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Abstract 

This systematic review examined the linkage between police crash data and hospital data in 
both developed and developing nations context. Using inclusion and exclusion criteria, relevant 
studies were selected from PubMed, Web of Science, Google Scholar and Scopus (N=58) using 
the backwards and forwards snowballing technique to identify additional relevant papers from 
1994 to 2023. The research examined data from different sources; road traffic injury and fatality 
risk variables, and employed statistical methods. Studies varied in chronological and 
geographical coverage, data type, aims, incident numbers, linking methodology and software 
tools, link rates, and most notable discoveries. Police crash records underreported pedestrian, 
pedal-cyclists, and socially-disadvantaged groups’ injuries and overestimated clinically serious 
injuries, according to the review. The research demonstrated that the probabilistic record 
linkage is more popular, however, more uniform categorisation criteria such as the ICD 
(International Classification of Diseases) might improve injury data linking.  
Keywords: Data linkage; underreporting; injuries; traffic crash; systematic review. 
 

1. Background and context of data linkage 
Data linking is merging data from diverse sources to better understand phenomena, and is 
commonly used in epidemiological studies to obtain an overall appreciation of factors 
impacting on populations (Bohensky et al., 2010). Data linking uses crashes, hospital 
admissions, and other sources to discover trends and patterns that might guide policies and 
measures to avoid future crashes (Amorim et al., 2014; Kamaluddin et al., 2019). Crash data 
includes vehicle, road user, and crash details. Hospital data, however, focuses on crash-related 
injuries and health care usage (Harrison et al., 2018). Crash-hospital data links would assist 
practice and research, being able to reveal road traffic crash and injury trends and high-risk 
categories and locales, which can influence road safety regulations and actions like mobile 
safety enforcement cameras (Paixão et al., 2015; Thorpe & Fawcett, 2012). Research on road 
safety efforts or risk factors and injury severity may employ linked data (Lujic et al., 2008). 
Evidence suggests data linkage has improved injury identification and targeting in five 
Brazilian state capitals by 87% (Abulatif et al., 2018), hospital-police data links increase data 
completeness and quality (Mandacaru et al., 2017), and can also assist in explaining crash 
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causes such vehicle speed, driver behaviour, road conditions, and alcohol or drug use (Hossain 
et al., 2023). 
Understanding road safety and its effects on public health requires linking police crash data 
with hospital crash admissions data. We risk underestimating road traffic crashes without this 
link. The absence of a linkage between these datasets makes it harder to assess injury trends, 
identify high-risk areas, and devise effective solutions. Thus, traffic management, infrastructure 
improvements, and healthcare resource allocation may be made without sufficient 
evidence/knowledge. The linkage of these datasets is not only about better data; it's about 
generating evidence-based policies to improve road crash safety and reduce the human and 
economic toll of road crashes. 
Severity misclassification and database anomalies make data linkage challenging, especially 
with traffic data (Imprialou & Quddus, 2019). Data linking may reduce these misclassifications 
and improve road safety, reducing hospital admissions, medical expenses, and missed 
productivity. Linked data can influence policies and initiatives to reduce crash-related injuries, 
evaluate road safety programmes, and identify high-risk groups and areas for targeted 
interventions (Bowman & Stevens, 2004; Urie et al., 2016). Underreporting crashes and injuries 
as is common when using crash data alone can cause biases that can be addressed when utilising 
linked data (Watson et al., 2015). 
This study seeks to undertake a thorough comparison of studies that have used the linkage of 
police crash data with hospital registry data. The research aims to shed light on a number of 
aspects, including study background, methodology, and data sources. This aims to identify 
trends in motor vehicle crash injuries and evaluate the impact of demographic, regional, and 
temporal variables on the linkage between police crash data and hospital data. The research 
questions are below: 
 

• How is the identification and categorisation of injury patterns among people involved 
in motor vehicle crashes facilitated by the linkage between police-reported crash data 
and hospital registry data? 

• When using hospital registry data and police crash data, how do past studies differ from 
one another when taking into account factors like data sources, methodology, software 
tools, research settings, and temporal coverage? 

• What are the main variables that either increase or decrease the likelihood of a 
successful linkage between hospital registry data and police crash data?  

