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Abstract
Artificial intelligence is becoming an important analytical resource in criminology and contemporary policing, 
particularly in situations where large and complex datasets exceed the practical limits of conventional analysis. This 
review examines the growing use of artificial intelligence in crime prediction, criminal investigation, forensic data 
analysis, and police decision-making. The discussion covers machine learning, neural networks, computer vision, 
automated language analysis, data visualization, and conversational systems that support the identification of patterns, 
anomalies, threats, and relationships within criminal information. These technologies can assist investigators in 
processing digital evidence, examining multimedia material, identifying emerging criminal patterns, and improving the 
allocation of police resources. The review also examines concerns surrounding data quality, privacy, algorithmic bias, 
explainability, reliability, security, and accountability. The evidence indicates that artificial intelligence can strengthen 
investigative capacity when its outputs are appropriately validated and combined with professional judgment. Its 
practical value depends on transparent data practices, continuous evaluation, human oversight, and safeguards that 
protect individual rights. Responsible and context-sensitive implementation remains essential for achieving reliable 
applications of artificial intelligence across criminology and police sciences.
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INTRODUCTION

Artificial intelligence (AI) has increasingly become part of 
contemporary criminology and police practice, changing the 
ways in which criminal information is collected, examined, 
interpreted, and used in investigative decision-making. The 
growing volume of structured and unstructured information 
available to police agencies has created a need for analytical 
approaches that can process complex datasets within practical 
time limits. AI-based techniques provide opportunities 
to examine large quantities of information, recognize 
relationships between variables, identify unusual patterns, and 
support the interpretation of information that may be difficult 
to assess through conventional analytical procedures [1,2].

The relevance of AI in criminology extends beyond 
automated data processing. Machine learning, neural 
networks, computer vision [2], natural language processing, 
and predictive analytics can support several stages of police 
activity, including crime analysis, prevention, investigation, 
intelligence assessment, and forensic examination [3–5]. 
These technologies can assist in identifying recurring 
patterns of criminal activity, detecting anomalies within 
large datasets, examining digital and multimedia evidence, 

and generating predictions from historical and contextual 
information. Such capabilities may help investigators devote 
greater attention to complex cases while reducing the time 
required for repetitive analytical tasks [6,7].

Crime prediction represents one of the prominent areas 
in which AI has attracted research interest. Conventional 
statistical approaches generally depend on predefined 
relationships among selected variables, whereas machine 
learning methods can examine more complex and nonlinear 
associations within extensive datasets [8,9]. Information 
concerning geographic characteristics, temporal patterns, 
previous incidents, environmental conditions, and other 
contextual variables can be examined together to identify 
relationships that may contribute to a better understanding 
of crime distribution and potential future trends [10,11]. 
The usefulness of these predictions, however, depends 
strongly on the quality, completeness, relevance, and 
representativeness of the underlying data.

AI is also creating new possibilities within criminal 
investigation. Image and video analysis, voice processing, 
automated transcription, language analysis, digital evidence 
examination, and computer vision can assist investigators 
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in processing information obtained from different sources 
[12–14]. The ability to compare large volumes of material 
and detect details that may be difficult to identify through 
manual examination can contribute to investigative 
efficiency. At the same time, AI-generated findings should 
be treated as analytical support rather than unquestionable 
conclusions, particularly when such findings may influence 
judicial or individual rights.

The expansion of AI within police sciences also introduces 
significant concerns. Errors in training data, incomplete 
datasets, algorithmic bias, privacy risks, security vulnerabilities, 
and difficulties in explaining complex computational outputs 
can affect the reliability of AI-supported decisions [15–18]. 
Police applications require additional safeguards because 
analytical errors may have consequences for individuals, 
investigations, and the wider criminal justice process. For this 
reason, reliability, transparency, auditability, accountability, 
and meaningful human oversight should remain central 
considerations throughout the development and use of AI-
based systems [19,20].

