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ABSTRACT 

Objectives: This article builds on the literature regarding the association between emergency 

medical service (EMS) response times and patient outcomes (death and severe injury). Three 

issues are addressed in this paper with respect to the empirical estimation of this relationship: the 

endogeneity of response time (systematically quicker response for higher degrees of urgency), the 

non-linearity of this relationship, and the variation between such estimations for different patient 

outcomes. 

Methods: Binomial and multinomial logistic regression models are used to estimate the impact 

of response time on the probabilities of death and severe injury using data from French Fire and 

Rescue Services (FRS). These models are developed with (total) response time as an explanatory 

variable, and then with road time hypothesized as representing the exogenous variation within 

(total) response time. Both models are also applied to data subsets based on response time 

intervals. 

Results: The results show that road time yields a higher estimate for the impact of response time 

on patient outcomes than (total) response time. The impact of road time on patient outcomes is 

also shown to be non-linear. These results are of both statistical significance (model coefficients 

are significant at the 95% confidence level) and economical significance (when taking into 

account the number of annual interventions performed). 

Conclusions: When using heterogeneous data on EMS interventions where endogeneity is a clear 

issue, road time is a more reliable indicator to estimate the impact of EMS response time on 

patient outcomes than (total) response time. 

 

 

 



  

 

HIGHLIGHTS I 

• Empirical work on the impact of EMS response time on patient outcomes has provided 

mixed results. 

HIGHLIGHTS II 

• This paper displays the endogenous characteristics of response time when estimating its 

impact on patient outcomes, and provides a novel solution to the estimation of this 

relationship by using road time. 

HIGHLIGHTS III 

• This paper will help health-care decision makers better understand the relationship 

between response time and patient outcomes. The results can contribute to more reliable 

evaluation of policies aimed at optimising EMS response time. 

 



  

 

Introduction 

Background 

Emergency medical services (EMS) are confronted like many public sectors by a requirement to 

develop their operations within a conjecture of dwindling budgets and resources. In order to 

guarantee optimal societal decision making, it is therefore essential that these services reliably 

measure the societal impact of their actions to facilitate economic evaluation within a cost-benefit 

framework.  

Such economic evaluation is useful for public decision-making because it can bring clarity to the 

benefits that can be expected from a public investment and thus help to rationalise the decision-

making process. With regards to EMS, these benefits correspond primarily to avoided deaths, for 

which there have been significant efforts to develop a monetary value, most notably through the 

Value of a Statistical Life (VSL)1. 

Response time is a key element of EMS because the very nature of medical emergencies implies 

that they must be treated urgently. (Total) response time measures the time frame from the 

moment an emergency call is made, to the moment an equipped vehicle arrives on the scene, and 

can be divided into three sub-sections: call time (from the moment the call is taken by a handler, 

to the moment the alert is raised), gathering time (from the moment the alert is sent out, to the 

moment a medical team is dispatched) and road time (from dispatch to arrival on the scene). 

In France, around 15,000,000 calls are received each year by the ambulance service2 and close to 

19,000,000 calls by the Fire and Rescue Service (FRS)3. By comparison, around 11,000,000 calls 

are received on an annual basis by the UK ambulance service4, whilst the US fire department 

receives over 20,000,000 calls per year for medical aid5.  



  

 

There is a significant societal burden associated to calls for emergency medical aid. Between 

2015 and 2018, FRS in France took charge of close to 10,000,000 patients for some form of 

medical assistance, of which around 1,000,000 suffered severe injury and close to 215,000 died6. 

The mean response time for FRS in France is currently around 14 minutes7. This is much greater 

than the top-tier EMS response times observed in the UK and USA of between 7 and 8 minutes  

for the greatest degree of medical emergency8,9. It is, however, inferior to second-tier ambulance 

response in the UK which stands at around 20 minutes. According to Cabral et al10, average EMS 

response time is under 10 minutes in a number of European countries.  

The impact of response time on patient outcomes has received relatively little attention from 

economists despite significant work in operations research and the use of System Status 

Management (SSM) to optimise response time by adapting EMS supply to demand11,12. Response 

time can also represent a form of quality control for EMS services: the lower the response time, 

the higher the quality of the service for citizens. This can be perceived through the wide use of 

response time as a performance indicator13 and as a benchmark by public decision makers14. 

