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Abstract
Introduction  Police reports made following attendance at various events (e.g., crashes, domestic violence, theft) 
often contain rich contextual details including indicators of mental health issues or abuse types, and persons/entities 
involved and their relationships, which are not typically captured in structured administrative data, interviews or 
official statistics. However, the sheer volume of information along with strict data access protocols render manual 
analysis impractical. Computational text analysis methods offer a feasible and effective approach to automatically 
process this underutilized data source.

Aim  This article is an overview of studies using computational text analysis (e.g., text mining, natural language 
processing (NLP)), on unstructured police data, serving as a guide for researchers interested in employing similar 
methodologies.

Methods  This scoping review was conducted in accordance with the PRISMA-SCR guidelines, following the two 
screening processes (title/abstract and full text screening) and the development of a pre-defined protocol. A search 
was conducted across seven electronic databases (ProQuest, IEEE Xplore, Scopus, PubMed, Web of Science, Criminal 
Justice Abstracts, Google Scholar) covering the past 20 years.

Results  A total of 5426 records were identified. After removing duplicate entries and screening titles/abstracts and 
full-text publications, 61 studies met the inclusion criteria. Included studies were published between 2004 and 2024, 
with most from the United States, Australia and the Netherlands. Most studies used opensource tools: Bidirectional 
Encoder Representations from Transformers (BERT), natural language tool kit (NLTK), scikit-learn, or General 
Architecture for Text Engineering (GATE) to analyze unstructured police data. Our review indicates applications of 
computational text analysis on unstructured police data have moderate to high performance. Common limitations 
included variable data quality, with reliability depending on the level of detail provided by the police report’s author, 
and failure to report ethical implications or methodological limitations.

Conclusions  Computational text analysis can extract key information from unstructured police data. However, 
future research should clearly report ethics approvals and implications, and methodological limitations. Establishing 
a structured data-sharing framework between law enforcement and researchers is also crucial to facilitate access and 
support high quality, impactful research in this field.
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Introduction
Police data are widely utilized for many purposes, rang-
ing from criminal investigations and predictive policing 
to public safety planning and policy development. Data-
sets typically consist of structured administrative records 
(e.g., date, time, crime classifications, sex, postcode) and 
unstructured (i.e., textual) narratives that describe con-
textual and chronological details of various event types 
(e.g., crashes, domestic violence) (Karystianis et al., 
2021). Police forces routinely utilize structured data to 
produce national crime statistics and inform decision-
making (BOCSAR, 2025; Federal Bureau of Investiga-
tion, 2025). However, the New South Wales Bureau of 
Crime Statistics and Research (BOCSAR) acknowledges 
that such statistics may not accurately reflect the true 
incidence of crime within communities, due to reporting 
bias, changes in law enforcement and reporting policies, 
and transient visitor populations (BOCSAR, 2025). Still, 
reliance on structured data remains the most efficient 
approach for prevalence analysis, as it eliminates the 
need for additional data collection or complex data trans-
formation (Mishra & Misra, 2017). While structured data 
support the systematic reporting of crime statistics that 
drive research, policy evaluation, and evidence-based 
decision-making, unstructured narratives remain largely 
untapped, despite offering rich contextual details, due to 
sheer volume, strict access protocols, data privacy, and 
lack of technological expertise (Birks et al., 2020; Karys-
tianis et al., 2018; Sarzaeim et al., 2023).

Developing structured police data usually involves spe-
cific data processing procedures or coding that is often 
not independently verifiable due to strict access (Gold-
stein et al., 2023; Rahwan et al., 2019). Overreliance on 
this structured data could diminish context and reduce 
transparency in reporting the broader narrative, particu-
larly when legal frameworks evolve or when nuanced, 
topic-specific inquiries arise (Lukmanjaya et al., 2025). 
Reports from government institutions that rely on these 
structured data have been shown to limit the represen-
tativeness of the reported statistics. For instance, Karys-
tianis et al. (2024a) found that coercive control is often 
underreported in domestic violence events. Cases of 
underreporting and underrepresentation are not exclu-
sive to domestic violence, or to the area of justice over-
all. Octoman et al. (2023) concluded that child abuse and 
neglect was also underreported after analyzing child pro-
tection narratives in South Australia. Whereas Golder et 
al. (2025) in their scoping review on automated analysis 
on unstructured health data concluded that identifying 
adverse events and previously unknown safety signals 

would not be possible by using structured data alone. 
Solely using structured data can result in blind spots, 
where important patterns or emerging issues can be 
overlooked, contributing to the underreporting of crime 
along with a distorted evidence base that informs legal 
and policy decisions (Joh, 2018; Moses & Chan, 2016). 
These limitations underscore the emerging opportunity 
of using computational text analysis, a set of techniques 
designed to systematically and automatically extract 
information from unstructured data, offering a power-
ful means to uncover patterns, themes, and signals that 
structured data may otherwise miss (Shah et al., 2024).

Computational text analysis encompasses methods 
such as text mining, natural language processing (NLP), 
and machine learning, all of which automate the extrac-
tion of information from narrative data without requir-
ing intensive manual effort. These techniques have been 
widely applied across various fields such as law, health-
care, computer science, and business (Joorabchi et al., 
2016; Netzer et al., 2012; Ramon-Gonen et al., 2023; 
Vidler et al., 2023). Within unstructured police data, 
researchers have employed approaches including NLP 
(Parker, 2025), machine learning (e.g., Bidirectional long-
short term memory (Bi-LSTM)) (Attota et al., 2024), and 
topic modelling (Kuang et al., 2017) with varying degrees 
of success. These methods can efficiently extract infor-
mation, generate labels for supervised machine learning, 
and process large volumes of narrative reports, thereby 
reducing time and human error. More recently, advances 
in large language models (LLMs) have enabled pipe-
lines capable of detecting information from text (Liu et 
al., 2025) and predicting events such as crimes or vehi-
cle crashes (Dakalbab et al., 2022; Jaradat et al., 2025). 
Despite these developments, there has been little system-
atic evidence on how and why these methods have been 
applied to unstructured police data. Providing such an 
overview would present researchers with a clearer direc-
tion and a deeper understanding of the opportunities 
and limitations to inform appropriate use of methods on 
police data. The aim of this paper is to conduct a scop-
ing review to identify studies that have applied computa-
tional text analysis techniques in police unstructured data 
and inspect their findings, performance and limitations.