 
2. Methodology  
We conducted a systematic literature review on the topic of data linkage (between road crash 
data and hospital admission data) using the snowballing method as a search strategy. We started 
by selecting a "start set" of a few articles related to data linkage as our initial pool of papers. 
The selection of these papers was based on the research team’s personal knowledge and 
information. We then conducted backward snowballing to identify additional relevant papers. 
We examined the reference lists of the papers in the start set and excluded papers that did not 
meet our basic inclusion criteria. We also removed papers that had already been examined based 
on being found earlier in the search. The remaining papers were considered as potential 
candidates for inclusion in our review and were further evaluated through abstract and full-text 
review. 
Using this method, we identified a total of 58 papers on the topic of data linkage. These papers 
were included in our systematic review and were analysed according to our predefined inclusion 
and exclusion criteria. In particular, we followed the guidelines suggested by Greenhalgh and 
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Peacock (2005) and Vassar et al. (2016) in order to ensure that our search methodology was 
rigorous and systematic. The criteria of paper inclusion were: 
1. Only those papers were considered that align with the scope of the research; in fact, only 

those studies with clear explanation of data linkage process were selected.  
2. The conference papers, non-peer reviewed papers, books, book chapters, governmental or 

consultancy reports, research report, working papers, theses and dissertations and grey 
literature were all excluded.  

3. Only papers written in English published from 1994 (the year that the first journal article 
with full details of linkage process was published) to 2023 were included.  

 
3. Comparative review of the selected studies  

 
Study period and characteristics 
Selected papers include works from 1994 (the earliest study in the selected papers set, Rosman 
and Knuiman, 1994) to 2023 with diverse study themes and situations. The oldest study, 
Rosman and Knuiman (1994), included 18,544 participants, whereas Schneider et al. (2023) 
had 375. The earliest research conducted in Western Australia revealed a high degree of 
concordance between the two sources regarding crash type and road user classification; 
however, police-reported injury severity levels were found to be less reliable. Using linked 
police and emergency department data, the most recent data from Milwaukee, United States, 
was successful in improving the estimation of cyclist injury. 
 
Variability in study duration and overlapping periods  
It is possible to see that the time periods of the studies range from as early as 1991 to as recent 
as 2019-2023. Study duration varied, with some being one or two years, while others last longer. 
The 2000-2004 Wilson et al. (2012) and 2000-2009 Weijermars et al. (2016) investigations 
overlap. Couto et al. (2016) did not provide a time period. Reurings et al. (2011) with a time 
period of 15 years, from 1993 to 2008; Weijermars et al. (2016) with a time period of 10 years, 
from 2000 to 2009; and Lujic et al. (2008) with a time period of 8 years, from 1999 to 2006 are 
the longest-term studies. These studies reveal long-term traffic safety trends. 
 
Global reach and data sources 
The set of selected papers shows worldwide interest in road safety research and its effects on 
policy and practice. Studies ranged in location across 25 nations, mostly in high-income 
countries (n= 41 papers) such as the US, Australia, Canada, and France, some middle-income 
countries (n=9 papers) such as Brazil, China, Malaysia, and low-income countries (n=3 papers), 
such as Ghana, India, and Pakistan. Data linking programs can grow to encompass bigger 
regions within a country or whole nations, providing academics and policymakers with more 
extensive and diversified information. Australia and the US have national data linking systems 
that standardise data analysis across populations. The distribution of studies across income 
categories reflects each country's research resources, but income classification varies by source 
and year, and some studies were conducted in regions with different income levels. This 
significant gap between high-income countries and the rest of the world, highlights the potential 
for health inequities across study designs due to variations in income classification and 
geographical location. This can result in disparities in health outcomes between different 
income groups or regions, as well as biases in the study findings. 
 
Importance of standardised coding 
The WHO designed the ICD to standardise diagnostic coding, universal health data reporting, 
and cross-country health outcome comparison (Harrison et al., 2021). It enhances healthcare 
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billing, resource allocation, and cost-cutting (De Coster et al., 2016; Hong and Zeng, 2023). 
ICD codes standardise data and allow trustworthy and genuine study findings. They also 
discover new health trends and patterns that traditional data collection and analysis may have 
overlooked, 55% of research employed the ICD standard, 45% did not. 
 
