,
focusing on Machine Learning (ML), Deep Learning (DL), Natural Language Processing (NLP), spa-
tial-temporal modeling, graph-based prediction, Explainable Artificial Intelligence (XAI), and ethical
Al deployment. The review introduces a taxonomy that organizes the literature according to problem
class, model architecture, data modality, interpretability, and deployment requirements. The findings
indicate that conventional ML remains effective for structured crime prediction, whereas DL and
graph-based approaches provide superior capabilities for temporal forecasting and spatial crime-diffu-
sion analysis. Despite its potential to exploit intelligence embedded in police narratives, witness state-
ments, case files, social media, and other unstructured sources, NLP remains underutilized in opera-
tional predictive policing systems. Similarly, XAl is insufficiently integrated into current frameworks,
limiting transparency, auditability, bias detection, and public trust. The review further identifies an Al
Deployment Gap between developed and developing-country contexts, demonstrating that successful
deployment depends not only on predictive accuracy but also on data readiness, local validation, ex-
plainability, governance, and institutional capacity. Overall, the review highlights the need for context-
aware hybrid MLL-NLP—spatial-temporal-XAI frameworks that are computationally efficient, ethically
governed, and better suited to the operational realities of predictive policing in Nigeria and other de-

veloping counttries.

Keywords: Artificial Intelligence; Crime Prediction; Explainable Artificial Intelligence; Machine
Learning; Natural Language Processing; Predictive Policing; Spatial-Temporal Modeling; Smart
Policing.

1. Introduction

The advancement of predictive policing is driven not only by rapid developments in
machine learning (ML) and computational intelligence but also by the socio-technical condi-
tions under which these systems are deployed [1]. In many developing countries, particularly
Nigeria and other resource-constrained environments, the primary challenge extends beyond
the limited adoption of advanced Al models. Instead, it lies in what this review conceptualizes
as the Al Deployment Gap—a set of interrelated constraints involving data readiness, gov-
ernance maturity, and institutional preparedness that collectively influence the feasibility,
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effectiveness, and responsible deployment of Al-based predictive policing systems [2], [3],
[4]. This perspective shifts the discussion from algorithmic performance alone toward the
broader socio-technical ecosystem required for successful Al implementation.

A critical dimension of this deployment gap is the adaptability dilemma, in which the
rapid advancement of Al technologies outpaces the development of localized legal, ethical,
and regulatory frameworks [5]. Unlike many developed countries, where Al governance and
algorithmic accountability are becoming increasingly institutionalized [6], [7], Al regulation in
many developing countries remains fragmented and is often supported only by broader digital
governance policies rather than dedicated Al regulatory frameworks [8]. Consequently, opet-
ational requirements such as auditability, accountability, transparency, and the "notice-and-
explanation" principles expected in high-stakes Al applications remain difficult to achieve,
particularly within law enforcement environments [6], [9].

A second dimension concerns data and infrastructural readiness. Crime data in many
developing policing environments remain fragmented, inconsistently recorded, partially dig-
itized, and frequently stored in narrative formats that are difficult to integrate into predictive
Al pipelines [8], [9], [10]. These challenges are further compounded by limited digital infra-
structure, unreliable power supply, unstable connectivity, and underdeveloped information
management systems [2], [11]. Moreover, fragmented identification systems and disconnected
crime repositories reduce data cohesion and interoperability [3], leading to an important tech-
nical consequence: distribution shift, whereby models developed using standardized, high-
quality datasets often fail to generalize effectively when deployed in noisy, incomplete, or
resource-constrained operational environments [12]. These observations suggest that deploy-
ment readiness depends not only on model capability but also on the quality and maturity of
the underlying data ecosystem.

A third dimension relates to institutional readiness and socio-technical legitimacy [13],
[14]. Predictive policing systems generally assume the existence of complementary institu-
tional capabilities, including digital forensic infrastructure [2], analytical expertise [0], interop-
erable databases [3], and effective human oversight mechanisms [15]. However, these ena-
bling conditions remain unevenly developed across many developing policing systems [8].
Beyond limiting deployment feasibility, such deficiencies also undermine public trust and in-
stitutional legitimacy [9]. As reported in [14], the effectiveness of smart policing is closely
associated with service quality, transparency, and public confidence. In settings where trust in
law enforcement is already fragile, opaque "black-box" Al systems may reinforce historical
biases and weaken institutional legitimacy, particularly when predictive models are trained on
socially biased crime datasets [3], [12].

Importantly, these socio-technical constraints also influence methodological choices in
predictive policing research. In developed countries, recent studies have increasingly explored
person-based predictive models [16]. However, growing concerns regarding algorithmic bias
[17], stigmatization, privacy, and civil liberties have raised significant ethical challenges [7],
[18]. By contrast, predictive policing research in many developing countries has predomi-
nantly emphasized place-based and hybrid spatial-temporal approaches [19], largely because
detailed person-level geospatial information is often unavailable or subject to security re-
strictions. Consequently, hotspot-oriented prediction generally presents lower ethical, legal,
and operational risks while remaining more compatible with existing data availability [2], [20].
These differences indicate that model selection is shaped not only by predictive performance
but also by policy environments, data accessibility, governance requirements, and deployment
constraints [21], [22].

Another important implication of the Al Deployment Gap is the loss of contextual in-
telligence in predictive systems that rely exclusively on structured data [23], [24]. Existing
predictive policing research in Nigeria predominantly utilizes structured administrative rec-
ords, including crime dates, geographic coordinates, and offense categories, while largely
overlooking the rich semantic information contained in police narratives, witness statements,
intelligence reports, and other unstructured textual sources [3], [4], [8]. This limitation has
stimulated growing interest in hybrid MLL-NLP architectures capable of integrating structured
and unstructured crime intelligence into unified predictive frameworks [23], [25], [26], [27].
Within this context, Explainable Artificial Intelligence (XAI) should not be regarded merely
as an auxiliary component but rather as a fundamental requirement for trustworthy, transpar-
ent, and accountable Al deployment, particularly in high-stakes and resource-constrained po-
licing environments [9], [28], [29].
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1.1. Positioning Relative to Existing Surveys and Contributions of This Review

Although predictive policing has been extensively reviewed through systematic reviews
and survey studies, several important gaps remain regarding deployment challenges, method-
ological integration, and the unique characteristics of resource-constrained environments. Ex-
isting surveys have primarily focused on algorithmic performance, smart policing architec-
tures, or ethical considerations within data-rich, developed-country settings, while providing
limited discussion of predictive policing deployment in developing countries [11], [30], [31].
Consequently, the practical challenges associated with deploying Al under constrained socio-
technical conditions remain insufficiently synthesized.

The first limitation relates to geographical and contextual bias. Most existing reviews are
largely based on case studies from high-income countries, implicitly assuming the availability
of mature digital infrastructure, interoperable institutional systems, and well-established Al
governance frameworks. These assumptions are often difficult to transfer to policing envi-
ronments in developing countries, where Al adoption frequently progresses faster than the
development of supporting legal, ethical, and governance structures. As discussed in Section
1, this adaptability dilemma creates deployment challenges that differ substantially from those
typically addressed in existing predictive policing surveys [5], [32].

A second limitation concerns methodological fragmentation. Previous technical surveys
have documented significant advances in ML, DL, and Natural Language Processing (NLP)
for predictive policing [22], [33]. However, these approaches are commonly reviewed as in-
dependent methodological streams rather than as complementary components of an inte-
grated predictive ecosystem. This distinction is particularly important in developing-country
contexts, where the exclusion of narrative-rich intelligence from predictive workflows may
lead to substantial contextual information loss [8], [34]. Accordingly, this review considers
NLP not merely as an auxiliary analytical tool, but as an essential component of hybrid pre-
dictive policing architectures that integrate structured and unstructured crime intelligence.

A third limitation concerns deployment feasibility under fragmented data environments.
For example, [22] identified 64 ML techniques across 120 predictive policing studies, while
[11] reported the continued dominance of conventional ML with only limited integration of
DL and NLP approaches. Although these surveys provide valuable quantitative overviews of
methodological trends, they primarily evaluate algorithmic prevalence rather than examining
how data quality, infrastructural limitations, governance maturity, and institutional capacity
influence model suitability, transferability, and operational deployment. This review extends
previous work by analyzing predictive policing models through the broader perspective of Al
Deployment Gap, incorporating issues such as distribution shifts, fragmented data ecosys-
tems, and institutional readiness into the evaluation process.

Another important limitation involves the operational role of XAl. Existing surveys gen-
erally discuss explainability from a normative perspective, presenting transparency as a desir-
able characteristic of Al systems while providing limited analysis of its practical contribution
to auditability, bias detection, operational accountability, and public trust [35]. This review
expands that perspective by positioning explainability as a fundamental deployment require-
ment rather than an optional model attribute. In addition to interpretable predictive models,
the review also examines post-hoc explanation techniques, including LIME and SHAP, within
the broader context of socio-technical legitimacy and trustworthy Al deployment in high-
stakes policing environments [9], [20].

Building upon these identified limitations, this review makes four primary contributions.
First, it provides an integrated synthesis of ML, spatial-temporal modeling, NLP, hybrid pre-
dictive architectures, and XAl, rather than treating these research areas independently [19],
[36]. Second, it introduces the AI Deployment Gap as a unifying analytical lens that connects
predictive modeling with the realities of data readiness, governance, and institutional capacity
in developing-country contexts [3], [5], [13]. Third, it evaluates state-of-the-art predictive
models not only in terms of predictive performance but also with respect to distribution
shifts, data limitations, deployment feasibility, and operational suitability [37], [38]. Finally, it
synthesizes emerging research directions at the intersection of explainability, multimodal in-
telligence, and socio-technical Al deployment, thereby extending existing predictive policing
surveys beyond algorithm-centric compatisons [6], [11].

Unlike previous surveys that primarily compare predictive policing algorithms or sum-
matize applications across different jurisdictions, this review adopts the Al Deployment Gap
as its central analytical framework. Rather than evaluating Al techniques solely based on
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predictive accuracy, the review examines how deployment-related factors—including data
readiness, multimodal information availability, computational resources, explainability, gov-
ernance, and institutional capacity—influence the selection, evaluation, and operational suit-
ability of predictive policing models within developing-country contexts. Accordingly, the
proposed taxonomy, research questions, evidence synthesis, and future research framework
are all structured around understanding and addressing this deployment gap.

1.2. Motivation for Machine Learning, NLP, XAI, and Spatial-Temporal Models

The analytical focus of this review on ML, NLP, XAlI, and spatial-temporal models is
motivated not only by their individual predictive capabilities but also by their complementary
roles in addressing the Al Deployment Gap. Collectively, these technologies respond to key
deployment challenges, including non-linear crime dynamics, information loss in narrative-
heavy police records, limited model interpretability, fragmented spatial intelligence, and the
operational constraints commonly encountered in developing-country policing environ-
ments. Rather than representing isolated technological advances, these approaches collec-
tively reflect the methodological evolution required to support context-aware and operation-
ally feasible predictive policing systems.

Early predictive policing approaches relied primarily on statistical forecasting techniques
such as Autoregressive Integrated Moving Average (ARIMA) and Autoregressive Fractionally
Integrated Moving Average (ARFIMA). Although these methods remain valuable for model-
ing temporal trends and seasonality, they are constrained by assumptions of linearity and sta-
tionarity and therefore struggle to capture the complex, non-linear, and context-dependent
dynamics of crime [36], [39]. The transition toward ML was consequently driven by the need
for models capable of learning high-dimensional relationships, accommodating heterogene-
ous predictors, and maintaining predictive performance under distribution shifts. This moti-
vation is further supported by evidence from Nigerian crime forecasting studies, where Long
Short-Term Memory (LSTM)-based models have demonstrated superior performance over
conventional statistical approaches in modeling irregular urban crime patterns [39].

Beyond structured crime forecasting, the integration of NLP is motivated by the need
to reduce information loss in predictive systems that rely predominantly on structured varia-
bles such as crime counts, timestamps, and geographic coordinates. In many policing envi-
ronments, particularly across Africa, a substantial amount of operational intelligence remains
embedded within unstructured sources, including incident narratives, police reports, witness
statements, and case files. Ignoring these sources limits the contextual information available
for predictive modeling and decision support. Recent advances in Large Language Models
(LLMs) and NLP techniques demonstrate considerable potential for extracting actionable in-
telligence from these narrative-rich datasets. At the same time, existing studies highlight lo-
calization, language diversity, and transferability challenges, reinforcing the need for context-
aware NLP integration rather than the direct adoption of generic language models [11], [12].

The inclusion of XAl is likewise motivated by considerations that extend beyond trans-
parency alone. In predictive policing, explainability increasingly functions as a practical re-
quirement for auditability, bias detection, accountability, and trustworthy deployment, partic-
ularly in high-stakes operational environments where opaque model predictions may under-
mine institutional legitimacy [40], [41]. This role becomes even more critical in developing-
country contexts, where formal Al governance frameworks are still evolving and technical
explainability can partially compensate for limited regulatory oversight [5]. Furthermore, re-
cent studies have demonstrated that explanation techniques such as SHAP can improve the
interpretability of crime-risk prediction by identifying measurable environmental factors as-
sociated with crime occurrence [9]. These findings reinforce the view that XAl should be
considered an integral component of deployable predictive policing systems rather than
merely an auxiliary feature.

The motivation for spatial-temporal and hybrid predictive models arises from the inher-
ently dynamic, spatially correlated, and context-dependent nature of crime. Criminal activities
evolve across both space and time and are influenced by complex interactions among envi-
ronmental, demographic, and urban factors. Consequently, predictive policing research has
gradually shifted beyond conventional hotspot analysis toward graph-based learning, deep
spatial-temporal architectures, and hybrid predictive frameworks capable of modeling these
complex dependencies [42], [43]. Importantly, this evolution has been driven not only by
improvements in predictive accuracy but also by the need for greater robustness under noisy,
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fragmented, and resource-constrained data environments. Recent hybrid frameworks that
combine clustering techniques, temporal learning, and graph-based reasoning further demon-
strate the potential to improve model generalization across heterogeneous crime settings [19].

Taken together, these methodological pillars define the analytical scope of this review.
ML addresses complex and non-linear crime dynamics, NLP enriches predictive systems by
incorporating narrative-based intelligence, XAl enhances transparency and deployment ac-
countability, while spatial-temporal and hybrid models improve contextual awareness and ro-
bustness. Their integration reflects not only the technological evolution of predictive policing
but also the broader socio-technical requirements necessaty for bridging the AI Deployment
Gap in developing-country policing environments.

