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What is  Trauma networks?
The collaboration between the health care providers to deliver 
trauma care services in a geographical area

Introduction of trauma networks

Why networks?

• Organizing trauma care has been a strong health care 
agenda in UK since the 2010.

• Trauma networks in London and other place of England 
have shown a significant reduction in mortality/ 
morbidity and improvements in functional outcome.



General patient flow in trauma network

Red arrow: Flow into trauma network
Orange arrow: Secondary transfer Among different trauma
care facilities
Light green arrow: Repatriation transfer
Green arrow: Flow out of trauma network
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Done

In progress

To be processed

• Patient length of stay as a process indicator for evaluating the 
operation of trauma networks has rarely been explored.

• the clinical trauma interventions, patients' complications and 
discharge destination contribute to the variation of patients' 
length of stay within the trauma network (Moore 2018 et al.)

Phase 1: Systematic literature review Phase 2: Length of stay forecasting 

Refine 
keyword set

Additional search 
through databases

Papers Classification 
based on trauma 
quality indicators 

Identify research 
gaps

Systematic 
literature review

Interpret  relevant 
trauma care concept 

Aims: 
• Identify and categories potential quality indicators for evaluating trauma 

network operational performance
• Understand general operation process in the trauma network

Content analysis

Aims: 
Explore the association between length of stay and other predictors and fit-in a 
effective model for length of stay forecasting

Data 
preparation

Extract relevant 
dataset

Tidy data

Feature 
engineering

Make sense of 
variables in each 

dataset

Access to the 
database

Data screening with 
MTN memberes

Regression 
modeling

Data prediction

Initial data analysis

Machine learning

Previous work and Research objective

Long-term objective: the data-driven LOS forecasting model 
could provide analytical assumption to build the system 
dynamic model  for simulating the patient flow in the whole 
trauma network
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Data 
inference

• Response variable： Total length of stay
• Predictors: 

• Categorical:  age, gender, injury mechanism, transfer status, ward and Binary variables (Welsh 
incident, MTC,Operation…), 

• Numerical:  ISS, ED&prehospital GCS, RESP, SBP, Pulse…
• Time series: time points and interval in the trauma care process

• Data Source
EMRT_PROJ_NHS

8-years(2012-2019) patients  trauma 
admission records in South Wales

Data acquisition and characteristics 



Data analysis process

• 19460 observations
• 139 variables

• 9688 observations
• 69 variables

Regularization methods
• Lasso regression model
• Ridge regression model
• Elastic net regression 

model

Produce final los 
forecasting(with coefficients)

• Distribution of the  length of stay
• Covariation of length of stay and 

relevant predictors

Feature engineering



Feature engineering (Process and Challenge)

Poor data quality& Impact on the forecasting accuracy
• 60% of the observation was removed
• Lack of some important time interval feature(time to CT scan, 

operation)

Feature engineering
• Correct the time format
• Remove column with complete rate less than 10%
• Deal with Null value:replace them with the rest of the categories 

of  corresponding column or simply remove the entire column
• Remove abnormal and meaningless values(“Not recorded”, “Not 

applicable”)
• Convert some columns into dummy variables 
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Data visualization: Distribution of the total length of stay



Data visualization:Covariance between LOS & patient arrival date 



Data visualization: Covariance between LOS & age groups



Data visualization: Covariance between LOS & injury mechanism



ed_pulse

ed_gcs

ed_sbp

ed_resp_rate

Data visualization: Covariance between LOS & numeric features



Data visualization: Covariation between LOS & Injury severity score (ISS)
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Methodology：
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• λ denotes the amount of shrinkage.

• Lasso Regression

Reason for applying these regularization methods:
• Can be used to select important features from the dataset
• Shrinks the coefficients of less important features to exactly 
• Independent features can be categorical, quantitative, or both 
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• Ridge Regression
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• Elastic net regression



Methodology：technique for tunning parameter selection



Lasso model fit-in:

Lambda in relations to the coefficients

Goodness of fit



The best 𝝀 value that minimizes the test MSE:0.2497.

Lasso model fit-in: α=1， Choose the tuning parameter𝝀



Lasso model coefficient and forecasting accuracy

93 out of 214 variables with non-zero coefficients
Intercept:14.3225

Included features
welsh_resident
welsh_incident
welsh_hospital
casemtc
location
highest_degree_of_attendent
age
time for first_doctor_see_patients

type of transfer

ward type
most_sever injury
status of discharge
nice_head_injury_cretria
ed_pulse
ed_resp_rate
Ps14
case_known outcome
known outcome
prehospital_pulse
patient-arrival_time
txa_location



Lambda in relations to the 
coefficients

Goodness of fit

Ridge model fit-in:



The best 𝝀 value that minimizes the test MSE:4.165675

Ridge model fit-in: α=0，Choose the tuning parameter𝝀



Elastic-net model fit-in:

Lambda in relations to the 
coefficients

Goodness of fit



The best 𝝀 value that minimizes the test MSE:0.249725.

Elastic-net model fit-in: α=0.5,choose the tuning parameter𝝀



Elastic-net model coefficient and forecasting accuracy

66 out of 214 variables with non-zero coefficients

Included features
welsh_resident
welsh_incident
welsh_hospital
casemtc
location
highest_degree_of_attendent
age
time for first_doctor_see_patients
type of transfer
ward type
most_sever injury
status of discharge
nice_head_injury_cretria
ed_pulse
ed_resp_rate
ps14

Intercept:21.1424



• Tune Length= 10 (𝛂~(0.1-1))

Revised-Elastic-net model: choose the tuning parameter 𝛂&𝝀

…

• RMSE was used to select the optimal 
model using the smallest value

The final used for the model 
was 𝛂=1 and 𝝀 = 0.149519



Revised Elastic-net model coefficient and forecasting accuracy

110 out of 214 variables with non-zero coefficients

Included features
welsh_resident
welsh_incident
welsh_hospital
casemtc
location
highest_degree_of_attendent
age
time for first_doctor_see_patients

type of transfer

ward type
most_sever injury
status of discharge
nice_head_injury_cretria
ed_pulse
ed_resp_rate
Ps14
case_known outcome
known outcome
prehospital_pulse
patient-arrival_time
txa_location
AIS maximum severity in Abdomen
gcs
arrival_mode
prealert

Intercept:7.038



Evaluation of the model performance
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Summary of the model

01 Loss of some important time interval feature

Plenty of outliers brings high difficulty in fit-in the 
forecasting model 

Poor performance of the set of regularization 
forecasting model

02

03



Future research perspective 

Acquire the latest dataset with
complete time interval features
for the modification of the
forecasting model

A further literature review
for identify length of stay
forecasting predictors and
methodologies

Explore other forecasting 
methodologies (GAM, deep 
learning)

Consider the impact of capacity
variable (utilization of the medical
resources) to the length of stay
forecasting



Thank you for your 
listening

ANY QUESTIONS