This article is structured as follows: firstly, it out-
lines the aim and objectives of the research, secondly it 
describes the methodology of the scoping review (i.e., the 
search strategy, inclusion criteria, data extraction pro-
cess, and included studies), and thirdly, it presents the 
results, grouped by the extracted information. Lastly, a 

Keywords  Automated text analysis, Text mining, Natural language processing, Machine learning, Police data, 
Unstructured data
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discussion on the findings, limitations, future implica-
tions and concluding remarks is presented.

Research aim and objectives
This scoping review aims to map and synthesize existing 
research within the past 20 years from six bibliographic 
databases and Google Scholar on the application of com-
putational text analysis techniques (NLP, machine learn-
ing, LLMs) for analyzing unstructured police data, with a 
focus on four objectives:

1.	 To identify and summarize current methodologies 
used to analyze unstructured police data.

2.	 To examine challenges and limitations associated 
with the collection, processing, and interpretation of 
unstructured police data, including issues related to 
data quality, bias, and privacy.

3.	 To assess the impact of unstructured police data 
analysis on policy decisions, law enforcement 
outcomes, and public safety practices.

4.	 To highlight knowledge gaps and recommend 
future research directions for improving the use and 
integration of unstructured data in policing.

Methods
A scoping review of existing academic literature was 
conducted according to the Preferred Reporting Items 
for Systematic Reviews and Meta-Analyses—Scoping 
Reviews (PRISMA-SCR) guidelines (Tricco et al., 2018). 
To ease the inter-annotator agreement, Covidence (Covi-
dence systematic review software, 2025) was used to 
streamline the screening, data extraction, and manage-
ment processes. No review protocol was prepared for 
this scoping review.

Eligibility criteria
Studies were included in the review if they met all the fol-
lowing criteria:

(A)	 Peer-reviewed academic publication.
(B)	 Use of computational text analysis techniques.
(C)	 Utilized unstructured police-produced data (e.g., 

narrative reports, event descriptions).
(D)	 Published within the last 20 years at the time of the 

search (1 January 2004 to 18 November 2024).
(E)	Published in English or have been translated in 

English.

Information sources
Seven databases, ProQuest, IEEE Xplore, Scopus, 
PubMed, Web of Science, Criminal Justice Abstracts, 
and Google Scholar, were searched on 18 November 
2024 for all records containing terms relating to compu-
tational text analysis and police and unstructured data 

for the Title and Abstract fields, dating back to 2004 (see 
“Search” section). An iterative process of trial and error 
along with a librarian consultation was conducted to 
refine the search query. To validate the effectiveness of 
the search strategy, relevant articles known to the authors 
prior to the search were compared with the results to 
ensure they were included. Inclusion of articles known to 
the authors ensures that the search strategy encapsulates 
relevant articles, minimizing search bias.

Search
For Google Scholar, a simplified approach was adopted 
due to limited search string capability, as follows: “police 
data text analysis”. The complete search strategy for the 
remaining six bibliographic databases is as follows:

(("artificial intelligence" OR "intelligent system" OR 
"cognitive computing" OR "artificial cognition" OR "intel-
ligent automation" OR "machine learning" OR "statistical 
learning" OR "algorithmic modeling" OR "adaptive learn-
ing" OR "supervised learning" OR "unsupervised learn-
ing" OR "unlabeled learning" OR "clustering" OR "cluster 
detection" OR "pattern discovery" OR "data driven learn-
ing" OR "automatic detection" OR "automated identifica-
tion" OR "machine based detection" OR "machine-based 
detection" OR "machine detection" OR "autonomous 
detection" OR "automatic recognition" OR "machine 
based recognition" OR "machine-based recognition" OR 
"machine recognition" OR "computer recognition" OR 
"computer-based recognition" OR "computer based rec-
ognition" OR "pattern recognition" OR "autonomous rec-
ognition" OR "recognition method" OR "labeled learning" 
OR "guided learning" OR "predictive modeling" OR "pre-
dictive modelling" OR "task-driven learning" OR "task 
driven learning" OR "text mining" OR "text analytic" OR 
"textual data mining" OR "document mining" OR "infor-
mation discovery" OR "natural language processing" OR 
"computational linguistic" OR "language technology" OR 
"text understanding" OR "textual analysis" OR "docu-
ment analysis" OR "language analysis" OR "deep learn-
ing" OR "neural network modeling" OR "neural network 
modelling" OR "deep neural network" OR "deep struc-
tured learning" OR "knowledge mining" OR "data discov-
ery" OR "knowledge extraction" OR "insights discovery" 
OR "data preprocessing" OR "algorithmic technique" 
OR "algorithmic method" OR "text analysis" OR "data 
retrieval" OR "data extraction" OR "entity extraction" OR 
"automated reading" OR "machine reading" OR "autono-
mous reading" OR "machine comprehension" OR "word 
vectorization" OR "semantic embedding" OR "language 
representations" OR "information retrieval" OR "informa-
tion extraction" OR "machine reading" OR "word embed-
ding" OR "feature extraction" OR "knowledge discovery" 
OR "data engineering" OR "knowledge engineering" OR 
"exploratory data analysis" OR "quantitative content 
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analysis" OR "automatic content analysis" OR "computa-
tional method" OR "big data" OR "analysis" OR "decision 
tree" OR "random forest" OR "support vector machine" 
OR "TF/IDF" OR "TF-IDF" OR "regular expression" OR 
"regex" OR "rule-based" OR "rule based" OR "classifi-
cation model" OR "prediction model" OR "descriptive 
statistic") AND ("police" OR "policing" OR "constabu-
lary" OR "law enforcement" OR "legal enforcement" OR 
"public security") AND ("unstructured" OR "free-text 
narrative" OR "free text narrative" OR "narrative report" 
OR "non-standardized" OR "non standardized" OR "non-
standardised" OR "non standardised" OR "non codified" 
OR "non-codified" OR "raw text" OR "unformatted text" 
OR "open narrative" OR "descriptive text" OR "descrip-
tive report" OR "case summary" OR "case summaries" 
OR "case report" OR "report narrative" OR "qualitative 
report" OR "incident description" OR "incident report" 
OR "textual report" OR "textual data" OR "field note" OR 
"evidence report" OR "forensic statement" OR "police 
report" OR "police narrative" OR "police record" OR 
"police data" OR "police document" OR "investigative 
text" OR "interrogation text" OR "police-reported" OR 
"police reported")).

