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ABSTRACT
This study examines the role of Artificial Intelligence (AI) in crime prediction research using 
scientometric and bibliometric methods, with a targeted analysis of evaluation reporting 
practices in influential AI-based crime prediction studies. The study introduces the Conceptual 
Shift Index (CSI), a novel scientometric indicator for quantifying conceptual change, proposes 
the Method Evolution Network (MEN) to examine the structural dynamics of methodological 
change, and develops the Evaluation Reporting Framework (ERF) to assess the completeness 
of evaluation reporting. A total of 2,821 crime prediction publications from the Web of Science 
and Scopus databases were analysed using Biblioshiny. In addition, six of the most highly cited 
recent AI-based crime prediction studies (2022-2026) were selected to provide a targeted 
assessment of contemporary evaluation reporting practices. The findings show that the share of 
AI-based studies increased from 8.8% in 2016 to 62.2% by 2026, indicating that machine learning 
and deep learning approaches have become increasingly prominent within crime prediction 
research since 2017. This conceptual change is quantitatively reflected by a CSI value of 0.737. 
Furthermore, MEN analysis reveals increased methodological interaction, with network density 
rising from 0.196 to 0.592. Application of the ERF produced an average Coverage Score of 0.78 
and showed that class imbalance and temporal resolution are not systematically reported. The 
findings point to structural deficiencies in evaluation processes in crime prediction research. 
In response, this study proposes an evaluation framework to improve the interpretability and 
comparability of performance metrics across studies.

Keywords: Conceptual change, Crime prediction, Evaluation framework, Model interpretability, 
Performance metrics, Scientometrics.

INTRODUCTION

Crime prediction research has evolved rapidly in the past two 
decades, especially with predictive policing, spatial analysis (Perry 
et al., 2013), and Artificial Intelligence (AI)-based modeling 
(Eroglu & Cakir, 2024; Wheeler & Steenbeek, 2021). Earlier 
research was based on statistical, hotspot, and environmental 
risk models, while more recent research tends to use AI-based 
approaches to analyse complex spatial, temporal, and contextual 
crime patterns (Kaur & Saini, 2024). With the rapidly increasing 
volume and methodological diversity, there is an increasing need 
to systematically map the conceptual evolution, methodological 
development, and emerging trends in crime prediction research.

Recent advances in AI have accelerated the development of 
crime prediction models and extended the scope of prediction 
tasks such as crime occurrence, crime counts, hotspot prediction, 
and risk estimation (Eroglu & Cakir, 2026; Kaur & Saini, 2024; 
Liang et al., 2022). While many studies evaluate the performance 
of individual prediction models, little attention has been paid to 
the evolution of the research field, to changes in methodological 
relationships over time, and to whether evaluation practices have 
evolved in parallel with methodological advances.

In addition, the increasing relevance of AI-based crime prediction 
suggests an additional conceptual change for computational social 
science beyond methodological pluralism, which is reflected in the 
growing use of probabilistic modelling, algorithmic optimization, 
and validation approaches informed by performance metrics that 
are typical for Machine Learning (ML) and Deep Learning (DL) 
(Eroglu & Cakir, 2024). In this paper, the conceptual change is 
understood as measurable changes in the relative prominence 
of concepts and methodological terminology over time and 
not a broader epistemological change. These methods have 
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improved the analysis of complex data and have shown promising 
predictive performance across a range of crime prediction tasks 
(Travaini et al., 2022). However, few evidence-synthesis and 
research-mapping studies have discussed the role of AI in crime 
prediction research in a broader sense.

In this context, this study aims to systematically chart the major 
changes and identify recent trends in AI-based crime prediction 
research using scientometric and bibliometric methods. 
Historical trends from 1970 to 2026 were reviewed, current 
research patterns were described, and possible future directions 
have been suggested.

To quantify conceptual change in the literature, the current 
study proposes the Conceptual Shift Index (CSI), a scientometric 
indicator based on normalized keyword distributions. 
Mathematically, CSI corresponds to the total variation (L1, also 
known as Manhattan) distance between normalized keyword 
distributions. However, unlike general-purpose distributional 
distance measures, CSI is introduced here as a domain-specific 
scientometric indicator to quantify conceptual change in crime 
prediction research on an interpretable 0-1 scale. Moreover, the 
Method Evolution Network (MEN) is introduced to describe the 
structural dynamics of methodological changes. CSI measures 
the degree of conceptual change, while MEN analyses the 
interactions among methods and their restructuring over time at 
a structural level.

Apart from documenting methodological developments, this 
paper also examines the implications of such changes for model 
evaluation. The primary limitation in crime prediction studies is 
not algorithm performance but the evaluation and interpretation 
of model output. Model performance metrics are often reported 
without sufficient contextual information (e.g., target definition, 
spatial and temporal resolutions, data imbalance) and thus 
constrain cross-study comparability. Hence, an Evaluation 
Reporting Framework (ERF) is developed to evaluate model 
performance.

METHODOLOGY

This study adopts a scientometric and bibliometric approach 
(Table 1) to analyse the development of crime prediction 
research. Previous studies (Alomran et al., 2025; Mohamad, 
2025; Duplock et al., 2026) have widely used scientometric and 
bibliometric mapping approaches to examine thematic evolution 
and research trends across various disciplines. Bibliometrics 
and scientometrics are closely related analytical approaches that 
enable the quantitative mapping of scientific production, thematic 
evolution, and collaboration structures within a research field 
(Dutta et al., 2026). In addition, to examine evaluation practices, 
a further analysis was conducted using a targeted subsample of 
high-impact studies published in recent years.

Under this framework, the analysis first focused on the overall 
body of crime prediction publications without explicitly 
considering the involvement of AI. AI-based terms were then 
introduced to construct a separate dataset for the subsequent 
analysis phase (Appendix 1).

