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Exploring the effectiveness of artificial
intelligence, machine learning and deep
learning in trauma triage: A systematic review
and meta-analysis

Oluwasemilore Adebayo1 , Zunira Areeba Bhuiyan1 and Zubair Ahmed1,2

Abstract

Background: The development of artificial intelligence (AI), machine learning (ML) and deep learning (DL) has advanced
rapidly in the medical field, notably in trauma medicine. We aimed to systematically appraise the efficacy of AI, ML and
DL models for predicting outcomes in trauma triage compared to conventional triage tools.

Methods: We searched PubMed, MEDLINE, ProQuest, Embase and reference lists for studies published from 1 January 2010
to 9 June 2022. We included studies which analysed the use of AI, ML and DL models for trauma triage in human subjects.
Reviews and AI/ML/DL models used for other purposes such as teaching, or diagnosis were excluded. Data was extracted on
AI/ML/DL model type, comparison tools, primary outcomes and secondary outcomes. We performed meta-analysis on studies
reporting our main outcomes of mortality, hospitalisation and critical care admission.

Results: One hundred and fourteen studies were identified in our search, of which 14 studies were included in the systematic
review and 10 were included in the meta-analysis. All studies performed external validation. The best-performing AI/ML/DL
models outperformed conventional trauma triage tools for all outcomes in all studies except two. For mortality, the mean
area under the receiver operating characteristic (AUROC) score difference between AI/ML/DL models and conventional
trauma triage was 0.09, 95% CI (0.02, 0.15), favouring AI/ML/DL models (p= 0.008). The mean AUROC score difference
for hospitalisation was 0.11, 95% CI (0.10, 0.13), favouring AI/ML/DL models (p= 0.0001). For critical care admission, the
mean AUROC score difference was 0.09, 95% CI (0.08, 0.10) favouring AI/ML/DL models (p= 0.00001).

Conclusions: This review demonstrates that the predictive ability of AI/ML/DL models is significantly better than conventional
trauma triage tools for outcomes of mortality, hospitalisation and critical care admission. However, further research and in
particular randomised controlled trials are required to evaluate the clinical and economic impacts of using AI/ML/DL models
in trauma medicine.
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Introduction
Technological innovation has been at the forefront of recent
global development. Arguably the fastest rate of develop-
ment has been in the field of artificial intelligence (AI),
especially in the medical profession.1 AI refers to the cap-
ability for inhuman systems to make decisions based on
input data (Figure 1).2 Machine Learning (ML) is a
branch of AI that aims to create decision-making algorithms
that gradually improve as they are exposed to data.2 The
algorithms are then able to recognise vital data motifs for
given outcomes which are subsequently stored in model
parameters—set values which determine how the model
stores and processes data. Deep learning (DL) is a further
subset which creates models capable of learning and apply-
ing complex data patterns.2,3

Most AI models are created using a specific structure,
beginning with inputting data from a large database to
develop a model with the ability to generate a useful
output. This is often used to solve a pre-defined objective.
In medicine, these objectives can be patient diagnosis or
prognosis,4 drug discovery5 or note transcription.6 AI is
commonly employed in visually oriented specialties, such
as dermatology, to assist clinicians in detecting skin
cancer4,7; ophthalmology, for identification and grading
of diabetic retinopathy; or radiography, to analyse chest
radiographs.8–10 However, an underexplored area in
which AI may be able to play a major role is in trauma
triage.

Triage is the categorisation of patients by healthcare pro-
fessionals based on the severity of their injuries.11 This
ensures patients are at the right location with the right
resources, at the right time, and are given the correct man-
agement.12,13 Patients with the greatest risk of preventable

adverse outcomes are categorised as Priority 1 (P1); there-
fore urgent and accurate identification of such patients is
vital.12 Optimal triage limits preventable disability and
death and avoids the overburdening of emergency depart-
ments.14 Incorrect triage leads to over-triage, when non-
critically injured patients are transferred to higher level
facilities or under-triage, when critically injured patients
are not transferred to a specialised trauma team.15,16

Either consequence results in poor patient outcomes, mis-
allocation and overwhelming of emergency and surgical
resources.17

Currently, conventional triage tools such as the National
Early Warning Score, Modified Early Warning Score,
Revised Trauma Score (RTS), Trauma and Injury
Severity Score (TRISS) and many more are used by physi-
cians depending on hospital guidance.18,19 All triage tools
require basic physiological data such as respiratory rate,
systolic blood pressure, heart rate, capillary refill time and
Glasgow Coma Scale.12,19 Physicians are then able to
merge this knowledge with diagnostic reasoning to deter-
mine the patient’s potential trauma outcomes and triage
destination. This is commonly through the analytical rea-
soning approach, combining previous knowledge and
experience with existing data to make decisions.20

However, a limitation of using triage tools is the depend-
ence on the physician’s decision making. Whilst this is
often accurate, it can be compromised due to the high
levels of stress common in trauma care. In addition,
certain triage tools require detailed physical examinations
or history taking, which may be susceptible to physician
variability.21 This creates a system where the accuracy of
triage tools is dependent on a physician’s level of experi-
ence and skill.

Utilising the prognostic predictive abilities of AI, ML
and DL, combined with the increasing availability of
large trauma databases such as the Trauma Audit &
Research Network22 may offer an avenue to overcome the
limitations of conventional triage tools. Whilst there is a
review by Liu, 2014 which evaluates ML for predicting out-
comes in trauma,23 there are no systematic reviews to date
which analyse the effectiveness of various AI, ML and DL
models in trauma triage. Therefore, this systematic review
aimed to critically appraise the effectiveness of AI, ML
and DL models at predicting outcomes in trauma triage.
A meta-analysis was further performed to assess the accur-
acy of AI, ML and DL models predicting outcomes of mor-
tality, hospitalisation and critical care admission compared
to conventional triage tools.

