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A B S T R A C T   

This systematic review examines studies of traffic injury that involved linkage of police crash data and hospital 
data and were published from 1994 to 2023 worldwide in English. Inclusion and exclusion criteria were the basis 
for selecting papers from PubMed, Web of Science, and Scopus, and for identifying additional relevant papers 
using PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) and supplementary 
snowballing (n = 60). The selected papers were reviewed in terms of research objectives, data items and sample 
size included, temporal and spatial coverage, linkage methods and software tools, as well as linkage rates and 
most significant findings. Many studies found that the number of clinically significant road injury cases was 
much higher according to hospital data than crash data. Under-estimation of cases in crash data differs by road 
user type, pedestrian cases commonly being highly under-counted. A limited number of the papers were from 
low- and middle-income countries. The papers reviewed lack consistency in what was reported and how, which 
limited comparability.   

1. Introduction 

1.1. Background and context of data linkage of police data and health 
data 

Road crashes, particularly those involving seriously or fatally injured 
people, are often included in administrative data collection. Police and 
other agencies in charge of road safety manage data systems that focus 
on crashes, including where, when, and how they happen, as well as the 
vehicles and people involved. Health services, people, and causes are the 
focus of hospital and health agency data systems. Injuries from road 
crashes are included in hospital data. The ICD (International Classifi
cation of Diseases) classifies injuries by “external causes”. 

Data linkage is the process of connecting data from several sources to 
explain a phenomenon and is commonly used in epidemiological studies 

to obtain an overall appreciation of factors impacting on populations 
(Bohensky et al., 2010). Data linkage can add to the understanding of 
complicated events, enabling informed decision-making, and valuable 
insights in public health research (Baker et al., 2023). It can reduce 
fragmentation of information and open possibilities for discovery, which 
may enable more efficient resource allocation and better policymaking. 
Linkage studies can often achieve this without requiring the collection of 
new data, which is often time-consuming and expensive. Linkage studies 
have their own challenges, including requirements to obtain ethics 
committee and custodian approvals and to adhere to rules to protect 
privacy and confidentiality. In the case of road crashes, it is the process 
of combining crash data, hospital admissions, and other relevant sources 
to estimate crash injuries and better understand crash causes and effects 
and uncover trends and patterns that may influence road injury pre
vention policies and activities (Kamaluddin et al., 2019; Amorim et al., 
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2014). Crash data includes vehicle, road user, and crash details. Hospital 
data, however, focuses on crash-related injuries and health care usage 
(Harrison et al., 2019). Linked crash and hospital data may indicate 
trends in road traffic crashes and injuries and high-risk categories and 
regions (Paixão et al., 2015a; Paixão et al., 2015b). Data linkage may be 
utilised to assess road safety, risk variables, and injury severity (Lujic 
et al., 2008). Data linkage may raise new questions in crash literature 
(Singleton et al., 2004). 

According to Mandacaru et al. (2017), police crash data may esti
mate crash severity with bias. Evidence suggests data linkage has led to a 
better knowledge of crash causes such as vehicle speed, driver behav
iour, and road conditions, as well as contributing variables like alcohol 
or drug usage (Hossain et al., 2023). Crash misclassification and data
base errors make linking crash and traffic data problematic for road 
safety studies (Imprialou and Quddus, 2019). Police’s “hospitalisation” 
road category may not adequately represent hospitalisations because of 
the large variety of severity levels among hospitalised cases (Watson 
et al., 2013). 

Understanding road safety and its effects on public health requires 
linking police crash data with hospital crash admissions data. The 
absence of a linkage between these datasets makes it harder to assess 
injury trends, identify high-risk areas, and devise effective solutions. The 
linkage of these datasets is not only about better data; it is about 
generating evidence-based policies to enhance road crash safety and 
reduce the human and economic toll of road crashes. 

Linking crash data with hospital data may also help better evaluate 
road safety measures, such as the impact of new traffic rules or infra
structure enhancements on collisions and injuries (Urie et al., 2016). 
Data linkage may help in identifying high-risk road traffic crash zones 
and individuals, enabling targeted efforts to prevent collisions and in
juries (Amoros et al., 2006). Underreporting crashes and injuries are 
common when using crash data alone, and may cause biases that can be 
corrected when using linked crash and hospital data (Watson et al., 
2015). Linkage of these types of data sets provides further depth and 
knowledge for researchers and policymakers surrounding traffic crash 
causes and injuries, additionally it improves data quality and 

Fig. 1. Research process.  
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completeness. By linking data from many sources, researchers can cor
rect errors, and fill gaps. 

Data linkage studies have added to resources and evidence in several 
disciplines. One study used data linkage to discover disparities in injury 
severity among populations by examining variables affecting the gap 
between police-reported crash data and trauma registry (Hosseinzadeh 
et al., 2022). Connecting these databases allows researchers to study 
crash characteristics, variables affecting injury severity, and crash type- 
specific disparities. In another study (Bohensky et al., 2010), data 
linkage was used to investigate health disparities and identify pop
ulations at high risk for specific health outcomes. By linking disparate 
health databases, researchers may analyse injury severity disparities 
across age, gender, urban/rural, and other populations (Moore et al., 
2019). Targeting at-risk populations and reducing disparities requires 
this knowledge. 

Furthermore, data linkage enables the tracking of health outcomes 
over time as well as the evaluation of the effectiveness of public health 
programmes (Bohensky et al., 2010). This long-term perspective is 
crucial for understanding intervention impacts, identifying areas for 
development, and strengthening public health programmes. To ensure 
data integrity and completeness, researchers have focused on devel
oping trustworthy linkage approaches (Soltani et al., 2022). These ini
tiatives aim to increase the quality of linked datasets as well as the 
dependability of data linkage study outcomes. Continuous research and 
advancements in data linkage methods provide valuable insights into 
health disparities, injury severity, and intervention effectiveness 
(Alzaffin et al., 2023; Amorim et al., 2014). 

Data linkage compares police-reported crash data with trauma data 
to identify disparities in injury severity among populations (Alzaffin 
et al., 2023; Soltani et al., 2022). It identifies injury severity variations 
by location, age, gender, and other characteristics (Moore et al., 2019). 
Data linkage validates and contrasts injury severity by cross-checking 
police data with medical diagnosis (Hosseinzadeh et al., 2022). It has 
extensive uses in public health research, including the study of injury 
severity, the evaluation of therapies, and the identification of outcome 

disparities (Amorim et al., 2014). Data linkage follows health outcomes 
across time and evaluates intervention effectiveness (Bohensky et al., 
2010). 

1.2. Research objective/questions 

This study compares and explores previously published journal ar
ticles on linkage between police crash data and hospital collected crash 
data in terms of data sources, methods, software tools, and study 
context; identifies injury patterns among motor vehicle crash casualties; 
and determines how demographic, geographic, and temporal factors 
affect linkage likelihood. The research objective is to compare studies 
linking police crash data with hospital collected crash data, examining 
data sources, methodologies, software tools, and contextual factors, 
while investigating injury trends and the impact of demographic, 
geographic, and temporal variables on this linkage, as well as identifying 
variables affecting linkage success for enhanced injury monitoring and 
prevention. This literature review focusses on two main questions:  

• What are the dominant patterns of data linkage studies?  
• How do data linkage studies compare in terms of data sources, 

methodology, software tools, research setting, and time span? 

1.3. Research contribution 

Through systematic analysis, the study aims to explore several as
pects of data linkage, such as methodological considerations, data 
quality and shortcomings, linkage performance norms and standards for 
reporting studies, and implications for research and policy. Ultimately, 
the findings will contribute to the advancement of data linkage studies, 
improve research outcomes and inform policy decisions. 

1.4. Research process 

Firstly, the concept development stage involved reviewing 

Table 1 
Components of search formula.  

Item Sub-item  Details 

Keywords Main keywords data linkage; police; hospital data; crash; injury  
Supplementary 
keywords 

casualty; fatality; road; car crash; transport crash; traffic; accident; motor-vehicle; collision; mortality; report; hospital-based; 
ambulance; emergency; death; registry; health care; linking; linked; record; integrated; integration; underreport; underestimate; 
misclassification 

Operators  “OR”, “AND” 
Search formula  ((“crash injur*” OR “road crash” OR “road injur*” OR “road fatal*” OR “traffic crash*” OR “Car crash” OR “transport crash” OR “traffic 

accident*” OR “traffic injur*” OR “car accident” OR “transport accident” OR “traffic casualty” OR “traffic injur*” OR “motor-vehicle 
injur*” OR “motor-vehicle injur*” OR “traffic collision*” OR “car collision” OR “transport fatal*” OR “road fatal*” OR “traffic mortality” 
OR “police” OR “police report*” OR “police-report*”) AND (hospital OR “hospital-based” OR ambulance OR emergency OR “death 
registr*” OR “health care”) AND (linkage OR “linking” OR “Linked hospital” OR “linked ambulance” OR “data linkage” OR “record 
linkage” OR “linked data” OR “integrated data” OR “data integration” OR “underreport*” OR “under-report*” OR “underreport*” OR 
“underestimat*” OR “under-estimat” OR “misclassification”)) 

Time period  1994–2023 
Language  English 
Document type 

(included)  
Journal paper 

Document type 
(excluded)  

Grey literature, conference papers, non-peer reviewed papers, books, book chapters, governmental or consultancy reports, research 
reports, working papers, theses, and dissertations. 

Inclusion criteria  Those papers that align with the scope of the research were considered.Those papers with clear explanation of data linkage process and 
its components were selected.   
The papers had to use linked data from at least two datasets of which one of the datasets had to be routinely collected police-reported 
road crash data.   
The papers had a full-text versions.   
The search was limited to the English language and human subjects.There were no restrictions imposed on the nation, kind of road 
crash, age, race, or gender of crash casualties. 

Exclusion criteria  Studies which linked police crash data with non-health sector data were excluded.   
The studies were excluded if they were case reports, case series, systematic, meta-analysis or narrative review of data linkage.   
The studies with inadequate data on linkage process and its detailed features were excluded. 
Review articles of any kind were not included. 
Papers not written in English were excluded. 

Date of search  Tuesday, May 23, 2023  
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background studies and finalizing the two research questions. The 
existing literature was carefully reviewed in order to identify gaps, and 
shape the research questions accordingly. Next, the method stage 
focused on systematic data collection and analysis. The systematic re
view was conducted using the PRISMA framework and employed 
snowballing techniques as supplementary. A list of relevant papers on 
data linkage from well-known databases, including the Web of Science 
(WOS), Scopus, and PubMed was compiled. The data linkage between 
police crash data and hospital registry data studies were clustered to 
identify common themes, then a comparative description to identify 
trends and gaps was conducted. Finally, the contribution stage high
lighted the impact of the research by providing recommendations for 
standard protocols in data linkage studies. The factors affecting the 
performance and implications of the findings for research, policy, and 
healthcare services were identified. The details are shown in Fig. 1. 