Selection of sources of evidence
Literature identified through database searches was 
imported into EndNote Version 20.6 (Clarivate Analytics, 
2023) to remove duplicates and Covidence for data man-
agement. After duplicates were removed, two review-
ers (WL, GK) performed title and abstract screening, 
and full-text screening according to the inclusion crite-
ria. Inter-Annotator Agreement was calculated with a 
Cohen’s Kappa of 0.49, indicating moderate agreement 
(Landis & Koch, 1977). Disagreements were resolved 
following a discussion between the two reviewers and a 
third expert (CH) on machine learning with a majority 
vote ruling for points of disagreement.

Data charting process
The final dataset was inspected and confirmed by the 
two reviewers (WL, GK) to create a template containing 
information on:

Article type; Title; Year; First-author affiliation; Coun-
try of study; Topic of study; Methods; Open source; Tools 
used; Study aim; Language; Type of Police data; Dataset 
size; Mention of ethics; Evaluation methods used; Best 
performing tool; Performance of best performing tool; 
Method limitations.

Data items (Table 1)

Critical appraisal of individual sources of evidence
No critical appraisal was conducted for this study, con-
sistent with the objectives of scoping reviews to map the 

extent and nature of evidence rather than assessing its 
quality.

Synthesis of results
Article type was included to ensure the exclusion of 
non-peer-reviewed publications. Country of study was 
recorded and further categorized as high-income, upper 
middle-income, lower middle-income and low to middle 
income countries based on the World Bank’s classifica-
tion for statistical purposes (Metreau, Young & Eapen, 
2024). First-author affiliations were also recorded to iden-
tify relevant institutions involved in the studies.

The topic of study was categorized into three broad 
domains (crime, crash, administrative). Sources of 
police data were classified by jurisdictional level (e.g., 
local, state, national). If a study analyzed multiple data-
sets and police data was one of them, we included only 
the police dataset in this review. For instance, Barros et 
al. (2023) employed both a dataset of 1000 federal police 
documents and a large dataset of over 110,000 WikiHow 
articles. For our purposes, only the police dataset was 
reported.

The study methods used were reported to confirm 
that each study employed a computational text analysis 
technique. The best performing model was identified 
from the reported results or author’s conclusions. Perfor-
mance evaluation was gathered from the reported results 
(if applicable) or summarized as macro-average when 
deemed appropriate or when reported as such. In cases 
where studies presented varying results across different 
models or did not report clear evaluation results, per-
formance was noted as a range when variation occurred 
across models, or as a macro-average, (average of 
reported performance metrics) when variation occurred 
within the same model. Performance levels were cat-
egorized as follows: 0–0.5 (Low performance), 0.51–0.8 
(Moderate), and 0.81–1.0 (High), respective to the used 
metrics (e.g., precision, recall, F1-Score, area under the 
curve).

Due to the diversity in datasets and their size, it was 
not appropriate to summarize these data quantitatively. 
Therefore, we did not conduct any analysis for dataset 
size. Study aims were often closely tied to the nature of 
the data and the problem context, making aggregation 
impractical. Evaluation methods were briefly summa-
rized, focusing on the most reported approaches.

Some reports were part of the same dataset and were 
treated as part of one study (Neubauer et al., 2023). Addi-
tionally, conceptual approaches and algorithms such 
as decision trees, artificial neural networks, and formal 
concept analysis were not classified as tools for the pur-
poses of this analysis since they are dependent on spe-
cific research aims, model parameters, and design. As the 
aim of this scoping review was to provide an overview 
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of existing research and the current state of progress on 
computational text analysis using unstructured police 
data, these methods were excluded. They were only 
included if they were mentioned as the best performing 
model by the authors.

Results
Selection of sources of evidence
The search was done in two stages, one for the academic 
databases and the other for Google Scholar. The aca-
demic database search yielded 5126 results, of which 
1,868 (approx. 36%) were duplicates and 664 were not 
peer-reviewed and thus, excluded. As Google Scholar 
provided an estimation of more than two million results, 
we decided to extract the first 300 as recommended in 
Haddaway et al. (2015), of which 50 were duplicates. The 
final set included 2783 abstracts. The abstract screen-
ing process resulted in 111 full text studies. In cases of 
uncertainty, three authors (WL, GK, CH) collectively 
examined and discussed the publication in question. 50 
studies were excluded for the following reasons: use of 
structured data only (n = 18), no use of police data (n = 9), 
not peer-reviewed (n = 8), full text not found/not open 
access (n = 7), did not use computational text analysis 
(n = 5), and poor English/not English (n = 3). A total of 61 
full text studies were included in this review (Fig. 1).

A number of papers (n = 26) reported using the same 
data sources. These were the Karystianis et al. studies on 
New South Wales Police Force (Karystianis et al., 2018, 
2019, 2020), Poelmans et al. studies on Amsterdam-
Amstelland Police (Poelmans et al., 2009, 2010, 2011a, 
2011b, 2012), Das et al. studies on accident vehicle 
crashes (Das et al., ; Oliaee et al., 2024; Weng et al., 2023), 
Carnaz et al., (2021a, 2021b) studies on Portuguese 
criminal-related documents, and Goldstein et al. (2023) 
and Zhou et al. (2023) on the US National Violent Death 
Reporting System database.

Time period of studies
The included studies were all published within the last 
20 years from 2004 and 2024. A large proportion of stud-
ies were conducted after 2019, with fewer studies pre-
2020 (Fig. 2).

Topics
Three thematic categories were identified across the 
final dataset: crime and policing (n = 42), motor vehicle 
crashes and injuries (n = 12), and administrative applica-
tions (n = 7). All studies that did not specifically mention 
the topic of their studies were classified as administrative 
applications.