Sample sizes and data sources 
Curry et al. (2019), Couto et al. (2016), and Brubacher et al. (2019) had the most cases included 
with the size of 10,352,998; 40,000 and 15,022 respectively. Salifu & Ackaah (2012), Lopez et 
al. (2000), and Cryer et al. (2001) have the lowest participant counts. Finally, Boufous and 
Williamson (2006) with 13,124 participants, Lujic et al. (2008) with 17,552 participants, and 
Mandacaru et al. (2017) with 4,500 participants have the median of the included records in the 
selected papers.  
A range of hospital records, discharge data, emergency department data, patient care reports, 
trauma registries, and death data are utilised as the medical data most often. Previous research 
included workers compensation, insurance, birth, death, and injury monitoring data (Boufous 
and Williamson, 2006; Santiago et al., 2020). EMS and trauma registry data have supplemented 
hospital admission data in many studies (Amoros et al., 2007; Cirera et al., 2001; Lopez et al., 
2000; Sciortino et al., 2005; Stutts and Hunter, 1999). The studies share a desire to create 
comprehensive and accurate healthcare data systems to aid injury prevention. 
 
Metrics and measures of road traffic crashes 
Previous road traffic crash studies utilised a variety of criteria based on their objectives. 
Mortality rates, injury severity indicators, hospital admissions and expenses, crash rates and 
characteristics, and crash data completeness and correctness are employed (Cirera et al., 2001; 
Dandona et al., 2008). Using crash conditions and risk variables, several studies have focused 
on crash types or demographics (Alzaffin et al., 2023; Amoros et al., 2007; Ferreira et al., 2015). 
Due to the variety of road traffic crashes and study topics, selecting the most common measures 
is challenging. These studies demonstrate road traffic crash complexity with their many 
measures. 
 
Diverse data linkage approaches 
Data linking approaches include probabilistic, deterministic, manual, capture-recapture, and 
customised. Probabilistic methods are most commonly used, with Moore (1998), Alsop and 
Langley (2001), Langley et al. (2003), Benavente et al. (2006), Boufous and Williamson (2006), 
Gonzalez et al. (2006), Wilson et al. (2012), Mitchell et al. (2015), Paixao et al. (2015), Short 
and Caulfield (2016), Edwards & Gutierrez (2023), Mandacaru et al. (2017), Brubacher (2019), 
and Soltani et al. (2022) using this method. Watson et al. (2015), Amorim et al. (2014), and 
Jeffrey (2009) employed both deterministic and probabilistic approaches. Stutts and Hunter 
(1999), Cryer et al. (2001), Tin (2013), Kamaluddin (2019), and Tainter (2020) employed 
deterministic approaches. Amoros et al. (2007) utilised semi-automated record-linkage, while 
Hosseinzadeh et al. (2022) used the heuristic framework. Some research utilised a customised 
technique (Lai et al., 2006), a rule-based linkage (Tainter, 2020), a capture-recapture method 
(Reurings, 2011; Lateef, 2010; Weijermars, 2016), or a stepwise algorithm (Hosseinzadeh & 
Kluger, 2021). 
 
Software tools and statistical analysis 
The details of the selected papers show that LinkSolv and Linkage Wiz were utilised most in 
the research. Automatch, SPSS, SAS, Microsoft SQL, MapInfo, manual, open-source R, and 
self-written programmes are also utilised. Chi-square (14 studies), Logistic regression (five 
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studies), Cramer's V (three studies), Ordered probit regression (two studies), and Poisson 
regression (two studies) are the most often utilised tests.  
 