2. Methodology 

2.1. Search process 

This paper applied the PRISMA (Preferred Reporting Items for Sys
tematic Reviews and Meta-Analyses) methodology (Page et al., 2021). 
PRISMA offers a transparent and standardised method for researchers to 
guarantee the completeness and quality of their systematic review 
(Salameh et al., 2020). PRISMA improves the reliability and repeat
ability of systematic reviews in scientific research (Johnson & Hennessy, 
2019). It usually entails formulating research questions, doing a thor
ough literature search, choosing relevant studies based on established 
inclusion and exclusion criteria, extracting data from the chosen studies, 

synthesising and analysing the data, and interpreting the results. 
Literature search strategies were developed using keywords related 

to data linkage between police-reported crash data and hospital data. 
The selection of keywords was based on the research team’s background 
knowledge and experience. The search was done for studies published 
between 1st of January 1994, and 23rd of May 2023. Only studies 
related to data linkage of road traffic injuries were included. The search 
is detailed in Table 1. The search across all three databases yielded 1791 
results, with 742 remaining after removal of duplicates. The titles, 
keywords and abstracts of these records were evaluated against the 
eligibility criteria (which resulted in the removal of 453 and 107 papers, 
respectively), with 182 papers remaining. Based on the full-text assess
ment of these papers, 129 were eliminated since they did not satisfy the 
inclusion criteria. The supplementary snowballing as described later 
resulted in the addition of seven more papers, bringing the total number 
of papers in the review and synthesis to 60. The procedure followed the 
PRISMA 2020 statement and its guidelines (Page et al., 2021). 

The initial search results from three databases were saved in an Excel 
document. To detect and delete duplicates, each paper’s title, author and 
year were carefully copied into the “Find” function. This made it 
possible to remove duplicates, assess the titles, keywords and abstracts 
against the inclusion and exclusion criteria as detailed in Table 1, and 
generated a shortlist which was potentially ready for for full-text 
screening. The inclusion and exclusion checklist was used again for 
the full-text screen, while the reasons of exclusion were noted. 

The PRISMA flowchart (Fig. 2) depicts the progression of research 
from identification to screening for eligible inclusion to final synthesis. 

Due to the multidisciplinary nature of the topic, a supplementary 
search was undertaken using the snowballing technique. Formal 

Fig. 2. PRISMA study selection diagram.  
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protocol-driven search strategies, may miss key evidence in systematic 
reviews of complicated and varied evidence – such those assumed for 
policymaking and management issues (Greenhalgh and Peacock, 2005). 
Hand searches complement database searches well and should be 
considered whenever possible (Vassar et al., 2016). 

The 53 papers from PRISMA output were taken as the “Start set”, and 
the process was started with the initial pool of papers. The Backward 
snowballing was then conducted to identify additional relevant papers. 
For this purpose, the reference lists of the papers were examined in the 
start set and excluded papers that did not meet the basic inclusion 
criteria. Where backward snowballing identified papers had already 
been examined in the process discussed, those papers were removed 
from the set of papers based on being found earlier in the search. The 
remaining papers were considered as potential candidates for inclusion 
in the review and were further evaluated through abstract and full-text 
review. This process was repeated until no additional relevant articles 
were found. In particular, the guidelines suggested by Greenhalgh and 
Peacock (2005) were followed to ensure that the search methodology 
was rigorous and systematic (Fig. 3). The full list of nominated papers is 
provided in Appendix A. 

The following features were mined from the selected papers: title; list 
of authors; year of publication; the objective of linkage; the geographical 
context; the time coverage; usage of the ICD standard; the used data 
sources based on the data authority; the size of the datasets (sample or 
population size); data linkage methods; the software/tool used; the pa
rameters describing the linkage result (e.g., % linked records, match 
rate; discordance rate); and the statistical methods. These features are 
then used to compare the studies. 

2.2. Clustering analysis 

The clustering analysis is based on the content analysis of the 
selected papers. After downloading the content (title, abstract, key
words) file of all selected papers, they were imported into VOSViewer 
(Van Eck & Waltman, 2018) and the software made some outputs 
including clustering map. The repeated key terms in the whole set of 
papers are grouped into clusters. Clusters are non-overlapping in VOS
viewer. Also, clusters do not need to exhaustively cover all key terms in a 
map. Hence, there may be key terms that do not belong to any cluster. 
The clusters are named by the authors based on the nature of key terms 
grouped in the cluster. The key terms are shown in the network visu
alisation by their label and, by default, by a circle. The weight of a key 
term determines both the label’s size and its circle. A key term’s colour is 
defined by the cluster to which it belongs. Links are shown as lines be
tween key terms. 

3. Clustering linkage studies 

Based on the research objectives and outcomes of the selected pa
pers, these studies can be classified into four groups (Fig. 4). 

- Data Linkage for investigating under-reporting of injurious cases in 
crash data; 

- Data Linkage for estimation and classification of serious injuries; 
- Discovering biases in reporting and linking data; 
- Data Linkage for crash outcome assessment; discovering the influ

ential factors and evaluating safety policies. 
Note that some studies may have multiple or overlapping objectives 

and could be classified under multiple categories. 
Thread A. Data Linkage for investigating under-reporting of 

injurious cases in crash data: 

Fig. 3. Supplementary snowball process, adopted from Santoro et al. (2021).  
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This type of study focused on the extent of under-counting of inju
rious road crash incidents in crash data (Watson et al., 2015; Lujic et al., 
2008; Rosman and Knuiman, 1994). It uses hospital data as a denomi
nator and investigates how many hospital records can be linked to a road 
crash record, indicating cases that may not have been reported to the 
police (Hosseinzadeh, 2022; Milani et al., 2015). The studies in this 
category have mostly focused on the following themes: the extent of 
underreporting and linked data analysis; variation in underreporting by 
road user group; impact of injury severity and characteristics on 
underreporting; factors contributing to underreporting; policy and 
resource allocation implications of underreporting and need for 
improved integration and data reform. 

Using linked police crash and hospital data, these studies consis
tently find higher incidence rates of injuries compared to police data 
alone, indicating substantial underestimation of injurious road crash 
incidence by the latter source (Watson et al., 2015; Lujic et al., 2008; 
Rosman and Knuiman, 1994; Hosseinzadeh, 2022; Milani et al., 2015). 
Vulnerable road users, including pedal cyclists and motorcyclists, 
experience lower linkage rates between police and hospital data 
compared to motor vehicle occupants, suggesting higher levels of 
underreporting for these groups (Conderino et al., 2017; Soltani et al., 
2022). Less severe injuries, such as not requiring emergency room 
treatment, are more likely to be underreported in police records. Single- 
vehicle crashes also tend to be underrepresented in police-reported data 
(Schneider et al., 2023; Wilson et al., 2012). 

Age and gender play a role in underreporting, with younger road 
users, particularly males, being underrepresented in police-reported 
data. Disparities in reporting based on race have also been observed 
(Janstrup et al., 2016). The underreporting of road crash injuries has 

implications for policy decisions and resource allocation. Policymakers 
should be cautious when relying solely on police-reported data for road 
safety evaluations and resource allocation (Ferreira et al., 2015; Amoros 
et al., 2006). Studies emphasize the need for better integration between 
police and hospital databases to enhance the reliability of crash data and 
address the underreporting issue (Ferreira et al., 2015; Jeffrey et al., 
2009). 

Causes of under-enumeration include a lack of awareness or 
knowledge about reporting procedures (Wang et al., 2019; Dandona 
et al., 2008; Rosman & Kuniman, 1998), fear of legal consequences 
(Schneider et al., 2023; Rosman & Kuniman, 1998), and perceived dif
ficulties in the reporting process (Elvik, 2010; Janstrup et al., 2016; 
Dandona et al., 2008). These factors can lead to inaccurate under
standing of crash patterns (Weijermars et al., 2016; Rosman & Kuniman, 
1998) and inadequate resource allocation for road safety initiatives 
(Schneider et al., 2023). To counter these issues, strategies involve 
implementing public awareness campaigns to educate the public about 
reporting procedures (Weijermars et al., 2016; Alsop & Longley, 2001), 
streamlining reporting processes to reduce perceived difficulty (Elvik, 
2010; Janstrup et al., 2016; Dandona et al., 2008), and encouraging 
anonymous reporting to alleviate concerns about legal consequences 
(Schneider et al., 2023; Loo & Wong, 2012). These efforts aim to 
enhance reporting accuracy and reliability, thereby improving road 
crash data collection and analysis. 

Thread B. Data Linkage for estimation and classification of 
serious injuries: Similar to the previous type, the studies in this cluster 
use methods that involve linking road crash and hospital records 
(Lombardi et al., 2022). This cluster can be split into two different types 
1) misclassification of serious injuries; and 2) estimation of serious 

Fig. 4. Clustering of studies.  
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injuries,. The major difference is that the misclassification studies use 
police-reported crashes as the denominator, but the estimation studies 
do not. The most frequent themes discussed in this cluster include extent 
of underreporting and linked data analysis; importance of data inte
gration and quality; discrepancies in injury severity assessment; accu
racy of police-reported injury severity; estimation of serious injuries and 
the misclassification of injuries. 

Thread B1: Misclassification of serious injuries: 
These studies aimed to identify and correct classification or reclassify 

injury severity (serious injury and sometimes death), by using police 
data as the denominator and linking to hospital records. Some studies in 
this cluster investigate the discrepancy between injury severity classi
fication by different sources (police, hospital), highlighting the subjec
tive nature of injury severity classification in police reports (Lombardi 
et al., 2022; Janstrup et al., 2016; Kudryavtsev et al., 2013). They 
emphasize the importance of using multiple data sources and consid
ering clinical assessments for accurate injury severity classification 
(Lombardi et al., 2022; Lopez et al., 2000). 

Lopez et al. (2000) studied how trauma registry and police records 
may enhance severity categorisation and police reports in Western 
Australia. The research emphasises data integration and several injury 
monitoring data sources for underrepresented communities. Tsui et al. 
(2009) compared injury severity score (ISS) and police reports of traffic 
crash injury severity and hospital stay using binary logistic regression. 
This study found that police records exaggerated injury severity and 
exceeded the 12-hour hospital stay outcomes. Ferreria et al. (2015) used 
linkage to compare case severity according to police with severity ac
cording to hospital data, finding that police data often overstated 
severity. 

Research reveals discrepancies between injury severity assessments 
by different sources, emphasizing the need for multiple data sources and 
considering clinical assessments (Lombardi et al., 2022; Janstrup et al., 
2016; Kudryavtsev et al., 2013; Lopez et al., 2000). Various studies use 
methods involving linking police crash and hospital records to correct 
misclassification, or reclassify injury severity (Lombardi et al., 2022; 
Weijermars et al., 2016; Tsui et al., 2009). Kudryavtsev et al. (2013) 
investigated the differences in injury severity assessment between po
lice, hospital, and in-depth crash investigations and discussed the im
plications for crash prevention and injury mitigation. 