1.3. Research Questions

To examine the evolution of predictive policing from conventional statistical forecasting
toward multimodal, explainable, and deployment-oriented Al systems, this review is guided
by a series of interrelated research questions. These questions investigate the adoption of Al
techniques, the integration of NLP and spatial-temporal modeling, the role of explainability
and governance, and the practical challenges associated with deploying predictive policing
systems in Nigeria and other developing-country contexts. Collectively, they are intended to
explore not only which predictive approaches have been developed, but also how data readi-
ness, institutional capacity, governance, explainability, and deployment feasibility influence
the selection, evaluation, and operational implementation of predictive policing models. The
review is structured around the following research questions:
¢ RQ1. What machine learning, deep learning, and spatial-temporal approaches have been

applied in predictive policing, and what methodological trade-offs characterize these ap-

proaches?

e  RQ2. How do hybrid and state-of-the-art predictive models address challenges associ-
ated with non-linear crime dynamics, spatial dependencies, and distribution shifts?

e RQ3. To what extent has Natural Language Processing been integrated into predictive
policing systems, and what limitations constrain its adoption in narrative-heavy intelli-
gence environments?

e RQ4. How do data readiness limitations, fragmented infrastructures, and institutional
constraints influence the feasibility of predictive policing models in developing-country
contexts?

e RQ5. How is Explainable Artificial Intelligence being utilized to support auditability,
bias detection, and trustworthy deployment in predictive policing?

e RQO. What ethical, governance, and deployment challenges influence the adoption of
Al-driven predictive policing in Nigeria and other African contexts?

e RQ7. What research gaps and future directions emerge for developing context-aware,
hybrid, and explainable predictive policing systems?

2. Foundations and Methodological Landscape of Predictive Policing

The methodological landscape of predictive policing has evolved from traditional statis-
tical crime analysis to advanced ML, DL, NLP, spatial-temporal learning, and XAl While
previous reviews have primarily compared these approaches based on predictive accuracy and
algorithmic performance, this review adopts the Al Deployment Gap as its primary analytical
lens. Accordingly, the literature is synthesized not only according to methodological advances
but also according to each method's suitability for deployment under vatying conditions of
data readiness, institutional capacity, governance, explainability, and computational feasibility.
This perspective is particulatly relevant to developing-country policing environments, where
fragmented datasets, narrative-heavy intelligence, limited digital infrastructure, and evolving
Al governance significantly influence the selection, implementation, and operational effec-
tiveness of predictive policing systems. By shifting the focus from algorithmic superiority to
deployment readiness, this review provides a broader understanding of how socio-technical
conditions shape the practical adoption of Al in predictive policing.
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2.1. Conceptual Foundations of Predictive Policing

Predictive policing refers to the application of data-driven analytical techniques to antic-
ipate potential crime events, identify high-risk locations or individuals, and support proactive
decision-making in law enforcement operations [11]. Although predictive policing is often
evaluated in terms of forecasting accuracy, its successful implementation depends equally on
deployment conditions, including data readiness, institutional capacity, governance, and op-
erational feasibility. Consequently, this review examines the conceptual foundations of pre-
dictive policing through the Al Deployment Gap, emphasizing how socio-technical condi-
tions influence the design, selection, and deployment of Al-based policing systems in devel-
oping-country contexts [13], [44].

The intellectual foundations of predictive policing are rooted in Intelligence-Led Polic-
ing (ILP) and Problem-Oriented Policing (POP). ILP emphasizes the systematic collection
and analysis of crime data to support strategic and tactical decision-making, whereas POP
focuses on identifying recurring crime problems and addressing their underlying causes [23],
[45]. Predictive policing extends these policing philosophies by incorporating algorithmic
forecasting models capable of uncovering latent patterns and anticipating future crime risks
across multiple spatial and temporal scales [29], [46]. This evolution reflects the transition
from reactive crime analysis toward proactive, intelligence-driven decision support.

From a theoretical perspective, predictive policing operates through two primary para-
digms: place-based prediction and person-based prediction. Place-based predictive policing
focuses on forecasting crime hotspots by analyzing spatial and temporal crime patterns, en-
vironmental characteristics, and situational contexts [33]. This approach aligns closely with
Routine Activity Theory and Crime Pattern Theory, which propose that crime is spatially
concentrated through the interaction of motivated offenders, suitable targets, and the absence
of capable guardians [9]. In contrast, person-based predictive policing secks to identify indi-
viduals or groups at elevated risk of offending or victimization using historical arrest records,
social networks, and behavioral indicators [47]. Although person-based models have received
increasing research attention, they remain highly controversial because of concerns related to
algorithmic bias, stigmatization, discrimination, and civil liberties [11], [18]. Consequently, the
choice between place-based and person-based prediction extends beyond predictive perfor-
mance and increasingly involves ethical, legal, and governance considerations.

Early predictive policing systems relied primarily on statistical and heuristic approaches,
including hotspot mapping, regression analysis, and time-series forecasting [3]. These meth-
ods provided valuable insights into crime trends, seasonality, and spatial concentration but
were limited in their ability to capture complex nonlinear relationships and heterogeneous
data sources [41]. As crime datasets became increasingly diverse and computational capabili-
ties advanced, ML and Al enabled substantially more sophisticated predictive models. Con-
sequently, predictive policing has evolved from a purely statistical forecasting approach into
an Al-driven decision-support system capable of integrating multiple data sources and learn-
ing complex crime patterns [19].

Importantly, predictive policing is not intended to replace human judgment but rather
to augment police decision-making by providing actionable intelligence for patrol allocation,
resource optimization, and crime prevention planning [8], [15]. Contemporary research in-
creasingly emphasizes that predictive outputs should be interpreted as probabilistic risk indi-
cators rather than deterministic predictions, reinforcing the importance of human oversight
and contextual interpretation [8], [45]. This distinction is particularly critical in environments
where data quality, socio-economic complexity, and institutional constraints may substantially
influence model reliability and operational performance [17]. Accordingly, successful deploy-
ment depends not only on predictive capability but also on responsible human-centered de-
cision-making.

In developing regions such as Nigeria, the practical implementation of predictive polic-
ing is shaped not only by crime characteristics but also by deployment constraints, including
fragmented data infrastructures, partial digitization, limited computational resources, and
evolving governance frameworks [10]. These factors influence both the selection of predictive
models and their operational feasibility, reinforcing the central premise of this review that
successful Al deployment depends as much on socio-technical readiness as on algorithmic
capability. Consequently, place-based approaches remain more practical than person-based
systems because they rely on relatively accessible geospatial evidence while avoiding many of
the ethical and legal concerns associated with individual profiling [19], [20].
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Furthermore, recent theoretical developments have expanded the conceptual scope of
predictive policing by positioning explainability, fairness, and accountability as fundamental
design principles rather than optional system characteristics. Researchers increasingly argue
that without transparency and interpretability, predictive policing systems risk undermining
public trust, reinforcing historical biases, and reducing institutional legitimacy, patticularly in
matginalized communities [40], [41], [48]. This shift demonstrates that predictive policing
should be understood not merely as a computational problem but as a socio-technical system
in which technical performance, governance, ethics, and community trust are inherently in-
terconnected.

In summary, the conceptual foundations of predictive policing extend well beyond algo-
rithmic forecasting. While criminological theories, ILP, POP, and computational intelligence
provide the methodological basis for prediction, their operational value ultimately depends
on data readiness, governance structures, explainability, institutional capacity, and deployment
feasibility. Collectively, these interrelated factors define the Al Deployment Gap adopted
throughout this review and establish the analytical foundation for evaluating existing predic-
tive policing methods, identifying research gaps, and motivating the proposed context-aware
hybrid ML-NLP—spatial-temporal-XAI framework.

2.2. Evolution of Predictive Policing Models: From Statistical Methods to AI-Driven
Systems

The evolution of predictive policing reflects not only advances in Al but also the chang-
ing requirements for operational deployment. Early research primarily focused on improving
forecasting accuracy through statistical and ML techniques, whereas contemporary predictive
policing increasingly emphasizes deployment readiness, including data quality, computational
efficiency, explainability, governance, and institutional capacity. Accordingly, the methodo-
logical evolution presented in this section is interpreted through the Al Deployment Gap,
highlighting how successive technological advances have progressively addressed—or, in
some cases, exposed—the deployment challenges encountered in developing-country polic-
ing environments. Figure 1 summarizes this methodological evolution from traditional statis-
tical approaches to contemporary hybrid Al-driven predictive policing frameworks.

Initial predictive policing models were predominantly based on classical statistical and
econometric methods, in which crime was modeled as a temporally structured phenomenon
characterized by trends, cycles, and seasonality. Time-series techniques, such as ARIMA and
ARFIMA, were widely adopted because of their mathematical rigor, interpretability, and rel-
atively low computational requirements [30], [39]. Research by [46] demonstrated that these
models were effective for short-term crime forecasting, particularly at aggregated spatial
scales. Their simplicity and transparency also made them attractive for operational environ-
ments with limited computational resources.

However, subsequent studies, particularly those conducted in developing counttries, re-
vealed that classical statistical models were inadequate for capturing the nonlinear, spatially
heterogeneous, and context-dependent nature of crime. Crime dynamics are influenced by
complex interactions among socio-economic conditions, environmental characteristics, pop-
ulation mobility, and offender behavior, factors that violate the assumptions of linearity and
stationarity underlying conventional time-series models [9], [49]. Nevertheless, these ap-
proaches remain operationally relevant in resource-constrained environments because they
require relatively small datasets, modest computational resources, and provide transparent
decision-making processes. This trade-off illustrates an important aspect of the Al Deploy-
ment Gap, where operational feasibility may outweigh incremental improvements in predic-
tive performance.

The emergence of ML marked a major turning point in crime prediction research by
enabling models to capture complex nonlinear relationships beyond the capability of tradi-
tional statistical approaches [50]. Studies conducted in developed countries demonstrated that
supervised learning algorithms, including decision trees, random forests, support vector ma-
chines, and ensemble learners, consistently outperformed statistical models in crime classifi-
cation and hotspot prediction tasks [51], [52], [53]. Their flexibility, robustness, and moderate
computational requirements make conventional ML, models particularly suitable for policing
environments where structured crime databases are available but computational infrastructure
remains limited—a situation commonly encountered in many developing countries.
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Consequently, ML represents an important balance between predictive capability and deploy-
ment practicality.

The subsequent adoption of DL architectures further transformed predictive policing
by enabling hierarchical feature learning and long-term temporal dependency modeling. Re-
current Neural Networks (RNNs), particularly LSTM networks, became widely adopted for
temporal crime forecasting because of their ability to capture complex sequential crime pat-
terns [11], [37], [42]. Comparative studies conducted in developing-country settings consist-
ently reported that LSTM-based models achieved higher forecasting accuracy than ARIMA
and other statistical baselines, especially in large metropolitan environments [40], [44]. These
findings substantially influenced subsequent crime prediction research worldwide. However,
the improved predictive capability of DL comes at the cost of increased dependence on large,
high-quality datasets and greater computational resources, limiting routine deployment in po-
licing environments characterized by fragmented records, incomplete digitization, and con-
strained infrastructure.

As predictive policing research matured, researchers increasingly recognized that crime
is inherently a spatial-temporal phenomenon, leading to the development of models capable
of simultaneously capturing geographic interactions and temporal dynamics [54]. Early spatial
analyses primarily relied on techniques such as Kernel Density Estimation (KDE) for hotspot
identification [49], [55]. More recent studies have increasingly adopted clustering algorithms,
particularly Density-Based Spatial Clustering of Applications with Noise (DBSCAN), because
of their ability to identify irregularly shaped crime clusters while effectively handling noisy
observations [15]. Furthermore, hybrid frameworks combining spatial clustering with DL
models have demonstrated notable improvements in predictive performance [33], [44]. Nev-
ertheless, their successful deployment depends heavily on the availability of accurate geospa-
tial information and integrated spatial databases, conditions that remain inconsistent across
many policing agencies in developing countries.

More recently, graph-based learning paradigms, particularly Graph Neural Networks
(GNNs) and Spatio-Temporal Graph Neural Networks (ST-GNNs), have emerged as state-
of-the-art approaches in predictive policing research. Unlike conventional spatial models that
treat locations independently, graph-based architectures model crime locations as intercon-
nected nodes, enabling the learning of spatial diffusion patterns and relational dependencies
[44], |54]. Studies applying ST-GNNs have reported substantial improvements in crime fore-
casting accuracy and hotspot detection, representing a significant advancement over earlier
predictive modeling paradigms [40]. Despite these promising results, the operational deploy-
ment of graph-based models requires continuously updated spatial networks, reliable rela-
tional data, and substantial computational infrastructure. These requirements remain difficult
to satisfy in environments where crime information is fragmented, partially digitized, or in-
consistently maintained, further illustrating the practical challenges associated with Al deploy-
ment.

The methodological trajectory observed in developing countries generally follows the
same global evolution. However, the slower adoption of advanced predictive policing models
should not be interpreted as evidence of technological lag. Rather, it primarily reflects differ-
ences in deployment readiness. Fragmented crime databases, partial digitization, inconsistent
reporting standards, limited computational infrastructure, and evolving governance frame-
works substantially constrain the operational feasibility of sophisticated Al models despite
their demonstrated predictive capability. Consequently, researchers have increasingly ex-
plored hybrid architectures that seek to balance predictive performance with deployment
practicality under local operational conditions [19], [32], [39]. This observation reinforces the
central premise of this review that deployment success depends as much on socio-technical
readiness as on algorithmic advancement.

Importantly, the distinction between developed and developing countries lies less in al-
gorithmic sophistication than in deployment context. Although researchers across different
regions increasingly investigate comparable Al techniques, differences in data readiness, in-
stitutional capacity, governance, explainability requirements, and computational infrastructure
largely determine whether these models can be successfully deployed in operational policing
environments. Thus, the AI Deployment Gap should be understood not as a technological
disparity but as a socio-technical deployment challenge that shapes the practical adoption of
predictive policing systems.
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In summary, the evolution of predictive policing represents more than a sequence of
algorithmic improvements; it reflects a progressive transition toward Al systems that must
satisfy increasingly complex deployment requirements. From statistical forecasting to hybrid
multimodal Al frameworks, each methodological transition addresses specific limitations in
predictive capability while simultaneously introducing new challenges related to data readi-
ness, computational demands, explainability, governance, and institutional capacity. Viewed
through the Al Deployment Gap, these socio-technical considerations provide a more com-
prehensive basis for evaluating predictive policing models than predictive accuracy alone and
establish the analytical foundation for the subsequent discussion of ML, NLP, spatial-tem-
poral learning, and XAl Figure 1 illustrates the evolution of predictive policing approaches,
highlighting the transition from traditional reactive policing and statistical forecasting toward
hybrid Al-driven frameworks that integrate ML, NLP, spatial-temporal learning, and XAI to
support more effective and responsible predictive policing systems.