Table 1  Description of information extracted from the final dataset of studies
Variable Definition Examples
Article type Type of the article Peer-reviewed article

Title Title of the article Measuring cybercrime in calls for police service

Year Year of publication 2024

First-author affiliation Institution affiliated with the first-author University College London

Country of study The country origin of the police data South Korea, Australia

Topic of study The topic being studied Cybercrime, pedestrian crash

Methods Methods reported by the authors that are relevant to computational 
text analysis

Machine learning, text classification, naive 
bayes

Open source Open-source status of the tools utilized within the study Yes/No

Tools used Specific tools mentioned R, Python, GATE

Study aim Study aim Identification, classification

Language The language of the data English, German

Type of police data Descriptions of police data types Korean calls for Police Service, New South 
Wales Police Force

Dataset size Dataset size 15,000,000 calls, 492,393 narratives

Mention of ethics Whether authors mentioned obtaining ethics or discuss ethical 
issues

Yes/No/Unspecified

Evaluation methods used (if 
eligible)

Evaluation methods used for authors' proposed methodologies Precision, recall, f1-score, accuracy, area under 
curve

Best performing tool (if 
eligible)

Reported best performing algorithm/tool respective to authors’ 
proposed methodology and evaluation methods

BERT, novel proposed algorithms/pipelines, 
XGBoost

Performance of best perform-
ing tool (if eligible)

Reported performances of the best performing algorithm/tool re-
spective to authors’ proposed methodology and evaluation methods

Accuracy: 93.45%
Precision: 96.94%
Recall: 88.35%
F1-Score: 92.44%

Method limitations Reported limitations of authors’ methods Data quality challenges, single dataset, over-
lapping definitions
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For crime and policing, the studies were distributed 
across several subtopics: 17 examined domestic vio-
lence (2021, 2022a, 2022b, 2024a, 2024b; Hodgkinson 
et al., 2023; Hwang et al., 2020; Karystianis et al., 2018, 
2019, 2020; Poelmans, et al., 2009, 2010, 2011a, 2011b; 
Reutens et al., 2024; Wilson et al., 2022; Yu et al., 2021), 
11 focused on policing practices (Baek et al., 2021; Basilio 
et al., 2020; Birks et al., 2020; Carnaz et al., 2021a, 2021b; 
Chen et al., 2004; Geurts et al., 2021; Haensch et al., 2024; 
Qiu et al., 2023; Quijano-Sanchez et al., 2018; Xing et al., 
2024; Zhu & Xie, 2022), four examined mental health 

(Attota et al., 2024; Brown et al., 2024; Karystianis et al., 
2020, 2022a, 2022b), three addressed criminal investiga-
tions (Elyezjy et al., 2015; Helbich et al., 2013; Poelmans 
et al., 2012), two examined cybercrime (Kwon et al., 2024; 
Palad et al., 2020), two analyzed suicides (Goldstein et 
al., 2023; Zhou et al., 2023), and four focused on financial 
crime (Neumann et al., 2016), property crime (Navarrete 
et al., 2024), hate crime (Ortiz Salazar et al., 2024), and 
protests (Bekker, 2022).

For studies involving crashes and injuries, eight stud-
ies (Das et al., 2020a; Kwayu et al., 2020; Sayed et al., 

Fig. 1  PRISMA chart for scoping review of computational text analysis on unstructured police data (Page et al., 2021)
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2021; Brauner et al., 2022; Hosseini et al., 2022; Seo et 
al., 2023; Shipp et al., 2023; Bäumler et al., 2024) focused 
on vehicle-related crashes, whereas four studies (Das et 
al., 2020b, 2023; Oliaee et al., 2024; Weng et al., 2023) 
addressed pedestrian-related incidents.

Within the administrative domain (Barros et al., 2023; 
Carnaz et al., 2021a, 2021b; Giannone et al., 2011; Juez-
Hernandez et al., 2023; Li et al., 2005; Neves Oliviera et 
al., 2022; Wu & Pottenger, 2005), the primary focus was 
either on the development of tools designed to alleviate 
police workload or was unspecified. These tools did not 
exclusively cover criminal activity data, as police records 
also encompass various matters, such as missing person 
reports, lost item inquiries, and other administrative 
tasks, but remained mostly unspecified within the study 
description.

Country and affiliations
Most studies (n = 52) were conducted in high-income 
countries. A majority (60/61) of first authors were uni-
versity-affiliated with one affiliated with a police depart-
ment. Most studies came from the United States (n = 21) 
followed by Australia (n = 11) and the Netherlands (n = 6) 
(Table 2).

Datasets, methods, and evaluations used
The datasets utilized across the 61 studies were sorted 
alphabetically by country and classified according to 
police jurisdictional level: local, state, federal/national, 
and special units (Table 3).

A total of 23 studies reported 12 unique datasets of 
state police data (Karystianis et al., 2018, 2019, 2020; 
2021; 2022a; 2022b; 2024a; 2024b; Hwang et al., 2020; 
Wilson et al., 2022; Reutens et al., 2024; Baumler et al., 
2024; Hosseini et al., 2022; Zhu & Xie, 2022; Das et al., 

2020a, 2020b, 2023; Weng et al., 2023; Oliaee et al., 2024; 
Kwayu et al., 2020; Yu et al., 2021; Shipp et al., 2023; 
Sayed et al., 2021), 13 studies reported 12 unique datasets 
containing federal or national police agencies data (Baek 
et al., 2021; Barros et al., 2023; Bekker, 2022; Birks et al., 
2020; Brauner et al., 2022; Geurts et al., 2021; Goldstein 
et al., 2023; Hodgkinson et al., 2023; Juez-Hernandez et 
al., 2023; Kwon et al., 2024; Quijano-Sanchez et al., 2018; 
Seo et al., 2023; Zhou et al., 2023), 16 studies reported 
11 unique datasets contained local police departments 
data (Neves Oliviera et al., 2022; Qiu et al., 2023; Xing et 
al., 2024; Elyezjy et al., 2015; Poelmans et al., 2009, 2010, 
2011a, 2011b, 2012; Langton et al., 2021; Attota et al., 
2024; Brown et al., 2024; Wu & Pottenger, 2005; Haensch 
et al., 2024; Chen et al., 2004; Ortiz Salazar, 2024), one 
study from a judicial source (Navarrete et al., 2024), one 
study contained military police data (Basilio et al., 2020), 
one study was from the United States’ Federal Bureau of 
Investigation (Helbich et al., 2013). Six studies used five 
unique datasets but did not specify their source (Carnaz 
et al., 2021a, 2021b; Giannone et al., 2011; Li et al., 2005; 
Neumann et al., 2016; Palad et al., 2020).