Thread B2: Estimation of serious injuries: 
This category of studies in cluster B investigates better estimation of 

serious injury, commonly by including cases not reported to police as 
well as those that are (to include those cases not reported to police). 
These studies use methods that include some that link road crash and 
hospital records, as well as some that do not (hospital records only). This 
category may employ capture-recapture methodologies, which help es
timate the total number of cases by accounting for the overlap between 
different data sources (Marrison and Stone, 2000). For instance, Wei
jermars et al. (2016) examined Dutch road injuries using capture- 
recapture for estimating unknown populations using linked data and 
found mopeds had the lowest hospital discharge record completeness. 
Some studies in this group also examine bias or at least compare how 
reporting may differ when using linked data versus non-linked data 
(either hospital data alone or police data alone) (Watson et al., 2015). 

Studies finding that police-reported injury severity can be inaccurate 
and may overestimate or underestimate severity (Watson et al., 2015; 
Lopez et al., 2000). Studies using linked police crash and hospital data 
have consistently found higher performance of linked data in estimation 
of severe injuries. Linkage rates were observed to be lower for pedal 
cyclists and motorcyclists (Lujic et al., 2008; Lombardi et al., 2022; 
Janstrup et al., 2016; Kudryavtsev et al., 2013; Watson et al., 2015). 
Studies highlight the significance of integrating different data sources 
and improving data quality to accurately predict road traffic serious 
injuries (Paixão et al., 2015a; Reurings et al., 2011). 

The underreporting of road crash injuries, particularly severe ones, 
has implications for data quality and reliability (Watson et al., 2015; 

Lombardi et al., 2022). Amorim et al. (2014) explored integrating crash 
data with emergency medical services (EMS) monitoring records to 
improve serious injury estimations. A study linking police and hospital 
records found that crash-injury severities modified when using linked 
data vs police-reported data (Alzaffin et al., 2023). Weijermars et al. 
(2016) examined Dutch road injuries using capture-recapture method 
for estimating unknown populations and found mopeds had the lowest 
hospital discharge record completeness. The number of major injuries is 
determined by combining police data with hospital discharge record 
data. Following the linking of both datasets, an estimated approach 
influenced by capture-recapture was employed to estimate the number 
of major traffic injuries. 

The challenges related to the misclassification of serious injuries 
often arise from the use of severity scales (e.g., Abbreviated Injury Scale) 
to classify injuries (Sciortino et al., 2005; Lopez et al., 2000; Couto et al., 
2016). Variability in injury severity classifications, can lead to in
consistencies (Short and Caulfield, 2016; Tainter et al., 2020; Soltani 
et al., 2022). The many types of injuries, such as fractures or internal 
injuries, contributes to the complexity (Lopez et al., 2000; Short and 
Caulfield, 2016). Functional impacts on injured people, like long-term 
disabilities, further complicate the accurate assessment of injury 
severity (Lopez et al., 2000; Amoros et al., 2006; Short and Caulfield, 
2016; Dandona et al., 2008). These complexities often result in incom
plete or inaccurate medical data, affecting the estimation process 
(Conderino et al., 2017; Lopez et al., 2000; Dandona et al., 2008). To 
address these challenges, researchers suggest enhanced data collection 
from medical sources (Mock et al., 2005; Schneider et al., 2023; Amoros 
et al., 2006), collaboration with healthcare providers (Sasser et al., 
2012; Short and Caulfield, 2016; Abdulatif, 2017), and utilization of 
predictive modelling techniques (Tainter et al., 2020; Wilson et al., 
2012). These strategies aim to improve the accuracy of estimating and 
classifying serious injuries, thereby enhancing the quality of road crash 
data analysis. 

Thread C. Discovering biases in reporting and linking data: 
Studies in this category examine various biases related to reporting and 
linking data in road crash incidents (Hosseinzadeh et al., 2022; Wilson 
et al., 2012; Lujic et al., 2008; Cryer et la., 2001). This type can be an 
aspect of studies in thread (A) or (B). For example, researchers may 
investigate biases in misclassifying serious injuries or biases in under- 
reporting. Some studies in Thread B2 also examine biases, as 
described before. The most common themes in this category include 
biases and reporting in linked data studies; selection bias and linked data 
utilization; challenges in data linkage and bias mitigation; comparison 
of linked data vs. non-linked data; bias and underreporting in linked 
data; variation in injury reporting; and factors influencing biases in 
reporting. Some examples and findings are listed below: 

Factors such as injury severity, speed, and pedestrians were found to 
influence both crash data records and trauma registry (Janstrup et al., 
2016). Suboptimal or inadequate data links may limit the value of data 
linkage, resulting in systematic bias (Bohensky et al., 2010). Disparities 
in variables like gender, age, and road user type have been identified 
between crash and hospital collected datasets (Cryer et al., 2001; 
Schneider et al., 2023). Common characteristics found across studies on 
selectivity bias in linking crash data to public health data included 
gender and indicators of injury severity including speed and crash type 
(Hosseinzadeh et al., 2022). 

Understanding divergency in the reporting rate of road crashes is 
crucial for devising effective policy actions to increase reporting rates 
and reduce bias in road safety analysis (Soltani et al., 2022). Due to the 
separation of linkage and analysis methods, researchers using linked 
data have trouble assessing bias (Harron et al., 2017). The crash dataset 
is also susceptible to selection bias due to limited sample and data 
numbers for each condition (Morgan et al., 2020). Tarko and Azam 
(2011) explored Indiana pedestrian crash-related selection bias in a 
linked crash and hospital data set when predicting low injury levels in 
pedestrian-involved crashes, with age, gender, crash type, and road 
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layout configuration influencing record presence. A person with a more 
severe injury is more likely to be sent to the hospital and associated with 
hospital admission data than other people with less severe injuries, 
which might lead to selection bias in the linked data (Tarko and Azam, 
2011; Giles, 2001). 

Underreporting, misclassification, poor data quality, and slow data 
exchange may introduce bias in police data (Brubacher et al., 2019). 
Additionally, studies have shown that severe injuries are twice as likely 
to be reported by clinicians compared to police-reported data (Short and 
Caulfield, 2016). Moore (1997) conducted crash-hospital data linkage in 
Alaska, revealing significant biases based on geographical location and 
crash type, but not age and gender. Cryer et al. (2001) observed sig
nificant disparities in gender, age, and type of road user in crash and 
hospital collected datasets. 

Schneider et al. (2023) found differences between police-reported 
crashes and EMS data, indicating the importance of integrating crash 
data with emergency medical services monitoring records (Schneider 
et al., 2023; Amorim et al., 2014). Lujic et al. (2008) analysed the 
reporting rates of road traffic injuries to the police and hospital data
bases and identified factors influencing injury classification such as age, 
collision type, weather conditions, and individual characteristics. 
Sciortino et al. (2005) mapped and assessed fatal police severe injury 
data, revealing disparities in reporting based on race and underreporting 
of pedestrian injuries. Various factors, such as age, gender, crash type, 
and geographical location, were found to influence injury reporting 
rates (Hosseinzadeh et al., 2022; Moore, 1997; Wang et al., 2019). 

The biases in data collection and reporting within road crash analysis 
can arise from under-reporting certain demographics, such as age and 
gender (Amorim et al., 2014; Alzaffin et al., 2023; Jeffrey et al., 2008; 
Couto et al., 2016), geographic or jurisdictional disparities (Couto et al., 
2016; Kudryavtsev et al., 2013; Abdulatif, 2017), reporting bias due to 
external factors (Abay, 2015), and errors in data entry or transcription 
(Conderino et al., 2017; Lopez et al., 2000; Short and Caulfield, 2016). 
These biases can lead to differing reporting standards and protocols 
(Brubacher et al., 2019; Ferreira et al., 2015; Conderino et al., 2017; 
Lopez et al., 2000; Soltani et al., 2022) and incomplete or missing data 
fields (Conderino et al., 2017; Lopez et al., 2000; Amoros et al., 2006). 
To minimize these discrepancies and biases, strategies involve stan
dardizing data collection practices (Alzaffin et al., 2023; Conderino 
et al., 2017), regular data quality audits and checks (Brubacher et al., 
2019; Kudryavtsev et al., 2013; Abdulatif, 2017), training and guide
lines for data collectors (Lopez et al., 2000; Tainter et al., 2020; Alsop & 
Longley, 2001), and cross-checking with external data sources (Amoros 
et al., 2006; Wilson et al., 2012). By implementing these approaches, 
road crash analysts aim to minimize biases and ensure more accurate 
and consistent data collection and reporting practices. 

Thread D. Data linkage for crash outcome assessment; discov
ering the influential factors and evaluating safety policies 

The studies in this cluster highlight the value of using data linkage 
and integration of data from multiple sources as tools for studying crash 
outcomes and consequences. Some studies discuss the reliability of 
different data sources (police, hospital, EMS) and suggest manual ex
amination of heuristic algorithm results for data reliability. Further
more, some studies in this cluster are interested in modelling injury 
severity, body regions, or injury nature on the basis of various crash, 
infrastructure, or driver/rider characteristics. These almost exclusively 
use all road crash records that link to another health source (for the 
injury information), but they must have a police record. Some of the 
common themes investigated in this cluster include value of data linkage 
and integration; modelling crash outcomes; disparities and rural injury 
rates; predicting the cost of road traffic injuries and insights for 
marginalized groups. 

Abulatif (2017) discovered that combining crash and hospital data 
may assist planning, monitoring, and evaluation of road safety initia
tives using verified road crash data in five Brazilian cities. Soltani et al. 
(2022) identified injury trends and informed traffic fatality and injury 

prevention measures using linked data. The analysis informs focused 
initiatives for road safety improvement. Some studies focus on devel
oping predictive models for injury severity based on various factors 
(Tarko and Azam, 2011; Amoros et al., 2006). Some studies investigated 
disadvantaged groups and rural injury rates, highlighting factors such as 
EMS response times, speeding, and trauma system deficiencies (Li et al., 
2008; Santiago et al., 2020; Lombardi et al., 2022; Wang et al., 2019; 
Weijermars, 2016). 

This cluster includes some studies on disadvantaged groups and rural 
injury rates, highlighting factors including prolonged EMS response 
times, higher speeds, drunk driving, and trauma system deficiencies (Li 
et al., 2008; Wang et al., 2019; Lateef, 2010). They may also examine 
spatial inequalities, emphasising greater death rates in rural traffic 
crashes and the need to discover environmental factors to reduce road 
traffic injuries (Gonzalez et al., 2006; Mitchel et al., 2015; Li et al., 
2008). Santiago et al. (2020) assessed the medical expenditures of per
sonal injuries, nighttime crashes with and without illumination, and 
weekend vs weekday crashes. Bambach and Mitchel (2015) estimated 
human recovery costs of badly wounded road crash casualties using 
linked data. 