Traditional Policing

l

Statistical Model (ARIMA,
AFRIMA, Regression)

A

Machine Learning
(Decision Tree, RF, SVM)

4

Deep Learning
(LSTM, CNN, ST GNN)

v

Hybrid Prediciton Policing
(ML+ NP + Spatio-Temporal + XAl)

Figure 1. Evolution of Predictive Policing

2.3. Machine Learning Techniques for Crime Prediction

Machine Learning (ML) has become one of the dominant methodologies in predictive
policing because it provides an effective balance between predictive capability and operational
feasibility across diverse policing environments [22], [44]. Beyond improving crime prediction
accuracy, ML enables the analysis of nonlinear, heterogeneous, and high-dimensional crime
data [56] while remaining sufficiently flexible for deployment under varying levels of data
availability and computational resources. Within the Al Deployment Gap framework adopted
in this review, ML techniques are evaluated not only according to predictive performance but
also based on their suitability for real-world deployment in developing-country policing con-
texts. Consequently, the discussion extends beyond algorithmic accuracy to consider deploy-
ment readiness, interpretability, computational efficiency, and operational sustainability.

Tree-based and ensemble learning algorithms remain among the most widely adopted
ML approaches for crime prediction. Decision Trees (DTs) provide interpretable, rule-based
decision structures that are well suited for operational policing because their predictions can
be readily understood and justified. However, they may become unstable when trained on
noisy or highly complex datasets [33]. Ensemble approaches, such as Random Forest (RF)
and XGBoost, improve robustness by combining multiple learners and reducing overfitting
[22], [51], [57]. Study [57] identified RF as the most frequently applied ML algorithm, appear-
ing in 25 of 120 reviewed studies, while [44] reported that XGBoost achieved prediction ac-
curacies of 94% for Chicago and 88% for Los Angeles. Evidence from Nigeria also
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demonstrates the strong predictive performance of DT and RF models [32]. Nevertheless,
these improvements introduce an important trade-off: although ensemble methods generally
achieve higher predictive accuracy, they reduce model transparency, making legal auditability,
bias detection, and operational explanation more challenging [3]. Consequently, tree-based
algorithms remain attractive for operational policing because they provide a practical balance
among predictive performance, computational efficiency, interpretability, and deployment
feasibility when structured crime databases are available.

Kernel-based and instance-based learning methods, particularly Support Vector Ma-
chines (SVMs) and k-Nearest Neighbours (k-NN), continue to be effective classification tech-
niques, especially when handling sparse or high-dimensional datasets [51]. However, the pre-
dictive performance of SVM is highly dependent on kernel selection, parameter optimization,
and class balance [52]. Evidence from [32] further indicates that SVM performance detetio-
rates under noisy or highly imbalanced local datasets, as demonstrated in the Maiduguri case
study, where it underperformed compared with tree-based algorithms. These findings suggest
that model selection should be driven by local data characteristics and operational require-
ments rather than by algorithmic popularity alone. Viewed through the Al Deployment Gap,
deployment success depends on selecting models that align with the quality and characteristics
of the available data rather than simply adopting the most advanced algorithm.

Deep learning approaches, particularly LSTM networks [19], [39], Convolutional Neural
Networks (CNNs) [44], and hybrid CNN-LSTM architectures [37], have substantially ex-
panded the capability of predictive policing by modeling complex temporal and spatial-tem-
poral crime dynamics [58]. In Oyo State, [39] demonstrated that LSTM outperformed
ARIMA-based forecasting, highlighting its effectiveness for modeling irregular urban crime
patterns. However, these performance gains introduce a complexity—stability trade-off. While
CNN-LSTM architectures capture intricate temporal features, [37] reported that they remain
sensitive to outliers and exhibited elevated Mean Squared Error when trained on noisy da-
tasets. Furthermore, DL models require substantially larger training datasets, greater compu-
tational capacity, and continuous model maintenance, reducing their operational suitability in
many resource-constrained policing environments. Consequently, the practical adoption of
DL depends not only on predictive capability but also on the availability of sustainable com-
putational and data infrastructures.

Generative Al and LLMs represent a more recent frontier in predictive policing research
[24], [59], [60], particulatly for extracting actionable intelligence from unstructured police nat-
ratives. Models including GPT-3, GPT-4, BART, Baichuan, ChatGLM, and Qwen have
demonstrated promising performance in crime classification, entity extraction, and police re-
port analysis [23], [25]. However, [12] reported that a fine-tuned GPT-3 model achieved 97%
accuracy on a San Francisco dataset but experienced a substantial performance decline when
evaluated in another urban environment, illustrating the effects of distribution shift. This
finding is particularly relevant for Nigeria and other developing countries, where police rec-
ords are predominantly narrative-based, locally contextualized, and inconsistently digitized.
Consequently, the successful deployment of LLMs depends less on the undetlying model
architecture than on localized training data, domain-specific adaptation, governance mecha-
nisms, and continuous validation. Rather than directly adopting globally pretrained models,
developing-country policing agencies are therefore more likely to benefit from domain-spe-
cific fine-tuning and locally adapted language resources.

Hybrid frameworks have emerged as an effective strategy for overcoming the limitations
of individual predictive models by integrating clustering, classification, spatial analysis, and
temporal forecasting. For example, [36] combined K-Means clustering with CNN-based anal-
ysis, while [19] integrated DBSCAN with an enhanced LSTM architecture for urban crime
prediction in Nigeria. Similatly, forensic-oriented research by [61] demonstrated how cluster-
ing and probabilistic mixture models can be used to associate physical forensic evidence with
criminal history databases. From the perspective of the Al Deployment Gap, hybrid archi-
tectures provide a practical deployment strategy because they exploit the complementary
strengths of multiple algorithms while mitigating weaknesses associated with fragmented da-
tasets, heterogeneous intelligence sources, and operational resource constraints. This flexibil-
ity makes hybrid systems particularly attractive for predictive policing in developing-country
contexts, where no single model can adequately address all deployment challenges.

These ML has substantially advanced predictive policing by enabling the modeling of
complex crime dynamics that extend beyond the capabilities of traditional statistical
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approaches. However, no single algorithm consistently satisfies the diverse operational re-
quirements of predictive policing. Tree-based methods provide interpretability and computa-
tional efficiency; ensemble models improve predictive accuracy at the expense of transpat-
ency; SVM performs well under structured conditions but remains sensitive to data quality;
DL effectively captures complex temporal dependencies but requires considerable computa-
tional resources; and LLLMs unlock valuable intelligence from unstructured police records but
demand localized adaptation, governance, and continuous validation. Viewed through the Al
Deployment Gap, these trade-offs demonstrate that successful predictive policing depends
not only on algorithmic performance but also on deployment readiness, data quality, explain-
ability, institutional capacity, and operational feasibility. Accordingly, selecting an appropriate
ML approach should be regarded as a context-dependent deployment decision rather than
simply an optimization problem aimed at maximizing predictive accuracy.

2.4. Spatial-Temporal and Hybrid Crime Prediction Models

Crime is inherently a spatial-temporal phenomenon, emerging within specific geographic
contexts while evolving through identifiable temporal patterns, spatial diffusion, and inter-
area dependencies [62], [63]. Consequently, effective predictive policing requires models ca-
pable of jointly learning spatial and temporal relationships rather than treating them inde-
pendently. Within the Al Deployment Gap framework adopted in this review, spatial-tem-
poral approaches are evaluated not only according to forecasting accuracy but also in terms
of computational efficiency, data requirements, scalability, and deployment feasibility in re-
source-constrained policing environments.

Traditional spatial analysis methods, including Geographic Information Systems (GIS),
Kernel Density Estimation (KDE) [26], [55], [64], and the Standard Deviational Ellipse, re-
main valuable for hotspot visualization and supporting place-based policing strategies [33].
However, these techniques are primarily retrospective, rely heavily on mapping assumptions,
and often prioritize visual representation over statistical inference [62]. DBSCAN addresses
several of these limitations by identifying irregularly shaped crime hotspots while effectively
handling noisy spatial data without requiring a predefined number of clusters [19]. In Nigeria,
GIS-based hotspot mapping has been successfully applied to construct spatial crime invento-
ries across multiple states, revealing strong interdependencies among neighboring adminis-
trative regions [63]. Although GIS- and KDE-based approaches remain attractive because of
their simplicity, interpretability, and low computational requirements, their retrospective na-
ture limits their ability to support proactive operational decision-making.

Deep learning has substantially expanded spatial-temporal crime prediction by enabling
the joint modeling of temporal dynamics and spatial interactions [65]. RNNs and LSTMs
effectively capture long-term temporal dependencies [56], whereas CNN—LSTM architectures
integrate spatial feature extraction with temporal forecasting to improve predictive perfor-
mance [37]. Nevertheless, these models introduce an important complexity—stability trade-
off. CNN-LSTM architectures are capable of learning rich spatial-temporal representations
but remain sensitive to noisy observations and outliers, whereas Dynamic Mode Decompo-
sition (DMD) provides a more stable alternative for identifying low-rank spatial-temporal
structures [44]. Consequently, selecting an appropriate spatial-temporal model requires bal-
ancing predictive capability with robustness under real-world operational conditions.

Graph-based learning represents a further methodological advancement by modeling
crime locations as interconnected nodes rather than independent spatial entities. Architec-
tures such as GNNs, ST-GNNs, Spatio-Temporal Graph Convolutional Networks
(STGCN), Spatio-Temporal Sparse Hypergraph Networks (ST-SHN), and Spatio-Temporal
Hypergraph Structure Learning (ST-HSL) capture crime diffusion, inter-location dependen-
cies, multiplex spatial interactions, and label-scarcity challenges more effectively than conven-
tional grid-based models [11], [40], [54], [58]. These capabilities have established graph-based
learning as one of the current state-of-the-art approaches in predictive policing. However,
their practical deployment depends on continuously updated spatial networks, high-quality
relational data, and sufficient computational infrastructure, requirements that remain difficult
to satisfy in many developing-country policing environments.

Recent state-of-the-art models have increasingly focused on reducing these computa-
tional constraints while preserving predictive performance. Transformer-based and sparse-
attention architectures, including ACSAformer, LCRNet, and LGSTime, improve long-se-
quence modeling by incorporating sparse attention mechanisms, adaptive graph convolution,
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and computationally efficient learning strategies [60], [67], [68]. Similarly, MiST and
DeepCrime integrate spatial, temporal, and categorical information into a unified latent rep-
resentation to support citywide abnormal-event forecasting [65], [69]. These developments
indicate that contemporary spatial-temporal prediction is evolving toward efficient multi-
modal fusion rather than merely increasing model complexity. From the perspective of the
Al Deployment Gap, such efficiency-oriented architectures represent an important step to-
ward practical deployment because they reduce computational demands while maintaining
strong predictive capability. Nevertheless, successful operational implementation continues
to depend on data quality, localized validation, institutional readiness, and governance rather
than algorithmic efficiency alone.

Hybrid frameworks attempt to combine the complementary strengths of multiple mod-
eling paradigms to improve both predictive robustness and deployment practicality. The Ni-
gerian-focused CriPaaP framework integrates DBSCAN for hotspot clustering, an enhanced
LSTM for temporal pattern learning, and ST-GNN for modeling global spatial relationships,
resulting in improved hotspot localization and reduced forecasting error [19], [44]. Mean-
while, interpretable spatial-temporal approaches, including AIST and SHAP-based spatial ex-
planation techniques, enhance auditability by identifying the points of interest, historical crime
patterns, and environmental variables that contribute most strongly to high-risk predictions
[6], [9]. These findings suggest that hybrid architectures not only improve predictive perfor-
mance but also provide greater flexibility for addressing heterogeneous data sources and op-
erational constraints commonly encountered in developing-country policing environments.

These spatial-temporal and hybrid models have significantly advanced predictive polic-
ing by representing crime as a dynamic, interconnected, and context-dependent phenomenon.
Nevertheless, each modeling paradigm presents distinct deployment trade-offs. GIS and
KDE remain computationally efficient and highly interpretable but are primarily retrospec-
tive; DBSCAN effectively identifies irregular crime hotspots yet lacks temporal forecasting
capability; CNN-LSTM captures complex spatial-temporal dependencies but requires sub-
stantial computational resources and remains sensitive to noisy data; DMD provides stable
forecasting but may overlook infrequent events; ST-GNNs effectively model crime diffusion
but depend on high-quality relational data; whereas sparse Transformer architectures improve
computational efficiency while requiring reliable multimodal inputs. Viewed through the Al
Deployment Gap, these trade-offs demonstrate that the successful deployment of spatial-
temporal predictive policing systems depends not only on predictive performance but also on
data readiness, computational feasibility, explainability, governance, and institutional capacity.
Accordingly, these observations reinforce the need for context-aware hybrid ML-NLP—spa-
tial-temporal-XAl frameworks capable of balancing predictive accuracy with the practical
realities of deployment in developing-country policing environments.

2.5. Natural Language Processing in Smart Policing

NLP has become an essential component of smart policing because a substantial pro-
portion of law enforcement intelligence exists in unstructured narrative form, including police
reports, crime diaries, case files, emergency call transcripts, intelligence briefs, and social me-
dia content [70]. Within the Al Deployment Gap framework adopted in this review, NLP
plays a particularly important role by addressing one of the major deployment challenges in
developing-country policing environments: the inability of conventional predictive systems
to effectively utilize narrative-rich intelligence. Consequently, NLP extends predictive polic-
ing beyond structured crime records by transforming textual information into actionable in-
telligence that can support operational decision-making.

