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Abstract 

Background: One of the debating issues in trauma care is the effect of “golden hour” when it comes 

to patient treatment after major injury. Although there is consensus in the medical community that 

trauma is a time-sensitive issue, empirical analysis on clinical data often ends up with insignificant 

conclusions on the relationship between time after injury and definitive care. Especially, the literature 

largely focuses on the association between pre-hospital times and trauma patient mortality. 

Relationships between pre-hospital times and clinical outcomes such as operative intervention and 

the length of hospital stay, are relatively understudied. Method: Based on the records of 488 trauma 

patients admitted from 2017 to 2021 at an urban Level I trauma center, we investigated the impact of 

prehospital times on the risk of operative intervention, and the length of hospital stay, using machine 

learning techniques (decision trees) in conjunction with methods in statistical inference. Results: 

Controlling the Revised Trauma Score at 12 or above, the mean length of hospital stay is significantly 

shorter for patients who had response times (time between dispatch call and EMS arrival) below 32 

minutes (p-value 0.05, 3.83 days vs 5.15 days). Patients with on-scene times (time between arrival and 

departure of EMS vehicle) below 19 minutes had significantly shorter hospital stays (p-value 0.00246, 

3.25 days vs 4.47 days). Patients who arrived at the emergency department (total prehospital time) 

within 61 minutes had significantly shorter hospital stays (p-value 0.041, 3.63 days vs 4.43 days). In 

terms of operative intervention, patients with total pre-hospital time within 76 minutes had 

significantly lower risk of operative intervention (p-value 0.0119, 22.6% vs 32.9%). Conclusion: 

Although there may exist many confounding factors associated with the length of hospital stays and 

the risk of operative intervention, this study reveals significant data evidence supporting the 

existence of an optimal time point, the “golden hour” principle, in trauma care. It suggests the need 

for rapid responses to reduce the total pre-hospital time, which may significantly minimize the length 

of hospital stay and reduce the risk of operative interventions. 

Keywords: clinical outcomes; trauma; patients 

 

1. Introduction 

Traumatic injury is the leading cause of death for individuals forty-five and younger. It is also 

the fourth leading cause of death for individuals of all ages [1–3]. While there is agreement that 

trauma is a time-sensitive issue, clinical data analyses often end up with insignificant conclusions on 

the relationship between time after injury and definitive care [4–6]. One of the most controversial 

issues in trauma care is the effect of the “golden hour”, which is related to the time immediately after 

a patient experiences a severe injury. Published papers indicate rapid medical intervention during 

pre-hospital time may reduce mortality [6–8]. However, few studies consider the impact of pre-

hospital times on clinical outcomes such as the length of hospital stay (LOS) and the risk of operative 
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intervention, partially because prehospital time is just one of the complex combination of factors 

affecting treatment outcomes after trauma injuries [8]. 

In this paper, we refer to the time between injury and intervention as pre-hospital time. Response 

time is the amount of time from when the dispatch call is first made to when the EMS vehicle arrives 

on the scene. On-Scene time is the time from EMS vehicle arrival (on-scene time) to its departure from 

the first scene. Transport time is the amount of time from the EMS vehicle’s departure from the scene 

to arrival at the ED. Total pre-hospital time is the amount of time from emergency medical service 

(EMS) activation (dispatch) to Emergency Department (ED) admission. The total pre-hospital time 

consists of three components: response time, on-scene time, and transport time. Certainly, the 

timeframe of intervention and treatment outcome may also depend on other factors such as the 

nature of the injury and the patient’s underlying health conditions. 

Current research [8–10] on injury timing and definitive care for trauma patients focuses on the 

correlation between rapid access to care and the corresponding mortality. In addition to mortality, 

the overall medical costs also include the length of hospital stay (LOS) and operative intervention. 

However, the impact between injury timing and LOS has typically been understudied, mainly 

because of high degrees of data variation [8,9]. For instance, trauma patients who experienced severe 

injuries and were rushed to the hospital might have shorter hospital stay times if they passed away 

immediately after arriving at the hospital. In this case, the LOS has nothing to do with prehospital 

time. Toward this end, the Revised Trauma Score (RTS) is often used to screen out the prognosis of 

trauma patients before the analysis of clinical outcomes such as mortality, LOS, or operative 

intervention. In fact, although prehospital times are important, RTS is usually a more significant and 

determining factor associated with clinical outcomes. 