Studies in this cluster suggested integrating of different data sources 
to enhance data quality for road crash outcome assessment. This in
volves incorporating diverse data sets, such as police reports, hospital 
records, and other relevant sources (Amorim et al., 2014; Mandacaru 
et al., 2017; Mitchell et al., 2015; Gonzalez et al., 2006; Lujic et al., 
2008; Janstrup et al., 2016; Curry et al., 2019; Jeffrey et al., 2008), often 
aiming to overcome challenges related to differing reporting standards 
and protocols (Brubacher et al., 2019; Ferreira et al., 2015; Conderino 
et al., 2017; Lopez et al., 2000; Soltani et al., 2022) and incomplete or 
inaccurate data (Conderino et al., 2017; Lopez et al., 2000; Amoros 
et al., 2006). Researchers propose strategies such as utilizing technology 
like sensors and cameras to enhance data collection (Mitchell et al., 
2015; Lopez et al., 2000; Abdulatif, 2017), automating data collection 
processes (Short and Caulfield, 2016; Alsop & Longley, 2001; Amoros 
et al., 2006), employing data validation and verification processes 
(Amorim et al., 2014; Mitchell et al., 2015; Gonzalez et al., 2006; Con
derino et al., 2017; Lopez et al., 2000; Couto et al., 2016) and integration 
of data into existing systems (Kudryvistale et al 2013; Soltani et al., 
2022). Additionally, strategies include linking data from different 
agencies or jurisdictions (Amorim et al., 2014; Mandacaru et al., 2017; 
Mitchell et al., 2015; Gonzalez et al., 2006; Jeffrey et al., 2008) and 
utilizing data fusion techniques (Watson et al., 2015; Alzaffin et al., 
2023) to improve the integration and overall quality of road crash data. 
These approaches collectively aim to enhance the reliability and 
comprehensiveness of data used in road crash analysis, leading to more 
accurate and insightful findings. 

4. Comparative description of linkage studies 

The analysis conducted in this section consisted of two main com
ponents. Firstly, a macroscopic bibliometric analysis was performed to 
identify emerging topics and examine the temporal and geographical 
distribution of data linkage studies on a global scale. Secondly, a 
comparative description of individual studies was provided, focusing on 
research characteristics such as sample size, methodology, data sources, 
software tools, and linkage standards. 

4.1. Document data: trends, and collaboration 

Over the course of nearly three decades, the dataset of 60 papers 
located by this systematic review has witnessed growth, with an annual 
growth rate of 6.37 %. This indicates an increase in the number of 
journal papers being produced within the field of data linkage. On 
average, each paper in the collection has an age of 9.4 years, suggesting 
that the dataset represents a mix of recent and relatively older publi
cations. The average citations per document is 22.77, highlighting the 
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level of influence and recognition received by the documents in the 
collection. This indicates that the works are being cited by other re
searchers, implying impact on the field. Additionally, the references 
section of the documents contains a total of 1,715 citations, reflecting 
the breadth of research and external sources referenced within this 
dataset. The countries with highest citation frequency of linkage studies 
are: Australia; USA; France; Sweden, New Zealand, and China. 

The dataset involves 222 authors who have contributed to the 60 
documents. Among these, three authors have authored single-authored 
documents, indicating the presence of individual research endeavors. 
Collaboration is also evident, as each document has an average of 3.7 co- 
authors. This indicates a high degree of teamwork and cooperation 
within the field, fostering a culture of collaborative research. Interna
tional collaboration plays a significant role within the dataset, with 
approximately 21 % of the co-authorships involving researchers from 
different countries. This highlights the global nature of the field of study, 
as researchers from various nations come together to contribute their 
expertise and perspectives. 

4.2. Frequent keywords and trend topics 

The dataset consists of documents with various subject matters, as 
indicated by both Keywords Plus (ID) and Author’s Keywords (DE). The 
presence of 165 Keywords Plus and 184 Author’s Keywords suggests the 
diversity of topics covered in the collection, with authors utilizing spe
cific terms to highlight the focus and themes of their work. The word 
cloud graph visually represents the relative size of each term, reflecting 

its frequency and significance throughout the dataset (Fig. 5). As 
anticipated, the terms “injury”, “severity”, “data”, “crashes”, “roads”, 
“police” and “linkage” emerge as the most often occurring words in the 
abstract of the papers, given they were included in the search query. 
However, the situation is somewhat different in the content of the pa
pers, and words such as “accidents”, “police”, “severity”, “causalities”, 
“crashes”, “injuries”, “trauma”, “mortality”, “epidemiology” and “link
age” were the most frequent words. In addition to the aforementioned 
terms, the literature on data linkage often addressed the concepts of 
traffic, factors, misclassification, rates, and underreporting. The use of 
word clouds to display keywords aids in discerning the subject matter 
and primary emphasis of a certain research endeavour. These terms 
exhibit a strong interconnection. 

Fig. 6 shows the trend of topics in data linkage literature over time, 
highlighting shifts in research focus within the field. Early studies 
(before 2012) focused on trauma, epidemiology, and records, investi
gating the impact of traumatic events, disease patterns, and data inte
gration. From 2012 to 2014, the research then turned to injuries, 
accidents, women, risk, and police, examining factors contributing to 
injuries, gender-specific considerations, risk assessment, and law 
enforcement involvement. Between 2014 and 2018, the studies explored 
mortality, rates, validity, and impact, analysing mortality trends, 
calculating rates, assessing data validity, and evaluating the overall 
impact of data linkage on health outcomes. From 2016 to 2018, the 
focus narrowed to casualties, severity, and fatalities, assessing the con
sequences and severity of incidents, such as accidents, and their impact 
on individuals and communities. Since 2018, researchers have 

Fig. 5. Word cloud of keywords mentioned in the abstract (left); word cloud of author keyword (right).  

Fig. 6. The temporal trend of the keywords.  
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increasingly focused on crashes, investigating causes, consequences, and 
prevention measures related to collisions in various contexts. This graph 
reveals a dynamic landscape, with evolving research priorities in data 
linkage literature. From trauma to specific areas like injuries, mortality 
rates, casualties, and ultimately crashes, these shifts reflect changing 
research interests and emerging challenges in the field. 

On the other hand, different terms or words are commonly used to 
refer to the same concepts in this literature. Table 2 shows various 
concepts related to data linkage, analysis, and terminology used in the 
context of crash incidents, injury severity, police data, hospital data, 
road user types, and data quality. These terms frequently refer to the 
same concept, but they may be used interchangeably in various studies 
and publications. For example, “crash” can also be referred to as 
“collision,” “road accident,” “traffic accident,” or “motor vehicle crash.” 
Similarly, “injury severity” may be described as “severity of injuries,” 
“crash severity,” or “traffic injury severity.” These alternative termi
nologies may help researchers, practitioners, and policymakers 

understand and communicate effectively within their respective fields of 
interest and expertise. However, they also carry potential for ambiguity 
and miscommunication. A detailed version of this Table including the 
references to each term is provided in Appendix B. 

4.3. Studies by year and time-coverage 

The selected papers include works published from 1994 (the earliest 
journal paper in the included set) to 2023 with diverse study themes 
(Fig. 7). While there was a limited quantity of papers published before 
the year 2000, there has been an evident upward trend in the number of 
publications after that time. On average, 2.5 articles are published 
yearly, and the annual number of papers in this area has tended to in
crease. The number of linked injury records varied between studies. 
Rosman and Knuiman (1994), included 18,544 linked injury records, 
whereas Schneider et al. (2023) had only 375. One of the earliest cases of 
research was conducted in Western Australia and revealed a high degree 

Table 2 
Inconsistency in keywords and terms used in data linkage literature.  

Concept Term 1 Term 2 Term 3 Term 4 Term 5 Term 6 Term 7 Term 8 

Crashes Crashes Collisions Road accidents Traffic accidents Motor vehicle 
crashes 

Incidents   

Injury 
severity 

Injury 
severity 

Severity of injuries Crash severity Traffic injury 
severity     

Police data Police data Police reports Police-reported 
information 

Police-reported 
data 

Police records Police 
reporting   

Data 
linkage 

Data 
linkage 

Linked police- 
hospital data 

Record linkage Linked dataset Linked database Linked data Police- 
hospitalisation 
linked data  

Hospital 
data 

Hospital 
data 

Hospital or 
hospitalisation 
records) 

Hospital discharge 
data 

Medical records Prehospital data Hospital 
injuries data 

Patient data Hospital 
admission data 

Injury 
patterns 

Injury 
patterns 

Injury locations Injury sites Injury types Injury 
characteristics 

Injury 
specifics   

Data 
linkage 

Data 
linkage 

Record linkage Linked data Data integration Data fusion    

Under 
reporting 

Under 
reporting 

Reporting bias Misclassification Under 
estimation 

Over estimation    

Injuries Injuries Non-fatal injuries Casualties Non-fatal traffic 
injuries 

Traffic-related 
injuries    

Data 
quality 

Data 
quality 

Data accuracy Data verification Data 
completeness 

Data validity Data 
integrity    

Fig. 7. Temporal distribution of selected studies.  
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of concordance between the two sources linked regarding crash type and 
road user classification; nevertheless, police-reported injury severity 
levels were found to be less consistent (Rosman and Knuiman, 1994). 
Using linked police and emergency department data, a recent study from 
Milwaukee, United States, was successful in improving the estimation of 
cyclist injury (Schneider et al., 2023). The highest share of papers be
longs to the decade of 2004 to 2014. 

The time periods of data examined in 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 studied a longer 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 longer-term 

Fig. 8. Geographical distribution of selected studies by date of publication (top); by frequency (down) (generated by MS Power BI, version 2.122.746.0).  
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traffic safety trends. 

4.4. Studies by geographical context 

The studies ranged in location across 25 nations, mostly in high- 
income countries (n = 45 papers) such as the US, Australia, Canada, 
and France, some middle-income countries (n = 11 papers) such as 
Brazil, China, Malaysia, and lower middle-income countries (n = 4 pa
pers), such as Ghana, India, and Pakistan. This classification is based on 
the World Bank classification of economies (World Bank, 2023). Since 
1992, the US Department of Transportation (DOT) has supported state- 
level data linkage programmes for standard reporting (Benavente et al., 
2006). The US National Center for Injury Prevention and Control mon
itors injury trends and road safety measures using linked police crash 
data and hospital records (CDC, 2018). The EU encourages data linkage 
in road safety research and monitoring (European Commission, n.d.). 
Data linkage activities in Australia started in the 1970s and gathered 
momentum with the formation of the Western Australian Data Linkage 
System in 1995 and the Centre for Health Record Linkage in New South 
Wales in 2006. Australia has led the use of linked data and the devel
opment of linkage systems for over fifty years (Harrison et al., 2019; 
Smith and Flack, 2021) due to the Population Health Research Network, 
a nationwide network of data linkage units. 