Early applications of NLP in policing primarily focused on information extraction,
Named Entity Recognition (NER), and rule-based text processing. Techniques based on
NER, Conditional Random Fields (CRF), SVM, lexicon-based systems, and rule-based Gen-
eral Architecture for Text Engineering (GATE) modules demonstrated that entities such as
weapons, drug names, persons, locations, organizations, and incident descriptors could be
extracted from police narratives [20], [33], [71]. Although these approaches achieved high
precision and recall in relatively structured narrative settings, their performance deteriorated
when police reports contained spelling errors, slang, incomplete syntax, inconsistent format-
ting, or locally specific expressions [72]. This sensitivity to noisy text remains a significant
barrier to operational deployment. Nevertheless, their relatively low computational require-
ments make these methods attractive for policing agencies with limited digital infrastructure,



Journal of Computing Theories and Applications 2026 (August), vol. 4, no. 1, Omiyeniyi, et al. 287

despite their limited adaptability across jurisdictions and reporting styles due to their reliance
on handcrafted rules.

Recent advances in Transformer-based architectures and LLMs have expanded the role
of NLP from basic information extraction to semantic understanding and narrative reasoning,.
Models such as BERT, BART, GPT-3, GPT-4, Llama, Baichuan, ChatGLM, and Qwen have
been successfully applied to crime classification, entity extraction, qualitative coding, and the
interpretation of police narratives [27], [34], [60], [73]. Evidence indicates that BERT outpet-
forms conventional classifiers in incident-type identification, while fine-tuned lightweight
LLMs substantially improve F1-scores for entity extraction, particularly for challenging enti-
ties such as organizational names [27], [73]. These developments demonstrate that modern
NLP is evolving beyond syntactic processing toward contextual intelligence generation. How-
ever, effective deployment depends less on the underlying model architecture than on local-
ized language adaptation, domain-specific training, and continuous validation within opera-
tional policing environments.

Despite these advances, deploying NLP in predictive policing presents several important
trade-offs. First, model performance is highly dependent on the characteristics of the training
data. Study [12] showed that a fine-tuned model achieving high accuracy in one city experi-
enced a substantial decline when applied to another urban context, illustrating the impact of
distribution shifts caused by differences in reporting styles, terminology, crime categories, and
local policing practices. Second, general-purpose pretrained models often fail to capture the
legal, procedural, and tactical language commonly found in police narratives, making domain-
specific adaptation essential [74]. Third, LLLM-based systems continue to require human over-
sight. According to [73], LLMs perform effectively as screening and negative-filtering tools,
but ambiguous or high-impact cases still require expert review to maintain predictive reliabil-
ity, accountability, and socio-technical legitimacy [24]. Collectively, these findings indicate that
successful NLP deployment depends as much on local institutional practices and data char-
acteristics as on advances in language modeling.

Beyond predictive performance, NLP also introduces practical challenges related to
computational cost, privacy protection, and operational integration [58]. Standard Trans-
former architectures typically require substantial computational resources, limiting their ap-
plicability in resource-constrained policing environments. This challenge has stimulated the
development of lightweight language models, sparse-attention mechanisms, and computa-
tionally efficient approaches such as Simulated Annealing Sparsity [59]. Consequently, de-
ployment strategies in developing-country policing environments increasingly favor light-
weight, locally hosted, and domain-adapted NLP models that balance predictive capability
with computational efficiency, privacy preservation, and long-term operational sustainability
[75].

Opverall, the principal challenge is not simply the limited adoption of NLP but its limited
integration within operational predictive policing systems. In many developing-country po-
licing environments, narrative intelligence remains isolated from structured crime databases,
spatial-temporal models, and explainability mechanisms, thereby widening the Al Deploy-
ment Gap. From this perspective, NLP should be regarded as a foundational intelligence layer
that transforms police reports, crime diaties, case files, and other unstructured records into
structured predictive features that can be integrated with downstream analytical models.
When combined with ML, spatial-temporal learning, and XAI, NLP enables richer situational
awareness while simultaneously supporting deployment requirements related to contextual
adaptation, transparency, privacy protection, and human oversight. Accordingly, the future
of predictive policing lies not in adopting increasingly larger language models, but in integrat-
ing context-aware NLP within practical, explainable, and operationally sustainable Al ecosys-
tems.

2.6. Explainable Artificial Intelligence and Ethical Considerations

As predictive policing evolves from statistical forecasting toward increasingly sophisti-
cated ML, DL, LLMs, and graph-based architectures, explainability has become a fundamen-
tal requirement for operational deployment rather than merely a desirable technical feature.
Within the Al Deployment Gap framework adopted in this review, predictive performance
alone is insufficient to support operational decision-making. Police officers, supervisors, pol-
icymakers, and oversight bodies must understand why a model identifies a particular location,
event, or crime pattern as high risk before its recommendations can be trusted, audited, and
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translated into policing actions [5], [0], [76]. Consequently, explainability plays a critical role
in bridging predictive intelligence and responsible operational deployment.

A fundamental distinction in XAl lies between post-hoc explanation and interpretable-
by-design models. Post-hoc approaches, including Local Interpretable Model-Agnostic Ex-
planations (LIME) and SHapley Additive exPlanations (SHAP), generate explanations after a
model has produced its predictions [35], [77]. These techniques provide valuable insights into
the input features that influence individual predictions. For example, [9] demonstrated that
SHAP can identify urban characteristics, such as commercial facilities and visitor density, that
contribute to elevated crime risk, enabling police agencies to move beyond generalized patrol
allocation toward more targeted prevention strategies. While post-hoc explanations substan-
tially improve model transparency, operational policing environments often requite inherently
interpretable models in which explanations are produced alongside predictions, thereby re-
ducing uncertainty during real-time decision-making.

Interpretable-by-design models embed explainability directly within the predictive archi-
tecture. Attention-based approaches, such as the Attention-based Interpretable Spatio-Tem-
poral Network (AIST), utilize attention mechanisms to reveal which regions, temporal inter-
vals, traffic patterns, or points of interest contribute most significantly to high-risk predictions
[29], [78]. Such capabilities allow decision-makers to trace predictions back to specific evi-
dence, improving both interpretability and operational confidence. Similarly, techniques such
as Layer-wise Relevance Propagation (LRP) can identify whether model decisions are driven
by meaningful crime-related indicators or by spurious and potentially biased features [79].
These approaches enhance transparency while simultaneously supporting more reliable oper-
ational validation.

Bias detection represents another critical function of XAl and should be regarded as an
operational necessity rather than solely an ethical concern. Predictive policing models are
commonly trained using historical crime records that may reflect long-standing patterns of
over-policing, underreporting, or selective law enforcement [18], [45]. Without appropriate
safeguards, predictive models may reinforce these historical biases by repeatedly classifying
previously over-policed neighborhoods as high-risk, thereby creating self-reinforcing feed-
back loops [3]. XAl provides mechanisms for determining whether predictions are driven by
legitimate crime-related evidence or by indirect proxies associated with poverty, ethnicity, ge-
ographic disadvantage, or historically biased policing practices. Complementary fairness met-
rics, including demographic parity and equalized odds, further support the evaluation of
whether predictive outputs disproportionately affect particular groups [6]. Together, these
mechanisms strengthen deployment readiness by enabling investigators and operational com-
manders to verify the rationale behind Al-generated recommendations before operational
decisions are made.

The importance of explainability becomes even more pronounced in Nigeria and many
other developing-country contexts, where Al governance, regulatory oversight, and digital
infrastructures continue to evolve [75]. Rather than reflecting technological limitations, these
conditions increase the need for transparent, auditable, and human-supervised Al systems
capable of supporting accountable operational deployment [5]. Consequently, explainability
should be viewed as an essential mechanism for strengthening institutional trust and facilitat-
ing the responsible adoption of predictive policing technologies within resource-constrained
environments.

Furthermore, explainability must be adapted to local legal, cultural, and institutional con-
texts. Predictive policing models developed in high-income countries may not adequately re-
flect African policing structures, customary justice systems, or community-based conflict res-
olution practices [3], [76]. As a result, technically accurate models may still encounter limited
operational acceptance if their recommendations cannot be interpreted within local institu-
tional and societal contexts. Effective deployment therefore requires XAl to be integrated
with data quality assurance, human oversight, fairness assessment, and community-sensitive
implementation strategies [7], [30], [80]. This broader perspective highlights that explainability
is not only a technical capability but also an important component of trustworthy Al govern-
ance.

Opverall, the reviewed literature demonstrates that XAl has evolved from an auxiliary
explanation technique into a core architectural component of modern predictive policing sys-
tems. While advances in ML, NLP, and spatial-temporal learning continue to enhance pre-
dictive capability, their operational value ultimately depends on whether model outputs can
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be understood, validated, and trusted by investigators, supervisors, and policymakers. Ac-
cordingly, XAl serves as the critical bridge between algorithmic performance and responsible
Al deployment, enabling predictive policing systems that are not only accurate but also trans-
parent, accountable, and operationally sustainable across diverse policing environments.

2.7. Synthesis of Research Gaps

The literature synthesis indicates that the primary limitation of contemporary predictive
policing research is no longer the absence of advanced Al models but the gap between algo-
rithmic capability and practical deployment. Across the reviewed studies, increasingly sophis-
ticated ML, DL, NLP, and spatial-temporal approaches consistently demonstrate substantial
improvements in predictive performance. However, their operational adoption remains con-
strained by fragmented data ecosystems, limited institutional readiness, insufficient explaina-
bility, governance challenges, and weak integration of heterogeneous intelligence sources. Ra-
ther than representing isolated technical issues, these limitations collectively define the Al
Deployment Gap that emerges throughout the reviewed literature. Accordingly, this review
synthesizes the identified challenges into four interrelated dimensions: information integra-
tion, model generalization, explainability and governance, and deployment robustness.

The first dimension is the information integration gap. Most predictive policing systems
continue to rely predominantly on structured variables such as crime type, date, time, and
location, whereas narrative resources—including police pocket notebooks, crime diaries, case
files, intelligence reports, and other textual records—remain only weakly integrated into pre-
dictive pipelines. This limitation is particularly evident in Nigeria and many other developing-
country contexts, where policing data are largely narrative-driven. Consequently, valuable
contextual information, including suspect intent, modus operandi, actor relationships, and
emerging crime patterns, is often excluded from predictive models, reducing both situational
awareness and operational effectiveness [24], [79]. These findings further highlight the im-
portance of integrating NLP as a foundational intelligence layer rather than treating it as an
auxiliary analytical component.

The second dimension concerns the model generalization gap. Many state-of-the-art
predictive models are developed and evaluated using standardized, high-quality datasets col-
lected from data-rich environments. In contrast, policing agencies across Africa frequently
operate with fragmented databases, partial digitization, inconsistent reporting standards, and
heterogeneous information systems [3], [5]. These conditions introduce distribution shifts,
whereby models that perform well in one operational context may exhibit substantial perfor-
mance degradation when deployed elsewhere. The reviewed literature therefore suggests that
successful deployment depends less on algorithmic sophistication than on localized valida-
tion, domain adaptation, and the ability of predictive models to accommodate diverse opera-
tional environments.

The third dimension is the explainability and governance gap. Although many studies
acknowledge the importance of transparency, explainability is still frequently treated as an
additional feature rather than a core design principle. In operational policing, however, high-
risk predictions must be auditable, contestable, and understandable to investigators, supervi-
sors, and policymakers. Post-hoc explanation techniques, including LIME and SHAP, pro-
vide valuable interpretability, yet they often approximate the behavior of complex predictive
models rather than directly incorporating explainability into the decision-making process.
Consequently, the reviewed evidence indicates that explainability should be embedded
throughout the Al lifecycle alongside governance, fairness assessment, and human oversight
to support responsible operational deployment.

The fourth dimension is the deployment robustness gap. While sophisticated architec-
tures such as CNN-LSTM, ST-GNN, and Transformer-based models substantially improve
spatial-temporal prediction, their deployment remains sensitive to noisy records, sparse labels,
outliers, and computational constraints. For example, [37] reported that CNN—LSTM archi-
tectures effectively capture joint spatial-temporal dependencies but experience increased pre-
diction error when trained on noisy urban datasets, whereas Dynamic Mode Decomposition
(DMD) provides a more stable alternative under such conditions. These findings demonstrate
that practical deployment requires balancing predictive performance with computational ef-
ficiency, robustness, explainability, and institutional capacity rather than maximizing predic-
tive accuracy alone.
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Collectively, these findings indicate that the future of predictive policing depends not
simply on developing increasingly sophisticated Al algorithms but on designing predictive
systems that remain reliable, explainable, and deployable under diverse socio-technical con-
ditions. The synthesis presented in this review demonstrates that information integration,
model generalization, explainability, governance, and deployment robustness should be ad-
dressed as interconnected challenges rather than independent research problems. Conse-
quently, future predictive policing systems are likely to benefit from context-aware hybrid
MI~NLP-spatial-temporal-XAI architectures capable of integrating narrative intelligence,
supporting localized model adaptation, embedding explainability throughout the prediction
pipeline, and remaining computationally practical for deployment in developing-country po-
licing environments.

3. Methodology

This study adopts a Systematic Literature Review (SLR) methodology guided by the Pre-
ferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) framework to
ensure transparency, reproducibility, and methodological rigor throughout the identification,
screening, selection, and synthesis of relevant literature. While PRISMA provides the proce-
dural foundation for the review, the literature is analyzed through the Al Deployment Gap
perspective developed in this study. Rather than comparing predictive policing algorithms
solely on predictive performance, the selected studies are critically evaluated according to key
deployment dimensions, including data readiness, multimodal information integration, model
generalization, explainability, governance, institutional capacity, and operational feasibility in
developing-country policing environments. Accordingly, this review focuses on studies ap-
plying Al particularly ML, NLP, spatial-temporal modeling, and XAlI, to crime prediction
and smart policing, with an emphasis on Nigeria, other developing-country contexts, and
comparative evidence from developed countries.

3.1. Review Design

The review was designed to examine how advances in Al for predictive policing translate
into real-world operational deployment across different policing environments, with particu-
lar emphasis on developing-country contexts. Rather than contrasting the level of algorithmic
sophistication between developed and developing countties, the review adopts the Al De-
ployment Gap as its primary analytical framework. Accordingly, studies from developed
countries are considered methodological benchmarks that demonstrate state-of-the-art Al
capabilities, whereas studies from Nigeria and other developing countries are synthesized to
examine how differences in data readiness, institutional capacity, governance, explainability,
and operational feasibility influence the design, evaluation, and deployment of predictive po-
licing systems. This perspective enables the review to move beyond purely technical compat-
isons toward a broader understanding of deployment readiness across diverse socio-technical
environments.