Nevertheless, increasing the cover of EMS services by reducing response time will always have a 

cost. It is therefore in the societal interest to determine the optimum level of EMS and adjust 

public spending in these services accordingly. 

To facilitate such societal decision making with regards to the cover provided by EMS services, 

one must be able to estimate the benefits that will result from increasing cover, or the costs from 

reducing it, in order to then compare them with the financial cost or savings associated to such 

changes. These societal impacts can be quantified as the risk to human life and provide the basis 

for the approach presented in this article, relating response time to different patient outcomes. 



  

 

Literature 

Lerner et al 15 concluded that there have not been many studies that attempt to determine the 

economic value of out-of-hospital emergency care. The existing literature relating response time 

to patient outcomes is largely limited to medical research based on out-of-hospital cardiac 

arrest16–24 or trauma victims25–29. However, there is definitely not a clear consensus on the impact 

of EMS response time on patient outcomes30–35. Furthermore, the scope of this research does not 

address the overall impact of EMS response times on patient outcomes when considering 

heterogeneous interventions.  

One notable study from Wilde36 that does address this issue raised the question of the 

endogeneity of response time. To quote her: “EMS personnel may respond more quickly to the 

most serious and life-threatening situations. Such triage makes it difficult to obtain unbiased 

estimates of the benefits of lower response times, even when data are available”. Such downward 

bias could lead to incorrect conclusions being made regarding the efficiency of public policy with 

regards to optimising EMS response time. She addressed this issue using the distance between 

the nearest EMS agency headquarters and the scene of the incident as an instrumental variable. 

Our work will aim to provide further evidence with regards to the endogeneity of response time 

using a different estimation procedure. 

In the Thai context, marginal effects of response time on patient outcomes for different EMS 

interventions were calculated from logistic regression models and translated to a cost-benefit 

framework using a Thai-specific VSL37. The same form of model has also been used to assess the 

impact of response time on life-saving from residential fires38. This form of model provides the 

empirical framework for our paper. 



  

 

The existing literature also raises the question of the non-linearity of the impact of response time 

on patient outcomes. Two approaches have been suggested and/or applied in the literature: Jaldell 

et al37 suggest using a moving average estimation by subsetting the dataset to provide a better fit, 

whilst Ma et al39 use an additive model to estimate smooth associations between response time 

and patient outcomes. Assuming a linear relationship is a very strong assumption, and with a 

view to using marginal effects within a cost-benefit analysis (CBA) framework, such an 

assumption could lead to the use of incorrect estimates if the impact of response time were to 

vary greatly at different response time intervals. This would be of particular nuisance to the 

economic evaluation of public policies aimed at optimising response time. For example, if the 

impact of response time on patient outcomes is non-linear, then the evaluation of a policy capable 

of reducing response time from 10 to 9 minutes could prove unreliable if an average marginal 

effect - calculated on data spreading a wide range of response times - was used to estimate the 

reduction in the probability of observing some given patient outcomes associated to the policy.  

There have been few studies which associate probabilities of severe injury to response time. 

Jaldell et al37 found that response time had a greater effect on the probability of severe injury than 

on death. Wilde36 found that the probability of hospitalisation increased with response time. This 

research suggests that the societal benefits associated to reductions in response time are not 

limited to reducing patient fatalities. Should this be the case, the impact of response time on non-

fatal patient outcomes should also be monetised in CBA of policies optimising response time. 

Nevertheless, the study of such outcomes seems to have been largely neglected in the literature 

on response time. This is surprising given that there can be significant costs associated to severe 

injury, both from a medical point of view in terms of hospitalisation costs, but also from a 

societal perspective in terms of utility. There are of course limits to such approaches given that, 



  

 

for example in France, monetary values that exist for severe injury are simply based on an 

arbitrary percentage of VSL40: 3,000,000€ x 0.15 = 450,000€. 

The aforementioned papers that calculate the marginal effect of response time on patient 

outcomes use logistic regression techniques because this is the most common statistical approach 

to estimating probabilities associated to discrete variables. By associating a change in response 

time to a change in the probability of observing a given patient outcome, one can determine the 

societal benefits of a reduction in response time by multiplying the appropriate VSL by this 

estimate, as has been shown in previous research37. This is pertinent to the theoretical foundations 

of VSL because changes in risk exposure can be directly related through the utility function: E(U) 

= (1-R) U(y).  