Linkage rate and data completeness 
Linkage rate is the percentage of records linked across data sources to produce a more complete 
database. Police and hospital data have been shown to under-estimated or biasestimated. In their 
population-based research, Dandona et al. (2008) reported 22% under-reporting of fatal RTI, 
whereas Cryer et al. (2001) found that manual linkage to hospital admissions data in pedestrian 
crashes was 72% successful. Amorim et al. (2014) and Lai et al. (2006) found 98% and 96% 
linkage rates, respectively. Linkage rates vary by injury type and mode of travel. Rosman & 
Knuiman (1994) reported a 64% hospital-to-police link rate, although it varied by crash type. 
Record linkage studies employ varied terminology to describe the matching procedure, which 
might confuse outcome comparisons. 
The differences in linkage rates across studies can be related to the methods employed for 
linking, the types of data being linked, and the presence of sufficient data items. Probabilistic 
methods affect linkage rates differently than deterministic methods, with probabilistic methods 
offering more flexibility and accommodating errors. The nature of records, such as differences 
in data collecting and data granularity between police crash and hospital admission records, can 
be difficult. Successful matches can be strongly influenced by the availability of unique IDs or 
dependable matching criteria, as well as data quality and consistency. Contextual factors, 
population features, and variations in data recording practises affect linkage rates. Variations in 
linkage terminology and definitions might cause misunderstanding and inconsistency when 
comparing outcomes across studies. 
 
4. Discussion  
 
Answering research questions 
The linking of police-reported crash data with hospital registry data facilitates the identification 
and classification of patterns pertaining to injuries resulting from motor vehicle crashes. 
Previous research has indicated that the data supplied by the police tend to underestimate the 
number of injuries resulting from road traffic crashes (Short & Caulfield, 2016; Tin et al., 2013). 
The linkage of hospital and EMS data enhances precision and facilitates the identification of 
injury patterns. Probabilistic record linking has emerged as a promising approach to enhance 
the efficiency and reliability of merging diverse data sources, despite the presence of certain 
constraints (Sciortino et al., 2005; Santiago et al., 2020). Research comparing police reports to 
hospital data has demonstrated that the implementation of uniform diagnosis and injury severity 
coding enhances the accuracy and effectiveness of injury evaluation. Nevertheless, the 
utilisation of language and reporting practises may impede the process of establishing 
connections and doing matching research (Moore et al., 2016). 
 
Hospital-crash data linking is employed in many studies to investigate road traffic injuries. The 
findings and insights of a study might be influenced by various factors, such as variations in 
study contexts, data sources, techniques, software tools, and temporal coverage. Research 
highlights the need of adopting tailored methodologies that are aligned with specific study 
issues and the accessibility of data. The empirical evidence suggests that the linkage of several 
data sources and methodology is crucial for the correct documentation of road traffic injury 
occurrences, despite the ongoing challenge of selecting an acceptable linkage approach. In 
addition, the implementation of uniform reporting practises enables researchers to facilitate 
comparisons between studies and establish optimal methodologies for enhancing healthcare 
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outcomes and maximising the utilisation of data in global data linkage projects (Moore et al., 
2016). 
 
The establishment of a solid link between hospital registry data and police crash data is 
contingent upon various elements. The linking rates are influenced by the quality, consistency, 
and completeness of each dataset. The utilisation of unique IDs, precise matching criteria, and 
standardised categorization systems such as ICD enhances the precision of linking. The 
selection of appropriate methodologies, ranging from probabilistic to deterministic approaches, 
plays a critical role in achieving successful data connection. Variations in injury rates can be 
attributed to the complexity of road traffic crashes, the inclusion of specific data elements, and 
contextual factors such as injury categories and mode of travel. The establishment of a 
successful connection between various data sources is a significant opportunity for the 
advancement of modern data science and data mining techniques. This has the potential to 
greatly transform our comprehension of traffic crashes and provide valuable insights for the 
development of worldwide road safety regulations and interventions. 
 
Insights into road traffic injuries require police crash data and hospital crash admissions data 
linkage. Combining hospital and EMS data has the potential to improve accuracy, but more 
research is needed. Police-reported injuries are often underestimated. Underreporting of 
pedestrian, motorcycle, and youth injuries raises concerns. Different data linkage methods offer 
benefits and drawbacks, making it difficult to choose the best course of action. Standardised 
diagnostic and injury severity classification improve injury assessment. Specific injuries and 
vulnerable road users require customised remedies. A global linking initiative reporting 
standard improves comparability. Modern data science methods, such machine learning and big 
data, can be used to investigate crash and injury causes and shape road safety policy. Developed 
countries like the US and EU have used data linkage for injury tracking and safety review, 
whereas developing nations face infrastructural and resource constraints but can gain from 
cooperation. Local data sources can improve global models and stakeholders' estimates in low- 
and middle-income countries. Data linkage has proven beneficial in some situations and has the 
potential to reduce traffic accidents and improve road safety worldwide. 
 