Methods

Search strategy and selection criteria

This systematic review and meta-analysis was performed in
accordance with the Preferred Reporting Items for

Figure 1. Diagrammatic representation of the relationship between
artificial intelligence, machine learning and deep learning. AI:
artificial intelligence; ML: machine learning; DL: deep learning.
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Systematic Reviews and Meta-Analysis (PRISMA) guide-
lines.24 The systematic review was not registered in
PROSPERO or any other database.

Two reviewers (OA and ZA) independently searched
PubMed, Ovid MEDLINE, ProQuest and Embase databases
for primary research published from 1 January 2010 to 9
June 2022. The search was performed on 9 June 2022. A tai-
lored systematic search strategy consisting of Medical
Subject Headings (MeSH) including keywords such as
‘triage’, ‘artificial intelligence’, ‘deep learning’ and
‘machine learning’ was created for each database. The full
search strategy for all the databases is found in Table 1.
OA also examined the bibliographies of relevant articles
identified during the initial search for additional studies.

The inclusion criteria were studies which evaluated the use
of AI, ML or DLmodels for trauma triage and compared their
effectiveness to conventional trauma triage tools or other AI/
ML/DL models. Studies which used AI/ML/DL models for
other uses except trauma triage or studies which only devel-
oped AI/ML/DL models without validation or testing were
excluded. This review was limited to human studies regard-
less of age, gender, ethnicity or primary presenting complaint.
Randomised controlled trials, observational studies, cohort
studies and case series were included. Studies with animal
subjects or presenting duplicate data were excluded. A
detailed selection criteria can be found in Table 2.

After removal of duplicate studies; title and abstract
screening of remaining studies was performed by OA and

ZAB based on the selection criteria, followed by full-text
screening. Any disagreements over study selection were
resolved through discussion with ZA

Data analysis

The following data was then extracted for all included studies
using a data extraction spreadsheet: study design, location,
study population, study size, AI/ML/DLmodel, primary out-
comes and secondary outcomes and the comparison trauma
triage tool(s) or AI/ML/DL model(s).

The primary outcome for this review was prediction of
in-hospital mortality. The main secondary outcomes were
the prediction of critical care admission and in-patient hos-
pitalisation. The primary effect measure collected for all
outcomes was the area under the receiver operating charac-
teristic (AUROC). It was chosen as it is a quantitative value
typically used to evaluate the predictive performance of
algorithms.25

A risk of bias assessment was conducted using the Risk
of Bias in Non-randomised Studies of Interventions
(ROBINS-I) tool.26 Three reviewers (OA, ZA, ZAB) inde-
pendently gave a risk of bias score (Low, Moderate,
Serious, Critical) for each of the tool’s seven domains for
all included studies. The overall risk of bias score for a
study was based on the highest score received in any of
the seven domains. Any disagreement was resolved
through discussion with the senior author (ZA).

Table 1. Search terms for all databases.

Database Search Strategy Limits

Ovid
MEDLINE

1. "triage”.ti,ab. (21422)
2. trauma.ti,ab. (250718)
3. exp Artificial Intelligence/ or exp Machine Learning/ or exp Pattern Recognition,

Automated/ (159322)
4. 1 and 2 and 3 (36)

• No language restrictions
• Human subjects
• From 1 January 2010 to June

2022

Embase 1. exp machine learning/ or exp algorithm/ or exp mathematical model/ (1054819)
2. exp emergency health service/ (118028)
3. “triage”.ti,ab. (33634)
4. trauma.mp. or exp injury/ (2539545)
5. artificial intelligence.mp. or exp artificial intelligence/ (67000)
6. 1 and 2 and 3 and 4 and 5 (22)

• No language restrictions
• Human subjects
• From 1 January 2010 to June

2022

ProQuest 1. noft(artificial intelligence) AND noft(trauma) AND noft(triage) AND noft(machine
learning) (46)

• No language restrictions
• Human subjects
• From 1 January 2010 to June

2022

PubMed 1. (((artificial intelligence) AND (trauma)) AND (triage)) AND (machine learning) (10) • No language restrictions
• Human subjects
• From 1 January 2010 to June

2022

Adebayo et al. 3



Assessment of heterogeneity was conducted by
examining the differences across studies for methodo-
logical heterogeneity. We used Review Manager
(RevMan 5.3, Cochrane Informatics & Technology,
London, UK) to determine the Q and I2 statistics (in per-
centage) to establish variation between the studies. A
meta-analysis of a subgroup of studies that reported
overall mortality rates, hospitalisation and critical care
admission requirement using AI/ML/DL, and the best
standard tool was conducted in RevMan 5.3 (Cochrane
Informatics & Technology), using the dichotomous
data function employing a random effects model.

Corresponding p-values were calculated using a chi-
squared test in RevMan 5.3.

Role of the funding source

There was no funding source for this study.

Results

The initial search from all databases yielded 114 results,
with two additional studies identified from other sources.
After removal of duplicates, 87 studies underwent title

Figure 2. PRISMA study selection flow chart.
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and abstract screening, with 39 subsequent studies undergo-
ing full-text screening. After full-text screening, a further 25
studies were excluded, resulting in 14 studies being included
in this review for analysis.27–41 The PRISMA diagram
including reasons for exclusion is shown in Figure 2.