A qualitative evidence synthesis was considered more appropriate than a quantitative
meta-analysis because the selected studies exhibit substantial heterogeneity in crime domains,
datasets, geographic settings, Al techniques, evaluation metrics, and deployment objectives.
Rather than statistically aggregating predictive performance, the review synthesizes evidence
across studies to identify methodological trade-offs, deployment constraints, multimodal in-
tegration strategies, explainability practices, and emerging research trends spanning ML, DL,
NLP, spatial-temporal modeling, graph-based learning, XAl, and hybrid predictive policing
frameworks. This analytical approach facilitates the identification of the principal dimensions
of the Al Deployment Gap while providing context-aware recommendations for Al deploy-
ment in developing-country policing environments.

3.2. Literature Search Strategy

The literature search was conducted across IEEE Xplore, ScienceDirect, Google
Scholar, and supplementary sources, including ResearchGate and targeted searches of the
International Journal of Computer Techniques (IJCT). These sources were selected to pro-
vide comprehensive coverage of both highly indexed Al and computing research and context-
specific studies from developing countries. IEEE Xplore and ScienceDirect provided access
to peer-reviewed publications on predictive policing, ML, spatial-temporal modeling, NLP,
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and XAI, whereas Google Scholar facilitated broader retrieval of multidisciplinary and re-
gional studies. ResearchGate and targeted IJCT searches were additionally employed to iden-
tify relevant publications from Nigeria and other developing-country contexts that are not
consistently indexed in major digital libraries. This multi-source strategy was intended to bal-
ance methodological breadth with contextual coverage, ensuring that both globally recog-
nized advances and region-specific deployment challenges were adequately represented.

The search strategy was derived from the review objectives and the proposed Al De-
ployment Gap framework, enabling the retrieval of studies addressing both methodological
developments and deployment-related challenges. Search terms included predictive policing,
crime prediction, smart policing, Artificial Intelligence, Machine Learning, Deep Learning,
Natural Language Processing, Explainable Artificial Intelligence, spatial-temporal crime pre-
diction, crime hotspot prediction, graph neural networks, large language models, governance,
explainability, bias, fairness, accountability, institutional readiness, operational deployment,
Nigeria, Africa, and developing countries. Representative search strings included "predictive

nn nn

policing" AND "machine learning", "crime prediction" AND "deep learning”, "smart polic-
ing" AND "artificial intelligence", "crime prediction” AND "natural language processing”,
"predictive policing" AND "explainable AI", "spatial-temporal crime prediction" OR "crime
hotspot prediction", "crime prediction” AND "graph neural network", "crime prediction”
AND "large language model", "predictive policing" AND ("Nigeria" OR "Africa" OR "de-
veloping countries"), and "predictive policing" AND ("governance" OR "bias" OR "fairness"
OR "accountability" OR "institutional readiness").

3.3. Data Collection

The initial literature search retrieved more than 300 records from the selected digital
libraries and supplementary sources. After duplicate removal and preliminary screening, stud-
ies were excluded if they did not address Al-enabled predictive policing, crime prediction,
smart policing, XAI, NLP, spatial-temporal modeling, governance, or Al deployment chal-
lenges. Following title, abstract, and full-text screening, 142 studies were retained for detailed
assessment, resulting in a final corpus of 81 studies that directly addressed the objectives of
this review and provided sufficient methodological or deployment-related evidence for qual-
itative synthesis.

To better understand the geographical distribution of the literature, the selected studies
were categorized according to their primary study context rather than the nationality of the
authors. As illustrated in Figure 2, the final corpus comprised 14 Nigeria-focused studies, 7
China-focused studies, 13 studies from other developing or emerging-country contexts, 29
empirical or benchmark studies conducted in developed countries, and 18 global review, con-
ceptual, or foundational AI/XAI studies. This regional categorization supports the compat-
ative objective of this review by highlighting differences in deployment environments, data
ecosystems, governance structures, institutional readiness, and operational constraints across
diverse policing contexts.

The selected studies span the period from 2002 to 2026, capturing the methodological
evolution of predictive policing from early GIS-based crime mapping, police report pro-
cessing, and ILP to contemporary Al-driven frameworks incorporating deep learning, GNNSs,
LLMs, XAI, sparse-attention mechanisms, and multimodal spatial-temporal learning. This
broad temporal coverage enables the review to examine not only advances in predictive meth-
odologies but also the evolution of deployment-related challenges accompanying increasingly
sophisticated Al systems.

Each selected paper was manually reviewed and coded according to publication year,
country or region, study type, data modality, policing problem, Al methodology, reported
performance, key limitations, and relevance to Nigeria, Africa, or other developing-country
contexts. Additional coding captured whether a study addressed ML, deep learning, NLP,
XAl spatial-temporal prediction, ethical considerations, governance, or deployment feasibil-
ity. Based on this coding process, the literature was organized into the taxonomy presented
in Table 1, which classifies studies according to problem class, model architecture, data mo-
dality, interpretability or governance function, and representative references.
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Figure 2. Regional contribution of the 81 selected studies.

Table 1. Taxonomy of Al-Based Predictive Policing Research

Representative Model

Problem Class Primary Data Modality

Interpretability / Govern-

Representative Studies

Architectures ance Role
Crime forecasting RF, DT, XGBoost, rzzroll(;:r:jnzi?éijriz\r:e Orggfjiiz; (feizrt?olr?; i Safat et al. [44]; Sridharan et
and trend analysis LightGBM ’ ’ p p al. [36]; Yusuf & Samuel [32]

logs terpretability

Temporal crime fore- RNN, LSTM, GRU, N-
casting BEATS, CNN-LSTM

Structured time-series
crime data

Low—Moderate; nonlinear
temporal modeling

Spatial hotspot map-
ping
Spatial-temporal

GIS, KDE, DBSCAN S . .
incident locations alization

GNN, ST-GNN, STGCN,  Spatial interaction net-

crime diffusion MTGNN works tent spatial dependency
Long-range spatial- Spa.rse Transformers, Long-sequence spatial- ~ Moderate; efficient long-
. Adaptive Graph Convolu- .
temporal forecasting don temporal data range dependency modeling

Information and en-
tity extraction

NER, BiLSTM—CRF,
Flair, BERT, RoBERTa

Police narratives, judicial
documents

Moderate; extracts entities
and event information

Police reports, witness
statements, emergency
calls, social media

Narrative reasoning
and synthesis

LLMs, Instruction-tuned
LLMs

Moderate; semantic reason-
ing with human validation

MI~-NLP, Graph—Text
Fusion, Spatial-Temporal
Fusion

Multimodal predic-
tive fusion

Structured and unstruc-
tured crime data

Moderate; integrates hetero-
geneous crime intelligence

Forensic identity
mapping

Fingerprints, blood sam-
ples, forensic evidence

GGMM, Binary Clustering Moderate; supports suspect
linkage

Evaluative logic and LIME, SHAP, Attention- Model outputs, operational High; transparency and au-
auditability based explanation, PAS ditability

rules

Ethical and deploy- Mixed methods, Govern-

Policy documents, inter- High; trust, fairness, govern-
ment assessment ance frameworks

views, sutveys ance, deployment

Devi & Kavitha [50];
Adedamola &
Ogundunmade [39]; Albino
etal. [37]

Geospatial coordinates and High; intuitive hotspot visu- Ferreira et al. [62]; Idhoko et

al. [63]; Orekoya et al. [19]

Low—Moderate; captures la-  Wu et al. [54]; Zhang et al.

[81]; Orekoya et al. [19]

Qin et al. [58]; Qin, Wei &
Gao [43]

Chau et al. [20]; Ku et al.
[72]; Juez-Hernandez et al.
[74]; Park et al. [68]
Xing & Chen [25]; Relins et
al. [73]; Liu et al. [23]; Zhang
etal. [81]

Huang et al. [69]; Huang et
al. [65]; Lukmanjaya et al.
[24]

Mande et al. [61]

Ribeiro et al. [35]; de Santana
Cotreia, & Colombini [78];
Kim et al. [9]; Lundberg et

al.[77]

Uduo & Obaji [13]; Asuquo

& Sinha [3]; Halford [6]; Sam
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Regional coding further revealed clear differences in research emphasis. Studies con-
ducted in developed countries predominantly establish methodological benchmarks and in-
troduce state-of-the-art Al architectures, whereas research from developing countries increas-
ingly focuses on fragmented data infrastructures, limited computational resoutces, govern-
ance challenges, and deployment constraints. In particular, Nigeria-focused predictive polic-
ing research became noticeably more active between 2024 and 2025, reflecting growing inter-
est in Al-assisted policing in response to security challenges such as the Boko Haram insur-
gency, banditry, farmer-herder conflicts, kidnapping, communal violence, cybercrime, and
rapid urban crime growth. Collectively, these trends indicate an increasing demand for pre-
dictive policing systems that extend beyond algorithmic accuracy to address practical deploy-
ment requitements, including multimodal information integration, explainability, governance,
and computational efficiency.

4. Results and Thematic Synthesis

This section presents the findings of the systematic review by synthesizing evidence from
the selected studies according to the taxonomy presented in Table 1. The synthesis is orga-
nized around the seven research questions (RQ1-RQ7), providing a structured interpretation
of methodological developments, deployment challenges, and emerging research directions
in Al-based predictive policing. Rather than summarizing individual studies, the analysis iden-
tifies recurring patterns, methodological trade-offs, and cross-study evidence that characterize
the current state of predictive policing research. Across all research questions, a consistent
theme emerges: the primary challenge is no longer the development of increasingly sophisti-
cated Al models but their reliable, explainable, and context-aware deployment under diverse
socio-technical conditions. This overarching observation provides the conceptual foundation
for the thematic analyses presented in the following sections.

4.1. RQ1: What AI techniques have been applied in predictive policing, and what
methodological trade-offs characterize these approaches?

The reviewed literature demonstrates that predictive policing has evolved into a diverse
Al ecosystem rather than a single methodological paradigm. Four major categories of ap-
proaches consistently emerge across the selected studies: traditional ML for structured crime
prediction, DL for modeling complex nonlinear temporal dynamics, graph-based and spatial-
temporal learning for representing crime diffusion and spatial dependencies, and NLP sup-
ported by LLMs for extracting intelligence from unstructured policing narratives. As reflected
in the taxonomy presented in Table 1, these approaches should be regarded as complementary
components of the predictive policing pipeline rather than competing alternatives, illustrating
the broader transition from conventional statistical forecasting toward hybrid, multimodal,
and explainable Al systems.

The synthesis further indicates that each methodological category addresses different
operational requirements while introducing distinct technical and deployment trade-offs. Tra-
ditional ML techniques remain attractive because they are computationally efficient, relatively
interpretable, and well suited to structured crime records that are commonly available across
policing agencies. However, their capability to capture complex spatial-temporal interactions
and heterogeneous data sources remains limited. In contrast, DL architectures substantially
improve the modeling of nonlinear crime dynamics and long-term temporal dependencies
but require larger training datasets, greater computational resources, and stronger explainabil-
ity mechanisms to support operational deployment. Similarly, graph-based and attention-
driven models provide more realistic representations of crime diffusion and inter-location
relationships, although their effectiveness depends heavily on reliable relational data, accurate
graph construction, and mature digital infrastructures. Meanwhile, NLP and LLLM-based ap-
proaches reduce information loss by transforming police reports, crime diaries, case files, and
other narrative intelligence into structured predictive features. Nevertheless, their deployment
introduces additional challenges related to language localization, privacy, domain adaptation,
and the need for continuous human validation.

Beyond the technical characteristics of individual algorithms, the reviewed evidence sug-
gests that model selection should be viewed primarily as a deployment decision rather than
simply an optimization problem aimed at maximizing predictive accuracy. Across the re-
viewed studies, predictive performance is consistently influenced by factors extending beyond
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model atrchitecture, including data quality, institutional readiness, computational capacity,
governance requirements, explainability, and operational feasibility. These considerations be-
come particularly important in Nigeria and other developing-country contexts, where frag-
mented datasets, partial digitization, limited computational infrastructure, and evolving gov-
ernance frameworks restrict the direct adoption of sophisticated Al models originally devel-
oped in data-rich environments. Consequently, the suitability of a predictive model is detet-
mined not only by its algorithmic capability but also by its compatibility with local operational
conditions.

A recurring finding across the reviewed literature is that no single Al technique ade-
quately satisfies the diverse technical, organizational, and operational requirements of predic-
tive policing. Instead, the evidence consistently favors hybrid predictive frameworks that
combine the complementary strengths of multiple Al paradigms. Such frameworks integrate
the computational efficiency and interpretability of traditional ML, the temporal modeling
capability of DL, the spatial reasoning of graph-based learning, the contextual intelligence
extracted through NLP, and the transparency provided by XAI. Rather than pursuing increas-
ingly complex standalone algorithms, current research increasingly emphasizes balanced Al
ecosystems that simultaneously address predictive performance, interpretability, robustness,
governance, and operational feasibility. This shift represents one of the clearest trends iden-
tified in the reviewed literature and provides a practical direction for future predictive policing
systems, particularly within resource-constrained developing-country environments.

4.2. RQ2: How do hybrid and state-of-the-art predictive models address nonlinear
crime dynamics, spatial dependencies, and distribution shifts?

The reviewed literature indicates that hybrid and state-of-the-art (SOTA) predictive po-
licing models have evolved primarily to overcome three persistent challenges that limit con-
ventional crime prediction systems: nonlinear crime dynamics, spatial dependency, and distri-
bution shifts. Rather than relying on a single predictive paradigm, contemporary approaches
increasingly combine temporal learning, spatial reasoning, graph-based representations, atten-
tion mechanisms, and semantic feature extraction to capture the complex and interconnected
nature of criminal activity. This evolution reflects a broader transition from standalone pre-
dictive models toward integrated Al frameworks capable of supporting decision-making un-
der heterogeneous operational conditions.

The first major finding concerns the modeling of nonlinear crime dynamics. Crime pat-
terns rarely follow stable or linear trajectories, as they are influenced by complex interactions
among social, economic, environmental, and behavioral factors. Across the reviewed studies,
deep recurrent architectures and attention-based models consistently demonstrated supetior
capability for capturing long-term temporal dependencies, irregular crime trends, and evolv-
ing behavioral patterns. Transformer-based models further enhance prediction by incorpo-
rating contextual information extracted from narrative intelligence, including offender intent,
crime motives, and case-specific characteristics [56], [68]. Collectively, these findings suggest
that integrating structured and unstructured information enables richer representations of
evolving criminal behavior than traditional forecasting approaches.