Against this background, the present review examines the 
evolving role of artificial intelligence in criminology and 
police sciences. It considers major applications including 
crime prediction, criminal investigation, forensic data 
analysis, data visualization, conversational systems, and 
resource management [21]. The review also discusses 
the technological, ethical, legal, privacy, and operational 
challenges associated with these applications. Examining 
both the capabilities and limitations of AI provides a basis for 
understanding how these technologies can be incorporated 
into policing in a manner that supports investigative 
effectiveness while maintaining reliability, accountability, 
and protection of individual rights.

ARTIFICIAL INTELLIGENCE ACROSS 
CONTEMPORARY CRIMINOLOGY AND POLICING

AI-Enabled Crime Forecasting and Behavioral Risk 
Assessment

Artificial intelligence has expanded the analytical approaches 
available for examining criminal activity and identifying 

patterns associated with crime occurrence. AI-supported 
crime forecasting has become an important area of 
criminological research because computational models can 
process large and heterogeneous datasets while examining 
relationships among numerous variables [21,22]. Machine 
learning techniques can assist in identifying recurring 
patterns, estimating potential crime trends, and supporting 
preventive planning within geographical and temporal 
settings (Table 1) [23,24].

Different machine learning approaches, including 
classification, clustering, neural networks, and hybrid models, 
have been applied to crime-related datasets [25,26]. These 
methods can examine relationships that may be difficult 
to identify through conventional statistical procedures. 
Predictive techniques developed in other fields, including 
financial forecasting, also provide methodological insights 
for criminological research, although their application to 
crime analysis requires adaptation to the characteristics of 
criminal data [27,28].

The reliability of crime forecasting depends substantially on 
the quality, completeness, and relevance of the information 
used to train and evaluate a model. Crime datasets may 
include geographical location, temporal information, 
previous incidents, environmental characteristics, 
demographic variables, and other contextual factors 
[29]. Combining these sources can provide a broader 
representation of the conditions associated with criminal 
activity, but inconsistencies within the data can influence 
model performance.

Neural networks have attracted interest because of their 
capacity to identify nonlinear relationships within complex 
datasets. Applications involving clustering and neural-
network techniques have demonstrated strong classification 
performance in specific analyses of violent crime [30]. Such 
findings indicate the potential of AI-based forecasting, 
although reported accuracy should always be interpreted in 
relation to the dataset, location, crime category, variables, 
and evaluation procedure used in the relevant study.

AI Application Technologies Used Main Functions Potential Benefits Key Limitations

Crime forecasting
Machine learning, 
neural networks

Crime-pattern 
prediction

Preventive planning Data bias, uncertainty

Criminal investigation
Computer vision, 

NLP
Evidence analysis Faster investigation False positives

Forensic analysis
AI, pattern 
recognition

Evidence comparison Large-scale analysis Validation requirements

Visual analytics AI visualization Crime trend analysis Better interpretation Data-quality problems
Conversational 

systems
NLP, chatbots Information collection Faster communication Privacy concerns

Resource management Predictive analytics Staff/resource allocation Operational efficiency Dependence on historical data

Table 1: Major Applications of Artificial Intelligence in Criminology and Police Sciences.
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A performance level obtained under one set of conditions 
cannot automatically be transferred to another environment. 
Crime patterns differ across communities and can change 
because of social conditions, legislation, reporting practices, 
enforcement priorities, and police resources [31,32]. These 
factors may influence both the occurrence of crime and 
the information subsequently available for computational 
analysis.

Historical crime records may also provide only a partial 
representation of actual criminal activity. Underreporting, 
changes in legal definitions, differences in police capacity, 
and variations in investigative priorities can influence 
recorded crime statistics [33]. Models relying heavily on 
historical records may consequently reproduce limitations 
contained within the original data.

Broader contextual information can improve the analytical 
scope of predictive systems. Neural-network research 
involving specific criminal phenomena has demonstrated 
the possibility of combining crime-related information with 
contextual variables to identify patterns associated with 
events [34]. Findings from neural-network applications in 
areas such as economic forecasting and disease modeling 
further demonstrate the ability of these methods to examine 
temporal relationships across large and complex datasets 
[35,36].