All included studies were retrospective observational
cohort studies, published between August 2014 and July
2022. The studies all compared specific AI/ML/DL
models to either current triage tools, other AI/ML/DL
models or a combination of both. The total study size
across all studies for both the development and validation
of the AI/ML/DL models and trauma triage tools was
29,966,339 patients. The population in all studies was
trauma patients who were admitted to the emergency
department. Three out of 14 studies utilised data exclu-
sively from paediatric patients (<18 years old),27,32,36

whilst the other studies utilised data from only adult
trauma patients. An overview of the study characteristics
is included in Table 3.

Seven studies included in-hospital mortality as an
outcome,30,33,35–39 six studies analysed hospitalisation as
an outcome29,32,35–37,39 and five studies examined critical
care admission as an outcome.34–37,39 Meta-analysis was
feasible for all three outcomes of mortality, hospitalisation
and critical care admission as more than two studies exam-
ined each of these outcomes. All studies performed external
validation using a different dataset and used similar numer-
ical outcome measures.41 The best-performing AI/ML/DL
model was compared to non-AI/ML/DL tools for all
studies in the meta-analyses for mortality, hospitalisation
and critical care admission.

Due to the range of data available on the various trauma
databases used to develop the AI models, the studies were
able to analyse multiple outcomes. Other outcomes ana-
lysed by the studies include prediction of shock, need for
early major haemorrhage control surgery, need for early
massive transfusion, prediction of injury severity and pre-
diction of the need for life-saving interventions.28,31,40

These outcomes were not eligible for meta-analysis as
most were only analysed by one study. The best-performing
AI/ML/DL models outperformed their comparator trauma
triage tools in all outcomes for all studies analysed except
for two studies. The same outcome of mortality was
assessed and the same triage tool, and the TRISS was
used in both studies in which the trauma triage tool outper-
formed the AI/ML/DL models.30,38 An overview of all
study outcomes and results can be found in Table 4.

Five of the seven studies assessing our primary
outcome of mortality reported greater AUROC scores in
the best-performing AI/ML/DL model compared to the
best-performing conventional trauma triage tools.33,35–
37,39 Four of those five studies reported statistically signifi-
cantly greater AUROC scores in the AI/ML/DL group
compared to the non-AI/ML/DL triage group (p < 0.005)
(Figure 3).33,35,37,39 The mean AUROC score of AI/ML/
DL models for mortality was 0.895, whilst the mean
AUROC score for the conventional triage tools group was
0.810. Overall, from the meta-analysis, the mean AUROC
score difference between the AI/ML/DL models and con-
ventional triage tools was 0.09, 95% CI (0.02, 0.15), in
favour of the AI/ML/DL group, with p= 0.008 (Figure 3).
This suggests that AI/ML/DL models are statistically

Table 2. Detailed inclusion and exclusion criteria.

Inclusion criteria Exclusion criteria

Population Human regardless of age, gender, ethnicity, presenting complaint. Animal studies

Intervention The use of artificial intelligence, machine learning or deep learning
models in the clinical environment for trauma triage

Artificial intelligence used for another purpose
other than trauma triage e.g. … surgical
planning.
Studies which only develop AI/ML/DL models
without any validation or testing

Comparison Triage tools commonly used in trauma scenarios
Other artificial intelligence or machine learning models

Studies comparing triage tools but no artificial
intelligence

Outcome Outcome measures including in-hospital mortality (Primary
outcome), critical care admission, requirement for in-patient
hospitalisation, Patients correctly identified as priority 1,
prediction of injury severity, prediction of shock

All outcome measures must be relatable to the
use of artificial intelligence in the context of
triage

Study type Randomised control trials
Cohort studies
Case series
Observational studies

Case reports, abstracts, literature reviews,
systematic reviews.

Adebayo et al. 5
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significantly better at predicting mortality compared to con-
ventional triage tools.

For the secondary outcome of hospitalisation, all six
studies reported greater AUROC scores in the best-
performing AI/ML/DL model group compared to the con-
ventional trauma triage group.29,32,35–37,39 The AUROC
scores in the AI/ML/DL group compared to the non-AI/
ML/DL group was statistically significant for four of the
six studies (p<0.005) (Figure 4).29,34,35,39 The two studies
which did not show statistical significance contributed a
lower weighting to the meta-analysis due to the imprecision
(wider confidence intervals) of their results (Figure 4). The
mean AUROC score for the AI/ML/DL group (0.827) was
greater than the mean AUROC score for the conventional
triage tools group (0.733). Overall, the mean AUROC
score difference between the two groups was 0.11, 95% CI
(0.10, 0.13) in favour of the AI/ML/DL group, with p=
0.00001 (Figure 4). This suggests that AI/ML/DL models
are statistically significantly better at predicting hospitalisa-
tion compared to conventional triage tools.

For the other secondary outcome of critical care admis-
sion, all five studies reported greater AUROC scores in the
best-performing AI/ML/DL model group compared to the
conventional trauma triage group.34–37,39 Three of the five
studies reported significantly greater AUROC scores in
the AI/ML/DL group compared to the conventional
trauma triage tools group (p < 0.005).34,36,39 The mean
AUROC score of the AI/ML/DL group for critical care
admission (0.861) was greater than the mean score for the
conventional triage tools group (0.780). Studies by Goto
et al., Raita et al. and Spangler et al. contributed a lower
weighting to the overall meta-analysis due to result impre-
cision.35–37 The overall mean AUROC score difference
between the AL/ML/DL group and the conventional
triage tools group was 0.09, 95% CI (0.08, 0.10), favouring
the AI/ML/DL group with p= 0.00001 (Figure 5). This sug-
gests that AI/ML/DL models are statistically significantly
better at predicting critical care admission compared to con-
ventional trauma triage tools.