Research Objectives 

Three hypotheses are formulated from the key points raised above: 1. the impact of response time 

on patient outcomes is underestimated in data with heterogeneous EMS interventions; 2. the 

impact of response time on patient outcomes is non-linear; 3. response time has a significant 

impact on the probability of severe injury, one that diverges from its impact on the probability of 

death. 

The first hypothesis deals with the endogeneity problem raised by Wilde36. In this paper, road 

time is used in the estimation equation for the impact of response time on patient outcomes and is 

compared to (total) response time.  

The second hypothesis addresses the question of the non-linearity of the impact of response time 

on patient outcomes. Following the suggestion of Jaldell et al37, this paper subsets data into 5-

minute, overlapping intervals in order to provide a more flexible estimation procedure in the 



  

 

interest of determining whether the impact of a delay in EMS response time on observed patient 

outcomes is linear across different time intervals, or whether it is increasing or decreasing.  

The third hypothesis assesses the impact of response time on the probability of severe injury. 

Jaldell et al37 found that that the marginal effect of response time is greater for severe injury than 

for death. Our work will aim to replicate or reject this finding using a different dataset.  

Methods 

Data 

Data was collected over a four-year period (2015-2018) from three French départements (an 

administrative unit of a similar size to an English county). This dataset covers all interventions 

carried out by FRS under the category emergency assistance to individuals - excluding fire 

rescue. The French context is a very distinctive case where FRS respond to a wide range of 

incidents: from critical medical emergencies to road traffic accidents. Each département is graded 

A, B or C - an index based primarily on population size.  

A data request was made across all départements making up mainland France (of which there are 

20 graded A, 37 graded B and 40 graded C). FRS were contacted through the national network of 

financial controllers, 29 départements acknowledged the request, but only 4 provided appropriate 

data. A sample containing one département from each category was thus established and used for 

the estimations within this article. The representativeness of the sample is discussed in the 

discussion section.  

This dataset most notably includes response time divided into the sub-sections of call time, 

gathering time and road time. These time intervals are transmitted by the intervention team to the 

call handler and entered into a centralised database. Patient outcomes are measured on an ordinal 



  

 

scale with values of uninjured, slight injury, severe injury and death. This scale is systematically 

used across FRS in France. These outcomes are determined by the head of the intervention team 

at the moment of patient discharge or upon arrival at a hospital. Deaths could be observed at any 

time during the intervention (on arrival at the scene, when administering emergency medical aid 

or during transport).  

Model 

This paper deploys both a binomial and multinomial logistic model to estimate the marginal 

effects of response time and road time on patient outcomes. The binomial model considers the 

binary case of death and survival, whilst the multinomial model uses unharmed (as the sum of 

uninjured and slight injury) as the reference level of the dependent variable, with an estimation 

for both severe injury and death. Marginal effects are calculated for each model to reflect the 

change in a delay of one minute on the probability of observing a given patient outcome. A full 

description of these models can be found in the appendix.  

Estimation  

Equation 1 displays the estimation procedure for the binomial model: 

 log � P�Y = Death�
P�Y = Survival�� = β� + β�x� + β�Victim_Age + β!Victim_Gender + Β& ∙ X) (1) 

x� represents response time in model 1 and road time in model 2. X) corresponds to K vectors of 

dummy variables associated to different département categories, different years and different 

intervention categories (critical medical emergency, physical trauma, road traffic accident and 



  

 

other). Models 3 and 4 follow the exact same procedure for the multinomial case. These four 

models use all data points for response times inferior to 60 minutes. 

Data sub-samples are then created across different response time intervals and a different model 

estimated across each interval for both the binomial and multinomial cases. The first interval is 

composed of response times from 4-8 minutes (yielding the marginal effect at 6 minutes), the 

second from 5-9 minutes and so on, up to the interval 38-42 minutes, beyond which data becomes 

too sparse.  

Results 

Descriptive data in Table 1 provides an overview of the profile of victims’ age and sex, as well as 

the different sub-sections of response time in relation to the observed patient outcomes in each 

département making up the sample. Figure 1 displays the distribution of interventions by 

response time for each category of département. Figure 2 displays the proportion of observed 

deaths at each minute of call time, gathering time, road time and (total) response time. 