Data linkage projects can grow to encompass bigger regions within a 
country or whole nation, providing academics and policymakers with 
more extensive and diversified information. The distribution of studies 
across country income categories reflects each country’s research re
sources, but some studies were conducted in regions with lower income 
levels. The significant gap between the number of studies conducted in 
high-income countries and fewer studies conducted in the rest of the 
world highlights the potential for health inequities due to variations in 
income classification and geographical location of research to inform 
reductions in road injuries. These inequities can result in disparities in 
health outcomes between different income groups or regions, as well as 
biases in the study findings. Overall, the studies demonstrate a global 
interest in the issue of data linkage (Fig. 8). 

4.5. ICD usage 

The WHO designed the international classification of diseases (ICD) 
to standardise diagnostic coding, universal health data reporting, and 
cross-country health outcome comparison (Harrison et al., 2021). It 
enhances healthcare billing, resource allocation, and cost-cutting (Hong 
and Zeng, 2023; De Coster et al., 2006). The usage of ICD codes in data 
linkage studies standardizes data and allows trustworthy and compa
rable study findings. Use of ICD codes also allows discovery of new 
health trends and patterns that traditional data collection and analysis 
may have overlooked. The comparison of selected papers shows that 55 
% of research papers employed the ICD standard. Moreover, the usage of 
ICD codes is more common in North America, Europe and Oceania cases. 
Several studies have used ICD codes directly (Bambach and Mitchell, 
2015), while others have opted to convert them to a local system, as 
shown by Ferreira et al. (2015) in Porto. 

4.6. Population (Sample) coverage 

Curry et al. (2019), Couto et al. (2016), and Brubacher et al. (2019) 
had the most cases included with the samples of 10,352,998; 40,000 and 
15,022 respectively. In contrast, Cryer et al. (2001), Lopez et al. (2000), 
and Salifu & Ackaah (2012) have the lowest participant counts in their 
projects with case numbers of 2666, 497 and 400 cases respectively. 
Although minor injuries are extremely common and the systematic bias 
against reporting them is not fixed even when we have a large data set, 
larger studies are more likely to include them. 

It is important to note that there is inconsistency in reporting the 
sample size in linkage studies. While some studies report the sample size 

of the linked cases (Brubacher et al., 2019), others may only provide 
information on the number of police data cases (Alzaffin et al., 2023) or 
the number of the hospital/ambulance/EMC cases (Cryer et al., 2001; 
Ceklic et al., 2021) or the number of both police and hospital cases 
(Rosman and Knuiman, 1994). Furthermore, the inclusion criteria for 
selecting linked injury records in most studies is absent. This variation in 
reporting can make it challenging to directly compare the sample sizes 
across different studies. 

4.7. Secondary data used 

While crash/police data provides insights into the characteristics of 
crashes and the individuals/vehicles involved, healthcare data primarily 
focuses on injury diagnosis, treatments, and outcomes. Both data sources 
offer valuable information, but they have distinct emphases and serve 
different purposes in understanding and addressing the implications of 
crashes. The selected studies involved the utilization of linked data from 
multiple datasets, with one dataset being police-reported road crash 
data collected routinely. Various healthcare data sources were 
employed, including hospital records, discharge data, emergency 
department data, patient care reports, trauma registries, and death data. 
The primary objective of these research works was to develop compre
hensive and accurate road crash information systems to support injury 
prevention efforts. The term “data fusion” was used in some studies to 
describe the integration of data from multiple sources to create a more 
comprehensive dataset (Alzaffin et al., 2023). Other studies referred to 
this process as the creation of “integrated datasets”, which aimed to 
enhance the understanding of road traffic injuries, their severity, and the 
contributing factors (Curry et al., 2019; Abulatif et al., 2018; Amorim 
et al., 2014). Some research included workers compensation, insurance, 
birth, death, and injury monitoring data (Santiago et al., 2020; Boufous 
and Williamson, 2009). The three most frequent sources of linkage data 
are: police data; death data and medical data including hospital 
admission data; EMS and trauma registry data (Hosseinzadeh & Kluger, 
2021; Amoros et al., 2006; Sciortino et al., 2005; Cirera et al., 2001). 

4.8. Measures used 

Linkage studies utilised a variety of measures based on their objec
tives. Mortality rates, injury severity indicators, hospital admission rates 
and expenses, crash rates and characteristics, and crash data 
completeness and correctness are employed (Dandona et al., 2008; 
Cirera et al., 2001). Using crash conditions and risk measures, several 
studies have focused on crash types or demographics of injured persons 
(Alzaffin et al., 2023; Ferreira et al., 2015; Amoros et al., 2006). Due to 
the variety of road traffic crashes and study topics, selecting the most 
common measures is challenging. These studies demonstrate traffic 
injury complexity with their many measures. 

Injury Severity: Several studies focused on measuring the severity of 
injuries resulting from road traffic crashes. This includes metrics such as 
Police Reported Levels of Injury Severity, Abbreviated Injury Scale 
(AIS), MAIS Estimates, Injury Severity Score (ISS), Severity of ’ Injuries 
(measured by MAIS) (Tarko and Azam, 2011; Kudryavtsev et al., 2013), 
hospital recovery costs (Bambach and Mitchell, 2015), and length of stay 
in the hospital (Ferreira et al., 2015). Standardised tools for classifying 
and measuring injury severity are provided by measures like the ISS, and 
New Injury Severity Score (NISS), based on the AIS. To calculate the 
likelihood of survival for a person with numerous injuries, two partic
ular scoring systems—ICISS (ICD-based Injury Severity Score) and 
TMPM (Trauma Mortality Prediction Model) are based on the ICD injury 
classification. Physiological scoring systems, such as the Glasgow Coma 
Scale (GCS) and the Revised Trauma Score (RTS), evaluate injury 
severity based on physiological factors as distinct from anatomical in
juries. GCS measures the degree of consciousness and neurological 
function, whereas the RTS combines vital indicators (such as blood 
pressure, respiration rate, and GCS score) to offer an overall estimate of 

A. Soltani et al.                                                                                                                                                                                                                                  



Accident Analysis and Prevention 197 (2024) 107426

13

injury severity. The chance of survival based on the severity of injuries is 
represented by survival fractions, which are given as proportions or 
percentages. These valuations can provide light on the overall survival 
rates for various injury kinds and severities and are frequently derived 
from large-scale research or databases. One measure of the severity of an 
injury sometimes used is the length of hospitalisation or the time spent 
in a medical institution. Longer stays might indicate injuries or conse
quences requiring more extensive medical treatment. The presence of 
long-lasting or permanent mechanical effects from an injury is evaluated 
by the durable mechanical markers. Examples include the need for 
adaptive equipment (such a wheelchair), the presence of chronic pain or 
another physical disability, or the necessity for continuing medical 
procedures. 

Number of Injuries or Casualties: Many researchers examine the 
number of injuries or casualties resulting from road traffic crashes. This 
metric includes various aspects such as the number of road injuries, 
number of serious road injuries, number of non-fatal crashes, mortality 
rates, and number of deaths (Benavente et al., 2006; Paixão et al., 
2015a). 

Reporting and Underreporting: Metrics related to the reporting of 
road traffic crashes and injuries are also common. This includes metrics 
like underreporting rates of road crash injuries, amount of under
reporting of road crash injuries to police, matching degree between 
police and hospital records, and reporting rates by age, gender, and 
demographic factors (Moore, 1997; Cryer et al., 2001; Alsop and 
Langley, 2001; Sciortino et al., 2005; Amoros et al., 2006; Gonzalez 
et al., 2006; Watson et al., 2015). 

Crash Characteristics: Several studies focus on understanding the 
circumstances and characteristics of crashes. This includes metrics such 
as crash type, crash circumstances, crash location, crash time, and 
number of vehicles involved (Rosman & Knuiman, 1994; Stutts and 
Hunter, 1999; Tin et al., 2013; Mitchell et al., 2015). 

Hospital-related Metrics: Metrics related to hospital records and 
health outcomes are also prevalent. These include metrics like hospital 
inpatient records, health outcomes of young driver crashes, and hospital 
admission (Moore, 1997). 

4.9. Data linkage approach 

Data linkage incorporates numerous approaches, including proba
bilistic, deterministic, manual, and customised methods (Dusetzina 
et al., 2014). The choice of method and algorithm is influenced by fac
tors such as available resources, research questions, and the quality and 
quantity of variables to uniquely identify individuals. When linking 
police and hospital data, typical algorithms include probabilistic record 
linkage techniques and occurrence-based conceptual algorithms 
(Amorim et al., 2014; Benavente et al., 2006). Occurrence-based algo
rithms utilise predefined principles to establish connections between 
records based on co-occurrence, with the goal of identifying plausible 
matches and minimising spurious matches (Amorim et al., 2014). The 
probabilistic method assigns probabilities to potential matches based on 
shared characteristics between records, utilising algorithms like the 
Fellegi-Sunter algorithm or probabilistic record linkage method (Victor 
& Mera, 2001). Numerous studies have utilised the probabilistic 
method, such as Edwards & Gutierrez (2023), Soltani et al. (2022), and 
Wilson et al. (2012). In contrast, the deterministic method creates direct 
matches between records based on predetermined rules or precise 
matching criteria (Shlomo, 2019). Several studies, such as Tainter 
(2020) and Kamaluddin (2019), have utilised deterministic methods. 
Studies like Watson et al. (2015) and Amorim et al. (2014) have utilised 
both deterministic and probabilistic approaches. 

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 be
tween 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 practices affect linkage rates. Variations in linkage ter
minology and definitions might cause misunderstanding and inconsis
tency when comparing outcomes across studies. 

Record linkage can be separated from the analysis of linked records 
to safeguard subjects’ privacy and adhere to ethical standards. This is 
accomplished by involving two distinct groups: the Investigators group, 
which is responsible for accessing original sensitive data, and the link
age group, which is responsible for the actual record linkage, using 
project person numbers (PPN) in lieu of personally identifiable infor
mation (Dusetzina et al., 2014). This separation protects the privacy of 
individuals while allowing for efficient and secure data linkage. 

4.10. Software tools and statistical tests used 

Among the selected studies, LinkSolv and Linkage Wiz were the 
software tools utilised most frequently. Automatch, SPSS, SAS, Microsoft 
SQL, MapInfo, manual, R and R-studio, and self-written programmes 
were also utilized. The statistical methods included both descriptive 
(such as frequencies, proportions) and inferential tests such as Chi- 
square (15 studies), Logistic regression (six studies), Cramer’s V (five 
studies), Ordered probit regression (three studies), and Poisson regres
sion (two studies). 