Four studies (Helbich et al., 2013; Li et al., 2005; Poel-
mans et al., 2012; Sayed et al., 2021) did not specify the 
tool(s) and performance metrics employed in their analy-
ses. Most studies that reported their primary program-
ming languages utilized Python (n = 9) and R (n = 4). 
Bidirectional Encoder Representations from Transform-
ers (BERT) was the most cited pre-trained language 
model (n = 7), while a number of studies (n = 6) also 
incorporated libraries such as scikit-learn and natu-
ral language tool kit (NLTK). General Architecture for 
Textual Engineering (GATE) was used in 12 studies: 11 
by Karystianis et al. and another by Elyezjy et al. (2015). 
Only three studies used LLMs (Goldstein et al., 2023; 

Fig. 2  Number of peer-reviewed, published studies (n = 61) from 2004 to 2024 using computational text analysis methods on unstructured police data
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Continent Country of police 
data

Economic 
classification

First-author affiliation Number 
of papers

Studies

North 
America

United States 
(n = 21)

High-income country Texas A&M University 5 Das et al., (2020a, 2020b); Shipp et al. 
(2023); Weng et al. (2023); Oliaee et 
al. (2024)

Kennesaw State University 2 Attota et al. (2024); Brown et al. (2024)

Lehigh University 2 Li et al. (2005); Wu & Pottenger (2005)

Georgia Institute of Technology 1 Zhu and Xie (2022)

Rowan University 1 Hosseini et al. (2022)

Seattle Police Department* 1 Ortiz Salazar et al. (2024)

Texas State University 1 Das et al. (2023)

Tufts University 1 Haensch et al. (2024)

University of Arizona 1 Chen et al. (2004)

University of Heidelberg** 1 Helbich et al. (2013)

University of Pennsylvania 1 Yu et al. (2021)

University of Utah 1 Goldstein et al. (2023)

University of Washington 1 Zhou et al. (2023)

University of Wisconsin-Milwaukee 1 Sayed et al. (2021)

Western Michigan University 1 Kwayu et al. (2020)

Oceania Australia (n = 11) High-income country University of New South Wales 10 Karystianis et al., (2021, 2022a, 2022b, 
2024a, 2024b, 2018, 2019, 2020), 
Hwang et al. (2020), Reutens et al. 
(2024)

Curtin University 1 Wilson et al. (2022)

Europe The Netherlands 
(n = 6)

High-income country KU Leuven** 5 Poelmans et al., (2009, 2010, 2011a, 
2011b, 2012)

Radboud University 1 Geurts et al. (2021)

Spain (n = 3) High-income country Autonomous University of Madrid 1 Juez-Hernandez et al. (2023)

Carlos III University of Madrid 1 Quijano-Sánchez et al. (2018)

University of Malaga 1 Navarrete et al. (2024)

United Kingdom 
(n = 3)

High-income country Manchester Metropolitan University 1 Langton et al. (2021)

University of Leeds 1 Birks et al. (2020)

University of Leicester 1 Hodgkinson et al. (2023)

Germany (n = 2) High-income country Dresden University of Technology 1 Bäumler et al. (2024)

Leibniz University Hannover 1 Brauner et al. (2022)

Portugal (n = 2) High-income country University of Evora 2 Carnaz et al., (2021a, 2021b)

Italy (n = 1) High-income country University of Roma 1 Giannone et al. (2011)

Unspecified 
countries in the 
European Union 
(n = 1)

High-income country/
Low to middle income 
country

University of Koblenz** 1 Neumann et al. (2016)

Asia South Korea (n = 3) High-income country Advanced Institute of Convergence 
Technology

1 Seo et al. (2023)

Electronics and Telecommunications 
Research Institute

1 Baek et al. (2021)

University College London** 1 Kwon et al. (2024)

China (n = 2) Upper middle-income 
country

Nanjing Forest Police College 1 Qiu et al. (2023)

People’s Public Security University 
of China

1 Xing et al. (2024)

Philippines (n = 1) Lower middle-income 
country

Mindanao State University 1 Palad et al. (2020)

Palestine (n = 1) Lower middle-income 
country

The Islamic University of Gaza 1 Elyezjy et al. (2015)

South 
America

Brazil (n = 3) Upper middle-income 
country

Federal University of Campina 
Grande

1 Barros et al. (2023)

Table 2  Included studies (n = 61) on computational text analysis on unstructured police data sorted by geographic location, 
economic classification, and first-author affiliation
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Xing et al., 2024; Zhou et al., 2023). Most studies used 
datasets in English (n = 37) followed by Dutch (n = 6) 
(Online Resource 1).

Computational text analysis methods have been shown 
to yield promising results (> 0.8 respective to their met-
rics) particularly when it comes to information extraction 
(Karystianis et al., 2018, 2019, 2024a; Xing et al., 2024; 
Giannone et al., 2011; Seo et al., 2023; Juez-Hernandez et 
al., 2023; Wu & Pottenger, 2005; Kwayu et al., 2020; Chen 
et al., 2004), identification (Attota et al., 2024; Brown et 
al., 2024; Elyezjy et al., 2015; Hwang et al., 2020; Karys-
tianis et al., 2020, 2022a, 2024b; Qiu et al., 2023; Reutens 
et al., 2024; Wilson et al., 2022), classification (Attota et 
al., 2024; Brown et al., 2024; Das et al., 2023; Goldstein et 
al., 2023; Kwon et al., 2024; Poelmans et al., 2009, 2010, 
2011a, 2011b), and prediction (Baek et al., 2021; Karys-
tianis et al., 2021; Zhou et al., 2023). These methods are 
also performing well in data concordance (Karytianis et 
al., 2022b), anonymization and automatic mapping (Juez-
Hernandez et al., 2023), estimating proportions (Langton 
et al., 2021), analysis and detection (Chen et al., 2004; 
Hodgkinson et al., 2023), and surveillance (Shipp et al., 
2023).

Precision, recall, and F1-score (Ananiadou et al., 2006) 
were the most common evaluation metrics (n = 23). Most 
studies demonstrated moderate to high performance 
(n = 47; > 0.5) across their metrics indicating general 
effectiveness. Only two studies (Goldstein et al., 2023; 
Zhou et al., 2023) had performance ranging from low to 
high (~ 0.25–0.90) depending on the task, highlighting 
the variability in model effectiveness across different use 
cases. Table 3 shows all the studies included in this scop-
ing review categorized by dataset source and size.

Limitations and implications
A common limitation reported across many studies 
(n = 19) was the insufficiency or inconsistency of the 
training data. Some studies (n = 10) did acknowledge 
concerns regarding the generalizability of their findings, 
noting that the performance of their models may not 
translate effectively to unseen or future datasets. Addi-
tionally, a small number of studies (n = 4) highlighted 
potential bias stemming from the variability in the qual-
ity of police reports as each jurisdiction has its own 

reporting standards combined with the individual offi-
cer’s reporting practice.