The publications selected for the study were journal articles 
and conference proceedings. Journal articles were prioritized 
given the peer-review process and stronger citation impact. 
Conference papers were included because they often contain 
new AI methods, especially in computer science and ML/DL. 
For consistency and reliability, other types of documents such as 
editorials, books, notes, errata, and retracted publications were 
excluded (Appendix 1). Furthermore, no language restriction was 
explicitly applied during the database retrieval. However, since 
the search strategy was based on English-language search terms 
in the Title, Abstract, and Author Keywords fields, the retrieved 
dataset primarily comprised English-language publications.

The datasets of the Web of Science (WoS) and Scopus were 
combined using the Merge Collections module in Biblioshiny 
(version 5.0). During the merging process, the metadata fields 
were automatically aligned across databases, and duplicate 
records were removed using the integrated multistage matching 
process based primarily on DOI matching and, in the absence 
of DOI information, normalized title and publication year 
matching. In addition, Biblioshiny standardized the author names 
and harmonized the metadata fields, thus producing a single 
bibliographic dataset for further analysis and ensuring consistency 
and comparability. No additional manual data cleaning or record 
exclusion was performed after the automated harmonization and 
deduplication process, apart from the predefined document-type 
filters described above.

Following the merging process, metadata completeness and 
consistency were assessed within Biblioshiny before conducting 
the bibliometric and scientometric analyses. The metadata 
completeness reports for the overall crime prediction dataset and 
the AI-based subset are provided in Appendix 2A and Appendix 
2B, respectively.

The temporal periods used in the scientometric analyses were 
defined empirically based on the publication trends observed in 
the bibliometric analysis. As illustrated in Figure 1, the share of 
AI-based publications showed the first clear structural increase 
in 2017, indicating the beginning of a distinct shift in the 
methodological orientation of the literature.

Accordingly, 2017 was selected as the boundary between the 
pre-AI (1980-2016) and post-AI (2017-2026) periods. Although 
the early years after 2017 may be regarded as reflecting the initial 
diffusion of AI-based approaches, all publications from 2017 
onwards were analysed as a single post-AI period to provide a 
consistent basis for the comparative scientometric analyses. As 
different Biblioshiny modules rely on different metadata fields 
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(e.g., author keywords, country information, and collaboration 
metadata), the effective sample size varies across analyses. 
Therefore, the number of publications reported for individual 
analyses may differ from that of the overall merged dataset.

RESEARCH FINDINGS

This section presents the findings from the bibliometric and 
scientometric analyses, as well as a targeted analysis of evaluation 
practices.

Bibliometric analysis: mapping trends in crime 
prediction research
This section analyses publication and citation trends over time, 
focusing on the temporal evolution and academic impact of 
crime prediction research. Analysis of the dataset (1970-2026; 
WoS & Scopus; 2,821 publications) shows that the average 
document age is 7.26 years, with 18.8 citations per publication. 
In total, the studies are distributed across nearly 1,600 sources, 
indicating a broad and diverse publication structure. Figures 1 
and 2 present these trends and illustrate the growing role of AI 
in crime prediction research. The figures begin in 2003 because 
AI-based crime prediction publications before that year were 
sporadic and insufficient to show a meaningful annual trend.

The results obtained from WoS and Scopus show that the first 
study on AI-based crime prediction was published in 1997, 
followed by a second study in 2003. However, before 2013, 
AI-based studies remained limited both in number and in their 
proportion within the overall crime prediction literature.

A clear shift emerges after 2013, with a marked increase in 
AI-based publications and a steady rise in their share within the 
overall literature. This growth accelerates particularly after 2017 
and becomes more pronounced after 2020.

Between 2023 and 2025, the share of AI-based studies exceeded 
55%, indicating a substantial increase in the prominence of 
AI-based approaches within crime prediction research. AI-based 
approaches are no longer marginal and have become a prominent 
component of the field. This trend reflects the increasing use of 
ML and DL methods in recent studies (Figure 1).

Citation patterns are broadly consistent with these publication 
trends. Until 2013, the unstable citation trend for AI-based 
studies was apparent due to the small number of papers published. 
However, since 2013, the relative citation impact of AI studies has 
been significant and above the average overall literature during 
2013-2018 (Figure 2).

After 2019, this dominance lessened, and both groups converged 
at similar levels. Thus, AI initially showed high citation impact 
but has gradually become more widely integrated into the field. 
These findings are consistent with an increasing methodological 
emphasis on ML- and DL-based approaches in crime prediction 
research. However, the apparent downward trend in recent years 

should be viewed with caution, as it results mainly from citation 
lag.

Scientometric analysis: life cycle analysis of crime 
prediction research

This section describes the life cycle model of the temporal 
evolution of crime prediction research through the Life Cycle of 
Scientific Production module in Biblioshiny. The module fits a 
logistic growth model to annual publication data and estimates 
key parameters, including the theoretical saturation level, 
duration of growth, and peak publication year, to characterize the 
developmental stage of a research field (Aria & Cuccurullo, 2017; 
Aria et al., 2026). Accordingly, the resulting estimates should be 
interpreted as model-based projections of publication dynamics 
rather than precise forecasts.

The Biblioshiny life-cycle module reports point estimates for the 
model parameters but does not provide confidence intervals or 
formal measures of uncertainty. Thus, the predicted saturation 
levels and the milestone years should be interpreted as descriptive 
outputs of the fitted logistic model, and not as exact predictions of 
the future publication trends.

The analysis compares the growth dynamics of crime prediction 
research with AI-based crime prediction studies. In this way, the 
position of AI-based crime prediction studies within the entire 
evolution of the field and their relative impact can be assessed. 
Estimated growth times for the total crime prediction research 
and its AI-based subset are, respectively, about 14.7 years and 8.2 
years. Thus, crime prediction research based on AI has developed 
and diffused in much faster time than the whole development 
process of the total literature. The peak production year is 
estimated to be 2023 for the total literature and 2024 for AI-based 
studies, indicating the growing relative importance of AI-based 
studies within the total crime prediction research over recent 
years.