Risk of bias assessment was performed for all 14 studies
across the seven domains using the ROBINS-I tool.26

Overall, 65% studies were judged as having a moderate
risk of bias (Figure 6A). All domains except bias due to
deviations from the intended interventions had some
studies with a moderate risk of bias. Individually, nine
studies had a low risk of bias as bias was accounted for
through the use of appropriate regression and standard-
isation (Figure 6B). In particular, the risk of selection
bias was counteracted in these studies by comparing
patient characteristics and actual outcomes in the deriv-
ation/development (non-analytic) cohort and the external
validation (analytic) cohort. Five studies were found to
have a moderate risk of bias, commonly misclassification
bias due to incorrect data imputation/coding errors or
confounding bias as a result of inappropriate/lack of
regression.

High heterogeneity, due to varying ages, different popula-
tions and different AI/ML/DLmodels in the meta-analyses of
all three outcomes was accounted for using random effects
models which counteracted both intra-study and inter-study
variance.42 This increased the weighting distribution more
evenly compared to using the fixed-effects model.

Discussion
This systematic review and meta-analysis evaluated the
ability of AI/ML/DL models to accurately predict trauma
outcomes, specifically mortality, hospitalisation and critical
care admission. Our results demonstrate that AI/ML/DL
models display a better predictive ability for trauma out-
comes, particularly mortality, hospitalisation and critical
care admission compared to conventional trauma triage
tools. Our comprehensive meta-analysis revealed that the
difference in predictive ability was statistically significant
for all of our outcomes of mortality, hospitalisation and crit-
ical care admission. To our knowledge, this is the first sys-
tematic review and meta-analysis appraising AI/ML/DL
models in comparison to conventional triage tools in the
context of mortality, hospitalisation and critical care admis-
sion outcomes. These results, therefore, offer a great foun-
dation for the adoption and regular use of AI/ML/DL
models in clinical trauma environments.

Figure 3. Meta-analysis comparing mortality prediction with AI/ML/DL and non-AI/ML/DL tools. AI: artificial intelligence; ML: machine
learning; DL: deep learning.
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The overall mean AUROC score differences for the
chosen outcomes of mortality, hospitalisation and critical
care admission significantly favoured the AI/ML/DL
groups compared to the conventional triage tools groups;
however, it is important to recognise the difference from
the null value was objectively minimal. This suggests
the difference between the use of AI/ML/DL for trauma
triage at predicting these outcomes is currently statistically
significant; however, it is objectively only slightly better
compared to the current triage tools. Our meta-analysis
for all three outcomes shows that current AI/ML/DL tech-
nologies for trauma triage are most effective at predicting
hospitalisations as this outcome had the greatest mean
AUROC score difference. It can be argued that the
ability to predict the other outcomes of critical care admis-
sion and mortality have a greater effect on a patient’s
prognosis.

The results of the meta-analysis for our chosen outcomes
signify the potential of a future which has an increased reli-
ance on these AI/ML/DL technologies at predicting mortal-
ity, hospitalisation and critical care admission in trauma
patients. However, the use of AI/ML/DL for trauma triage
is still considered to be in its infancy compared to other
well-established methods such as RTS or TRISS.9,10

Given there is still a high probability for improvement of
these technologies given the speed of recent advancements
in AI, it can be surmised the ability of AI/ML/DL models to
predict these outcomes with greater accuracy will vastly
improve in the future.

A positive finding of this review was the clear improve-
ment in implementation and utilisation of trauma databases
globally.43 This has been expediated by advancements in
health policies, particularly in developing countries, with
the establishment of simple, low-cost, electronic trauma
databases such as the Nigerian Trauma Registry.44

Trauma databases are already well proven to provide vital
data which can help guide resource allocation, influence
injury prevention approaches and monitor changes in an
hospital’s trauma system performance.45 This combined
with the ability of AI/ML/DL models to process and under-
stand large quantities of data rapidly suggests it is feasible
to develop, validate and test AI/ML/DL models tailored
to different healthcare systems on a large scale. Before
this can become fully widespread, implementation of
trauma databases both in developed and developing coun-
tries must increase. This requires the promotion of a well-
defined population, appropriately trained physicians, a reli-
able data-collection system and the capacity to analyse,
report and validate this data.46 To accomplish these mea-
sures; adequate funding, updated healthcare policies and
appropriate resources would be needed, often from govern-
ment healthcare authorities. Therefore, a future hindrance to
the development and implementation of clinical AI/ML/DL
models may be a lack of trauma databases.

It is important to highlight that the effectiveness of AI/
ML/DL model development is dependent on the choice
and type of data acquired from trauma databases.47 This
was particularly evident in the study by Spangler et al.

Figure 5. Meta-analysis comparing critical care admission prediction with AI/ML/DL and non-AI/ML/DL tools. AI: artificial intelligence; ML:
machine learning; DL: deep learning.