Despite these limitations, most of the studies (n = 41) 
hinted at their proposed methods’ practical value in sup-
porting police investigations and surveillance efforts. The 
findings indicate that, while there are challenges related 
to data quality and generalizability, the integration of 
such tools into law enforcement data workflows may 
enhance investigative efficiency and support evidence-
based decision making.

Ethics
None of the reviewed studies discussed any poten-
tial ethical implications of their work. Most studies 
(n = 43; 70.5%) did not specify whether their research 
had received ethics approval. Only 15 studies (24.6%) 
reported ethics approval, and four (6.6%) stated the lack 
of ethics approval. One study (Goldstein et al., 2023) pro-
vided a rationale for the absence of their ethical approval, 
noting deidentified data on deceased individuals are not 
classified as human research.

Discussion
This scoping review examined published articles on 
the application of computational text analysis meth-
ods applied to unstructured police data. While the inte-
gration of machine learning and NLP tools is gaining 
traction with promising results, there is still room for 
further development in this area. The findings showed 
an increase in related publications from 2020, highlight-
ing a growing interest in the automated processing of 
unstructured police data for several purposes ranging 
from extraction to prediction. This may reflect height-
ened awareness of the rich information contained in 
unstructured police data, policy changes, easier access to 
this type of data source or the appeal of applying emerg-
ing technologies such as multimodal LLMs (e.g., Chat-
GPT, Claude) that require much less technical expertise 
for their implementation. The surge in research outputs 
post-2019 could also signify a shift in academic and pro-
fessional priorities, as more scholars and institutions 
engage with research in both the area of computational 
text analysis and law enforcement.

Continent Country of police 
data

Economic 
classification

First-author affiliation Number 
of papers

Studies

Federal University of Ceara 1 Neves-Oliviera et al. (2022)

Fluminense Federal University 1 Basilio et al. (2020)

Africa South Africa (n = 1) Upper middle-income 
country

University of Johannesburg 1 Bekker (2022)

*Non-university affiliation

**First-author affiliations geographically different than country of police data. University of Heidelberg—Germany; KU Leuven—Belgium; University of Koblenz—
Germany; University College London—United Kingdom

Table 2  (continued) 
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Patterns across study themes, methods, and datasets
The included studies showed a focus on certain crime 
categories, particularly domestic violence (n = 17). How-
ever, this thematic imbalance was driven in part by a 
small number of prolific research groups, such as those 
led by Poelmans et al., (2009, 2010, 2011a, 2011b, 2012) 
and Karystianis et al., (2018, 2019, 2020, 2021, 2022a, 
2022b, 2024a, 2024b; Hwang et al., 2020; Wilson et al., 
2022; Reutens et al., 2024). While their contributions 
demonstrated the effectiveness of text mining in extract-
ing insights from unstructured police narratives, they 
also revealed a concentration on a narrow set of topics 
both focusing almost exclusively on domestic violence. 
Conversely, there is a paucity of research on other crime 
types, including white-collar crime, drug offences, prop-
erty offences, or other criminal activities. In addition, 
there have not been any computational text analysis 
efforts within the data of specialized agencies like border 
control or anti-corruption units to tackle immigration 
or corruption tasks. This imbalance points out the need 
for a broader application across different crime types and 
law enforcement agencies.

The demonstrated adaptability of computational text 
analysis suggests that automated approaches could be 
applied to a wider array of criminal activities or incidents 
with potentially promising performance. Still, reported 
strong performance may partly reflect publication bias, 
since studies with weaker or unsatisfactory results are 
less likely to appear in the literature. For example, Karys-
tianis et al. (2019) identified abuse types from police nar-
ratives related to domestic violence but further expanded 
their methods to extract coercive control behaviors in 
slightly different datasets still stemming from the same 
law enforcement jurisdiction (i.e., New South Wales 
Police Force) with promising success (Karystianis et al., 
2024a). Similarly, Das et al. (2020a) classified different 
crash types from police crash reports in Dallas and Aus-
tin, USA, using Extreme Gradient Boosted (XGBoost) 
models, but further expanded it to Louisiana police 
crash reports to classify the number of vehicles involved 
in a crash. Therefore, expanding the thematic scope of 
research would not only aid the generalizability of find-
ings but ensure that technological benefits would be dis-
tributed more equitably across criminal justice systems.

Most studies were conducted within (or at least 
obtained data from) a small number of countries, partic-
ularly the United States, Australia, and the Netherlands. 
However, it is important to contextualize these find-
ings. For instance, all 11 Australian studies (2021, 2022a, 
2022b, 2024a, 2024b; Hwang et al., 2020; Karystianis et 
al., 2018, 2019, 2020; Reutens et al., 2024; Wilson et al., 
2022) used two police datasets from one state (i.e., New 
South Wales). Similarly, the six Dutch studies (Geurts 
et al., 2021; Poelmans et al., 2009, 2010, 2011a, 2011b, 

2012) originate from two data sources: The Amsterdam-
Amstelland Police reports and Dutch National Police 
victim records. By contrast, the United States appear to 
have a broader adoption of access to police unstructured 
data with studies reporting the use of data from all lev-
els of law enforcement including local, state and federal 
agencies, as well as specialized units such as the Federal 
Bureau of Investigation (Helbich et al., 2013). Interest-
ingly, no published studies in the Nordic countries were 
found out in this review despite research suggesting lead-
ing outputs in epidemiological criminology (or justice 
health) research (Karystianis et al., 2022a, 2022b).

The remaining number of countries (e.g., South Africa, 
Philippines, Italy) and the lack of representation of 
other countries in the literature points to systemic bar-
riers in police data use and sharing (Jones et al., 2024). 
Law enforcement agencies in many jurisdictions remain 
hesitant to open up their narrative data to research-
ers, even in anonymized form, due to privacy concerns, 
security risks, or institutional conservatism (Allen et al., 
2023) employing strict access data protocols that do not 
allow for the flexibility of implementing complex com-
putational text analysis pipelines. Consequently, much 
of the existing research relies on isolated collaborations 
between individual researchers and police departments, 
which, while valuable, are difficult to replicate, sus-
tain or scale (Brown, 2018). This fragmented landscape 
underscores the need for both national and international 
frameworks and partnerships that facilitate responsible 
data sharing and encourage research in underrepresented 
regions.