Implications  
The study findings highlight the limitations of relying solely on police-reported accident data 
for users of police data, such as law enforcement agencies and traffic safety authorities. A 
valuable opportunity to enhance the accuracy and completeness of injury information is 
provided by the linkage of hospital registry data. The study also emphasises the importance of 
implementing standardised diagnosis and injury severity classification, which permits enhanced 
injury assessment and more accurate insights. 
 
Adopting standardised classification systems such as ICD enables healthcare professionals and 
hospital administrators who utilise hospital data to contribute to more accurate road traffic 
injury assessment. By aligning their data practises with law enforcement's, healthcare 
institutions can contribute to enhanced road safety policymaking and interventions. Users of 
linked records, including researchers, policymakers, and public health officials, can use the 
findings to enhance their understanding of injury patterns. Linked records provide a 
comprehensive perspective by integrating hospital and police data, mitigating the 
underreporting and bias inherent to individual datasets. In addition, the study's emphasis on 
variability in terms of methodology, data sources, and contextual factors highlights the 
importance of customising linkage approaches to the particular study topic and dataset 
characteristics. For hospital records of road injury cases for which no matching police record is 
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found, the study's findings emphasise potential challenges in terms of data quality, consistency, 
and methodological choices. Users should be aware that factors such as absent or inconsistent 
identifiers, variations in data recording practises, and differences in terminology can impede 
successful linkage. Understanding the reasons for non-linking can guide efforts to improve data 
quality and inform strategies to enhance linkage success rates, even though not all records may 
link successfully. 
 
5. Conclusion  
This systematic review revealed methodological differences and findings on road traffic injury 
data reliability and accuracy. Despite variances in linking strategies, linkage success rates, 
geographical contexts, sample sizes, data sources, and analytical approaches, all analyses 
emphasise the importance of road safety issues. The research has shown that data linkage is 
essential for identifying risk variables for road traffic injuries and fatalities, highlighting the 
limitations of police crash records. The revelations of underreported pedestrian injuries and 
clinically serious injury underestimate compared to police records have major ramifications. 
According to Zhu et al. (2015), probabilistic record linking is preferred over deterministic 
techniques, demonstrating the potential to accommodate data defects for more accurate 
matching. The promise of standardised classification, such as ICD, in enhancing injury data 
linkage emerges. These findings underline the imperative to strengthen road trauma monitoring 
and road assessments, providing policymakers and public health professionals with useful 
insights for targeted strategies to reduce road injuries and fatalities. The fusion of data from 
multiple sources, including hospital records and EMS data, emerges as a key practise for 
rigorous evaluations. Using several data sources, one can find subtle trends and risk factors for 
informed actions and policymaking. 
 
The conclusions of this analysis highlight the imperative to address rural road safety and cater 
to vulnerable road users, particularly youth, pedal cyclists, and motorcyclists. To reduce road 
traffic injuries worldwide, legislators and public health specialists should collaborate and create 
nuanced linkage schemes. The future requires addressing the intricacies of linking rates and 
regional distinctiveness, reconciling data gathering methods across law enforcement and 
healthcare, and standardising quality assessments. Data linking practises vary by country and 
location, especially in less researched economic contexts, necessitating in-depth research to 
develop flexible techniques. Equitable road safety strategies require such knowledge. Data 
linkage emerges as a powerful tool to improve road safety and reduce harm. Its potential can 
only be maximised by overcoming study constraints. Standardised data linkage practises and 
improved reporting are needed to help scientists replicate and politicians make evidence-based 
decisions. Reporting data linkage initiatives with explicit recommendations for data sources, 
matching criteria, and quality control would improve research integrity and the usefulness of 
data linkage literature findings. A concentrated effort to develop data linkage practises offers a 
future of data-driven road safety strategies. 
 
The findings have significant implications for various stakeholders who rely on police data, 
hospital data, linked records, and non-linked records. By recognising the limitations and 
benefits of various data sources and linkage techniques, users can make more informed 
decisions, improve data quality, and contribute to a more precise injury assessment and road 
safety measures. 
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