In terms of the current level of progress, the total crime prediction 
research has already reached approximately 81.5% of its projected 
saturation level, and the AI-based literature has already reached 
approximately 84.8%. Both results show a maturity but, AI-based 
studies have achieved this stage in a shorter period of time. 
Moreover, the projection that AI-based literature will reach 90% 
saturation by the end of 2027 and total literature in 2030 indicates 
that AI-based publications account for an increasing share of 
recent scientific output within crime prediction research.

These saturation estimates and milestone years are obtained from 
the fitted logistic growth model and thus should be interpreted 
as model-based predictions rather than exact predictions, as 
future publication trajectories may be affected by scientific, 
technological, or societal developments. These results suggest that 
AI-based approaches have become a more and more important 
methodological part of crime prediction research. Overall, crime 
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prediction research is evolving in a broader, longer-term horizon, 
but AI-based studies have grown at a much faster pace in the 
literature, gained more visibility, and have become a key element 
in shaping the dynamics of recent developments in the field.

Bibliometric Analysis of Influential Studies and 
Targeted Analysis of Evaluation Practices

This section analyses the most highly cited studies in crime 
prediction at both local and global levels. The local analysis maps 
citation relationships within crime prediction research, while 
the global analysis examines how these studies are cited across 
different disciplines. As shown in Table 2, Chainey et al. (2008) 

received 158 Local Citations (LC) and 412 Global Citations (GC), 
followed by Mohler et al. (2011) with 131 and 558 respectively. 
These results suggest that they occupy a central role within the 
citation network of crime prediction research.

Table 2 shows that the early period of research in crime prediction 
was dominated by approaches based on hotspot analysis and 
spatial risk modelling. These studies provided the methodological 
basis of the field, but they were from a time when methods based 
on AI were still limited.

In contrast, the higher global citation rates of more recent 
studies suggest that the field mirrors the increasing relevance of 
data-driven and algorithmic models in the literature. However, 

Method Objective Analysis Type Data Source Time Frame Tool
Bibliometric
analysis

Quantify performance; 
surface influential 
works/ sources; map 
thematic/content 
structure.

Journal/source 
productivity and 
impact.

Crime prediction studies 
(overall; 2,821 publications, 
WoS & Scopus);
AI-based crime prediction 
studies (1,035 publications, 
WoS & Scopus).

Up to May 1, 
2026

Biblioshiny 
(Version 5.0)

Publication and 
citation counts
Most-cited papers.

Scientometric
analysis

Map social and 
intellectual structure; 
identify hubs/clusters; 
detect seminal years.

Thematic trends Crime prediction studies 
(overall; 2,631 publications, 
WoS & Scopus).

From 2008 to 
May 1, 2026

Biblioshiny 
(Version 5.0)

Crime prediction studies 
(overall; 2,821 publications, 
WoS & Scopus).

Up to May 1, 
2026

Country 
collaboration 
network

Crime prediction studies 
(overall; 2,036 publications, 
Scopus);
AI-based crime prediction 
studies (overall; 962 
publications, Scopus).

From 2017 to 
May 1, 2026

Crime prediction studies 
(overall; 631 publications, 
Scopus).

Pre 2016

Table 1: Summary of the scientometric and bibliometric analysis steps.

Figure 1: Publication trends in AI-based and overall crime prediction research (2003-2026; WoS & 
Scopus - 1,035 publications; Biblioshiny output).
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despite this change, there is still a large lack of standardization in 
the way assessments are conducted.

For the targeted evaluation analysis (Table 3), only publications 
from 2022 to 2026 were included from the WoS records obtained 
with the AI-based search strategy outlined in Appendix 1, to 
reflect current evaluation reporting practices, and the publications 
were ranked by citation count. The most cited records were then 
screened for eligibility and studies that performed AI-based 
crime prediction and reported model evaluation were included. 
This process resulted in a purposive sample of six studies selected 
to exemplify recent practice in evaluation reporting, rather than 
to constitute a comprehensive systematic review.

Similar limitations are found in recent AI-based crime prediction 
studies as shown in Table 3. Overall, target variables vary from 
binary occurrence to continuous counts and risk scores, but their 
definitions, class imbalance, interpretability, temporal and spatial 
resolution are often underreported.

The same limitations may also be seen in the earliest and most 
highly cited studies in the field. In the six key studies reviewed 
in Table 2 (Bowers et al., 2004; Caplan et al., 2011; Chainey et 
al., 2008; Gerber, 2014; Mohler et al., 2011; Mohler et al., 2015), 
crime prediction was performed, but the target variable was 
mostly undefined and non-standardized. Prediction performance 
in these studies was usually assessed by operational metrics like 
the hotspot capture rate, hit rate, or PAI, but important evaluation 
elements like class imbalance and distribution of the target 
variable were not systematically reported. This suggests that the 
shortcomings in evaluation noticed in recent AI-based studies 
are not novel but have been structural limitations within crime 
prediction research for some time.

Scientometric analysis: thematic trends in crime 
prediction research

In this section, topic trend analysis, CSI, and MEN were used to 
demonstrate the presence of AI in the field, and the changes in 
fundamental concepts over time were analysed.

Trend topics in overall crime prediction research

Trend topic analysis recognizes the most used terms in the 
literature and gives a visual summary of how they evolve over 
time. Therefore, instead of 1980-2026, the period 2008-2026 was 
selected to represent changes in key topics, as well as changes 
in the literature, and the increasing presence of AI in crime 
prediction research.

Trend topics were created using the Biblioshiny Trend Topics 
module based on the Author Keywords (DE). Only terms with 
a minimum frequency of seven occurrences were kept and a 
maximum of three terms per year was displayed. There was no 
additional manual preprocessing or synonym standardization 
before the trend topic analysis. The size of the bubbles indicates 
term frequency and the horizontal line indicates the period when 
the term was present in the selected trend topics (Figure 3).

In the earlier years of 2008-2016, the literature was marked 
by a greater prominence of concepts related to traditional 
criminological and statistical approaches such as geographic 
profiling, routine activities, time series, multivariate and statistical 
analysis. However, after 2017, the literature showed increasing 
prominence of data-driven analytical themes, including data 
mining, patterns, early warning systems, prediction, and 
computer crime.