Deep-learning methods can process multiple interacting 
variables and identify nonlinear associations within 
extensive datasets [37]. Artificial neural networks can 
incorporate historical crime records alongside spatial 
characteristics, environmental conditions, temporal trends, 
and other relevant information. Through training, these 
models can identify relationships within the available data 
and generate estimates for future observations [38].

The quality of training data remains a central concern. 
Incomplete, outdated, or systematically unbalanced 
information can influence the behavior of a predictive model 
regardless of the sophistication of the algorithm. Regular 
performance assessment, validation, and appropriate 
updating are therefore necessary when crime patterns or 
social conditions change [39]. Human assessment is also 
necessary when determining whether a computational 
prediction is appropriate for a specific operational setting.

AI-supported risk assessment has additionally been 
explored in relation to recidivism and repeated offending. 

Predictive systems may provide information concerning 
factors associated with criminal reoffending and can support 
assessments related to probation, supervision, rehabilitation, 
and reintegration [40]. Because such applications may affect 
individuals directly, their use requires safeguards concerning 
fairness, transparency, accountability, and human oversight 
[41].

Intelligent Technologies in Criminal Investigation

The increasing digitization of criminal activity has changed 
the nature of investigative work. Police and investigative 
agencies now handle substantial quantities of digital 
records, photographs, video material, audio recordings, 
online communications, and other electronic information. 
AI provides tools for organizing, filtering, comparing, and 
interpreting these materials within shorter periods [42].

AI-supported investigative applications include image 
comparison, video examination, speech recognition, 
automated transcription, audio analysis, language 
processing, and identification of relevant information 
within digital communications [43,44]. These capabilities 
can help investigators examine information from different 
sources and identify relationships that may require closer 
professional assessment.

Computer vision is particularly relevant to contemporary 
police investigation. AI-based systems can analyse video 
sequences, identify objects, detect movements, compare 
visual characteristics, and recognize predefined patterns 
[45]. In surveillance environments, automated detection can 
generate alerts when specified objects or activities appear, 
allowing investigators or monitoring personnel to focus 
their attention on potentially significant events (Table 2).

Object-detection systems have also been evaluated for 
identifying firearms in video footage. One application 
reported detection performance of approximately 94% 
under the conditions established for its evaluation [46]. 
This illustrates the potential of computer vision for 
supporting surveillance and investigative activities, but such 
performance figures cannot be treated as universal. Lighting, 
camera position, image quality, object size, environmental 
conditions, and other factors may influence detection 
accuracy.

Developments in specialized visual sensors and in-memory 
computing have created further possibilities for faster visual 

AI Technology Investigative Application Information Analysed Investigative Contribution Main Concern
Computer vision Image/video analysis Images, CCTV footage Object and activity detection False detection

NLP Text analysis Messages, documents Pattern and threat identification Contextual errors
Speech recognition Audio examination Voice recordings Transcription and identification Accuracy
Machine learning Pattern detection Criminal datasets Relationship identification Algorithmic bias

Deep learning Complex evidence analysis Multimedia datasets Advanced classification Explainability

Table 2: AI Technologies and Their Roles in Criminal Investigation.
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information processing [47]. At the same time, computer-
vision systems used in investigative environments require 
assessment of robustness, error rates, consistency, and 
operational suitability [48]. AI-generated alerts should 
therefore be treated as investigative support that requires 
appropriate verification.

Forensic applications have also benefited from developments 
in computer vision and geospatial analysis. AI-supported 
systems can assist investigators in examining visual 
information, identifying spatial relationships, and comparing 
evidence from different locations or sources [49]. Such 
capabilities can make complex investigative material easier 
to organize and evaluate.

Cybercrime represents another important area for AI-
supported investigation. Computational techniques can assist 
in identifying cyberattacks, analyzing malicious software, 
detecting suspicious online activity, and monitoring the 
distribution of unlawful digital content [50]. AI systems can 
process large volumes of network and digital information, 
allowing potential threats to be identified more rapidly.

Automated cybersecurity systems can also recognize 
behavioral patterns associated with malicious activity and 
support prevention, detection, and response procedures 
[51,52]. By handling repetitive monitoring activities, these 
systems can allow specialist personnel to focus on cases 
requiring deeper analysis. Their effective use requires 
personnel with sufficient technical knowledge to interpret 
outputs and recognize circumstances in which additional 
verification is required.