Figure 4. Meta-analysis comparing hospitalisation prediction with AI/ML/DL and non-AI/ML/DL tools. AI: artificial intelligence; ML:
machine learning; DL: deep learning.
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which found that the AI/ML/DL model developed using
ambulance data (patient information acquired from the
ambulance team) performed better in all outcomes of hospi-
talisation, mortality and critical care admission compared to
the AI/ML/DL model developed using dispatch data
(patient information acquired from the original emergency
call) (see Table 2).37 This highlights the importance of
having trauma databases with high-quality data as this
translates to higher quality AI/ML/DL models. This is
vital to account for in customised clinical AI/ML/DL
models such as in the study by Nederpelt et al., as the regu-
lation in development may be less stringent.28 Therefore, it
is vital to ensure only the highest quality data is used in
model development.

Future development of the best AI/ML/DL systems may
require an amalgamation of high-quality conventional

triage tools and AI/ML/DL models. This was evident in
the study by Kang et al. which assessed a custom DL
model, conventional triage tools and a specialised combin-
ation of both the custom DL model and conventional triage
tools (Ensemble) for the outcome of critical care admis-
sion.34 It was discovered that whilst the custom DL
model outperformed the conventional triage tools, the
Ensemble models outperformed both the conventional
triage tools and the custom DL model in terms of predictive
ability for the study’s outcome (see Table 2). Utilisation of
this notion may be highly effective when AI/ML/DL are
combined with conventional triage tools which appear to
offer a high predictive ability such as the TRISS triage
tool, the only triage tool from all studies which outper-
formed the AI/ML/DL models.30,38 This introduces the
notion that the future of trauma triage may lie not just in

Figure 6. Risk of bias assessment. (a) Summary diagram to show % of articles with bias over the seven domains. (b) Risk of bias in
individual studies depicted using the ROBINS-I traffic light plot.
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the utilisation of AI/ML/DL models but creating methods to
integrate the computing power found in these models and
the principles of the best-performing conventional triage
tools.

This systematic review and meta-analysis has shown that
the use of AI/ML/DL models for trauma triage reduces the
complexity associated with conventional trauma triage
tools which require detailed history taking, physical exam-
inations (e.g. pain score) and physician judgement based on
clinical experiences.21,48 Most AI/ML/DL models only
require imputation of patient variables such as age, sex,
primary complaint, trauma type, comorbidities or mental
status to determine potential outcomes. This informs
patient triage and ideally leads to better patient outcomes.

Another advantage is the fact that the input variables are
basic information which can be quickly collected and there-
fore do not require clinician judgement as this is all pro-
cessed by the AI/ML/DL models. This would offer
clinicians more time to direct towards performing uniquely
human skills such as empathy, communication and broad-
view problem solving. This also relieves trauma clinicians
of time-consuming duties in a speciality in which many
physicians are often over-worked and face burnout.49,50

This would ultimately lead to improved patient outcomes
as clinicians would have more time to perform urgent clin-
ical duties and manage patients to the best of their ability.

It is important to note that whilst this systematic review
suggests that AI/ML/DL models can predict trauma patient
outcomes with greater accuracy compared to current conven-
tional triage tools, it may not yet be met with confidence from
clinicians. This can be due to a lack of education on how AI/
ML/DL algorithms work. Therefore, educating trauma phy-
sicians on the capabilities and the impact AI/ML/DL
models can have and would be an important future step to
promote widespread implementation of these models.

A vital consideration for future medical AI/ML/DL
models is ensuring that they are transferrable to different
hospitals or clinical scenarios. However, this presents a
conundrum, similar to the “No Free Lunch” theory for opti-
misation from Wolpert51 which suggests that if an algo-
rithm is optimised for one situation, it may be difficult for
it to produce good results in another situation. When
applied to our study, it can be inferred if AI/ML/DL
models are developed using a particular dataset in a
certain environment; it may limit the transferability of that
model to a different environment. A way to account for
this is through the implementation of internal and external
validation in AI/ML/DL algorithms.

All studies in this systematic review were discovered to
have undergone validation, with most studies undergoing
external validation, using an independent database. In the
context of this systematic review, validation should occur
after AI/ML/DL model development and can be repeated
multiple times with various databases to improve model
performance before testing.23 A limitation discovered by

our systematic review was that there is inconsistency
regarding the terminology of validation in various studies.
In some studies, the term was used to describe the testing
of the final AI/ML/DL models whilst other studies referred
to validation as external tuning of the AI/ML/DL models
using either an internal or external database.

For future models and studies, we recommend that data
cohorts should be clearly distinguished into a development
set (to train and develop the AI/ML/DL model), an external
validation set (to fine-tune the model using an independent
database) and a test set (to assess the performance of the AI/
ML/DL model). For external validation to be feasible, data
sharing between trauma databases and AI/ML/DL models
must be encouraged especially due to the speed at which
information evolves on a global scale. However, actions
should be taken to ensure the de-identification and anon-
ymisation of patient data in all instances.

Data validation, ideally external, is important as it
ensures AI/ML/DL models are able to showcase the same
predictive abilities in diverse populations. This could then
lead to the creation of specific trauma triage AI/ML/DL
models which can be applied to various populations,
similar to AI models used in dermatology to assist clinicians
in skin cancer diagnosis.52,53 Applying the combination of
using trauma databases for AI/ML/DL development,
internal/external validation and the testing of the models
should lead to the creation of a general medical AI/ML/
DL algorithm. A custom diagram detailing a template for
the creation of future trauma AI/ML/DL algorithms can
be found in Figure 7.