RTS is part of the reason for large data variation. Delays in medical intervention after injury may 

clinically cause blood clots or related organ damage, which may lead to longer LOS or higher chance 

of operative intervention. On the other hand, for the dataset under consideration, we have patients 

who were seriously injured (RTS of 3 or lower) and short prehospital times, however, their values of 

LOS vary greatly. Clearly, those patients were rushed to the hospital (short pre-hospital time) due to 

severe injuries. Some of them had short LOS on record because they passed away soon after arriving 

at the hospital. Some of them had relatively long hospital stay due to severity of the injury. For these 

patients, the effect of RTS partially confounded and distorted the impact of prehospital time on LOS. 

Similar confounding impact also appeared to patients with operative intervention. To fairly examine 

the impact of prehospital times on LOS and operative intervention without interactions on RTS, we 

confine the dataset to patients who had RTS at 12 or above in the study. 

Mechanism of injury, injury patterns, and associated injuries are other critical confounding 

factors that should be considered. For instance, blunt polytrauma with TBI patients are more likely 

to stay longer in hospital, while patients with inner city penetrating trauma may require a quick fix 

and discharge, or could end up with mortality1. Thus, in the dataset, we also excluded patients with 

penetrating trauma (gunshot wounds and stabbing). 

2. Materials and Methods 

The database in the study consists of 488 medical records from trauma patients admitted to an 

urban Level I trauma center during the period from 2017 to 2021. Basic patient characteristics are 

summarized in Table-1. Because the original dataset contains patients who had low RTS, to avoid 

confounding effects of RTS, patients with RTS measures below 11 were excluded. With respect to the 

length of hospital stay, patients with RTS below 11 appear to be characteristically different from 

patients with RTS above 11 (p-value is 0.00017). The average hospital length for patients with revised 

trauma scores below 12 (sample mean = 11.8 days, sample standard deviation = 10.9 days, 32 patients) 

is much longer than the average LOS for patients with RTS values equal to or above 12 (sample mean 

 
1 We thank the Academic Editor who kindly pointed out this confounding effect in the earlier version of the 

manuscript. 
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= 4.04 days, sample standard deviation = 4.53 days, sample size = 427 patients). The small p-value 

(0.00017< 0.05) indicates that RTS is a strong confounder in the analysis on the relationship between 

pre-hospital times and LOS. For this reason, we only consider patients with RTS at 12 or higher in the 

study. 

A second confounding factor is the mechanism of injury and method of transportation. This 

dataset includes patients who were transported to the hospital by air and by ground transportation. 

Usually, trauma patients with severe injuries or those living in remote locations far from the hospital 

were transported by air. To avoid possible confounding effect of transport methods, we exclude the 

small amount (18) patients who were transported by air and only investigated patients who arrived 

the hospital via ground (n = 409) transportation without penetrating trauma. 

In terms of data analytics, conventional methods usually rely on model assumptions, which are 

debatable for trauma injury data. For example, the principle regarding the “golden hour” is that 

treatments during a relatively quick time frame post injury have an outsized impact on patient 

outcomes. However, conventional methods of data analytics rely on the assumption of the 

underlying parametric relationship between continuous prehospital time and clinical outcome. 

Model assumptions and inference procedures often hinder valid comparisons and result in 

insignificant LOS differences for each prehospital time. In this study, we introduce a machine 

learning method (regression trees and classification trees) to analyze the trauma patient data. For the 

study on LOS, the method of regression tree is applied to select the best splitting point to form two 

patient groups with best LOS homogeneity within each group. For operative intervention, the 

method of classification tree identifies the best partition of different pre-hospital times associated 

with categorical clinical outcomes (Yes or No) for operative intervention. There is no model 

assumption hidden behind the decision tree method in the search of optimal time thresholds, the 

“golden hours”. After identifying the threshold splitting time for prehospital events, statistical 

methods are used to validate the LOS difference before and after the splitting prehospital time point. 

Data description consists of descriptive statistics summarizing trauma patient characteristics in 

the data. Statistical differences for categorical variables were evaluated using the Pearson’s Chi-

square test. As for continuous variables, the LOS comparison is performed using the Student-t or 

Mann-Whitney Wilcoxon test, when appropriate. Each measure of pre-hospital time (response time, 

on-scene time, transport to ED time, total pre-hospital time) is fitted with a regression tree to find the 

threshold (splitting time point) for LOS homogeneity. Correspondingly for operative intervention, 

classification trees are used to estimate the optimal threshold of splitting time point, which forms 

homogeneous patient groups on the risk of operative intervention. 

The decision tree analyses (and statistical inference) are run in RStudio (2024.12.0 Build 467, 

2009-2024 Posit Software, PBC). A p-value of 0.05 is considered statistically significant. 

Table 1. Descriptive Statistics of Prehospital Times of Trauma Patients with RTS ≥ 12. 