A second recurring finding relates to spatial dependency. The reviewed literature con-
sistently treats crime as a networked phenomenon rather than a collection of independent
events. Graph-based and spatial-temporal models improve predictive capability by explicitly
modeling interactions among neighboring locations, transportation corridors, and urban ac-
tivity patterns, thereby capturing crime diffusion more effectively than conventional hotspot
analysis. Evidence from Nigerian studies similarly shows that criminal activities frequently
cluster across adjacent administrative areas, emphasizing the importance of learning geo-
graphic proximity, functional relationships, and spatial interactions when constructing pre-
dictive models [54], [61], [63]. These observations reinforce the growing importance of graph-
based learning for representing the interconnected nature of urban crime.

The third and perhaps most significant finding concerns distribution shifts, which
emerge as one of the primary barriers to real-world deployment. Across the reviewed studies,
models trained using standardized datasets frequently experienced reduced performance
when applied to jurisdictions with different reporting practices, crime taxonomies, SOCio-eco-
nomic conditions, or data quality. These findings indicate that predictive performance alone
provides an incomplete measure of model effectiveness. Instead, successful deployment re-
quires localized validation, domain adaptation, robust feature engineering, and continuous
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model updating, patticularly in developing-country policing environments characterized by
fragmented records and inconsistent digitization [74]. Distribution shift therefore represents
not merely a technical issue but a fundamental challenge to the operational transferability of
Al models.

Taken together, the evidence suggests that the practical value of hybrid and SOTA pre-
dictive models arises not solely from their algorithmic sophistication but from their ability to
accommodate diverse operational contexts. Their effectiveness is determined by the interac-
tion between computational capability and deployment conditions, including data quality, in-
stitutional readiness, digital infrastructure, governance, and explainability. This finding also
explains why models achieving state-of-the-art performance on benchmark datasets cannot
be assumed to generalize directly to resource-constrained policing environments without ap-
propriate adaptation and validation.

Overall, the reviewed literature indicates that the greatest benefits of hybrid predictive
policing systems are achieved when methodological innovation is accompanied by deploy-
ment readiness. Rather than pursuing increasingly complex architectures in isolation, future
research should prioritize context-aware multimodal frameworks that integrate temporal
modeling, spatial reasoning, narrative intelligence, and explainability while remaining compu-
tationally efficient and operationally sustainable. Such an approach is particulatly relevant for
Nigeria and other developing-country contexts, where successful deployment depends on
balancing predictive capability with local data characteristics, governance requirements, and
institutional capacity.

4.3. RQ3: To what extent has NLP been integrated into predictive policing systems,
and what limitations constrain its use in narrative-heavy intelligence environments?

The synthesis indicates that NLP has evolved from rule-based information extraction
toward Transformer-based architectures and LLM-driven narrative intelligence, substantially
expanding the capability of predictive policing systems to exploit unstructured textual data
[60]. Despite these advances, NLP remains significantly underrepresented compared with
conventional ML techniques. For example, [11] reported that traditional ML accounts for
approximately 67% of crime prediction studies, whereas only about 2% integrate DL with
NLP. This imbalance suggests that although law enforcement agencies generate large volumes
of narrative information—including police pocket notebooks, crime diaries, case files, emer-
gency call transcripts, intelligence reports, and social media content—much of this intelli-
gence remains disconnected from operational predictive policing systems.

Across the reviewed literature, NLP has primarily been applied to four major tasks: in-
formation extraction, forensic text analysis, crime classification, and multimodal intelligence
fusion. Early approaches relied on rule-based systems and lexical methods to identify entities
such as weapons, vehicles, locations, drugs, and suspect identities. More recent Transformer-
based and LLM architectures have substantially extended these capabilities by extracting
richer semantic and contextual information from narrative records. For instance, [81] trans-
formed more than one million judicial documents into a standardized spatial-temporal repos-
itory using LLMs; [68]reported strong F1-scores for homicide-related information extraction;
[25] demonstrated that domain-adapted lightweight LLMs improved entity extraction from
police reports by 10-50%; and [27] showed that BERT provides greater robustness when
processing noisy policing narratives. Collectively, these findings demonstrate that modern
NLP has progressed beyond simple entity recognition toward generating structured intelli-
gence that can support downstream predictive analytics.

A recurring finding across the reviewed studies is that the greatest contribution of NLP
lies not merely in extracting textual information but in enriching predictive models with con-
textual intelligence unavailable in conventional structured crime databases. Narrative policing
records frequently contain valuable information regarding points of interest, mobility pat-
terns, criminal hideouts, gang activities, escape routes, suspect behavior, community tensions,
and modus operandi, all of which are difficult to represent using crime counts, timestamps,
or geographic coordinates alone. The literature consistently suggests that integrating these
semantic features with spatial-temporal and graph-based models improves contextual risk as-
sessment, hotspot interpretation, patrol planning, and resource allocation by providing a more
comprehensive representation of evolving crime dynamics.

Despite these promising developments, several barriers continue to limit the operational
adoption of NLP in predictive policing. The reviewed studies consistently report that NLP
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models remain sensitive to noisy records, local dialects, incomplete syntax, inconsistent re-
porting styles, and domain-specific policing terminology. Furthermore, although LLMs pet-
form well in extracting explicitly stated entities, they remain less reliable when required to
infer offender intent, legal relevance, causal relationships, or other implicit contextual infor-
mation that is not directly expressed in the text [38], [68]. Commercial LLLMs may also genet-
ate procedurally plausible yet legally inaccurate outputs, while post-hoc explanations cannot
always faithfully represent the underlying reasoning process. These limitations reinforce the
continuing importance of human-in-the-loop validation, particularly for high-impact opera-
tional policing decisions [60], [73].

Beyond algorithmic performance, the synthesis identifies several practical deployment
constraints. Standard Transformer architectures typically require considerable computational
resources, whereas cloud-based LLM services introduce additional concerns related to pri-
vacy, governance, and data sovereignty when processing sensitive policing information. These
challenges are especially pronounced in developing-country policing environments, where
computational infrastructure, secure data management, and Al governance frameworks re-
main relatively limited. Consequently, recent research increasingly advocates lightweight, do-
main-adapted, and privacy-preserving NLP models incorporating sparse-attention and other
efficiency-oriented mechanisms to improve operational feasibility within resource-con-
strained environments [25], [59].

Overall, the reviewed literature suggests that the principal limitation is no longer the
capability of NLP itself but its limited integration within end-to-end predictive policing frame-
works. In most existing studies, NLP remains an isolated text-processing component rather
than an integral layer within multimodal Al systems, leaving valuable narrative intelligence
disconnected from structured crime records, spatial-temporal reasoning, graph-based learn-
ing, and explainability mechanisms. The synthesis therefore indicates that the greatest oppor-
tunity for advancing predictive policing lies in seamlessly integrating NLP-derived intelligence
with ML, spatial-temporal learning, graph-based models, and XAI. For Nigeria and other
developing-country contexts, such integration should prioritize lightweight, locally adapted,
and privacy-preserving NLP solutions supported by human oversight to ensure that narrative
policing records can be transformed into reliable and operationally actionable intelligence.

4.4. RQ4: How do data readiness limitations, fragmented infrastructures, and
institutional constraints affect predictive model feasibility in developing-country
policing contexts?

The synthesis consistently indicates that the feasibility of predictive policing in develop-
ing-country contexts is determined less by the availability of advanced Al algorithms than by
the readiness of the surrounding deployment environment. Across the reviewed studies, suc-
cessful implementation depends on the combined influence of data readiness, digital infra-
structure, institutional capacity, governance, and explainability rather than predictive accuracy
alone. These findings suggest that evaluating predictive policing systems solely on benchmark
performance provides an incomplete assessment of their practical value, particularly in re-
source-constrained policing environments.

A recurring challenge identified in the literature is limited data readiness. In Nigeria,
policing information remains fragmented across crime diaries, police pocket notebooks, in-
vestigation case files, intelligence reports, and other narrative records, resulting in heteroge-
neous and only partially digitized datasets. Consequently, predictive models that rely exclu-
sively on structured variables, such as crime type, date, time, and location, often fail to exploit
valuable contextual information, including offender intent, modus operandi, witness obser-
vations, behavioral indicators, and localized risk factors [48]. Similar challenges have been
reported in India, where national crime databases continue to exhibit class imbalance and
underrepresentation of infrequent crime categories. In contrast, studies from China demon-
strate how extensive digitization of judicial records has enabled LLMs to construct large-scale
spatial-temporal repositories that support richer predictive analytics [25], [60], [81]. Collec-
tively, these findings indicate that the maturity and quality of the underlying data ecosystem
are more influential than algorithmic sophistication in determining the practical applicability
of ML, NLP, and spatial-temporal prediction models.

The literature also identifies digital infrastructure as a major determinant of deployment
feasibility. In Nigeria, fragmented information systems, limited interoperability among data-
bases, inconsistent electronic record management, unreliable electricity supply, and
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constrained network infrastructure continue to impede the development of reliable predictive
policing pipelines [13]. These limitations restrict the deployment of computationally intensive
DL, Transformer-based, and real-time spatial-temporal architectures that depend on contin-
uous data availability and substantial computing resources [2]. Similar evidence from Bangla-
desh demonstrates that predictive performance is closely associated with computational ca-
pacity, dataset quality, and resilience to noisy observations [44]. Accordingly, many recent
studies advocate lightweight ML models, computationally efficient sparse-attention mecha-
nisms, and optimized hybrid architectures that can operate effectively under resource-con-
strained conditions instead of directly transferring computationally demanding models devel-
oped in high-resource environments.

Beyond technical considerations, the reviewed evidence highlights institutional readiness
and governance as equally important determinants of successful deployment. Implementing
predictive policing requires organizations capable of interpreting, validating, auditing, and
governing Al-generated recommendations throughout the decision-making process. Nigeria
currently lacks comprehensive Al-specific policing policies, standardized digital reporting
procedures, and formal mechanisms supporting algorithmic transparency and contestability,
thereby limiting accountability and public confidence. Comparable studies from India em-
phasize the importance of human-in-the-loop decision support for preserving operational
oversight [3], [36], while research conducted in Bangladesh demonstrates that interpretable
models improve operational acceptance by allowing officers to understand why particular
locations are identified as high-risk [29]. These findings collectively indicate that organiza-
tional preparedness and governance structures are essential components of operational Al
deployment rather than complementary considerations.

Another recurring observation is that the deployment barriers identified across develop-
ing-country contexts are fundamentally socio-technical rather than purely computational. Ad-
vanced predictive models rarely achieve sustainable operational impact when deployed within
fragmented data ecosystems, limited digital infrastructures, or weak governance environ-
ments. Consequently, successful implementation depends on adapting Al systems to local
operational realities instead of assuming that models developed using standardized bench-
mark datasets will generalize across jurisdictions without modification. This finding reinforces
the importance of contextual validation as a prerequisite for responsible Al deployment.

Opverall, the reviewed literature suggests that predictive policing systems intended for
Nigeria and other developing-country contexts should be designed around deployment read-
iness rather than algorithmic complexity. Effective implementation requires integrated frame-
works that combine NLP-based narrative intelligence extraction, interoperable data pipelines,
lightweight spatial-temporal learning, localized model validation, XAl-supported human
oversight, and governance mechanisms aligned with institutional and cultural realities. These
findings reinforce one of the central conclusions of this review: the long-term success of
predictive policing depends on building Al systems that are not only technically effective but
also operationally feasible, institutionally supported, and contextually appropriate for the en-
vironments in which they are deployed.

4.5. RQ5: How is Explainable Artificial Intelligence being used to support
auditability, bias detection, and trustworthy deployment in predictive policing?

The reviewed literature indicates that XAl has evolved from a model interpretation tech-
nique into a fundamental enabler of trustworthy predictive policing. As predictive policing
systems become increasingly dependent on complex ML, deep learning, and graph-based ar-
chitectures, explainability has emerged as a prerequisite for operational deployment rather
than an optional technical enhancement. Across the reviewed studies, the value of predictive
models is consistently shown to depend not only on predictive accuracy but also on whether
their outputs can be understood, audited, challenged, and governed throughout the decision-
making process. Within the taxonomy proposed in this review, XAl therefore serves as the
interpretability and governance layer that bridges algorithmic prediction with operational ac-
countability.

A recurring finding across the literature is that XAl supports predictive policing through
three complementary functions: auditability, bias detection, and trustworthy deployment. For
auditability, post-hoc explanation techniques such as Local Interpretable Model-Agnostic Ex-
planations (LIME), SHapley Additive exPlanations (SHAP), attention-based mechanisms,
and inherently interpretable models identify the variables, spatial locations, and temporal
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factors that contribute to high-risk predictions [9], [29], [35]. These explanations improve
transparency by allowing officers, supervisors, and analysts to examine the rationale underly-
ing model outputs before operational decisions are made. However, the reviewed studies also
consistently acknowledge an important limitation: post-hoc explanations provide approxima-
tions of model behavior and may not fully reflect the internal reasoning processes of complex
deep learning and graph-based architectures [28], [78]. Consequently, explainability should be
considered an integral component of model design rather than solely a post-processing step.

The literature further demonstrates that XAl plays an important role in bias detection
and algorithmic accountability. Because predictive policing systems are typically trained using
historical crime records, they may unintentionally reproduce patterns of selective enforce-
ment, over-policing, or broader socio-economic disparities if these biases remain undetected
[17], [18], [80]. Explainability techniques enable analysts to distinguish whether predictions
are driven by legitimate criminogenic factors or by indirect proxies associated with neighbor-
hood characteristics, historical enforcement practices, or other socially sensitive variables. Be-
yond improving model transparency, these capabilities provide an evidence-based mechanism
for identifying, evaluating, and mitigating algorithmic bias before predictive outputs influence
operational policing decisions.