In terms of progression from the results of this system-
atic review and meta-analysis, the next steps for future
research should be a comparison of individual AI, ML
and DL models. This review categorised all models
together to enable a better comparison against conventional
triage tools. However, it would be important to assess if
either AI, ML or DL offer greater predictive ability of out-
comes in trauma triage. There are already a wide array of
models available such as gradient boosting (XGBoost), a
ML algorithm where numerous weak learning classifiers
are trained to combine together whilst learning from the
results of previous combinations to produce better results
or random forest, where learning is gained sequentially
and is based on the performance of the previous stages.
Different AI/ML/DL use different methods to achieve
their specified outcomes. Therefore, it will be of high
value to contrast the different methods and analyse for the
most effective method.

Methodological deficiencies in this systematic review
are primarily due to most studies being retrospective. A
result of this means the data collected was not originally
meant for research purposes, some databases in studies
had missing data which may predispose the studies to con-
founding bias. However, this was mitigated by these
studies through the exclusion of participants with
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missing data from the AI/ML/DL model development. In
addition, the differences between each study created
large heterogeneity with the results of our meta-analyses
for all three outcomes. This was alleviated by using a
random effects model in the meta-analyses. A common
limitation of retrospective studies is the requirement of
large sample sizes for rare events to be effective. This
was easily managed in the studies due to the computing
power of AI/ML/DL models which enables processing
of large amounts of data.

Another limitation may have been in the effect measure of
AUROC due to its deficiency in computing rare events with
imbalanced data (where the number of negatives outweighs
the positives) such as in-hospital mortality and critical care
admission.39 When using AUROC, the false-positive rate
(false positive/total actual negatives) does not dramatically
decrease when the total negatives are large.39,54 A more

suitable effect measure for imbalanced data would be the
area under the precision-recall curve (AUPRC) as it consid-
ers the fraction of true positives in positive predictions there-
fore making it a more precise measure.25,54 However,
AUPRC values and graphs are harder to interpret and do
not consider true negatives at all, an important consideration
for AI research, therefore making it a less popular option for
AI/ML/DL researchers.

Thirdly, the differences in variables used in the develop-
ment of various AI/ML/DL models were another limitation
from this review. Whilst key variables such as age, sex and
primary complaint were constant in all models, some
studies included other variables to contribute to the learning
of their AI/ML/DL models. This makes it difficult to ascer-
tain the effect of the different variables on the predictive
ability of AI/ML/DL models and how this ability could
also change depending on the outcome being tested.

Figure 7. AI/ML/DL algorithm template. AI: artificial intelligence; ML: machine learning; DL: deep learning.
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Future research should be undertaken to evaluate models
developed using different variables and whether this leads
to better AI/ML/DL predictive ability for trauma outcomes,
in addition to identifying the variables with the greatest
impact on predictive ability.

Conclusions
This systematic review and meta-analysis shows that AI/
ML/DL models display greater accuracy at predicting key
outcomes of mortality, hospitalisation and critical care
admission compared to most conventional trauma triage
tools. This is still an emerging and improving area of medi-
cine which requires greater research, specifically in the form
of prospective studies and randomised controlled trials. In
order to benefit clinical policy and improve patient care,
aims for future research on the use of AI/ML/DL models
in trauma triage should be tailored to evaluating the clinical
and economic effects and the potential creation of guide-
lines for the use of AI/ML/DL in trauma medicine.

Contributorship: OA conceptualised and designed the study. OA,
ZA and ZAB contributed to the literature search. OA and ZAB
screened articles for inclusion and performed data extraction.
OA performed the data analysis, interpretation, synthesis of
findings and wrote the manuscript. OA and ZA performed the
statistical analysis. OA and ZAB performed the risk of bias
assessments. ZA supervised the paper and contributed to
revision of the manuscript. All authors had full access to all the
data in the study and have approved the final version.

Declaration of conflicting interests:: The authors declared no
potential conflicts of interest with respect to the research,
authorship, and/or publication of this article.

Data sharing: All data for this review were obtained from
published research. Data extracted for this Review and database
search strategies will be made available on reasonable request.
For access, please email the corresponding author.

Ethical approval: None

Funding: The authors received no financial support for the research,
authorship, and/or publication of this article.

Guarantor: OA.

Informed consent: Informed consent was not required for this
study. All data for this review were obtained from published
research which had deidentified all patient information prior to
analysis.

ORCID iD: Oluwasemilore Adebayo https://orcid.org/0000-
0003-0659-6864

Supplemental material: Supplemental material for this article is
available online.

References
1. Tang X, Li X, Ding Y, et al. The pace of artificial intelligence

innovations: speed, talent, and trial-and-error. J Informetr
2020; 14: 101094.

2. Cho B, Geng E, Arvind V, et al. Understanding artificial intel-
ligence and predictive analytics. JBJS Rev March 2022, 10:
e21.00142.

3. LeCun Y, Bengio Y and Hinton G. Deep learning. Nature
2015; 521: 436–444.

4. Esteva A, Kuprel B, Novoa RA, et al. Dermatologist-level
classification of skin cancer with deep neural networks.
Nature 2017; 542: 115–118.

5. Ekins S. The next era: deep learning in pharmaceutical
research. Pharm Res 2016; 33: 2594–2603.

6. Wang J, Yang J, Zhang H, et al. Phenopad: building AI
enabled note-taking interfaces for patient encounters. NPJ
Digital Med 2022; 5: 12.

7. Li CX, Shen CB, Xue K, et al. Artificial intelligence in derma-
tology. Chin Med J 2019; 132: 2017–2020.

8. Gulshan V, Peng L, Coram M, et al. Development and valid-
ation of a deep learning algorithm for detection of diabetic ret-
inopathy in retinal fundus photographs. JAMA 2016; 316:
2402.