4.11. Linkage quality and linkage rate 

The quality of linkage is critical in record linkage studies as it de
termines the extent to which linked records accurately represent the 
same individuals or entities across different datasets. Assessing and 
ensuring linkage quality is essential for drawing valid conclusions and 
making reliable inferences from linked data (Elstad et al., 2023). Errors 
in data linkage can introduce bias and lead to inaccurate results if not 
reported properly (Harron et al., 2017). These errors may arise from 
factors such as the absence of unique identifiers, missing identification 
information, or flaws in the linkage program itself (Christen & Goiser, 
2007). To address these issues, transparency, and documentation of the 
linkage process, including limitations and steps taken to address errors, 
are crucial. Sensitivity analyses and evaluating the robustness of linkage 
results can further help assess the impact of potential errors (Harron 
et al., 2020; Harron et al., 2017). 

Linkage rate is the percentage of records linked across data sources to 
produce a more complete database. In many cases, however, the 
methods for assessing the completeness of linkage were also inconsistent 
(Bohensky et al., 2010). The “Separation Principle” refers to arrange
ments in when linkage and analysis are separated and data transformity 
are organised so that the investigator never has access to direct identi
fiers (ABS, 2010). In an extension of separation, direct identifiers are 
encrypted before being provided to the linkage service, all records for a 
study being encrypted in the same way (Lim et al., 2022). 

In the selected studies, the terminology used to describe the match
ing procedure can vary, leading to potential confusion when comparing 
outcomes. Different measures of the linkage process are introduced. 
Most commonly used measures are: linkage rate (Rosman & Knuiman, 
1994; Conderino et al., 2017), share of linked records (Ceklic et al., 
2021), success rate (Cryer et al., 2001), match rate (Hosseinzadeh et al., 
2022; Tarko and Azam, 2011; Kudryavtsev et al., 2013; Langley et al., 
2003; Santiago et al., 2020; Tin Tin et al., 2013), matching rates (Tainter 
et al., 2020; Kamaluddin et al., 2019), matching records (Lujic et al., 
2008), match probability (Curry et al., 2019), discordance rate (Tsui 
et al., 2009; Edwards & Gutierrez, 2023; Soltani et al., 2022; Watson 
et al., 2015), reporting rate (Amorim et al., 2014) and false positive/ 
false negative rates (Amorim et al., 2014). 
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The term “match rate” refers to the proportion or percentage of re
cords from one dataset that successfully match or link with records from 
another dataset (Sciortino et al., 2005). Similar to this, the term “linkage 
rate” refers to the proportion or percentage of records that have been 
successfully linked or matched between the two databases (Conderino 
et al., 2017). The term “discordance rate” often refers to the percentage 
or rate of records that do not match or align between the two databases 
(Watson et al., 2015). The accuracy of the linkage process is also eval
uated using the words “false positive rate” and “false negative rate” 
(Mitchell, et al., 2014; Conderino et al., 2017). In contrast to the false 
negative rate, which reflects the proportion or percentage of missed 
matches or links that are not detected by the linkage process, the false 
positive rate is the proportion or percentage of wrong matches or links 

that are incorrectly identified by the linkage process. 
However, the measures of linkage rate, do not necessarily reflect the 

quality of the linkage. In other words, achieving a high linkage rate does 
not guarantee a high-quality linkage (Bohensky, 2015). In these cases, 
false negatives are almost impossible to determine and therefore linkage 
quality is also impossible to determine (at least for researchers). As 
studies use different denominators, comparing the ‘data linkage rates’ 
can be challenging. Some are interested in how many injury records link 
with a hospital record - police data being the denominator (Amorim 
et al., 2014), while others are mainly interested in how many road crash 
injury hospital records link to a road crash record - hospital data being 
the denominator (Rosman & Knuiman, 1994; Ceklic et al., 2021). Some 
studies are interested in both (Short and Caulfield, 2016). The denom
inator or ‘direction’ of the linkage really matters in how these rates (or % 
linked) are interpreted and what the implications are. There are also 
some who are expecting full ascertainment and so the ‘linkage rate’ cited 
is seen as a reflection of linkage quality and effectiveness. 

In their population-based research on urban India, Dandona et al. 
(2008) reported a 22 % under-reporting of fatal road traffic injuries, and 
Cryer et al. (2001) found that manual linkage to hospital admissions 
data in pedestrian crashes was 72 % successful. Linkage rates vary by 
injury type and mode of travel. Rosman & Knuiman (1994) reported a 
64 % hospital-to-police link rate, but the proportion varied from 29 % 
for motorcyclists in single-vehicle accidents to 79 % for motor vehicle 
drivers. Santiago et al. (2020) reported a significant difference in match 
rates between the deterministic approach (52.38 %) and the probabi
listic method (70.41 %). The match rate between the two databases of 
hospital and police records was 70.5 % in average in a data linkage 
project in Malaysia, the matching rate was highest for the highest 
severity level (Kamaluddin et al., 2019). Wilson et al. (2012) reported an 
average connection rate of 46.2 %, while linking rates varied by injury 
severity, injury site, injury type, age and duration of hospital stay. 
Linkage rates for moderate injuries varied by age, injury type, and length 
of hospital stay. Only age and length of hospital stay were substantially 
linked with linkage rate variations in major injuries. The linking rate 
rose with increasing degrees of injury severity and was significantly 
lower for specific ethnic groups of those injured (Rosman & Knuiman, 
1994). 

The reporting deficiency in data linkage reports may arise from a 
lack of accessible information about the specific data linkage process 
used in the dataset (Palamuthusingam et al., 2019). In some projects, the 
data used were linked by a trusted third party, leading to uncertainties 
about the precise details of the linkage process (Elstad et al., 2023). The 
reviewed studies provided limited clarity on how much the authors 
knew about specific aspects of the linkage process employed for their 
dataset. Insufficient information was often provided concerning the 
dataset’s origin, linkage variables utilized, methods employed, and the 
assessment of linkage outcomes. The absence of insights into the 
decision-making during the linkage process hampers a comprehensive 
understanding of the dataset used for analysis (John et al., 2014). 

5. Discussion 

5.1. Underestimation and bias in reporting vulnerable groups 

Many studies have found that police-reported data underestimates 
road traffic injuries and by different degrees for different road user types 
thus integrating multiple sources improves injury statistics. Lombardi 
et al. (2022) revealed that hospital data identified underrepresented 
groups better than police data, stressing the need for multiple data 
sources. Lopez et al. (2000) found police reports and trauma registry 
data enhance severity categorisation. Hospital-EMS record integration 
may improve injury data accuracy, but its limitations require more 
investigation. 

The selected studies have found that police-reported injury data 
undercounts injuries especially for non-motorised modes and for 
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Table B1 
Evolution of key terms in the area of data linkage of road crash data and hospital crash data.  

Concept Term 1 Term 2 Term 3 Term 4 Term 5 Term 6 Term 7 Term 8 

Crashes Crashes (Janstrup et al., 
2016; Lopez et al., 2000; 
Kamaluddin et al., 2019 
Wilson et al., 2012; 
Benavente et al., 2006; 
Mitchell et al., 2015) 

Collisions (Soltani et al., 2022; 
Stutts and Hunter, 1999; Alsop 
2001; Sciortino et al., 2005) 

Road accidents (Ferreira 
et al., 2015; Barchielli 
et al., 2002; Aptel et al., 
1999; Couto et al., 2016 

Traffic accidents Hu 
et al., 2011; Paixão 
et al., 2015a; 
Weijermars 2016;  
Amorim et al., 2014; 
Abdulatif 2017 

Motor vehicle crashes 
Weijermars 2016; Wilson 
et al., 2012; Alsop 2001;  
Alzaffin et al., 2023; Ceklic 
et al., 2021; Tainter et al., 
2020 

Incidents 
Edwards 2023;   

Injury severity Injury severity Cryer et al., 
2001; Bambach et al., 2015;  
Alzaffin et al., 2023; 
Roseman & Knuiman, 1994; 
Hosseinzadeh & Kluge, 2022; 
Tarko & Azam, 2011 

Severity of injuries Barchielli 
et al., 2002 

Crash severity (Tainter 
et al., 2020 

Traffic injury severity  
Tarko & Azam, 2011     

Police data Police data Barchielli et al., 
2002 

Police reports Janstrup et al., 
2016; Paixão et al., 2015a;  
Wilson et al., 2012 

Police-reported 
information (McDonald 
et al., 2009 

Police-reported data Hu 
et al., 2011; Schneider 
et al., 2023; 
Hosseinzadeh & Kluge, 
2022 

Police records (Lujic et al., 
2008; Kamaluddin et al., 
2019; Lateef) 

Police 
reporting  
Jeffrey et al., 
2008   

Data linkage Data linkage Lujic et al., 
2008; Kamaluddin et al., 
2019; Wilson et al., 2012; 
Curry et al., 2019 

Linked police-hospital data ( 
Alzaffin et al., 2023) 

Record linkage (Tainter 
et al., 2020) 

Linked dataset (Wilson 
et al., 2012) 

Linked database (Cryer 
et al., 2001; Couto et al., 
2016) 

Linked data ( 
Watson et al., 
2015; Ceklic 
et al., 2021 

Police- 
hospitalisation 
linked data ( 
Mitchell et al., 
2015)  

Hospital data Hospital data (Curry et al., 
2019; Bambach et al., 2015;  
Sciortino et al., 2005; Aptel 
et al., 1999) 

Hospital or hospitalisation 
records (Kamaluddin et al., 
2019; Wilson et al., 2012; 
Edwards 2023; Bambach et al., 
2015; Amorim et al., 2014; 
McDonald et al., 2009) 

Hospital discharge data 
(Weijermars 2016;  
Wilson et al., 2012; 
McDonald et al., 2009) 

Medical records ( 
Ferreira et al., 2015; 
Janstrup et al., 2016; 
Benavente et al., 2006; 
Roseman & Knuiman, 
1994) 

Prehospital data (Gonzalez 
et al., 2006) 

Hospital 
injuries data ( 
Janstrup et al., 
2016) 

Patient data 
(Edwards, 2023) 

Hospital 
admission 
data (Cryer 
et al., 2001) 

Injury patterns Injury patterns (Weijermars 
2016; Cryer et al., 2001; 
Roseman & Knuiman, 1994) 

Injury location 
(Lateef, 2017; Boufous et al., 
2008; Kudryva et al., 2013; 
Hosseinzadeh & Kluge, 2022) 

Injury sites (Wilson et al., 
2012) 

Injury types (Wilson 
et al., 2012) 

Injury characteristics ( 
Wilson et al., 2012) 