Table 2 displays the results of the four regression models using all data points. (Total) response 

time displays a negative coefficient in Model 1 and this result is statistically significant, thus 

suggesting that probability of death is decreasing in response time. By comparison, model 2 

provides a positive coefficient for road time which is also statistically significant and indicates 

that probability of death is increasing in response time. Model 3 displays a positive and 

statistically significant coefficient for the impact of (total) response time on probability of severe 

injury. This same coefficient remains statistically significant and grows in magnitude when using 

road time as the explanatory variable.  



  

 

The marginal effects can be calculated using the regression coefficients from Table 2. Using the 

results of model 4, we obtain average marginal effects of 0.02 and 0.1 percentage points for the 

increases in probability of death and severe injury with respect to a one-minute delay in road 

time. 

The results of the moving average models are represented graphically in Figures 3 and 4. These 

graphics present the marginal effects which have been calculated after estimating the logistic 

regression models for each sub-sample, using road time as the primary explanatory variable. 

Figure 3 shows that probability of death is increasing in response time at all time intervals. 

However, this effect is not linear (all data points would form a horizontal line in the presence of 

perfect linearity). Figure 3 shows that a one-minute delay has the greatest impact on probability 

of death when response time is between 15 and 20 minutes. The marginal effect of a one-minute 

delay in response time in this interval is approximately 0.2 percentage points. 

Figure 4 provides additional insight regarding the impact of road time on probability of severe 

injury. The data points show that the probability of severe injury is increasing across all levels of 

response time, but unlike in the case of death, the marginal effect is greatest for response times 

superior to 30 minutes, at which point the marginal effect is approximately 0.25 percentage 

points. 

Discussion 

Interpretation of Results 

One can observe from Figure 1 that the number of interventions varies greatly according to the 

category of département. Furthermore, response times are lower in A category départements 

where more interventions are performed compared to B and C categories. Longer road time for B 



  

 

and especially C graded départements suggests that these are more rural areas. Longer gathering 

time for C graded départements is most likely due to the fact that rural areas are manned by 

volunteer rather than full-time staff. 

Our results show that the impact of a delay in response time on patient outcomes is significantly 

different when using road time as the unit of measure in place of (total) response time. The 

motivations for using road time are based on the possible endogeneity problem related to (total) 

response time. We hypothesize that any endogeneity in response time is most likely due to call 

time, where human perception of an urgency can influence the rapidity of response. Such a 

relationship can be observed in Figure 2. The negative coefficients obtained in models 1 and 3 are 

counterintuitive and we suggest that this is because (total) response time displays strong 

endogenous characteristics leading to model misspecification. This could explain the reason that 

previous research has not always identified a statistically significant relationship between 

response time and patient outcomes. We believe that road time should therefore be preferred in 

any future research. 

Our results have also demonstrated that estimating the average marginal effect of response time 

on patient outcomes provides very different results depending on the response time interval used 

in the estimation procedure. This is a result of the non-linearity of the relationship between 

response time and patient outcomes visible in Figures 3 and 4. The average marginal effect of a 

one-minute delay in response time on probability of death is ten times greater when estimated 

across the response time interval 17-21 minutes than the average marginal effect estimated across 

the full dataset. 

With regards to the impact of delays in EMS response time on the probability of severe injury, 

our initial results replicate those of Jaldell et al37, showing that the magnitude of the impact of 



  

 

such a delay (measured in our case by road time) is greater on probability of severe injury than 

death. However, the estimations displayed in Figures 3 and 4 suggest that the magnitude of this 

impact depends very much on the response time interval being studied. Similar estimates could 

not be found for neighbouring European countries in peer-reviewed work. 

Finally, given the desire to use such estimations in CBA, it is important to consider the monetary 

values that would be associated to these marginal effects. Were one to use the values currently 

employed in France40, the marginal effect of response time on the probability of death would be 

multiplied by 3,000,000€ and the marginal effect for severe injury by 450,000€. Given the 

magnitude of the estimated marginal effects and how greatly they have been show to vary in this 

paper over different response time intervals, it is easy to see that the use of an inappropriate 

estimate would lead to incorrect monetary benefits being associated to a policy aimed at 

optimising response time. 

Limits 

By using road time in our estimation procedure instead of (total) response time, we implicitly 

assume that the impact of any change in road time on patient outcomes is equivalent to any 

identical change in (total) response time. That is to say that there is perfect substitution between 

call time, gathering time and road time. We believe this to be a reasonable assumption to make in 

order to circumvent the endogeneity problem.  