Dataset sizes ranged from small (e.g., 36 narratives) to 
large scale (e.g., more than 15 million records). However, 
studies were not categorized according to size, as the vol-
ume and richness of the text within each record varied 
substantially. A smaller dataset with detailed narratives 
may offer as much analytical value as a much larger data-
set with brief or sparse textual information. For example, 
Kwon et al. (2024) excluded approximately 1.8 million out 
of 15 million call log entries that contained fewer than 
nine Korean characters which rendered them insufficient 
for meaningful analysis, whereas Chen et al. (2004) who 
used a small sample of 36 narratives from the Phoenix 
Police Department to create a crime data mining frame-
work to extract information showcased that using smaller 
and more detailed samples were sufficient in developing 
a working pipeline. These differences highlight the need 
to consider both quantity and quality of the police text 
when designing pipelines and applications of compu-
tational text analysis of unstructured police data, since 
limited text can limit the amount of training data while 
low-quality text can reduce generalizability and lead to 
noisy results (Sajith & Kathala, 2024). Studies in this field 
should report document information such as text length, 
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number of unique words, and stop word dictionary used 
for preprocessing for transparency and quality assurance 
(Hickman et al., 2022; Kwon et al., 2024).

However, while dataset quality and quantity are impor-
tant considerations, future research should consider 
the context surrounding that data. As reviewed studies 
reported that data were imbalanced, non-generalizable, 
and possibly biased (Das et al., 2023; Goldstein et al., 
2023; Karystianis et al., 2021), collecting information on 
how the data is developed would make their evidence 
more robust since it might include confounding variables 
that are potentially useful for future works. This high-
lights the importance of clearly reporting the data source, 
giving other researchers the opportunity to verify and 
reproduce the reported findings. We recommend future 
research to consult with police data experts within polic-
ing agencies to ensure accuracy in context reporting.

Computational tools
A trend observed across the included studies was the 
frequent use of widely available open-source tools, par-
ticularly Python. The most employed libraries and frame-
works include BERT, NLTK, and scikit-learn (Barros et 
al., 2023; Goldstein et al., 2023; Zhu & Xie, 2022). These 
tools offer a robust foundation for various NLP tasks 
enabling researchers to perform tasks such as text classi-
fication, entity recognition, and topic modelling with ease 
(Koroteev, 2021; Varoquaux, 2015). Their application 
was noted to be incremental on unstructured police data 
which could indicate that accessing law enforcement nar-
ratives and implementing technical tools are not major 
barriers for research as they were a few years ago; rather, 
researchers appear to leverage accessible technologies 
to perform sophisticated analyses involving informa-
tion extraction and unlock new insights in areas such as 
domestic violence and road safety.

Despite computational text analysis methods being 
applied in a diverse range of tasks (e.g., information 
extraction, identification, classification, prediction), 
they are heavily dependent on specific aims, algorithms, 
and dataset (Marciniak, 2016). Thus, it is challenging to 
determine which model is the most optimal for any given 
application. For instance, Kwayu et al. (2020) used sup-
port vector machines (SVM) for information extraction 
on crash reports and Xing et al. (2024) used fine-tuned 
LLM for information extraction on emergency responses, 
while Seo et al. (2023) achieved higher accuracy for infor-
mation extraction on crash reports using BERT. However, 
it is not appropriate to claim that one model outper-
forms the other, as contextual variations including coun-
try, jurisdiction, dataset, language, task, and modeling 
approach make it difficult to assess the direct comparison 
of the suitability of their methods. Such processes would 
be better examined in future studies once more research 

in this area has been conducted within the same context 
and constraints.

Despite the widespread use of these open-source tools, 
a noticeable gap exists in the adoption of more recent 
innovations, particularly LLMs. Only three studies 
(Goldstein et al., 2023; Xing et al., 2024; Zhou et al., 2023) 
incorporated LLMs in their methodologies, with this lim-
ited uptake likely reflecting a combination of technical 
and ethical concerns (e.g., retaining confidentiality and 
privacy of individuals noted in these narratives), insuffi-
cient data availability, and restrained research timeframe. 
LLMs such as ChatGPT (OpenAI et al., 2023) or LLaMa 
(Grattafiori et al., 2024) offer state-of-the-art perfor-
mance across a range of NLP tasks, often requiring less 
domain-specific fine-tuning than previous models (e.g., 
BERT, NLTK) (Zhou et al., 2023). On the other hand, 
their deployment in sensitive domains like law enforce-
ment raises significant concerns related to data security, 
model opacity, and potential for privacy breaches. The 
“black-box” nature of many LLM based applications, 
whereby internal decision-making processes are largely 
inscrutable, can be problematic when transparency and 
accountability are paramount (Rudin, 2019). Explain-
able artificial intelligence (XAI) might help mitigate this 
problem through interpretable models that could explain 
how models arrive at their predictions, but robust evalu-
ation metrics are still necessary to improve XAI (Ali et 
al., 2023) as well as input from human expertise (e.g., 
human-in-the-loop) (Butcher et al., 2024). Neverthe-
less, understanding how these “advanced” models can 
reach specific conclusions is a necessary step in the law 
enforcement area to maintain boundaries between com-
putational inference and human judgment, ensuring that 
humans make the final decision through justifiable means 
(Lukmanjaya et al., 2025).

Study limitations
This review highlights several methodological and 
reporting challenges from published research in this area. 
Several studies (n = 18) did not report any description of 
the tools used. While reporting concepts and approaches 
might be sufficient for replication in other fields, techni-
cal differences are particularly important in computa-
tional text analysis. Programming language differences 
(i.e., architectural differences between Python and R) 
might produce slightly different results due to varying 
algorithmic designs (Hill et al., 2024) or model stochas-
ticity. Not reporting the programming languages or soft-
ware used, or failing to provide the notebooks or scripts 
produced, potentially render results to be neither compa-
rable nor replicable.

Furthermore, nine studies (including three with unsu-
pervised methods) did not report evaluation metrics 
which decreases the reporting quality and relevance to 
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future works as their results are not measurable. While 
unsupervised tasks such as topic modelling, formal con-
cept analysis, and network analysis might be justifiable 
to exclude a quantifiable evaluation method (Basilio 
et al., 2020; Helbich et al., 2013; Poelmans et al., 2012), 
providing an evaluation method would make the results 
comparable with future research. A key challenge in this 
research area is that confidentiality concerns might limit 
the method and evaluation reporting. However, while 
such confidentiality concerns may prevent full disclo-
sure of certain data elements, omitting key methodologi-
cal details (e.g., tools, evaluation metrics) diminishes 
reproducibility and impedes cumulative progress in this 
research area (Øby, 2025; Semmelrock et al., 2025).