Injury specifics 
(Benavente 
et al., 2006)   

Data linkage Data linkage (Edwards 2023;  
Benavente et al., 2006; 
Amorim et al., 2014; Tainter 
et al., 2021) 

Record linkage (Barchielli 
et al., 2002) 

Linked data (Wilson et al., 
2012; Tarko & Azam, 
2011) 

Data integration ( 
Conderino et al., 2017; 
Abdulatif 2017; 

Data fusion (Alzaffin et al., 
2023)    

Under reporting Under reporting (Ferreira 
et al., 2015; Janstrup et al., 
2016; Jeffrey et al., 2008; 
Wilson et al., 2012; Lateef; 
Edwards 2023; Dandona 
2008; Amoros et al., 2006) 

Reporting bias 
(Janstrup et al., 2016; Cryer 
et al., 2001; Watson et al., 
2015; Sciortino et al., 2005; 
Amoros et al., 2006) 

Misclassification (Ferreira 
et al., 2015; Bambach 
et al., 2015; Watson et al., 
2015; Couto et al., 2016) 

Under estimation Over estimation    

Injuries Injuries (Sciortino et al., 
2005; Alzaffin et al., 2023) 

Non-fatal injuries (Tainter 
et al., 2020) 

Casualty (Ferreira et al., 
2015; Jeffrey et al., 2008; 
Cryer et al., 2001; Amoros 
et al., 2006) 

Non-fatal traffic injuries 
(Ferreira et al., 2015; 
Aptel et al., 1999) 

Traffic-related injuries ( 
Conderino et al., 2017)    

Data quality Data quality (Conderino 
et al., 2017; Jeffrey et al., 
2008; Benavente et al., 2006; 
Mandacaru et al., 2017) 

Data accuracy 
(Conderino et al., 2017; 
Bambach et al., 2015; 
Abdulatif 2017; McDonald 
et al., 2009) 

Data verification ( 
McDonald et al., 2009; 
Kudryva et al., 2013) 

Data completeness ( 
Conderino et al., 2017; 
Barchielli et al., 2002) 

Data validity (Wilson et al., 
2012; Amorim et al., 
2014Data reliability 
(Abdulatif 2017; Kudryva 
et al., 2013) 

Data integrity 
(Bambach 
et al., 2015)    
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socially-disadvantaged groups. Short and Caulfield (2016) found twice 
as many clinically significant injuries according to hospital records as 
were reported by police, while Tin et al. (2013) found that at least 70 % 
of self-reported pedal cyclist crashes were not reported to police. Police 
records are commonly not sufficient to assess injury diagnosis. These 
studies also found police crash data underreports pedestrian injuries. 
Sciortino et al. (2005) found that police crash records underreported 
pedestrian injuries by 21 %, notably African-American and female pe
destrians. These studies demonstrate the importance of trustworthy road 
traffic injury data for road safety policies and activities. They emphasise 
the need for combining multiple data sources and approaches to 
adequately capture road traffic injuries and reduce under-reporting. 
Vehicle type, casualty age, gender, and region may impact injury 
reporting. 

The selected studies highlight the need to consider differences be
tween road user types especially vulnerable road users. Wang et al. 
(2019) found that pedestrians were the most vulnerable road users in a 
study in China, whereas Weijermars et al. (2016) found that Dutch 
moped riders had the lowest hospital discharge record completeness. 
Governments and public health officials may use these trends to 
implement policies that reduce injuries and fatalities. 

5.2. Method of linkage 

The selected studies underscore the significance of probabilistic re
cord linkage. The absence of unique identifiers in datasets poses chal
lenges for accurate linkage, often necessitating the adoption of 
probabilistic record linkage as the preferred method (Amorim et al., 
2014). Santiago et al. (2020) demonstrated the superior efficiency and 
accuracy of probabilistic record linkage compared to deterministic 
linking. Short and Caulfield (2016) employed probabilistic record link
age to estimate the size of injury datasets and discovered that clinically 
significant injuries were twice as numerous as those reported by the 
police. Probabilistic record linkage accommodates imperfections in 
identifiers and has the potential to capture more genuine matches. 

Most included studies did not provide a rationale for the chosen 
linkage approach, making it difficult to ascertain the prevailing data 
linkage method. Each method has its merits and drawbacks, contingent 
on the research topic and available data. The selection of a linkage 
method depends on factors such as data quality, availability of direct 
identifiers, research objectives and subjective judgment (Dusetzina 
et al., 2014). A linkage algorithm’s accuracy is measured using speci
ficity, sensitivity, positive predictive value, and negative predictive 
value (Dusetzina et al., 2014). 

Deterministic methods are recommended for information-rich sce
narios with high-quality identifiers due to their ease of implementation 
and interpretation (Haneef et al., 2022). In information-poor or low- 
quality data situations, probabilistic methods outperform deterministic 
methods. Even in information-rich scenarios, researchers studying rare 
diseases may opt for probabilistic methods to maximize sample size. 
Ultimately, the decision hinges on the researchers’ goals, budget, 
timeline, and available resources, representing the “art” of record link
age. Each researcher must carefully weigh the advantages and disad
vantages to select the most suitable method for their project’s context 
and research question (Dusetzina et al., 2014). 

There are two broad reasons to use multiple data sources, combined 
by record linkage, when studying road crash injuries. One reason is to 
improve case ascertainment. The other is to add to what is known about 
ascertained cases (e.g. police data may be the richest source of infor
mation about crashes, while hospital data may be the richest source on 
injuries sustained in the crashes). Under some circumstances, linkage of 
multiple data sources, all of which record crashes in the same popula
tion, can be seen as equivalent, or nearly equivalent, to the capture- 
recapture method (Morrison and Stone, 2000). Conceiving a linked 
data study as a capture-recapture project carries the benefit of encour
aging consideration of whether the data sources used satisfy the 

assumptions required for validity of that method, notably independence 
of the sources, adequate quality of the data and non-transience of the 
population to which the data refer (Morrison and Stone, 2000; Jarvis 
et al., 2000). Morrison and Stone (2000) concluded that while the police 
and health sources they used for road fatalities were nearly complete, 
the sources they used for non-fatal cases were much less complete and 
exhibited properties that led them to conclude that ascertainment- 
adjusted rates should be viewed with caution. A similar caveat is 
likely to apply to the findings of many other road injury linkage projects, 
though not all provide as clear a statement of the problem. While the 
analogy with capture-recapture is useful, it is not exact. Crash data and 
hospital data are inherently different sources and can be expected to 
have overlapping but different scope of inclusion. 

5.3. Ambiguity in terminology of data linkage 

The terminology and language may confuse linkage and matching 
studies. This also applies to hospital data descriptions, which may be 
complicated. Some studies refer to hospital data as a general term 
(Sciortino et al., 2005; Aptel et al., 1999), while others may refer to 
discharge data or inpatient/outpatient data or hospital admission/stay 
data (Conderino et al., 2017; Short & Caulfield, 2016; Tsui et al., 2009). 
Linkage project metrics vary, which may make it difficult to compare 
studies. This variance in metrics may make linkage results hard to 
compare. Another concern is the heterogeneity of previous studies’ case 
number reporting. Certain studies may provide information on the 
volume of police and/or hospital data records (Ferreira et al., 2015), 
whereas others may not explicitly disclose the number of records 
(Abulatif et al., 2018). However, a majority of studies have reported 
both the size of crash data from law enforcement agencies and health 
sector data (Ceklic et al., 2021; Curry et al., 2019; Conderino et al., 
2017; Amorim et al., 2014; Dandona et al., 2008; Cryer et al., 2001). 
This poses a challenge in determining the magnitude of records and 
doing comparative analysis with other research investigations. 

In linkage studies, it is important to consider the limitations of 
relying solely on the linkage rate as an indicator of linkage quality. 
Researchers should strive for transparency in the linkage process, 
acknowledge potential errors, and implement measures to ensure the 
reliability and validity of the linked data. Given these issues, global 
linkage initiatives’ methodologies and results should be reported in a 
standardised manner. By adopting standard terminology and metrics, 
researchers may be able to better compare studies, find linkage, and find 
matching best practises. Data utilisation and the analytical findings may 
improve. 

5.4. Standardisation of injury coding 

The studies emphasised diagnosis and injury severity classification. 
Over half of studies used the ICD to classify and code injuries, allowing 
for more standardised comparable assessments (Short and Caulfield, 
2016; Sciortino et al., 2005). For instance, Bambach and Mitchell (2015) 
used the ICD-10 injury diagnoses S00-T89 to determine the severity of 
the injury by calculating the Survival Risk Ratio for each individual 
code. Using the ISS, Tsui et al. (2009) revealed that police injury grading 
differs from the 12-h hospital stay criteria. Coding criteria may have 
influenced injury counts in several studies. Moore et al. (2016) noted 
that the decentralised system caused jurisdictional variances in data 
linked, linkage methods, and approval procedures, making multi- and 
cross-jurisdictional research more difficult than with a uniform national 
approach. 

5.5. The gap between middle-income and high-income countries 

Data linkage has helped identify and classify road traffic injuries in 
middle-income and high-income countries, but it also presents chal
lenges. High-income countries have more resources to collect and 
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handle data than low-income countries (Imprialou & Quddus, 2019; 
Kamaluddin et al., 2019; Tercero & Andersson, 2004). Low- and middle- 
income countries need trustworthy data systems to identify road safety 
issues and track progress (Mandacaru et al., 2017), given their larger 
proportion of road crash injuries and fatalities, for example in the 
context of Iran (Soltani and Askari, 2017; Soltani and Askari, 2014). 
Data linkage may improve road safety in low- and middle-income 
countries, but many nations need more data infrastructure and capac
ity training (Heydari et al., 2019). Most low-income countries have 
people, infrastructural, and budgetary restrictions that hinder big data 
management (Luna et al., 2014). These issues may be addressed by 
government agencies, academic institutions, and other stakeholders 
(Suriyawongpaisal & Kanchanasut, 2003). Gutierrez et al. (2022) found 
that local epidemiological data sources in low- and middle-income 
countries may improve global estimates and boost local stakeholders’ 
trust. 

5.6. Standard reporting 

Documentation and support for researchers regarding data linkage 
methodology play a crucial role in ensuring transparency and accessi
bility of linked data (National Academies of Sciences, Engineering, and 
Medicine, 2022). Some studies examined the shortcomings and chal
lenges of data linkage in identifying road traffic injuries, such as the lack 
of regulation and national standardisation of reporting instruments 
(Paixão et al., 2015b; Reurings and Stipdonk, 2011). A common critique 
of such studies is the lack of detailed information on the linkage process, 
which affects transparency and reproducibility (Elstad et al., 2023; 
Soneson et al., 2023). Without understanding the methodology and 
potential sources of error, accurate interpretation of results becomes 
challenging. To enhance transparency and enable readers to gauge the 
quality and potential biases introduced by the linkage process, studies 
should improve the reporting of data linkage information. Providing 
comprehensive details about the data linkage process is essential for the 
accurate interpretation and reproducibility of study results. 