A significant methodological change occurred after 2020. 
Concepts based on AI and ML, such as prediction models, DL, 
and ML, showed a marked increase in frequency. Larger bubble 
sizes for the period 2020-2026 indicate that these methods 
have become increasingly prominent within the literature. 

Figure 2: Citation trends in AI-based and overall crime prediction research (2003-2026; WoS & 
Scopus - 1,035 publications; Biblioshiny output).
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These findings suggest that AI-related methods increasingly 
complement established criminological approaches while 
becoming more prominent within the literature. Accordingly, the 
thematic trends indicate an increasing prominence of AI-related 
concepts and methods within crime prediction research.

As shown in the bibliometric analysis section, the adoption of 
AI has increased since 2017. The trend topic analysis indicates 
conceptual changes in the terminology used within crime 
prediction research. To examine whether these conceptual 
developments are accompanied by changes in collaboration 
patterns, the following section analyses international 
co-authorship networks by comparing overall crime prediction 
studies with AI-based studies.

Scientometric analysis: conceptual shift index

A term-level change measure was used to more objectively assess 
the conceptual shift over time in crime prediction research. In 
this context, p-pre and p-post represent the normalized relative 
usage rates of the relevant keyword in the pre-AI (1980-2016) 
and post-AI (2017-2026) periods. To measure term-level change, 
Δp (temporal term change) was calculated for each keyword as 
follows:

 Δp = p-post − p-pre  (1)​​​

In addition, the CSI was used to measure the overall level of 
conceptual change in the literature. CSI is defined as half the 
sum of the absolute differences of the normalized keyword 
distributions between two periods:

​​CSI = ½ ∑ ​|pᵢ​(post) − pᵢ​(pre)​| (2)​​​

Where:

Δp: Temporal change in the normalized relative frequency of a 
keyword between the pre-AI and post-AI periods.

p-pre: Normalized relative frequency of a keyword in the pre-AI 
period (1980-2016).

p-post: Normalized relative frequency of a keyword in the 
post-AI period (2017-2026).

pᵢ(pre): Normalized relative frequency of keyword i in the pre-AI 
period.

pᵢ(post): Normalized relative frequency of keyword i in the 
post-AI period.

i: Individual keyword.

Σ: Summation over all keywords.

½: Normalization factor ensuring that CSI ranges from 0 to 1.

CSI ranges from 0 (identical keyword distributions) to 1 
(completely different keyword distributions), thereby providing 
an intuitive measure of conceptual redistribution between two 
periods. The calculated Δp values ​​show a significant increase in 
method-oriented concepts in the post-AI era. For example, crime 
prediction (Δp=+0.0278) and machine learning (Δp=+0.0269) 
are among the terms showing the highest increase, while concepts 
such as deep learning (Δp=+0.0119) and artificial intelligence 
(Δp=+0.0088) are also rapidly increasing in the literature. 
In contrast, a significant decrease is observed in the relative 
weight of classic criminological concepts such as victimization 
(Δp=−0.0223) and fear of crime (Δp=−0.0105).

These results quantitatively demonstrate that new methods have 
been introduced in crime prediction research, but the research 
focus has increasingly included data-driven and computational 
methods in parallel with established criminological approaches. 
The calculated CSI of 0.737 means that the normalized keyword 
distributions differ by 0.737 on a scale of 0-1, which suggests a 
substantial conceptual redistribution between the two periods. 
This value therefore implies a large reallocation of the conceptual 
lexicon used in the literature. Since CSI is introduced here 
as a descriptive scientometric indicator, the value should be 
interpreted in the context of this dataset and not as a universal 
benchmark.

A sensitivity analysis was conducted with three different 
minimum keyword-frequency thresholds (≥2, ≥3, and ≥5) to test 
the robustness of the proposed CSI. The CSI values were 0.663 
to 0.668 in the case of excluding low-frequency keywords, while 
the value was 0.737 in the case of including all keywords (Table 
4). The pruning of infrequent terms led to a slight decrease of the 
index, but the CSI values remained consistently high, implying 
that the detected conceptual shift is not merely an effect of rare 
keywords. Moreover, the CSI value did not change (0.737 before 

Study LC GC Citations per Year (LC/GC)
Chainey et al. (2008) 158 412 8.32 / 21.68
Mohler et al. (2011) 131 558 8.19 / 34.88
Gerber (2014) 102 387 7.85 / 29.77
Bowers et al. (2004) 81 201 3.52 / 8.74
Caplan et al. (2011) 73 197 4.56/12.31
Mohler et al. (2015) 73 229 6.08/19.08

Table 2: Top cited overall crime prediction research (1980-2026, Biblioshiny output).
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and after harmonization), indicating that the results were robust 
to the term-standardization procedure.

Scientometric analysis: method evolution network

The present study developed a MEN to examine the 
methodological transition in crime prediction research at the 
conceptual and structural level. A method-oriented glossary was 
created (Appendix 1) using the title, abstract and author keyword 
fields. Each publication was screened for the existence of glossary 
terms and methods identified within the same publication were 
linked by co-occurrence links. That is, nodes are methodological 
terms and edges are their co-occurrence in single publications. 
An edge was formed when two methodological terms were found 
in the same publication (title, abstract or keywords). The weight 
of the edges corresponds to the number of co-occurrences in the 
publication set.

The textual data were converted to lowercase, punctuation and 
special characters were removed and whitespace was standardized 
before method detection. We aligned methodological variants 
and common abbreviations (e.g. ML/machine learning, ANN/
artificial neural network, SVM/support vector machine) using 
the predefined method glossary, which is publicly available in the 
author’s GitHub repository (see Code Availability).

The analysis showed that one or more method terms were 
identified in 2,238 (79.33%) publications in the literature. The 
temporal analysis of the structure of the network shows a great 
increase in the methodological diversity and interaction levels. 
The network structure had 28 nodes and 74 connections in the 
pre-AI period (1980-2016), which increased to 41 nodes and 187 

connections in the transition period (2017-2019). The network 
structure after the AI period (2020-2026) reached 47 nodes and 
640 links.