Another consistent finding is that explainability alone is insufficient without correspond-
ing governance and human oversight. The reviewed studies indicate that explanations become
operationally meaningful only when they support legal accountability, institutional validation,
and transparent decision-making processes. In Nigeria and many other developing-country
contexts, comprehensive Al governance frameworks, standardized procedures for algorith-
mic accountability, and formal notice-and-explanation mechanisms remain underdeveloped
[5], [6]- As a result, human-in-the-loop review, transparent operational workflows, and inter-
pretable predictive outputs become essential safeguards for maintaining accountability, public
trust, and responsible Al deployment. These findings highlight that explainability should be
viewed as both a technical capability and an institutional governance mechanism. Overall, the
reviewed evidence demonstrates that the contribution of XAl extends well beyond improving
model interpretability. Its greatest value lies in enabling predictive policing systems to satisty
the accountability, governance, and institutional requirements necessary for operational de-
ployment. Without appropriate explainability mechanisms, even highly accurate predictive
models may remain unsuitable for real-world policing because their outputs cannot be ade-
quately validated, contested, or trusted by decision-makers.

The synthesis therefore suggests that XAl should be regarded as a core design principle
for future predictive policing systems rather than an auxiliary analytical tool. For Nigeria and
other developing-country contexts, effective implementation requires interpretable model at-
chitectures, post-hoc explanation techniques, fairness evaluation, human-in-the-loop over-
sight, and governance mechanisms that operate together throughout the Al lifecycle. Such an
integrated approach strengthens transparency, accountability, and public trust while support-
ing the responsible deployment of Al in operational policing environments.

4.6. RQ6: What ethical, governance, and deployment challenges influence the
adoption of Al-driven predictive policing in Nigeria and other African contexts?

The reviewed literature consistently indicates that the adoption of Al-driven predictive
policing in Nigeria and other developing-country contexts is constrained less by algorithmic
capability than by the readiness of the surrounding socio-technical environment. Across the
selected studies, successful implementation depends on the interaction among data quality,
governance capacity, institutional readiness, explainability, and digital infrastructure rather
than predictive accuracy alone. Although comparative evidence from India, Bangladesh, Pa-
kistan, South Africa, the Philippines, and the United Arab Emirates provides valuable insights,
Nigeria serves as the primary analytical focus because it reflects many of the operational con-
ditions commonly encountered across developing-country policing environments.

A recurring challenge identified in the literature is ethical readiness, particularly the risk
of amplifying historical bias. Predictive policing models trained on historical crime records
may unintentionally reproduce patterns of selective enforcement, underreporting, ethnic dis-
parities, and broader socio-economic inequalities when historical data are treated as objective
representations of crime [2], [3]. As a consequence, predictive systems may repeatedly classify
the same communities as high-risk, reinforcing existing policing practices instead of improv-
ing public safety. The reviewed studies further indicate that ethical deployment extends
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beyond statistical fairness. In many African contexts, predictive policing systems developed
using data-rich environments may not adequately reflect community-oriented policing prac-
tices, customary justice mechanisms, or locally embedded conflict-resolution processes, re-
sulting in what [76] describes as cultural flattening. These findings emphasize that responsible
Al deployment requires sensitivity not only to algorithmic fairness but also to local institu-
tional and cultural contexts.

The literature also highlights governance and institutional readiness as fundamental pre-
requisites for operational deployment. Nigeria currently lacks comprehensive Al-specific gov-
ernance frameworks for predictive policing, resulting in fragmented arrangements for ac-
countability, data stewardship, auditability, and legal oversight [5], [6]. Similar governance lim-
itations have been reported across several developing-country settings, where weak database
interoperability, inconsistent data standards, and unclear institutional responsibilities hinder
transparent decision-making and complicate accountability when Al-assisted decisions con-
tribute to operational errors or violations of individual rights. Collectively, these findings sug-
gest that governance should be regarded as an enabling component of Al deployment rather
than a regulatory consideration introduced after system implementation.

A third recurring theme concerns deployment feasibility under resource-constrained
conditions. Nigerian policing agencies continue to operate with fragmented crime databases,
partial digitization, inconsistent reporting practices, unreliable electricity supply, limited high-
speed internet connectivity, and constrained computational resources [2], [13]. These condi-
tions directly influence the operational suitability of different Al architectures. Although deep
learning, Transformer-based, and graph-based models frequently achieve superior predictive
performance when evaluated using well-curated datasets, their computational demands and
dependence on high-quality data limit their routine adoption in many developing-country en-
vironments. Evidence from the Maiduguri case study illustrates this trade-off, where Decision
Trees produced more reliable operational performance than computationally intensive alter-
natives when trained on fragmented local datasets [32]. Similar observations reported across
other developing-country studies indicate that successful deployment depends on selecting
Al models that match local infrastructure and operational capacity rather than simply adopt-
ing the most sophisticated available algorithms.

Taken together, these findings demonstrate that the barriers to adopting predictive po-
licing in developing-country contexts are fundamentally socio-technical rather than algorith-
mic. Ethical safeguards, governance structures, institutional capacity, data ecosystems, and
digital infrastructure collectively determine whether Al systems can be deployed responsibly,
sustainably, and effectively. This distinction represents one of the central findings of the pre-
sent review: differences between developed and developing countries arise primarily from
deployment conditions rather than from differences in access to Al methodologies. In other
wortds, comparable algorithms may produce substantially different operational outcomes be-
cause they are deployed within markedly different institutional, technical, and governance
environments.

Opverall, the synthesis suggests that responsible predictive policing in Nigeria and other
developing-country contexts requires deployment-oriented Al frameworks that extend be-
yond predictive performance. Future systems should integrate locally validated predictive
models, human-in-the-loop decision support, explainability, fairness assessment, robust gov-
ernance mechanisms, lightweight computational architectures, NLP-enabled transformation
of narrative intelligence, and place-based prediction strategies that align with local operational
realities. Such an integrated approach provides a practical pathway for translating predictive
policing from experimental Al research into trustworthy and sustainable operational practice.

4.7. RQ7: What research gaps and future directions emerge for context-aware,
hybrid, and explainable predictive policing systems?

The synthesis of the reviewed literature indicates that the principal limitation of current
predictive policing research is no longer the lack of sophisticated Al algorithms, but the lim-
ited integration of these technologies into deployment-ready systems capable of operating
effectively under real-world policing conditions. Across the 81 reviewed studies, ML, NLP,
spatial-temporal learning, and XAl are predominantly investigated as separate research do-
mains, with relatively few studies considering their interaction within a unified operational
framework. This fragmented research landscape constrains the translation of predictive po-
licing from experimental models to practical decision-support systems, particularly in Nigeria
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and other developing-country contexts where deployment is shaped by data quality, institu-
tional readiness, governance, computational resources, and operational feasibility rather than
predictive performance alone.

A cross-study synthesis identifies four recurring research gaps. The first is an infor-
mation integration gap, whereby structured crime records remain weakly connected with nar-
rative intelligence, spatial-temporal reasoning, and explainability mechanisms, resulting in the
loss of valuable contextual information. The second is a deployment gap, as predictive models
developed using standardized and well-curated datasets frequently experience reduced per-
formance when applied to fragmented records, inconsistent reporting practices, and resource-
constrained policing environments. The third is a governance gap, where explainability, fair-
ness assessment, and human oversight are commonly introduced as post-hoc validation
mechanisms rather than being embedded throughout the Al deployment lifecycle. Finally, a
computational gap persists because increasingly sophisticated deep learning, graph-based, and
Transformer architectures often require computational resources and digital infrastructures
that exceed the capabilities of many law-enforcement agencies in developing-country settings.

To summarize these findings, Figure 3 presents a conceptual deployment-oriented ref-
erence architecture synthesized from the reviewed literature. Rather than introducing a new
predictive model, the architecture consolidates the principal methodological and deployment-
related considerations identified throughout this review into a unified conceptual workflow.
The synthesis illustrates how structured crime records can be complemented by intelligence
extracted from police pocket notebooks, crime diaries, investigation case files, emergency call
transcripts, and social media. NLP serves as an intelligence extraction layer that transforms
unstructured narratives into structured predictive features, which are subsequently integrated
with spatial-temporal information through multimodal feature fusion. The architecture fur-
ther highlights the complementary roles of temporal learning, graph-based reasoning, and
XAl in supporting robust, transparent, and operationally feasible predictive policing systems.
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Figure 3. Conceptual deployment-oriented reference architecture synthesized from the reviewed literature.

The conceptual reference architecture summarizes the principal deployment-oriented
design considerations emerging from the reviewed literature. It illustrates how structured
crime records, narrative intelligence, lightweight NLP, spatial-temporal learning, multimodal
feature fusion, and XAl-governance mechanisms can function as complementary
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components within context-aware predictive policing systems for resource-constrained envi-
ronments.

As illustrated in Figure 3, the conceptual architecture emphasizes deployment consider-
ations rather than algorithmic novelty. Instead of assuming abundant computational re-
sources, fully digitized databases, or mature governance frameworks, the synthesized archi-
tecture reflects the operational realities commonly reported across developing-country polic-
ing environments. Accordingly, it highlights several recurring design principles identified
throughout the literature, including lightweight computation, local data processing, privacy
preservation, robustness to fragmented datasets, human-in-the-loop decision support, ex-
plainability, and continuous model adaptation. These principles collectively suggest that suc-
cessful predictive policing depends on balancing predictive capability with deployment read-
iness rather than maximizing predictive accuracy alone.

The reviewed literature further suggests several priorities for future research. Beyond
reporting predictive performance, future studies should place greater emphasis on cross-ju-
risdiction model generalization, robustness under noisy and incomplete datasets, multimodal
data fusion, explainability fidelity, fairness evaluation, computational efficiency, and long-term
operational deployment. Comparative studies involving both developed and developing-
country policing environments would also provide stronger evidence regarding how data
readiness, governance maturity, institutional capacity, and deployment conditions influence
the successful adoption of Al-assisted policing systems.

Overall, the synthesis demonstrates that future advances in predictive policing are likely
to depend less on developing increasingly sophisticated standalone algorithms than on de-
signing integrated, deployment-oriented Al ecosystems. The conceptual reference architec-
ture presented in Figure 3 should therefore be interpreted as a synthesis of the reviewed evi-
dence rather than a new predictive framework. More broadly, this review identifies the Al
Deployment Gap as the conceptual bridge linking advances in predictive modeling with suc-
cessful operational deployment, providing a coherent perspective for guiding future research,
system design, and responsible Al implementation in Nigeria and other developing-country
contexts.

5. Discussion

This section interprets the findings through the AI Deployment Gap framework devel-
oped in this review, highlighting how data readiness, institutional capacity, governance, ex-
plainability, and deployment feasibility collectively influence the adoption of Al-driven pre-
dictive policing in developing-country contexts. The synthesis demonstrates that predictive
policing has evolved beyond conventional hotspot mapping toward hybrid, multimodal, and
socio-technical systems integrating ML, NLP, spatial-temporal learning, and XAI. However,
the review also reveals that advances in predictive modeling do not necessarily translate into
successful operational deployment. Instead, the practical value of Al-driven predictive polic-
ing depends on its compatibility with local data ecosystems, digital infrastructure, governance
mechanisms, and institutional capabilities. This observation is particularly relevant to Nigeria
and other developing countries, where fragmented datasets, limited digital infrastructure,
evolving governance frameworks, and constrained resources require context-aware and de-
ployment-oriented Al systems rather than the direct transfer of models developed in data-
rich environments.

5.1. The Al Deployment Gap as a Design Problem

One of the central findings of this review is that the principal challenge facing predictive
policing in developing-country contexts is not the availability of advanced Al techniques but
the mismatch between algorithmic capability and deployment readiness. This mismatch, con-
ceptualized as the Al Deployment Gap, arises when predictive models designed for highly
digitized and data-rich environments are deployed in policing systems characterized by frag-
mented datasets, narrative-based records, evolving governance structures, limited computa-
tional infrastructure, and constrained institutional capacity. Consequently, the operational
success of predictive policing depends as much on deployment conditions as on algorithmic
performance.

The comparative evidence reviewed in this study further suggests that the distinction
between developed and developing-country contexts should not be interpreted as a difference
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in algorithmic sophistication. Instead, the primary differences lie in the environments in
which Al systems are deployed. Developed-country policing agencies generally operate with
standardized digital crime databases, interoperable information systems, mature governance
frameworks, and reliable computational infrastructure. By contrast, many developing-country
policing environments, including Nigeria, continue to rely on partially digitized records, het-
erogeneous reporting practices, fragmented information systems, and evolving institutional
governance. These differences substantially influence model generalizability, operational reli-
ability, and long-term sustainability, even when similar Al techniques are employed.

These findings have important implications for the design of predictive policing systems.
Rather than framing model selection as a search for the highest predictive accuracy, future
systems should be designed around deployment readiness. This requires selecting algorithms
that match local data characteristics, computational resources, institutional capacity, govern-
ance requirements, and operational workflows. Accordingly, lightweight architectures, locally
validated models, multimodal data fusion, NLP-enabled extraction of narrative intelligence,
and human-in-the-loop XAI represent more appropriate design strategies for resource-con-
strained policing environments. Viewed from this perspective, the AI Deployment Gap pro-
vides a practical design framework that links methodological innovation with operational fea-
sibility, responsible governance, and sustainable deployment.

5.2. Narrative Intelligence and the Information-Loss Problem

Another important finding emerging from this review is the persistent underutilization
of narrative intelligence within predictive policing systems. Although police operations rou-
tinely generate large volumes of textual information—including crime diaries, investigation
reports, witness statements, and intelligence briefings—these data remain largely discon-
nected from predictive modeling pipelines. As a result, many existing Al systems rely pre-
dominantly on structured administrative variables while overlooking contextual information
that may be critical for understanding crime emergence, offender behavior, and evolving
criminal activities.

The reviewed studies consistently suggest that narrative information should be regarded
as a strategic intelligence resource rather than a supplementary data source. When trans-
formed into structured representations through NLP, narrative records provide valuable con-
textual information regarding offender intent, modus operandi, community tensions, mobility
patterns, environmental conditions, and situational risk factors that cannot be captured using
conventional structured crime records alone. Integrating these semantic features with spatial-
temporal and graph-based models therefore enables a more comprehensive understanding of
crime dynamics and supports more informed operational decision-making.

From a deployment perspective, the principal challenge is not merely adopting more
advanced NLP models but embedding language-processing capabilities into predictive polic-
ing workflows that reflect local reporting practices, institutional procedures, and resource
limitations. This finding is particularly relevant in developing-country contexts, where narra-
tive documentation remains the dominant form of operational record keeping. Rather than
requiring complete digital transformation before Al adoption, context-adapted NLP provides
a practical mechanism for converting existing operational documents into structured predic-
tive intelligence. Such an approach not only reduces information loss but also offers an incre-
mental pathway for strengthening predictive policing capabilities while remaining compatible
with existing policing practices and deployment constraints.