Whilst our results provide evidence that road time can reduce bias due to endogeneity when 

estimating the impact of response time on patient outcomes, there are still reasons that could lead 

to some downward bias when using this variable in the estimation procedure. For example, the 

behaviour of emergency response vehicle drivers could lead to higher driving speeds for more 



  

 

urgent interventions, thus leading to a lower road time. Perhaps a greater problem relates to the 

possibility of vehicles being strategically dispatched from different zones closer or further from 

the scene - based on the degree of urgency - to reduce the probability of simultaneous 

interventions within the same sector. This would lead to greater endogeneity in road time. One 

could also imagine that the topography and meteorological conditions could lead to statistical 

noise in the estimation procedure using road time. 

Our work does not consider the role of on-scene-time and time-to-hospital. This particular topic 

is treated in the literature covering the golden hour principle41,42 and did not form part of the 

research goals of this paper. We do, however, realise that these time intervals could have an 

impact on the observed patient outcomes in our dataset.  

Furthermore, the notion of patient outcomes used in our dataset is what one could categorise as 

intermediate outcomes because they translate the health state when the patient is discharged from 

the EMS vehicle crew to the hospital staff. There is clearly a need to quantify final patient 

outcomes with regards to EMS interventions. This, however, remains tricky due to the logistical 

and administrative difficulties involved in tracking patients from the moment they are taken 

charge of by EMS until their dispatch from hospital. 

Our sample appears to lack some representativity with respect to mainland France as a whole. 

Over the period studied, the average response times for A, B and C graded départements in 

mainland France were respectively 11min2sec, 11min41sec and 12min52sec. By comparison, our 

samples provide averages of 7min56sec, 8min57sec and 11min12sec. In terms of activity 

volume, average annual intervention numbers were respectively 72,156, 29,588 and 12,479. This 

compares to averages from our sample of 129,056, 51,263 and 15,358. The proportion of 



  

 

observed deaths across all interventions was 0.017, 0.021 and 0.026 respectively. Our sample 

presents values of 0.012, 0.019 and 0.026.  

Average response times of the A, B and C graded départements used in this study are thus 

significantly lower than national averages, and EMS intervention numbers significantly higher. 

We would therefore suggest that these three départements represent a level of performance above 

the national average. It is nonetheless difficult to say what might be the impact of this on the 

representativity of our results. We would expect that if response time is already optimised in 

these départements, then our model estimates may be lower than would otherwise be so.  

Future Research 

We would hope to address some of the potential issues related to the exogeneity of road time in 

future research with data covering a larger array of French départements. Further empirical 

studies into the use of road time as an estimator for the impact of EMS response time on patient 

outcomes in other contexts would be welcomed. It would also be interesting to see work on this 

topic dealing simultaneously with call time, gathering time, road time, on-scene time and time-to-

hospital, as we are not aware of any such existing research. Finally, given that the findings of our 

paper further develop the growing literature on the relationship between EMS response times and 

non-fatal patient outcomes36,37, we believe further research should be conducted on this 

relationship.  

Conclusions 

This paper presents a novel solution to the endogeneity problem of response time by estimating 

the impact on patient outcomes using road time. Working with heterogeneous EMS intervention 

data from French FRS, we find that the probabilities of both death and severe injury are 



  

 

increasing in road time. We obtained lower estimates when using (total) response time within the 

same model framework, and thus suggest that endogeneity is a significant problem when 

performing such estimations on heterogenous EMS data. Our data suggest that this endogeneity is 

primarily driven by call time. Furthermore, we find that the marginal effect of road time on 

patient outcomes is non-linear, and that this non-linear relationship varies for different outcomes. 

These findings can help to produce more reliable CBA of public policies aimed at optimising 

EMS response time to improve patient outcomes. 
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Note: Patient outcomes slight injury and uninjured are combined under the outcome heading unharmed. SD corresponds to standard deviation, Max to 

maximum value and Min to minimum value. Response times are displayed in minutes so that 5.5 is equal to 5 minutes and 30 seconds. 