AI-supported investigation should therefore form part of 
a wider technological and evidentiary framework. Secure 
information systems, evidence-management procedures, 
access controls, data-integrity mechanisms, and human 
supervision contribute to the reliability of computational 
findings [53]. The value of AI in criminal investigation 
depends not only on the algorithm but also on the quality of 
the surrounding investigative infrastructure.

AI-Assisted Forensic Evidence and Data Examination

The growing quantity of forensic information has created 
demand for analytical methods capable of processing 
and comparing extensive datasets. AI can assist forensic 
professionals by identifying relationships among evidence 
sources, detecting irregularities, and supporting the 
examination of competing investigative explanations [54].

AI-assisted forensic analysis can support several activities, 
including:

•	 identifying trends and deviations within forensic 
datasets.

•	 comparing evidence from different locations, events, 
or circumstances.

•	 processing datasets that exceed practical manual 
examination capacity.

•	 identifying behavioral patterns associated with 
criminal activity.

•	 detecting anomalies within sequences of evidence.

•	 supporting evidence-verification procedures.

•	 generating analytical estimates for selected 
investigative variables.

•	 monitoring and auditing evidence-management 
processes.

Automated analysis can reduce the time required for 
repetitive forensic tasks and enable investigators to examine 
larger quantities of information [55]. AI can also assist 
in comparing evidence from different sources, helping 
investigators identify relationships that might remain 
difficult to recognize through isolated examination.

Forensic applications require strong controls because 
analytical results may become relevant to judicial 
proceedings. Evidence must retain its integrity throughout 
collection, storage, processing, and examination. The origin 
of the information and the procedures applied during 
analysis should be documented so that the process can be 
independently reviewed [56].

Digital evidence introduces additional complexity because 
information may be distributed across computers, mobile 
devices, networks, cloud platforms, and online services. 
AI can support the organization and examination of this 
material, but computational findings should remain subject 
to review by appropriately trained forensic personnel [57].

Long-term reliability also requires continuing assessment 
of AI-based forensic systems. Changes in technologies, 
data structures, criminal techniques, and investigative 
environments can affect system performance. Regular 
validation, transparent documentation, and clearly assigned 
responsibilities are therefore important for maintaining 
confidence in AI-supported forensic examination [58].

Visual Analytics for Crime Intelligence and Police 
Decision-Making

Crime analysis often requires information from multiple 
sources, making effective visualization important for 
understanding complex relationships. AI-supported visual 
analytics can convert extensive datasets into graphical 
representations that assist investigators and analysts in 
examining temporal trends, geographical concentrations, 
relationships among variables, and unusual developments 
[59].

Visual representations can provide alternative perspectives 
on the same information and may contribute to the 
development of investigative hypotheses. AI can assist 
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in generating different representations and simulated 
scenarios, allowing investigators to compare possible 
explanations and examine potential developments in crime 
patterns [60].

Collaborative visual analysis can also improve communication 
among professionals involved in criminal investigation. A 
shared representation of complex information can make 
relationships among different evidence sources easier to 
discuss and evaluate. This may support multidisciplinary 
investigation and improve the exchange of analytical findings 
[61].

The reliability of visual analytics depends on the quality 
of the underlying data. Incomplete, inaccurate, or poorly 
structured information may produce misleading patterns 
even when the visualization technology operates correctly. 
Data governance is therefore an important component of AI-
supported criminological analysis [62].

Clear procedures for data collection, storage, access, 
processing, interpretation, and presentation can strengthen 
the reliability of information used in criminal intelligence 
and justice-related applications. Appropriate governance can 
also support responsible handling of sensitive information 
and establish clearer accountability for decisions based on 
data-driven analysis [63].

Conversational AI, Digital Assistants, and Intelligent 
Police Resource Management

Conversational AI and digital assistants have created 
additional possibilities for supporting police intelligence, 
investigation, and administrative activities. These systems 
can collect information through structured interactions, 
assist with routine tasks, organize investigative material, 
and provide rapid access to selected operational information 
[64].