9. Basu K, Sinha R, Ong A, et al. Artificial intelligence: how is it
changing medical sciences and its future? Indian J Dermatol
2020; 65: 365–370.

10. Amisha MP, Pathania M, et al. Overview of artificial intelli-
gence in medicine. J Family Med Prim Care 2019; 8: 2328.

11. Jenkins JL, McCarthy ML, Sauer LM, et al. Mass-casualty
triage: time for an evidence-based approach. Prehosp
Disaster Med 2008; 23: 3–8.

12. Malik NS, Chernbumroong S, Xu Y, et al. The BCD triage
sieve outperforms all existing major incident triage tools:
comparative analysis using the UK national trauma registry
population. EClinicalMedicine 2021; 36: 100888.

13. Turner CDA, Lockey DJ and Rehn M. Pre-hospital manage-
ment of mass casualty civilian shootings: a systematic litera-
ture review. Crit Care 2016; 20: 362.

14. van Rein EAJ, van der Sluijs R, Houwert RM, et al.
Effectiveness of prehospital trauma triage systems in selecting
severely injured patients: is comparative analysis possible?
Am J Emerg Med 2018; 36: 1060–1069.

15. Frykberg ER and Tepas JJ. Terrorist bombings: lessons
learned from belfast to beirut. Ann Surg 1988; 208: 569–576.

16. Nordgarden T, Odland P, Guttormsen AB, et al. Undertriage
of major trauma patients at a university hospital: a retro-
spective cohort study. Scand J Trauma Resusc Emerg Med
2018; 26: 64.

17. Johnson KD, Gillespie GL and Vance K. Effects of interrup-
tions on triage process in emergency department. J Nurs Care
Qual 2018; 33: 375–381.

18. UpToDate. Examples of prehospital trauma triage scoring
systems. UpToDate, https://www.uptodate.com/contents/
image/print?imageKey=EM%2F79522 (2022, accessed 8
August 2022).

20 DIGITAL HEALTH

https://orcid.org/0000-0003-0659-6864
https://orcid.org/0000-0003-0659-6864
https://orcid.org/0000-0003-0659-6864
https://www.uptodate.com/contents/image/print?imageKey=EM%2F79522
https://www.uptodate.com/contents/image/print?imageKey=EM%2F79522
https://www.uptodate.com/contents/image/print?imageKey=EM%2F79522


19. Ying Y, Huang B, Zhu Y, et al. Comparison of five triage
tools for identifying mortality risk and injury severity of mul-
tiple trauma patients admitted to the emergency department in
the daytime and nighttime: a retrospective study. Appl Bionics
Biomech 2022; 2022: e9368920.

20. Croskerry P. A universal model of diagnostic reasoning. Acad
Med 2009; 84: 1022–1028.

21. Rutschmann OT, Kossovsky M, Geissbühler A, et al.
Interactive triage simulator revealed important variability in
both process and outcome of emergency triage. J Clin
Epidemiol 2006; 59: 615–621.

22. Trauma Audit and Research Network (TARN). Trauma Audit
and Research Network, https://www.tarn.ac.uk/ (2019, accessed
26 June 2022).

23. Liu NT and Salinas J. Machine learning for predicting out-
comes in trauma. Shock 2017; 48: 504–510.

24. Moher D, Shamseer L, Clarke M, et al. Preferred reporting
items for systematic review and meta-analysis protocols
(PRISMA-P) 2015 statement. Syst Rev 2015; 4: 1.

25. Draelos R. Measuring Performance: AUC (AUROC).
Glass Box, https://glassboxmedicine.com/2019/03/02/
measuring-performance-auprc/ (2019, accessed 8 August
2022).

26. Sterne JA, Hernán MA, Reeves BC, et al. ROBINS-I: a tool
for assessing risk of bias in non-randomised studies of inter-
ventions. Br Med J 2016; 355: i4919.

27. Mayampurath A, Sanchez-Pinto LN, Hegermiller E, et al.
Development and external validation of a machine learning
model for prediction of potential transfer to the PICU.
Pediatr Crit Care Med 2022; 23: 514–523.

28. Nederpelt CJ, Mokhtari AK, Alser O, et al. Development of a
field artificial intelligence triage tool: confidence in the predic-
tion of shock, transfusion, and definitive surgical therapy in
patients with truncal gunshot wounds. J Trauma Acute Care
Surg 2021; 90: 1054–1060.

29. Hond AD, Raven W, Schinkelshoek L, et al. Machine learn-
ing for developing a prediction model of hospital admission
of emergency department patients: hype or hope? Int J Med
Inf 2021; 152: 104496.

30. Li Y, Wang L, Liu Y, et al. Development and validation of a
simplified prehospital triage model using neural network to
predict mortality in trauma patients: the ability to follow
commands, age, pulse rate, systolic blood pressure and
peripheral oxygen saturation (CAPSO) model. Front Med
(Lausanne) 2021; 8. https://doi.org/10.3389/fmed.2021.
810195

31. Paydar S, Parva E, Ghahramani Z, et al. Do clinical and para-
clinical findings have the power to predict critical conditions
of injured patients after traumatic injury resuscitation? Using
data mining artificial intelligence. Chin J Traumatol 2021; 24:
48–52.

32. Kwon J, Jeon KH, Lee M, et al. Deep learning algorithm to
predict need for critical care in pediatric emergency depart-
ments. Pediatr Emerg Care 2019; 37: e988–e994.