5.3. Deployment Robustness as a Socio-Technical Requirement

An important implication of this review is that robust predictive policing cannot be
achieved solely through high benchmark performance. Instead, deployment robustness de-
pends on whether Al systems can maintain reliable performance under diverse operational
conditions, including variations in data quality, reporting practices, institutional workflows,
governance structures, and computational resources. The synthesis demonstrates that
changes in these socio-technical conditions may substantially influence model behavior, even
when the underlying algorithms remain unchanged. Consequently, deployment robustness
should be regarded as a system-level property rather than an algorithmic characteristic.

These findings suggest that local validation should be treated as an integral component
of model development rather than a final evaluation step. Predictive models intended for
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operational deployment should be assessed according to their ability to function effectively
with locally available datasets, computational infrastructure, institutional processes, and re-
porting practices. Such an evaluation perspective moves beyond the conventional objective
of maximizing predictive accuracy and instead prioritizes the development of context-aware
Al systems capable of balancing predictive performance, interpretability, robustness, and op-
erational feasibility. This perspective reinforces one of the central conclusions of this review:
successful predictive policing depends on designing Al systems around deployment condi-
tions rather than assuming that models validated in data-rich environments will generalize
across different policing contexts.

5.4. From Predictive Accuracy to Deployment Readiness

One of the most significant insights emerging from this review is that predictive accuracy
alone provides an incomplete measure of Al readiness for operational policing. Although
benchmark performance remains an important indicator of algorithmic capability, it does not
necessarily reflect whether predictive outputs can be interpreted, validated, governed, and
incorporated into routine policing practice. As demonstrated throughout this review, the
practical value of predictive policing depends on the interaction between predictive capability
and the institutional conditions under which Al systems are deployed.

This shift in perspective is particularly relevant for developing-country policing environ-
ments, where governance frameworks, institutional capacity, technical infrastructure, and op-
erational oversight continue to evolve. Under these conditions, explainability functions not
merely as a desirable model characteristic but as a practical mechanism that enables officers
and supervisory authorities to interpret predictions, detect potential bias, justify operational
decisions, and maintain public accountability. Accordingly, deployment readiness should be
understood as the integration of predictive performance with explainability, governance,
transparency, and human judgment rather than as a purely technical property of Al models.

The findings further suggest that future evaluations of predictive policing systems should
adopt broader assessment criteria extending beyond conventional predictive metrics. Along-
side accuracy, future research should systematically evaluate explainability, robustness, fair-
ness, governance compliance, computational efficiency, and long-term operational usability.
Such a multidimensional evaluation framework more accurately reflects the realities of re-
source-constrained policing environments and provides a stronger basis for assessing whether
Al systems are suitable for responsible operational deployment. Ultimately, narrowing the Al
Deployment Gap requires aligning advances in algorithm design with institutional readiness,
governance capacity, and practical deployment requirements rather than pursuing increasingly
complex predictive models alone.

5.5. Ethical and Institutional Implications for Nigeria, Africa, and Developing
Countries

The findings of this review indicate that the ethical challenges associated with predictive
policing cannot be separated from the institutional environments in which Al systems are
deployed. In developing-country contexts, concerns regarding fairness, accountability, trans-
parency, and public trust arise not only from algorithmic design but also from fragmented
governance structures, inconsistent data management practices, evolving regulatory frame-
works, and limited mechanisms for independent oversight. Consequently, ethical Al deploy-
ment should be viewed as a socio-technical challenge that requires institutional preparedness
alongside technical innovation.

This interpretation provides an important perspective on the Al Deployment Gap dis-
cussed throughout this review. While predictive policing research conducted in developed
countries often assumes mature digital infrastructures, interoperable databases, and well-es-
tablished governance mechanisms, many policing agencies in Nigeria and other African coun-
tries continue to operate under conditions characterized by incomplete digitization, hetero-
geneous reporting practices, fragmented information systems, and limited institutional capac-
ity. Under these circumstances, deployment challenges extend beyond algorithmic bias to in-
clude issues related to data provenance, model auditing, procedural accountability, operational
transparency, and organizational acceptance.

The review further suggests that successful Al adoption depends on institutional adap-
tation rather than algorithmic transfer. Importing high-performing predictive models without
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corresponding governance mechanisms is unlikely to produce sustainable operational bene-
fits. Instead, predictive policing systems should be accompanied by cleatly defined policies
governing data stewardship, model validation, continuous monitoring, audit procedures, and
human decision authority. Such governance arrangements help ensure that Al-generated rec-
ommendations remain subject to professional oversight and reduce the risk of automated
predictions being adopted unctitically during operational decision-making.

Another important consideration concerns contextual legitimacy. Policing practices
across Nigeria and many other African jurisdictions are influenced by local administrative
structures, community engagement, customary legal traditions, and diverse conflict-resolution
mechanisms. Al systems that overlook these contextual characteristics may demonstrate sat-
isfactory technical performance while remaining difficult to integrate into everyday policing
practice. Designing predictive policing systems that incorporate explainability, transparent de-
cision support, human oversight, and operational procedures aligned with local institutional
practices is therefore essential for improving organizational acceptance, public trust, and long-
term sustainability.

Overall, this review demonstrates that the responsible deployment of predictive policing
in Nigeria and other developing-country contexts should be approached primarily as a gov-
ernance and institutional design challenge rather than solely an algorithmic one. Bridging the
Al Deployment Gap therefore requires coordinated advances in Al methodology, institu-
tional readiness, governance frameworks, and operational practice so that technological inno-
vation can be translated into accountable, trustworthy, and sustainable policing systems.

5.6. Implications for Future Smart Policing Architecture

The findings of this review suggest that future predictive policing systems should be
designed around deployment readiness rather than algorithmic sophistication alone. Across
the reviewed studies, many high-performing Al models assume the availability of standard-
ized digital records, interoperable databases, reliable computational infrastructure, and mature
governance mechanisms. However, these assumptions rarely hold in Nigeria and many other
developing-country policing environments, where fragmented datasets, heterogeneous re-
porting practices, limited digital infrastructure, and evolving institutional frameworks remain
common. Consequently, future smart policing architectures should explicitly incorporate de-
ployment considerations alongside predictive performance to ensure that Al systems remain
operationally feasible, explainable, and adaptable under diverse socio-technical conditions.

Based on the evidence synthesized throughout this review, Figure 3 presents a concep-
tual deployment-oriented reference architecture that summarizes the principal design consid-
erations identified across the reviewed studies. Rather than introducing a new predictive
model, the architecture consolidates existing evidence into a unified conceptual workflow that
llustrates how ML, NLP, spatial-temporal learning, and XAI can operate as complementary
components within an integrated predictive policing ecosystem.

Structured crime records are combined with intelligence extracted from police narratives
and other unstructured sources, enabling richer contextual representation than conventional
structured datasets alone. Spatial-temporal learning captures evolving crime dynamics and
geographic interactions, while multimodal feature fusion integrates heterogeneous infor-
mation sources to improve predictive capability under fragmented data conditions.

The conceptual architecture further highlights that explainability and governance should
be considered integral design principles rather than post-deployment additions. Human-in-
the-loop validation, interpretable prediction outputs, fairness assessment, and audit trails col-
lectively support transparent operational review before Al-generated recommendations influ-
ence policing decisions. This synthesis suggests that successful deployment depends not only
on predictive capability but also on whether model outputs can be interpreted, validated, and
incorporated into existing legal, institutional, and operational decision-making processes.

From a practical perspective, the architecture also summarizes several implementation
priorities identified across the reviewed literature for Nigeria and similar developing-country
contexts. These include lightweight computational models suitable for limited hardware re-
sources, privacy-preserving local processing for sensitive policing data, modular architectures
supporting incremental digitization, and continuous model adaptation as data quality and in-
stitutional capacity improve. Collectively, these considerations provide a deployment-oriented
roadmap that aligns Al development with the operational realities of resource-constrained
policing environments.
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Overall, the findings suggest that future predictive policing research should move be-
yond developing increasingly sophisticated standalone algorithms toward designing deploy-
ment-oriented Al ecosystems that integrate predictive modeling, contextual intelligence, ex-
plainability, governance, and operational feasibility. In this regard, the conceptual architecture
in Figure 3 serves as a synthesis of the reviewed evidence rather than a new predictive frame-
work, providing practical guidance for future research and system development.

5.7. Overall Contribution

This review contributes to the predictive policing literature by shifting the focus from
comparing Al algorithms to understanding the conditions required for their successful de-
ployment. Rather than evaluating predictive models solely on the basis of benchmark accu-
racy, the review synthesizes existing evidence through the Al Deployment Gap framework,
demonstrating that the practical value of predictive policing depends on the interaction be-
tween algorithmic capability and the socio-technical environments in which Al systems are
deployed. Across the reviewed studies, data readiness, institutional capacity, governance, ex-
plainability, computational feasibility, and operational readiness consistently emerged as crit-
ical determinants of successful implementation, particularly within developing-country polic-
ing contexts.

A second contribution lies in integrating methodological and contextual perspectives
that have typically been examined independently in previous review studies. Existing surveys
commonly discuss ML, DL, spatial-temporal learning, NLP, and XAl as separate methodo-
logical developments. In contrast, this review demonstrates that these technologies function
most effectively as complementary components within an integrated predictive policing eco-
system. By synthesizing evidence across structured data analytics, narrative intelligence ex-
traction, spatial reasoning, explainability, and governance, the review highlights the im-
portance of designing Al systems that simultaneously balance predictive capability, transpar-
ency, adaptability, and institutional compatibility.

This review further contributes a deployment-oriented taxonomy that links methodo-
logical choices to operational constraints rather than treating predictive algorithms as univer-
sally applicable solutions. The synthesis demonstrates that selecting an appropriate predictive
model should be guided not only by benchmark performance but also by data quality, com-
putational resources, governance requirements, legal oversight, and organizational capacity.
This perspective helps explain why Al models achieving state-of-the-art performance in
highly digitized environments frequently require substantial adaptation before they can be
deployed effectively within Nigeria and other resource-constrained policing systems.

Finally, this review synthesizes the accumulated evidence into a deployment-oriented
conceptual reference architecture (Figure 3) that summarizes the major design principles iden-
tified across the reviewed literature. Rather than proposing a new predictive algorithm, the
conceptual architecture illustrates how multimodal intelligence integration, explainability,
governance mechanisms, and deployment-aware design considerations can be combined to
supportt future Al-assisted policing systems. More broadly, this review positions deployment
readiness as a fundamental criterion for evaluating predictive policing technologies and argues
that the principal distinction between developed and developing-country contexts lies not in
the sophistication of Al algorithms but in the conditions under which they are deployed. By
introducing this deployment-oriented perspective, the review extends existing predictive po-
licing surveys and provides a coherent conceptual foundation for future research, system de-
sign, and responsible Al implementation in developing-country policing environments.

6. Conclusions

This review examined the evolution of Al-enabled predictive policing through the ana-
Iytical perspective of the Al Deployment Gap, highlighting how deployment conditions shape
the selection, evaluation, and operational suitability of Al-driven predictive policing systems
across developed and developing-country contexts. Rather than comparing algorithms solely
in terms of predictive performance, the review synthesized evidence demonstrating that data
readiness, institutional capacity, governance maturity, explainability, computational resources,
and deployment feasibility collectively determine whether AI models can be translated from
research prototypes into practical policing tools. The synthesis indicates that recent advances
in ML, DL, spatial-temporal learning, GNNs, NLP, and XAI have substantially expanded the
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technical capabilities of predictive policing. However, these advances do not necessarily trans-
late into successful operational deployment. In many developing-country contexts, including
Nigeria, fragmented information systems, narrative-heavy crime records, partial digitization,
evolving governance frameworks, and resource constraints fundamentally influence model
robustness, explainability, and long-term sustainability. Consequently, predictive accuracy
alone is insufficient as the primary criterion for evaluating predictive policing systems.

A central contribution of this review is the introduction of the Al Deployment Gap as
a unifying analytical perspective for interpreting predictive policing research. Unlike previous
surveys that primarily categorize Al techniques or compare predictive performance, this re-
view demonstrates that deployment readiness emerges from the interaction between meth-
odological capability and the socio-technical conditions under which Al systems operate. This
perspective helps explain why models achieving state-of-the-art performance in highly digit-
ized environments often require substantial adaptation before they can be deployed effec-
tively in developing-country policing systems.

Beyond identifying research gaps, this review synthesizes the existing literature into a
deployment-oriented conceptual reference architecture that summarizes the principal design
considerations consistently reported across previous studies. Rather than representing a new
predictive framework, this conceptual architecture integrates multimodal intelligence extrac-
tion, spatial-temporal reasoning, explainability, governance, and deployment-aware design
principles into a coherent perspective that may guide future research and system development
for resource-constrained policing environments.

The findings further suggest that future predictive policing research should move be-
yond isolated improvements to individual algorithms and instead investigate integrated Al
ecosystems capable of supporting real-world operational deployment. Priority research direc-
tions include multimodal fusion of structured and unstructured policing data, lightweight and
privacy-preserving Al models, adaptive learning strategies for addressing distribution shifts,
explainability mechanisms embedded throughout the prediction pipeline, and comprehensive
evaluation frameworks that jointly assess predictive performance, robustness, fairness, com-
putational efficiency, governance, and deployment readiness.

The successful adoption of predictive policing will also require advances beyond algo-
rithm development. Strengthening institutional capacity through Al training for law enforce-
ment personnel, improving inter-agency data interoperability, developing standardized and
secure crime information infrastructures, and establishing transparent governance frame-
works for algorithmic accountability are essential prerequisites for responsible deployment.
Achieving these objectives will require sustained collaboration among researchers, law en-
forcement agencies, policymakers, judicial institutions, and technology developers to ensure
that predictive policing systems remain technically effective while satisfying legal, ethical, and
societal expectations.

Opverall, this review demonstrates that the primary distinction between predictive polic-
ing in developed and developing-country contexts lies not in the sophistication of Al algo-
rithms but in the conditions under which they are deployed. By positioning deployment read-
iness as a central criterion for evaluating predictive policing technologies, the review provides
a coherent conceptual foundation for future research and offers a deployment-oriented pet-
spective for advancing responsible, explainable, and context-aware Al-assisted policing in Ni-
geria and other developing-country environments.
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