Finally, ethical approvals and implications were not 
reported in most studies included in this review. This 
absence could have negative implications if research in 
this area is directly translated to social outcomes or if 
the models developed are used in any type of produc-
tion environment. However, that does not necessarily 
imply that research in this field did not seek to obtain the 
appropriate ethics approvals through approved channels; 
it may simply reflect an omission in reporting. Never-
theless, having ethic approvals and implications for such 
data ensures that sensitive research is less biased and 
impartial.

Limitations
This scoping review comes with a few limitations. Firstly, 
our study included only peer-reviewed articles, excluding 
grey literature such as PhD theses, government reports, 
internal police reports, and conference proceedings. 
This exclusion may have led to the omission of valuable 
insights or emerging evidence not published in academic 
journals, which could explain why Nordic countries were 
not represented in our final dataset. Secondly, while the 
initial search on the ProQuest database yielded 1305 
records, only 1036 records were extractable and suit-
able for screening, potentially affecting the coverage 
of this review. Thirdly, the literature was sourced from 
only seven academic databases. Although these data-
bases were selected for their relevance and coverage, it is 
possible that additional studies in other databases were 
missed. Fourthly, 1/3 of the included studies came from 
three author-groups (Karystianis et al., Poelmans et al., 
and Das et al.) which might skew this scoping review’s 
methodology and conclusions, and despite a research 
intake in this area from 2020, there is still a lack of apply-
ing computational text analysis on police unstructured 
data. The classification of the studies’ topics across three 
categories might also have an effect on the result report-
ing. Potentially, breaking them down into different cat-
egories might shows different insights.

In addition, the classification of performance into low 
(0–0.5), moderate (0.51–0.8), and high (0.81–1.0) cat-
egories was defined by the authors, which may introduce 
subjectivity and limit generalizability. The search query 
focused on “police” data and not “crime” records. While 
the exclusion of the term “crime” may result in the omis-
sion of some relevant studies, its inclusion was tested 
which led to the retrieval of a large volume of records 
beyond the scope of this review which often reported 
gathering “crime data” from various sources (e.g., news 
sites, social media, etc.) that are not directly from police. 
The inter-rater reliability also shows a Cohen’s Kappa 
of 0.49 with moderate agreement, indicating that the 
screeners (WL, GK) might be inconsistent in selecting 
the criteria, but were mitigated with discussion with a 
third author (CH). Finally, LLM terminologies were not 
included in the search strategy due to variability and 
their potential inclusion of studies with “generative” aims 
which were also out of scope for this review (e.g., LLMs 
in predictive policing based on non-police data).

Future implications
Despite the studies’ limitations, the overall performance 
of the models used across jurisdictions was reported to 
be moderate to high, indicating the viability and effec-
tiveness of computational text analysis in policing appli-
cations. The predominance of open-source tools suggests 
that technological barriers to entry are relatively low, 
allowing for a broader base of researchers, especially 
those in resource-constrained settings, to participate in 
this emerging field. Future research on computational 
text analysis of police unstructured data should also 
explore other topics other than domestic violence and 
crashes, and work towards building the required infra-
structure to access data from untapped law enforcement 
agencies such as anti-corruption and border-control 
units.

Applying computational text analysis on police data 
highlights the promising potential of this research area 
and the importance of establishing data-sharing agree-
ments between policing jurisdictions and academic insti-
tutions. While providing access to sensitive data carries 
privacy and security risks, future works could benefit in 
the long-term if implemented appropriately (Lukmanjaya 
et al., 2025). Such initiatives could mitigate the under-
reporting problems and reveal unknown patterns, ulti-
mately enhancing resource efficiency and informing 
evidence-based decision-making.

One promising area for future exploration is the use 
of LLMs as an alternative to traditional rule-based and 
supervised machine learning models, which often require 
significant domain expertise and manual effort to build 
and maintain. LLMs offer potentially higher performance 
and lower learning curves using prompt engineering and 
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transfer learning, thus making them more accessible to 
cross-disciplinary research teams and law enforcement 
personnel (Brown et al., 2020). However, realizing this 
potential will require rigorous evaluation, stakeholder 
consultation, and the development of best practice tai-
lored to sensitive criminal justice contexts (Council on 
Criminal Justice, 2024; Lukmanjaya et al., 2025). Mov-
ing forward, researchers should strive to strike a balance 
between privacy protection and transparency by clearly 
documenting their analytical workflows, anonymiza-
tion techniques, performance benchmarks and ethical 
considerations.

To responsibly harness the capabilities of LLMs in law 
enforcement contexts, future research must establish and 
adhere to clear protocols for data protection, explain-
ability and bias mitigation (Jobin et al., 2019; Raji et al., 
2020). This includes developing strategies to evaluate 
model outputs rigorously and ensure they align with legal 
and ethical standards and domain expertise. Research-
ers should also explore the use of hybrid models that 
combine the interpretability of rule-based systems with 
the flexibility of machine learning. Establishing safe-
guards could facilitate the ethical use of LLMs, enabling 
researchers and law enforcement agencies to benefit 
from cutting edge NLP technology while minimizing 
associated risks (Zhang et al., 2023). Reporting transpar-
ency of data and model evaluation is also key to develop-
ing robust systems from police unstructured data.

Conclusion
This scoping review examined 61 studies that described 
the application of computational text analysis on unstruc-
tured police records. A total of 44 unique police datasets 
were identified across the included studies, ranging from 
very small (e.g., 36 narratives) to large scale (e.g., 15 mil-
lion records). Our findings demonstrate that research 
interest in this area has increased from 2020 onwards, 
with most topics revolving around crime, motor vehicle 
crashes, and aiding police in administrative tasks. Most 
studies used programming languages such as Python and 
R with BERT-based models for text analysis generating 
moderate to high performances in a variety of tasks that 
include information extraction and text classification. 
Ethical implications were omitted by most studies, lack-
ing any reference to ethics approval. This scoping review 
highlights the need to develop data-sharing frame-
works between police agencies and researchers to sup-
port transparency, reproducibility, and ethical research 
practices.
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