One law-enforcement application used a conversational 
system to collect information associated with thousands of 
suspected offenders in an online environment. The resulting 
dataset included information relating to 7,199 suspects, 
illustrating the capacity of automated conversational systems 
to support large-scale information collection [65]. Such 
systems can organize information that may subsequently be 
reviewed and assessed by investigative personnel.

Conversational technologies may also support controlled 
online investigative activities. Automated interactions 
can assist with information gathering, communication 
records, and identification of characteristics within online 
conversations that may require further investigation [66]. 
Because these applications may involve sensitive information 
and vulnerable individuals, their use requires appropriate 
legal authority, operational safeguards, and supervisory 
oversight.

The role of digital assistants extends beyond investigative 
intelligence. Automated systems can support administrative 
activities, documentation, information retrieval, and 
routine internal communication within police organizations 
[67]. Reducing repetitive administrative work may allow 
personnel to devote greater attention to tasks requiring 
professional judgment and direct investigative involvement.

AI can also assist police organizations in assessing 
operational resource requirements. Predictive systems may 
examine patterns in workload, service demand, staffing 
requirements, and deployment needs to support operational 
planning [68]. Such analysis can provide additional 
information for decisions concerning resource allocation 
and workload distribution.

AI-generated resource recommendations should 
nevertheless remain subject to professional assessment. 
Police operations can be affected by unexpected incidents 
and circumstances that may not be represented adequately 
in historical data. Human decision-makers therefore need 
to determine whether computational recommendations are 
suitable for the specific operational situation.

Conversational systems, digital assistants, and AI-based 
resource-management tools can contribute to police 
efficiency when they are integrated with established 
procedures and supported by appropriate governance. 
Secure information handling, staff training, defined 
responsibilities, and continuous performance assessment 
remain important for their effective use. AI should function 
as a decision-support mechanism within policing rather 
than replace professional responsibility for consequential 
investigative and operational decisions [69].

KEY CHALLENGES IN THE INTEGRATION OF 
ARTIFICIAL INTELLIGENCE INTO CRIMINOLOGY 
AND POLICING

The growing use of artificial intelligence in criminology 
and police sciences creates opportunities for faster 
analysis, improved information management, and more 
informed operational decisions. At the same time, these 
applications introduce technical, legal, organizational, and 
ethical concerns that can influence their reliability and 
social acceptance. The challenges are not limited to the 
performance of individual algorithms. They also involve 
access to appropriate infrastructure, protection of sensitive 
information, transparency of computational processes, 
management of bias, and the assignment of responsibility 
when AI-supported decisions produce significant 
consequences (Table 3).

Technological Access and Institutional Readiness

Access to suitable technology is an important factor in the 
successful adoption of AI within criminal justice and policing. 
Modern investigative environments increasingly depend on 
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digital infrastructure, analytical platforms, secure databases, 
and computational resources capable of processing large 
quantities of information. Adequate technological provision 
can strengthen police efficiency and improve the capacity of 
agencies to respond to changing forms of criminal activity 
[69].

AI adoption also requires institutional preparedness. Police 
organizations need appropriate hardware, software, secure 
communication systems, trained personnel, and procedures 
for integrating computational tools into established 
investigative practices. Technology introduced without 
adequate organizational support may create operational 
difficulties rather than improve investigative performance.

Criminal justice systems also involve multiple professional 
groups, including police officers, investigators, forensic 
specialists, legal professionals, social workers, and other 
stakeholders. Collaborative approaches can help address 
complex requirements within criminal justice environments 
and improve services for populations requiring additional 
institutional support [70]. AI implementation should 
therefore be considered as part of a broader organizational 
transformation rather than as the installation of an isolated 
technological product.

Differences in technological capacity between institutions 
can create significant disparities in the adoption of AI. Well-
resourced agencies may have access to advanced analytical 
systems, while smaller institutions may face limitations in 
infrastructure, specialist personnel, and financial resources. 
Such differences can influence the ability of agencies to 
benefit from emerging technologies.