Insufficient reporting of data linkage can introduce unknown bias, 
compromising the validity and reliability of study findings (Bohensky 
et al., 2011). By contrast, efforts to enhance data linkage reporting can 
contribute to increased openness and replicability in the research (Mars 
et al., 2016; Gilbert et al., 2018). Better reporting of methods and 
sources would be valuable for researchers seeking to replicate study 
findings, facilitating knowledge transfer from high-income countries to 
lower income countries, and assisting policymakers in gaining insights 
from the data linkage literature. To ensure proper interpretation, it is 
crucial to provide comprehensive information about the data linkage 
process in research publications. This includes details on dataset origin, 
variables used for linkage, methods employed, the rate of missing data, 
and linkage quality evaluation. Transparent reporting promotes under
standing, replication, and critical evaluation of study findings (Mourby 
et al., 2019). 

5.7. Data linkage challenges 

There are challenges involved in the linkage of clinical data with 
road traffic injury data. These challenges include ethical, legal, cultural, 
and technical issues. Mitchell et al. (2014) state that the ethical chal
lenges associated with the use of personal data include authorization, 
transparency, and the potential for damage to individuals or organisa
tions. Legal challenges include privacy restrictions, data ownership and 
exchange restrictions, and prohibitions on the use of personal informa
tion (Kalkman et al., 2022). Sharing or using personal data for research 
may be illegal (Tulu et al., 2013; Ameratunga et al., 2006; Sur
iyawongpaisal & Kanchanasut, 2003). Data linkage projects require 
careful consideration of privacy concerns and the need to protect indi
vidual privacy (Elstad et al., 2023). 

Cultural differences in data sharing and privacy, as well as 

confidence and privacy concerns, are challenges (Dhillon and Torkza
deh, 2006). Combining data from multiple systems, formats, and qual
ity, and missing data are technological challenges. Regulations, 
procedures, investments in new technology and infrastructure, stake
holder engagement, and communication concerns are further challenges 
(Engin et al., 2020). These risks include erroneous or incomplete data 
from human or computer mistakes in collection, storage, and categori
zation (Clark, 2004). Leakage of data compromises people’ privacy by 
disclosing their names and sensitive information (Nair & Tyagi, 2021). 
Discrimination is another potential risk (Gopal et al., 2021; Prince & 
Schwarcz, 2019). Legal difficulties related to personal information 
collection, usage, and sharing, data ownership, and access, as well as 
abuse of linked information by those with access, are also a risk (Tik
kinen-Piri et al., 2018). Protections, ethical standards, and stakeholders 
should be included in research design and regulatory systems to reduce 
these risks. 

Police-hospital data linkage systems face challenges such as data 
harmonisation, anonymizing sensitive police data, and accessing confi
dential health information (Brophy et al., 2023). Data harmonisation 
across diverse police systems, anonymizing narrative-based sensitive 
police reports, accessing confidential health data, ensuring data accu
racy and completeness, and assessing data linkage benefits are chal
lenges in different countries (Brophy et al., 2023; Cherry et al., 2018). 
However, not all studies reviewed in this paper reported obtaining 
approval from human research ethics committees, or described other 
aspects of project operation relevant to the privacy and safety of the 
people whose records were used. 

5.8. Cutting-edge technologies in data linkage 

Data linkage has become simpler with the rapid growth of data sci
ence techniques such as machine learning, data mining, and big data 
(Raghupathi & Raghupathi, 2014). These methods may identify dupli
cation and normalise variables across data sets (Vatsalan et al., 2017). 
These techniques may reveal traffic crash causes and injuries, which 
may inform road safety laws and measures. Advanced machine learning 
algorithms may uncover patterns and trends in enormous data sets that 
statistical methods may overlook (Gkoulalas-Divanis et al., 2021). Nat
ural language processing can assess police and medical reports. Data 
visualisation techniques may help stakeholders and decision-makers 
understand complex data. Interactive dashboards enable data analysis 
and report customisation (Raghupathi & Raghupathi, 2014). Machine 
learning and big data may identify road safety threats including crashes 
and injuries in real time (Torbaghan et al., 2022). Prediction algorithms 
may detect motor vehicle collision and injury risk variables via data 
mining. 

Improved accuracy, scalability, flexibility, automated feature engi
neering, real-time linkage, handling missing data, learning complex 
relationships, decreased human error, cost-efficiency, and continuous 
improvement are just a few of the benefits that machine learning brings 
to data linkage projects (Ranbaduge et al., 2023; Martinez-Garcia and 
Hernández-Lemus, 2022). By automating the linking process, adjusting 
to different data formats, and scaling effectively to accommodate huge, 
complicated datasets, it performs better than traditional approaches, 
eventually lowering mistakes and costs while enabling real-time updates 
and advanced pattern identification. 

5.9. Research limitations and future research 

This systematic review was limited to English language studies, 
which resulted in the omission of several papers published in diverse 
geographical and social contexts. Our search for published papers was 
limited to three widely used bibliographic databases (PubMed, Web of 
Science, Scopus). Use of additional sources, particularly the Transport 
Research International Database (TRID) as a leading worldwide au
thority in transportation research, may have improved 
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comprehensiveness. Additionally, our review did not extend to the grey 
literature, book chapters, industry or governmental reports, non- 
refereed working papers, and conference proceedings. Inclusion of 
which could have provided further insights. Grey literature may provide 
data not found within commercially published literature, providing an 
important forum for disseminating studies with null or negative results 
that might not otherwise be disseminated. Grey literature may thus 
reduce publication bias, increase reviews’ comprehensiveness and 
timeliness, and foster a balanced picture of available evidence (Paez, 
2017). The sophisticated technical aspects involved in data linking, 
including algorithms, conceptual models, and complex technological 
parameters and issues, can result in papers being available online but 
not being included in journals or peer-reviewed publications. Hence, we 
would recommend that future research initiatives embrace a more in
clusive methodology by exploring various types of grey literature. 
Implementing this comprehensive approach will guarantee a more 
comprehensive evaluation, avoiding the omission of crucial observa
tions and enhancing the thoroughness of analysis in data linkage in
vestigations. The scope of this research was limited to data linkage 
papers that provided sufficient detail on the linkage process and its 
outcomes. As a result, some studies with only brief descriptions of data 
linkage but with a focus on the applications of linked data for analysing 
traffic crashes were not included. Adding further datasets—like pre
hospital/ambulance and insurance data—could broaden the study’s 
focus and advance knowledge of the subject. 

Future research directions in data linkage include improving 
methods for accuracy, timeliness, and efficiency, enhancing data quality 
and completeness, standardizing data collection, and investigating fac
tors influencing injury severity discrepancies. Harmonizing police and 
hospital data collection, storage, categorisation, and addressing missing 
data are crucial considerations. Understanding how data linkage is uti
lized across high-income, middle-income, and low-income countries, as 
well as within regions and nations, is essential for developing flexible 
data linkage methods. Examining the impact of data linkage on the 
quality and scope of injury research and its contribution to evidence- 
based policymaking is also a research priority. Additionally, assessing 
biases in estimates of vulnerable road users and marginalized groups is 
important for targeting injury prevention strategies effectively. More
over, there is a need to fully leverage cutting-edge technologies like 
machine learning and artificial intelligence in order to overcoming 
existing challenges and unlocking the full potential of data linkage 
studies. 

6. Conclusion 

Improving the accuracy and completeness of injury data is the main 
goal of data linkage studies in the field of road traffic injury research. 
These studies highlight the persistent bias and underreporting in police- 
reported data, highlighting how important it is to integrate data from 
many sources—especially hospital records—to address these problems. 
Our analysis highlights the superiority of hospital data over police data 
in identifying marginalised and vulnerable populations, an important 
finding for developing public health and traffic safety strategies. 
Furthermore, these studies emphasise the necessity of considering var
iations across different types of road users, with an emphasis on the 
increased susceptibility of pedestrians and specialised user groups. 

To standardise injury severity categorisation and data and enable 
more comparative evaluations, the adoption of standardised coding 
systems such as ICD is essential. Moreover, the increasing assimilation of 
sophisticated data science methods, such as machine learning, is indic
ative of the changing terrain of data linkage approaches that adjust to 
the requirements of every research setting. Studies of data linking show 
a great deal of variation in several areas, including data sources, tech
niques, software, environments, and time spans. There is a rising trend 
towards merging primary data sources, such as hospital records and 
police reports, to improve the comprehensiveness of data on traffic 

injuries. Because many datasets lack homogeneous unique IDs, proba
bilistic record linking emerges as the ideal technique, with the option 
between probabilistic and deterministic linkage methods driven by 
contextual factors like data quality, research goals, and resource avail
ability. While the discussion of software tools used is limited, it signals 
an area for potential research and standardisation. Research settings 
encompass a spectrum from high-income to middle-income countries, 
reflecting resource disparities and challenges. The temporal scope of 
investigations varies, with some studies focused on short-term analyses 
while others take a longitudinal perspective to capture evolving trends 
and patterns. 

Our investigation ends with a focus on rural road safety concerns and 
vulnerable road users, such as young people, motorcyclists, and pedal 
cyclists. Working together, legislators and public health specialists may 
create sophisticated linking plans that will reduce traffic injuries 
worldwide. The journey ahead entails negotiating challenges with 
linking rates, geographical variations, harmonising law enforcement 
and healthcare data gathering procedures, and setting strict quality 
evaluation criteria. Particularly in less-studied economic contexts, data 
linking practises might differ greatly between nations and regions. 
Further work is required to develop adaptable methods and advance fair 
road safety initiatives. When recognised limitations are addressed, data 
linkage becomes a powerful instrument for improving traffic safety and 
minimising injury. To support research replication and evidence-based 
policymaking, standardising data linking practises and improving 
reporting protocols are essential first steps. Research integrity and 
practical value can be greatly increased by reporting data connection 
projects with specific suggestions for data sources, matching criteria, 
and quality control. Prospects for data-driven road safety solutions 
appear bright when efforts are directed towards improving data link 
procedures. 

Policymakers and public health authorities may use this study to help 
develop focused measures that will lower the number of road fatalities 
and injuries. In addition to highlighting the value of data linking for 
improvement, it also emphasises the advantages of combining data from 
other sources, such ambulance records, to combat underreporting and 
get complete crash information, including exact location data. The 
incorporation of information from many sources, such as hospital re
cords and ambulance data, holds potential to enhance approximations 
and expand comprehension of traffic-related injuries. This will enable 
the creation of precisely focused interventions and well-informed 
policymakers. 
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