 Table 1: Observed patient outcomes by sex, age and response time sub-sections 

 

 

CATEGORY 

DEATH SEVERE INJURY UNHARMED OVERALL 

A 

(n=5,816) 

B 

(n=2,985) 

C 

(n=1,511) 

A 

(n=27,862) 

B 

(n=4,038) 

C 

(n=7,556) 

A 

(n=264,026) 

B 

(n=161,805) 

C 

(n=46,648) 

A 

(N=297,704) 

B 

(N=168,828) 

C 

(N=55,715) 

MALE 
3,732  

(64.2%) 

1,899  

(63.6%) 

1,034  

(68.4%) 

16,083  

(57.7%) 

2,352  

(58.2%) 

4,629  

(61.3%) 

136,950  

(51.9%) 

83,090  

(51.4%) 

24,647  

(52.8%) 

156,765  

(52.7%) 

87,341  

(51.7%) 

30,310  

(54.4%) 

FEMALE 
2,084  

(35.8%) 

1,086  

(36.4%) 

477  

(31.6%) 

11,779  

(42.3%) 

1,686  

(41.8%) 

2,927  

(38.7%) 

127,076  

(48.1%) 

78,715  

(48.6%) 

22,001  

(47.2%) 

140,939  

(47.3%) 

81,487  

(48.3%) 

25,405  

(45.6%) 

VICTIM AGE 
            

Mean 

(SD) 

66.1  

(18.4) 

68.2  

(18.1) 

67.9  

(18.7) 

58.1  

(24.1) 

55.5  

(25.3) 

57.8  

(25.2) 

46.9  

(26.2) 

48.7  

(26.9) 

53.0  

(27.3) 

48.3  

(26.2) 

49.2  

(26.9) 

54.1  

(26.9) 

Median 

[Min, Max] 

67.0  

[0, 103] 

70.0  

[0, 99.0] 

70.0  

[1.00, 99.0] 

62.0  

[0, 108] 

58.0  

[0, 99.0] 

61.0  

[0, 99.0] 

45.0  

[0, 115] 

48.0  

[0, 99.0] 

54.0  

[0, 99.0] 

48.0  

[0, 115] 

49.0  

[0, 99.0] 

56.0  

[0, 99.0] 

Missing 0 

(0%) 

0  

(0%) 

30  

(2.0%) 

0  

(0%) 

0  

(0%) 

121  

(1.6%) 

0  

(0%) 

0  

(0%) 

817  

(1.8%) 

0  

(0%) 

0  

(0%) 

968  

(1.7%) 

CALL TIME 
            

Mean 

(SD) 

1.35  

(1.81) 

2.84  

(2.34) 

2.78  

(2.03) 

1.54  

(2.42) 

4.25  

(3.50) 

4.35  

(3.48) 

1.98  

(3.44) 

4.85  

(4.04) 

4.07  

(3.86) 

1.93  

(3.34) 

4.80  

(4.01) 

4.07  

(3.78) 

Median 

[Min, Max] 

0.983  

[0.517, 46.4] 

2.17  

[0.517, 29.1] 

2.28  

[0.517, 23.0] 

1.03  

[0.517, 50.1] 

2.98  

[0.567, 29.0] 

3.33  

[0.517, 29.8] 

1.18  

[0.517, 56.2] 

3.37  

[0.517, 30.0] 

2.67  

[0.517, 30.0] 

1.17  

[0.517, 56.2] 

3.32  

[0.517, 30.0] 

2.72  

[0.517, 30.0] 

GATHERING TIME 
            

Mean 

(SD) 

2.87  

(1.93) 

2.97  

(1.38) 

4.83  

(2.96) 

2.80  

(1.86) 

3.04  

(1.51) 

5.18  

(3.01) 

2.67  

(1.79) 

3.09  

(1.52) 

4.64  

(2.96) 

2.69  

(1.80) 

3.09  

(1.52) 

4.71  

(2.97) 

Median 

[Min, Max] 

2.15 

[0.517, 15.7] 

2.72  

[0.517, 13.2] 

4.22  

[0.517, 23.6] 

2.10  

[0.517, 19.4] 

2.75  

[0.517, 26.2] 

4.65  

[0.517, 22.3] 

2.07  

[0.517, 21.6] 

2.82  

[0.517, 28.5] 

3.70  

[0.517, 22.8] 

2.07  

[0.517, 21.6] 

2.82  

[0.517, 28.5] 

3.80  

[0.517, 23.6] 

ROAD TIME 
            

Mean 

(SD) 

5.45  

(3.76) 

6.11  

(5.17) 

7.39  

(5.89) 

5.46  

(3.53) 

6.21  

(5.15) 

7.22  

(5.66) 

5.18  

(3.18) 

5.85  

(4.40) 

6.70  

(4.76) 

5.21  

(3.23) 

5.86  

(4.43) 