The adoption of AI also requires a shift toward applied 
research and evidence-based evaluation. Decisions 
concerning technology procurement and resource 
allocation should consider actual operational requirements, 
measurable performance, and the characteristics of the 
criminal environment rather than relying exclusively on 
conventional allocation practices [71–73].

Experiences from criminal justice systems that have 
introduced algorithmic technologies demonstrate that 
institutional adaptation can be complex. Studies examining 

algorithmic applications within criminal justice have 
identified challenges related to implementation, governance, 
professional acceptance, and the integration of emerging 
technologies into existing legal structures [74].

Technological modernization therefore needs to be 
accompanied by investment in training, infrastructure, 
maintenance, cybersecurity, and institutional expertise. 
Police personnel should understand both the capabilities 
and limitations of AI systems so that computational output 
can be interpreted appropriately. Continuous evaluation is 
also necessary because technologies and criminal practices 
develop simultaneously [71–73].

Data Security, Privacy, and Protection of Sensitive 
Information

The use of AI in policing depends heavily on access to large 
quantities of information. Such information may include 
personal records, biometric identifiers, communication data, 
surveillance footage, location information, forensic evidence, 
and digital activity. The concentration of these datasets 
creates significant security and privacy responsibilities.

Police-oriented AI systems may become targets for 
malicious actors seeking to obtain sensitive information, 
alter datasets, manipulate analytical results, or disrupt 
investigative operations [75]. Cybersecurity therefore 
needs to be considered throughout the complete life cycle 
of an AI application, beginning with system design and 
continuing through deployment, maintenance, and eventual 
decommissioning [71–73].

Data integrity is particularly important in criminal 
investigation. Altered, incomplete, or corrupted information 
can affect analytical results and potentially influence 
investigative decisions. Security mechanisms should 
consequently protect information against unauthorized 
access, modification, disclosure, and destruction.

Privacy represents another major concern. AI-supported 
surveillance can enable the rapid examination of information 
obtained from cameras, online platforms, communication 
systems, and other sources. Although these capabilities may 
assist crime prevention, extensive monitoring can also create 
concerns regarding excessive observation, inappropriate 

Challenge Main Issue Potential Consequence Recommended Safeguard
Technological access Unequal infrastructure Limited adoption Investment and training

Data privacy Sensitive personal information Privacy violations Access controls and governance
Cybersecurity System manipulation Compromised investigations Security audits

Algorithmic bias Biased training data Unfair outcomes Bias testing
Explainability Complex AI decisions Limited transparency Explainable AI

Reliability Model errors Incorrect decisions Continuous validation
Accountability Unclear responsibility Governance gaps Defined responsibility

Human oversight Excessive automation Misinterpretation Professional review

Table 3:
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data use, and the collection of information unrelated to a 
legitimate investigative purpose.

Clear rules are required for the collection, processing, 
storage, retention, and sharing of police data. Individuals 
and supervisory authorities should have appropriate 
mechanisms for understanding how sensitive information 
is handled. Transparency in data practices can contribute to 
institutional accountability and public confidence [76].

AI systems should also be protected against deliberate 
manipulation. Adversarial attacks, compromised datasets, 
unauthorized system access, and other forms of technological 
interference may affect the reliability of computational 
outputs. Security testing and periodic audits can help identify 
weaknesses before they influence operational activities.

Technical safeguards may include encryption, controlled 
access, infrastructure protection, system isolation, 
authentication mechanisms, secure data storage, and 
regular security assessments. These measures should be 
incorporated into system development rather than added 
only after deployment [71–73].

Privacy and security should therefore be treated 
as interconnected components of responsible AI 
implementation. A technically effective system cannot 
be regarded as suitable for police use if its information-
management practices expose individuals, investigations, or 
institutional infrastructure to unacceptable risks.

Reliability, Explainability, Ethical Governance, and 
Algorithmic Fairness

Reliability becomes especially important when AI systems 
are used in criminology and policing because computational 
outputs may influence investigations, resource allocation, 
surveillance, risk assessment, or decisions affecting 
individual rights. The reliability of such systems cannot be 
assessed solely by measuring algorithmic accuracy.