More importantly, the network density increased from 0.196 in 
the pre-AI period to 0.592 in the post-AI period. Network density 
is normalized by the maximum number of possible connections, 
making it less sensitive to differences in network size than raw 
node or edge counts. Higher density indicates that multiple 
analytical methods are more often combined in single studies, as 
network density is the ratio of actual connections to all possible 
method pairs.

These results suggest that the methodological network evolved 
from a relatively isolated methodological approach to a dense 
and more interconnected structure, mirroring the increase of 
methodological hybridization within the literature. In the pre-AI 
period, the main part of the network was occupied by classical 
spatial approaches, like hotspot mapping, while ML methods 
have dominated the transition and post-AI periods.

To further examine whether the increase in network density was 
mainly attributable to the larger post-AI corpus, an additional 
robustness analysis based on equal-size random subsampling 
was performed. 1,000 random subsamples were drawn from the 
post-AI corpus with the same number of publications containing 
detected methods as in the pre-AI corpus. Mean network density 
was 0.380 (SD=0.023; 95% interval 0.338-0.425), which was 
significantly greater than the original pre-AI density (0.196), but 
less than the full post-AI density (0.592). These results point to an 
increased methodological integration that cannot be explained 
solely by the greater number of publications in the post-AI era.

Study Prediction Type Target variable 
(Y_label)

Class imbalance (no 
crime proportion)

Temporal 
/ Spatial 
resolution

Metrics used

Zhang et al. 
(2022)

Crime occurrence 
prediction

Binary (0/1) 93% Biweekly / 150 m 
grid

Accuracy=0.89; 
ROC=0.586

Tang et al. 
(2023)

Regression Not clearly defined Not reported Daily / 3 km × 3 
km grid

MAE=0.9095; 
MAPE=0.5154 (NYC 
Crime)

Deng et al. 
(2023)

Regression Continuous (crime 
risk intensity)

Not reported Not reported / 
200×200 ft grid

PAI, PEI, RRI, ROC

Wu et al. 
(2022)

Crime occurrence 
classification

Binary (0/1) Not reported Daily / Census 
tract

F1-score, relative 
improvement (2% to 
7%)

Saraiva et al. 
(2022)

Mixed (Regression + 
Classification)

Classification / 
Binary (0/1) & 
crime count

Not reported Not reported / 
500 m grid

Accuracy=0.83; 
Recall=0.99; 
Precision=0.79; 
F1-score=0.89

Liang et al. 
(2022)

Regression Crime count 
(continuous)

Not reported Hour-level / 
region (grid-like)

MSE, Accuracy

Table 3: Evaluation reporting practices in recent AI-based influential crime prediction studies in WoS (2022-2026; targeted analysis).
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However, it is important to note that the classical criminological 
approaches have not completely disappeared; on the contrary, 
they are still present within the network structure by integrating 
with new methods. The network shows the bridging role of 
boosting and ensemble-based methods. The results show that AI 
has brought new approaches to studying crime prediction and 
that AI-based approaches are associated with a more connected 
methodological structure in the literature. In this context, the 
proposed MEN approach allows the researchers to analyse the 
methodological transformation in the literature not only in terms 
of conceptual trends, but also in terms of structural relations 
between methods.

Scientometric analysis: mapping collaboration 
networks across countries

The country collaboration network highlighted key contributors, 
strong collaborative relationships, and regions that need greater 
scientific collaboration. The network map covered countries with 
at least one publication, regardless of their citation levels. The 
results suggest a clear pattern of global collaboration in crime 
prediction research.

Collaboration in overall crime prediction research from 1980 to 
2016 was largely concentrated in North America and Western 
Europe, where the U.S., the U.K., China, and Canada were 
key contributors, while other European countries contributed 
relatively little. Although no separate figure is presented for 
1980-2016, the conclusions are based on co-authorship and 
country-level collaboration analyses. The limited number of 
studies in the pre-AI period also suggests that the field was still in 
its early development phase.

From 2017 to 2026, AI-based publications point to a change 
in the structure of collaboration networks; however, the U.S. 
(71 co-authorships), China (70), India (37), and the U.K. (37) 
remained key hubs. Several emerging regions became more 
prominent, particularly Malaysia (33), Australia (26), Pakistan 
(22), Saudi Arabia (22), Italy (21), Hong Kong (20), and the United 
Arab Emirates (17), while the Netherlands, Germany, Sweden, 
and France became less prominent within the collaboration 
network (Figure 4). Country-level collaboration indicators for 
both the pre-AI and post-AI periods are summarized in Appendix 
3. Overall, AI-based publications exhibit broader international 

collaboration patterns, with several additional regions becoming 
more visible during the study period.

For comparison, the non-AI crime prediction literature, 
consisting of crime prediction publications that were not 
classified as AI-based, showed a different collaboration pattern 
during the same period (2017-2026). The U.S. (115) and the 
U.K. (75) continued to lead, while China (53) emerged as an 
important contributor. Additionally, countries such as Australia 
(35), Canada (31), the Netherlands (20), Denmark (17), Germany 
(17), Spain (17), and Malaysia (16) also expanded their presence. 
However, certain nations, such as Uganda, Austria, and Mexico, 
reported just one collaboration, indicating uneven scientific 
integration.

Overall, these findings indicate that AI-based publications are 
associated with broader international collaboration patterns and 
the participation of additional regions in the research network. 
However, these descriptive findings do not by themselves 
demonstrate that AI caused the observed changes in international 
collaboration.

DISCUSSION

This section will examine changes in methods used for crime 
prediction and shifts in knowledge production.

Potential of AI algorithms in crime prediction

Although crime prediction research uses a variety of algorithms, 
there is no evidence that any one algorithm performs consistently 
across different contexts, regardless of crime type or setting 
(Travaini et al., 2022; White et al., 2025). Indeed, the results from 
the NIJ Recidivism Forecasting Challenge suggest that complex 
ML and DL models do not necessarily outperform simpler, 
more interpretable methods, such as logistic regression (White 
et al., 2025). Accordingly, there is a need to view algorithmic 
success beyond accuracy by considering interpretability and 
computational costs toward practical applicability.