6.79  

(4.93) 

Median 

[Min, Max] 

4.72  

[1.02, 55.7] 

4.98  

[1.02, 53.3] 

6.08  

[1.02, 50.7] 

4.73  

[1.02, 54.5] 

5.00  

[1.02, 52.9] 

6.00  

[1.02, 52.6] 

4.50  

[1.02, 57.5] 

4.77  

[1.02, 55.2] 

5.73  

[1.02, 55.8] 

4.52  

[1.02, 57.5] 

4.78  

[1.02, 55.2] 

5.80  

[1.02, 55.8] 



Table 2: Logistic regression models of patient outcomes on response time and road time 

BINOMIAL REGRESSION MODELS MULTINOMIAL REGRESSION MODELS 

 MODEL 1 MODEL 2 (REF=UNHARMED) MODEL 3 MODEL 4 

RESPONSE TIME -0.030*** (0.002)  
SEVERE INJURY 0.004*** (0.001)  

DEATH -0.029*** (0.002)  

ROAD TIME  0.009*** (0.002) 

 

SEVERE INJURY  

 

0.017*** (0.001) 

DEATH 0.012*** (0.002) 

VICTIME AGE 
0.026*** (0.0005) 

 

0.026*** (0.0005) 

 

SEVERE INJURY 0.013*** (0.0002) 0.014*** (0.0002) 

DEATH 0.028*** (0.0005) 0.030*** (0.0005) 

VICTIM GENDER 
(MALE=1) 

0.668*** (0.022) 

 

0.664*** (0.021) 

 

SEVERE INJURY 0.368*** (0.011) 0.365*** (0.011) 

DEATH 0.727*** (0.022) 0.723*** (0.022) 

CATEGORY B 
(REF=CATEGORY A) 

0.492*** (0.025) 

 

0.390*** (0.025) 

 

SEVERE INJURY -0.008 (0.015) -0.007 (0.015) 

DEATH -0.023 (0.029) -0.036 (0.029) 

CATEGORY C 
(REF=CATEGORY A) 

0.827*** (0.033) 

 

0.637*** (0.032) 

 

SEVERE INJURY -0.039** (0.015) -0.038** (0.015) 

DEATH 0.032 (0.029) 0.013 (0.029) 

2016 
(REF=2015) 

-0.022 (0.029) 

 

-0.036 (0.029) 

 

SEVERE INJURY -0.099*** (0.015) -0.097*** (0.015) 

DEATH -0.223*** (0.029) -0.238*** (0.029) 

2017 
(REF=2015) 

0.035 (0.029) 

 

0.016 (0.029) 

 

SEVERE INJURY -1.182*** (0.018) -1.180*** (0.018) 

DEATH 0.363*** (0.025) 0.264*** (0.025) 

2018 
(REF=2015) 

-0.202*** (0.029) 

 

-0.216*** (0.029) 

 

SEVERE INJURY 0.633*** (0.016) 0.630*** (0.016) 

DEATH 0.951*** (0.034) 0.767*** (0.032) 

TRAUMA 
(REF=CRITICAL MEDICAL EMERGENCY) 

-3.018*** (0.063) 

 

-2.998*** (0.063) 

 

SEVERE INJURY -1.295*** (0.017) -1.294*** (0.017) 

DEATH -3.184*** (0.063) -3.164*** (0.063) 

ROAD TRAFFIC 

ACCIDENT 
(REF=CRITICAL MEDICAL EMERGENCY) 

-1.868*** (0.058) 

 

-1.872*** (0.058) 

 

SEVERE INJURY -0.997*** (0.023) -1.007*** (0.023) 

DEATH -2.000*** (0.058) -2.007*** (0.058) 

OTHER 
(REF=CRITICAL MEDICAL EMERGENCY) 

-2.154** (0.025) 

 

-2.165*** (0.025) 

 

SEVERE INJURY -1.346*** (0.013) -1.342*** (0.013) 

DEATH -2.329*** (0.025) -2.340*** (0.025) 

CONSTANT 
-4.399*** (0.046) 

 

-4.708*** (0.044) 

 

SEVERE INJURY -2.334*** (0.022) -2.382*** (0.021) 

DEATH -4.312*** (0.046) -4.623*** (0.044) 

 

Note: Regression coefficients and their statistical significance:  *p<0.1; **p<0.05; ***p<0.01. Standard errors in brackets. 