An AI application operates within a larger environment 
that includes datasets, software, hardware, human 
operators, organizational procedures, legal requirements, 
and decision-making structures. A system may produce 
technically consistent results while still creating problems 
if the underlying data are incomplete, the model is poorly 
calibrated, or its outputs are interpreted without sufficient 
professional review.

Explainability is therefore an important component of 
trustworthy AI. Investigators and supervisory authorities 
may need to understand why a system generated a particular 
classification, alert, prediction, or recommendation. 
When computational processes are difficult to interpret, 
determining the basis of a consequential decision becomes 
more complicated.

The issue becomes more significant when AI outputs are 

incorporated into criminal justice processes. A prediction 
should not automatically be interpreted as evidence of 
criminal conduct, and an algorithmic risk score should not be 
treated as an independent determination of an individual’s 
future behavior. Human assessment and appropriate 
procedural safeguards remain necessary.

Algorithmic bias presents another challenge. AI systems 
learn from available data, and historical datasets may 
contain social, institutional, or reporting patterns that do 
not represent the underlying population equally. If these 
patterns are incorporated into a model without adequate 
examination, the resulting system may reproduce or amplify 
existing disparities.

Research examining ethical dimensions of AI has emphasized 
the importance of fairness, transparency, accountability, 
and responsible system design [77,78]. These principles 
are particularly significant in criminology and policing 
because errors or biased outputs may have consequences for 
individuals and communities.

Bias assessment should therefore occur throughout the AI 
life cycle. Data selection, model development, validation, 
deployment, and subsequent monitoring all require 
examination for potential disparities. Performance should be 
evaluated across relevant groups and operational conditions 
rather than relying on a single aggregate accuracy measure 
[79].

Accountability is closely connected to these concerns. When 
an AI-supported system contributes to an investigative or 
operational decision, responsibility should remain clearly 
defined. Institutions need procedures that identify who is 
responsible for approving system use, interpreting outputs, 
reviewing errors, and responding when the system performs 
outside acceptable limits [80].

Reliability should also be monitored after deployment. 
Changes in crime patterns, population characteristics, 
legislation, technology, and data quality can affect model 
performance over time [82,83]. Periodic validation can 
help identify performance deterioration and determine 
whether retraining, modification, or withdrawal of a system 
is necessary.

Ethical governance consequently needs to extend beyond 
general principles. Practical mechanisms are required for 
auditing, documentation, bias assessment, human oversight, 
error reporting, performance monitoring, and review by 
appropriate authorities [82]. These safeguards can help 
ensure that AI remains a support mechanism for professional 
decision-making rather than an unchecked substitute for 
human judgment [82,83].

The application of AI in criminology and police sciences 
therefore requires a balanced approach. Technological 
capability needs to be accompanied by institutional 
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readiness, secure information practices, transparent 
procedures, continuous validation, and clearly assigned 
responsibility. Such conditions can strengthen the practical 
value of AI while reducing the risks associated with its use in 
sensitive criminal justice environments.

CONCLUSION

Artificial intelligence is becoming an important component 
of criminology and police sciences, offering new methods for 
crime prediction, criminal investigation, forensic analysis, 
intelligence assessment, and police resource management. 
Machine learning, neural networks, computer vision, 
natural language processing, and conversational systems 
can process large volumes of information and identify 
patterns that may be difficult to detect through conventional 
methods. However, effective application depends on data 
quality, system reliability, privacy protection, cybersecurity, 
explainability, and control of algorithmic bias. AI-supported 
findings should therefore be validated and interpreted 
within appropriate professional and legal frameworks. 
Human oversight remains essential when computational 
outputs may influence investigations, operational decisions, 
or individual rights. Future development should emphasize 
transparent, secure, explainable, and context-sensitive AI 
systems supported by continuous evaluation and appropriate 
institutional safeguards. When implemented responsibly, AI 
can strengthen investigative capacity, improve operational 
efficiency, and support evidence-based policing while 
maintaining accountability, fairness, and public trust.
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