Generally, hybrid approaches are employed in crime prediction. 
The pursuit of improved predictive performance through hybrid 
approaches may impose operational constraints due to processing 
costs and latency in real-time and at large scales. Thus, in crime 
prediction, algorithmic success should not be pursued solely 
through the lens of enhanced performance but should also be 
viewed as a cohesive component of system integrity.

On the other hand, these findings indicate that DL models 
primarily show considerable potential in dealing with 
high-dimensional data concerning complex interrelations 
(Eroglu & Cakir, 2024). Traditional ML methods have already 
demonstrated that high accuracy can be achieved using similar 
data sources (White et al., 2025; Travaini et al., 2022). Hence, the 
relationship between precision and complexity does not allow the 

Analysis CSI
All keywords 0.737
Minimum keyword frequency ≥2 0.666
Minimum keyword frequency ≥3 0.668
Minimum keyword frequency ≥5 0.663
Raw keywords (no harmonization) 0.737

Table 4: Sensitivity analysis of the CSI.
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latter to indicate the superiority of a methodological approach 
(Eroglu & Cakir, 2026).

This assessment is also consistent with the scientometric findings 
of the current study. The CSI (0.737) and MEN results (network 
density increased from 0.196 to 0.592) indicate an increase in 
method diversity rather than the superiority of any particular 
algorithm, and that methods are increasingly being used together.

The findings above highlight that the leading issue for crime 
prediction does not lie so much in choosing algorithms as in how 
different models are compared. As algorithms increase the variety 
in metrics and evaluation methodologies, the comparability and 
interpretation of model performance become more difficult. 
What appears to be lacking in the literature on crime prediction 
is not complex models but the necessary consistency within 
evaluation methodologies.

Contributions to and gaps in the literature

As a result, introducing AI-based approaches into crime 
prediction research has diversified methods and research 
dynamics. The increase in concepts such as "machine learning" 
and "deep learning" attests to a shift toward a data-driven 
and algorithmic structure. Trend topic analyses indicate that 
concepts such as "machine learning" and "deep learning" have 
become increasingly prominent, reflecting a shift toward a more 
data-driven and algorithmic structure.

However, this also generates several methodological and 
structural issues. The use of different prediction tasks, such as 
classification, regression, and risk score prediction, does not 

allow a direct comparison of performance metrics. The same 
metric values ​​can have vastly different implications under 
different problem definitions and data structures. This causes the 
interpretation of model performance to become problematic in a 
context-independent manner. The development of international 
collaboration further increases the diversity of data and model 
contexts and thereby increases the demand for a shared, 
interpretable language of evaluation.

The structure of the data sources also directly influences the 
evaluation. Model performance metrics are less reliable when 
crime data are imbalanced, incomplete, or intervention-based. 
Model outputs should be interpreted carefully when using 
historical data for prediction, as this may reinforce existing 
patterns of law enforcement.

Interpretability and ethical dimensions are also part of this 
process. Since many AI-based models are "black boxes," how 
their results are derived is difficult to understand; hence, using 
model outputs in decision-making processes is risky. Therefore, 
model performance should be evaluated not only by accuracy but 
also by transparency, fairness, and societal impacts.

In addition, this research suggests that CSI is a novel scientometric 
indicator that quantifies the conceptual shift in the literature. 
The high CSI value indicates a substantial shift in the conceptual 
vocabulary and methodological emphasis of the literature, 
reflecting the increasing prominence of data-driven and 
computational approaches alongside established criminological 
perspectives. In this respect, CSI extends traditional trend 
analyses by providing a quantitative indicator of conceptual 
change.

Figure 3:  Trend topics in crime prediction research (2008-2026; min freq=7; 3 terms/year; Biblioshiny output).
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This conceptual and methodological shift is also reflected in 
the structural relationships among methods. The MEN analysis 
proposed in this paper reveals that the methods applied within 
the literature have become denser and more integrated over time. 
The increased network density implies that crime prediction 
research shifted from a methodological approach characterized 
by isolation to a hybrid and interactive methodological structure. 
These findings suggest that AI-based methods have expanded the 
methodological structure of the literature.

Together, the core problem in crime prediction research lies not 
in the data or models but in how those models are evaluated 
and interpreted. In other words, the problem in the literature 
is not model performance per se but the contextual and 
systemic inadequacy of the evaluation processes. This limits 
the comparability and interpretability of crime prediction 
model results and underlines the demand for more systematic, 
transparent, and standardized approaches to evaluation.

Although the present study focuses on crime prediction research, 
the proposed CSI and MEN are not domain-specific approaches. 
Because both methods are based on changes in keyword 
distributions and methodological co-occurrence structures, they 
can be applied to other scientific fields undergoing conceptual 
or methodological transformation. Potential application areas 
include healthcare, education, environmental science, digital 
forensics, and computational social science, where data-driven 
methods and AI have substantially influenced research practices. 
Nevertheless, the interpretation of CSI and MEN should always 
consider the conceptual characteristics, publication patterns, 
and methodological context of the specific research field under 
investigation.

Evaluation Reporting Framework for Crime 
Prediction Models

The proliferation of AI-based methods within crime prediction 
research has made models increasingly diverse. However, this 
has complicated model performance evaluation. As shown in 
previous sections, performance metrics are commonly presented 
independently of contextual information across model types, 
data structures, and units of analysis. This represents a significant 
limitation for correctly interpreting model results and comparing 
studies.

However, the most fundamental issues in evaluation in crime 
prediction research concern the considerable heterogeneity in 
the target variable (Y_label), temporal and spatial resolution, and 
data imbalance across studies. Indeed, some studies only deal with 
the presence/absence of crime prediction (binary), while others 
output crime counts or risk scores. Likewise, predictions can be 
made on different time scales, from hours to days and weeks, and 
on various spatial scales, from points to grids and regions.