33. Klug M, Barash Y, Bechler S, et al. A gradient boosting
machine learning model for predicting early mortality in the
emergency department triage: devising a nine-point triage
score. J Gen Intern Med 2019; 35: 220–227.

34. Kang DY, Cho KJ, Kwon O, et al. Artificial intelligence
algorithm to predict the need for critical care in prehospital

emergency medical services. Scand J Trauma Resusc
Emerg Med 2020; 28: 17.

35. Raita Y, Goto T, Faridi MK, et al. Emergency department
triage prediction of clinical outcomes using machine learning
models. Crit Care 2019; 23: 64.

36. Goto T, Camargo CA, Faridi MK, et al. Machine learning–
based prediction of clinical outcomes for children during
emergency department triage. JAMA Network Open 2019; 2:
e186937.

37. Spangler D, Hermansson T, Smekal D, et al. A validation of
machine learning-based risk scores in the prehospital
setting. PLoS One 2019; 14: e0226518.

38. Kim D, You S, So S, et al. A data-driven artificial intelligence
model for remote triage in the prehospital environment. PLoS
One 2018; 13: e0206006.

39. Kwon J, Lee Y, Lee Y, et al. Validation of deep-learning-
based triage and acuity score using a large national dataset.
PLoS One 2018; 13: e0205836.

40. Liu NT, Holcomb JB, Wade CE, et al. Utility of vital signs,
heart rate variability and complexity, and machine learning
for identifying the need for lifesaving interventions in
trauma patients. Shock 2014; 42: 108–114.

41. Higgins JPT and Green S. Cochrane collaboration. In:
Cochrane Handbook for Systematic Reviews of Interventions.
Chisester: Wiley-Blackwell, 2008.

42. Riley RD, Higgins JPT and Deeks JJ. Interpretation of
random effects meta-analyses. Br Med J 2011; 342: d549–
d549.

43. Racy M, Al-Nammari S and Hing CB. A survey of
trauma database utilisation in England. Injury 2014; 45:
624–628.

44. Cassidy LD, Olaomi O, Ertl A, et al. Collaborative develop-
ment and results of a Nigerian trauma registry. J Registry
Manag 2016; 43: 23–28.

45. Paradis T, St-Louis E, Landry T, et al. Strategies for successful
trauma registry implementation in low- and middle-income
countries—protocol for a systematic review. Syst Rev 2018;
7: 33.

46. Porgo TV, Moore L and Tardif PA. Evidence of data quality
in trauma registries. J Trauma Acute Care Surg 2016; 80:
648–658.

47. Jiang F, Jiang Y, Zhi H, et al. Artificial intelligence in health-
care: past, present and future. Stroke Vasc Neurol 2017; 2:
230–243.

48. Christ M, Grossmann F, Winter D, et al. Modern triage in the
emergency department. Deutsches Aerzteblatt Online 2010,
107: 892–898.

49. House of Commons.Workforce Burnout and Resilience in the
NHS and Social Care Second Report of Session 2021-22
Report, Together with Formal Minutes Relating to the
Report. London: House of Commons Health and Social
Care Committee, https://committees.parliament.uk/
publications/6158/documents/68766/default/ (8 June 2021,
accessed 26 July 2022).

50. Patel R, Bachu R, Adikey A, et al. Factors related to phys-
ician burnout and its consequences: a review. Behav Sci
2018; 8: 98.

51. Wolpert DH and Macready WG. No free lunch
theorems for optimization. IEEE Trans Evol Comput
1997; 1: 67–82.

Adebayo et al. 21

https://www.tarn.ac.uk/
https://www.tarn.ac.uk/
https://glassboxmedicine.com/2019/03/02/measuring-performance-auprc/
https://glassboxmedicine.com/2019/03/02/measuring-performance-auprc/
https://glassboxmedicine.com/2019/03/02/measuring-performance-auprc/
https://doi.org/10.3389/fmed.2021.810195
https://doi.org/10.3389/fmed.2021.810195
https://doi.org/10.3389/fmed.2021.810195
https://committees.parliament.uk/publications/6158/documents/68766/default/
https://committees.parliament.uk/publications/6158/documents/68766/default/
https://committees.parliament.uk/publications/6158/documents/68766/default/


52. Maron RC, Utikal JS, Hekler A, et al. Artificial intelligence
and its effect on dermatologists’ accuracy in dermoscopic
melanoma image classification: web-based survey study. J
Med Internet Res 2020; 22: e18091.

53. Han SS, Park I, Chang SE, et al. Augmented intelligence derma-
tology: deep neural networks empower medical professionals in

diagnosing skin cancer and predicting treatment options for 134
skin disorders. J Invest Dermatol 2020; 140: 1753–1761.

54. Döring M. Interpreting ROC Curves, Precision-Recall
Curves, and AUCs. www.datascienceblog.net, https://www.
datascienceblog.net/post/machine-learning/interpreting-roc-
curves-auc/ (2018, accessed 27 July 2022).

22 DIGITAL HEALTH

http://www.datascienceblog.net
https://www.datascienceblog.net/post/machine-learning/interpreting-roc-curves-auc/
https://www.datascienceblog.net/post/machine-learning/interpreting-roc-curves-auc/
https://www.datascienceblog.net/post/machine-learning/interpreting-roc-curves-auc/
https://www.datascienceblog.net/post/machine-learning/interpreting-roc-curves-auc/

	 Introduction
	 Methods
	 Search strategy and selection criteria
	 Data analysis
	 Role of the funding source

	 Results
	 Discussion
	 Conclusions
	 References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