Under such heterogeneity, the direct comparability of metrics 
used in model performance evaluation, such as ROC-AUC, 
F1, and MAE, becomes impractical. Specifically, performance 
metrics reported without referencing the distribution of the 
target variable (Y_label) and the time-space unit under analysis 
limit the accurate interpretation of model performance.

Accordingly, this paper advances the ERF, insisting on systematic 
reporting of metrics and several key contextual elements, i.e., the 
definition of the target variable, data distribution, and temporal 
and spatial resolution. Thus, it outlines a first step toward 
providing more meaningful, comparable, and interpretable 
assessment results in crime prediction research.

Rather, this study shows that the real problem in crime prediction 
research is not the performance of algorithms but the lack of an 
interpretable and systematic structure of evaluation processes. 
The same metric values can have completely different meanings 
for different problem definitions. For instance, a high accuracy 
value is misleading under severe class imbalance; similarly, low 
error metrics, such as MAE, may be misleading when interpreted 
without considering the underlying crime distribution. Thus, 
performance metrics must be understood contextually rather 
than separately.

Therefore, a multi-layered evaluation framework is proposed to 
improve the interpretability of crime prediction models. This 
framework proposes that the following key elements be presented 
together to make the performance metrics meaningful:

Clear definition of the target variable (e.g., crime probability, 
crime rate, or crime type).

	 •	 Data distribution and class imbalance,

	 •	 Spatial resolution,

	 •	 Temporal resolution,

	 •	 Type of performance metrics,

	 •	 Validation setup used.

These elements provide the context in which performance metrics 
can be interpreted and, thus, allow for more reliable inter-study 
comparisons. Otherwise, models with the same metric values can 
sometimes denote different levels of performance.

Network Density
Pre-AI (1980-2016) 0.196
Post-AI (2020-2026) 0.592
Post-AI equal-size subsampling (mean, 
n=1,000)

0.380

Standard deviation 0.023
95% interval 0.338-0.425

Table 5: Equal-size subsampling robustness analysis of the MEN (1,000 
random subsamples).
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Within the proposed ERF, a Coverage Score (CS) is introduced to 
quantify the completeness of evaluation reporting across studies. 
The CS is calculated as follows:

The proposed CS was intentionally designed as a simple binary 
indicator to provide a transparent and reproducible assessment 
of reporting completeness across studies. Accordingly, each 
reporting component was scored as either present (1) or absent 
(0). Although this approach does not distinguish between partial 
and complete reporting, it offers a straightforward basis for 
comparison. Future studies may further refine the framework by 
introducing weighted or multi-level scoring schemes that capture 
different degrees of reporting completeness.

A CS close to 1 indicates that the study reports the evaluation 
components more comprehensively, whereas a CS close to 0 
indicates substantial shortcomings in evaluation reporting. Each 
element contextualizes the model output evaluation and shows 
the potential for misinterpretation if the elements are missing. 
This will minimize the excessive use of context-free metrics 
in the literature and make the evaluation process systematic, 
transparent, and comparable.

Based on Table 6, which summarizes the most cited and hence 
most influential papers in the domain, the application of the 
proposed evaluation framework yields an average CS of 4.67/6, 
or 0.78.

The targeted analysis indicates that reporting completeness varies 
across evaluation components rather than being uniformly poor. 
Among the six studies, class imbalance was the most consistently 

underreported element, followed by the temporal resolution, 
whereas performance metrics, spatial resolution, and validation 
setup were generally reported. In crime prediction studies, 
model performance interpretation is limited because the aspects 
defining performance, such as the target variable, spatial unit, 
and temporal resolution, are not defined.

Thus, performance metrics are difficult to interpret and compare 
reliably without explicitly stating whether the predictions are 
hourly, daily, or yearly and whether the spatial unit is street 
segments, grids, or aggregates at the city level. Target definitions 
should be provided along with crime occurrence rates or class 
imbalance within the prediction window. The validation setup 
should also be transparently reported since it is an important 
factor in determining the model's trustworthiness.

Within this targeted sample, the findings suggest that incomplete 
and decontextualized evaluation reporting remains an important 
methodological issue. Accordingly, the proposed ERF should be 
regarded as an exploratory diagnostic framework for identifying 
reporting gaps rather than as a definitive assessment standard. 
Broader validation using larger and systematically selected 
samples is warranted. Accordingly, the proposed framework 
provides an exploratory basis for assessing evaluation reporting 
practices and may serve as a methodological guide for future 
studies.

Limitations

This study, despite its contributions, has several limitations. First, 
the combined WoS and Scopus datasets have broad coverage of 
the literature, but relevant publications indexed in other databases 
may not have been captured. Second, the search strategy was 

Figure 4: Mapping international collaboration in AI-based crime prediction research (2017-2026, 962 publications in Scopus, min. edges: 2, edge 
size: 5, Biblioshiny output).



Journal of Scientometric Research, Vol 15, Issue 3, Sep-Dec, 2026 1043

Eroglu and Cakir: AI in Crime Prediction Research

based on pre-defined keywords in English and we may have 
missed studies with different terminology or published in other 
languages. The proposed ERF was ultimately tested on a small, 
targeted sample with a simple binary scoring system and should 
therefore be viewed as an exploratory diagnostic framework that 
needs further validation with larger, more systematically selected 
samples. Hence, the results should be interpreted in the context of 
the selected databases, the retrieval strategy, and the exploratory 
application of the proposed ERF.

CONCLUSION

This study identifies a conceptual and methodological shift 
in AI-based crime prediction research through scientometric 
analyses. The results indicate a growing integration of data- and 
algorithm-based approaches with traditional criminological 
perspectives in the literature, as well as changes in methodological 
foci, validation processes, and research applications.

However, the results seem to suggest that the main problem 
in the literature is not with the algorithmic performance but 
with the evaluation and interpretation of the results of models. 
Performance metrics are often reported over data structures, 
model types, and units of analysis without the requisite context, 
making cross-study comparisons difficult.

More specifically, this study makes three complementary 
contributions to the literature. First, the proposed CSI provides an 
interpretable scientometric indicator to measure the conceptual 
change in crime prediction literature. Second, the MEN provides 
a transparent view of the methodological integration in terms 
of method co-occurrence patterns. Third, the proposed ERF 
offers an exploratory diagnosis framework for improving the 
transparency and comparability of evaluation reporting in 
AI-based crime prediction studies.

Taken together, these contributions offer a better, more 
comparable, more meaningful, and more interpretable basis for 
the evaluation of AI-based models of crime prediction. However, 
further development of AI-based crime prediction will be 
helped by the development of more advanced algorithms and by 
improving the interpretation and standardization of their outputs. 
In this respect, the study suggests the need for a methodological 
reframing of crime prediction studies.

Future research should validate and refine the proposed CSI, 
MEN, and ERF further with larger datasets, more bibliographic 
sources, and wider application domains. The use of standard 
evaluation reporting practices and the application of these 
methods to other research domains enabled by AI could further 
improve the transparency, comparability, and reproducibility 
of research using predictive modeling. The proposed CSI and 
MEN could be a useful framework for exploring conceptual and 
methodological changes in other fast-moving research areas 
beyond the research of crime prediction. Their application to 
different scientific fields can help to identify common as well as 
discipline-specific patterns of research evolution and thus support 
comparative scientometric analyses across disciplines.
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Study Target 
variable

Spatial 
resolution

Temporal 
resolution

Imbalance 
reported

Metrics 
reported

Validation 
setup

CS

Zhang et 
al. (2022)

1 1 1 1 1 1 6/6=1.00

Tang et al. 
(2023)

0 1 1 0 1 1 4/6=0.67

Deng et al. 
(2023)

1 1 0 0 1 1 4/6=0.67

Wu et al. 
(2022)

1 1 1 0 1 1 5/6=0.83

Saraiva et 
al. (2022)

1 1 0 0 1 1 4/6=0.67

Liang et al. 
(2022)

1 1 1 0 1 1 5/6=0.83

Table 6: Evaluation matrix and CS of selected AI-based crime prediction studies.
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Overall crime prediction studies AI-based crime prediction studies
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Time frame: no lower limit  
Search date: 1 May 2026 
Study type: Journal articles and conference papers

Time frame: no lower limit  
Search date: 1 May 2026 
Study type: Journal articles and conference papers

Ke
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ds

("crime predict*" OR "crime forecast*" OR "crime 
estimat*" OR "predict* crime" OR "forecast* crime" 
OR "estimat* crime" OR "predictive policing" OR 
"predictive police*" OR "hotspot forecast*" OR 
"hotspot predict*" OR "crime hotspot*" OR "risk 
terrain modelling" OR "RTM" OR "recidivism 
forecast*" OR "recidivism predict*" OR "repeat 
offender prediction" OR "early warning system*" 
OR "early warning model*" OR "victimization 
risk" OR "victim risk modelling" OR "risk of 
victimization" OR "offender risk prediction" OR 
"criminal career forecast*") AND crime

… AND ("artificial intelligence*" OR "machine 
learning*" OR "deep learning*" OR "artificial neural 
networks*" OR "neural networks*" OR "random forest*" 
OR "XGBoost*" OR "recurrent neural network*" OR 
"convolutional neural network*" OR "long short*term 
memory" OR "LSTM*" OR "reinforcement learning*" 
OR "transformer model*" OR "support vector 
machine*" OR "gradient boosting*" OR "naive bayes*" 
OR "bayesian network*" OR "autoencoder*" OR 
"generative adversarial networks*" OR "natural language 
processing*" OR "computer vision*" OR "predictive 
analytics*" OR "recommendation system*" OR "feature 
engineering*" OR "hyperparameter optimization*" 
OR "tensorFlow*" OR "PyTorch*" OR "keras*" OR 
"scikit*learn*" OR "LightGBM*")
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Keywords and Title’ section in WoS (n=1,423) and 
Scopus (n=2,667)

Keywords were searched again in the ‘Abstract, 
Keywords and Title’ section in WoS (n=364) and Scopus 
(n=999)
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Deleted 1,269 duplicate records,
(n=2,821)

Deleted 328 duplicate records,
(n=1,035)

Appendix 1: Study selection process: identification, screening, and eligibility.
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Appendix 2A: Metadata completeness assessment of the merged bibliographic dataset: Overall crime prediction dataset (n=2,821).
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Appendix 2B: Metadata completeness assessment of the merged bibliographic dataset: AI-based crime prediction dataset (n=1,035).
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Rank Pre-AI period (1980-2016) 
- Overall crime prediction 
studies (631 publications)

Collaboration links Rank AI period (2017-2026) - 
AI-based crime prediction 
studies (962 publications)

Collaboration links

1 USA 56 1 USA 71
2 United Kingdom 52 2 China 70
3 Netherlands 21 3 India 37
4 Australia 19 4 United Kingdom 37
5 China 19 5 Malaysia 33
6 Germany 16 6 Australia 26
7 Canada 14 7 Pakistan 22
8 Spain 12 8 Saudi Arabia 22
9 Sweden 10 9 Italy 21
10 Ireland 10 10 Hong Kong 20
11 Slovenia 10 11 Spain 17
12 France 9 12 United Arab Emirates 17
13 Israel 7 13 Nigeria 15
14 Italy 7 14 Canada 14
15 Denmark 7 15 Brazil 13
16 Norway 6 16 South Africa 12
17 Portugal 6 17 Korea 12
18 Brazil 5 18 Bangladesh 10
19 Saudi Arabia 4 19 Japan 9
20 Belgium 4 20 Iraq 9
21 Hong Kong 3 21 Poland 9
22 Turkey 3 22 Slovenia 9
23 Pakistan 3 23 Germany 9
24 India 3 24 Austria 8
25 Korea 2 25 Jordan 8

Appendix 3: Country-level collaboration indicators before and after the AI transition (Top 25).