  Age Response On-scene Transport Prehospital RTS LOS 

Mean 59.79 21.50 22.07 24.10 67.66 12.07 3.97 

StD 22.57 22.02 10.52 16.95 39.39 0.47 4.58 

Range 87 180 63 96 233 4 40 

Minimum 18 0 0 0 18 12 0 

Maximum 105 180 63 96 251 16 40 

Sample size 419 417 414 415 415 404 419 

  

Gender Frequency Race Frequency Mechanism Frequency 

  

Male 233 (56%) White 339 (80.9%) MVC 119 (28.4%) 

Female 186 (44%) Black 57 (13.6%) Assault 14 (3.3%) 

  

Hispanic 15 (3.7%) OV 13 (3%) 

Asian 2 (0.5%) Fall 226 (53.9%) 

Other 6 (1.4%) Other 47 (11.4%) 
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Unknown 1 (0.2%)     

3. Results 

We identified 419 trauma patients satisfying the selection criteria for the validation of pre-

hospital times related to LOS and operative intervention. Of the patients, 233 (56%) were male and 

186 (44%) were female. Most of the patients were White (80.9%). Patient ages in this dataset range 

from 18 to 105 years. The mean patient age is around 60 years with a standard deviation of 23 years. 

All patients in the study have a stable revised trauma score (RTS) from 12 to 16 with a standard 

deviation of 0.47. The length of hospital stays (LOS) range from 0 to 40 days with a mean length of 

3.97 days and standard deviation 4.58 days. 

LOS. For each of the four pre-hospital times, we fit a regression tree analysis with LOS as the 

response variable. The regression tree produces an optimal binary splitting time point, where patients 

are separated into two groups based on LOS homogeneity within each group. We report the 

analytical results as follows. 

Table-2 summarizes the analytical results corresponding to the optimal splitting times of the 

four pre-hospital events in the dataset. 

 

As shown in Figure 1, the first splitting time point for the total pre-hospital time is 60 minutes 

(less than 61 minutes). The average LOS of 3.6 days for 232 trauma patients who had total prehospital 

time less than 61 minutes, and the rest 185 trauma patients had an average LOS of 4.4 days. 

 

Figure 1. Regression tree of LOS on the total prehospital time. 

Type (sample size) Time Point p-value Before, n After, m
Response time  (394) 32 min 0.05 3.83 ± 4.16, 323 5.15 ± 6.42,   71
On-Scene time  (414) 19 min 0.0025 3.25 ± 3.67, 174 4.47 ± 5.10, 240
Transport time to ED (409) 7 min < 0.0001 1.81 ± 1.52, 16 3.98 ± 4.57, 381
Total Pre-Hospital to ED (417) 61 min 0.041 3.63 ± 4.15, 232 4.43 ± 5.08, 185

Table-2  LOS (in days) Before and After the Threshold Time  Point,  RTS ≥ 12
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Figure-2 indicates a splitting response time of 32 minutes. It separates 323 trauma patients who 

had response time less than 32 minutes with an average LOS of 3.8 days, versus the rest of 71 patients 

who had response time more than 32 minutes and less than one hour. The analysis is restricted to 394 

patients with response time less than one hour. Patients with response time more than one hour are 

treated as outliers and excluded from the analysis. 

 

Figure 2. Regression tree of LOS on response time. 

Figure-3 shows the first splitting scene time of 19 minutes. It separates 174 trauma patients who 

had on-scene time less than 19 minutes (with an average LOS 3.3 days) from the rest of 240 patients 

who had scene time at least 19 minutes (average LOS 4.5 days). 
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Figure 3. Regression tree of LOS on the Scene time. 

Operative intervention. Besides the impact of prehospital times on LOS, we also examined the 

impact of prehospital times on the need of operative intervention using classification trees. This is 

because the outcome variable is binary (Yes or No on operative intervention), and the regression tree 

is not applicable to binary response variables [11–13]. Table-3 summarizes the analytical outcomes 

for the risk of operative intervention. Splitting times for response time and on-scene time are not 

statistically significant for the risk difference on operative intervention. However, the splitting times 

for the total pre-hospital time (p=0.0119) and transportation time (p=0.0107) are significantly different. 

Table 3. Rates of Operative Intervention with Splitting Time Point, RTS ≥ 12. 

Type of Time (N) Time Point p-value Before point, n, x After point, m, y 

Response time (401) 23 min 0.3746 271, 70 130, 40 

On-Scene time (414) 30 min 0.2799 334, 90 80, 19 

Transport time (397) 7 min 0.0107 27, 2 370, 102 

Total Pre-Hospital to ED (417) 76 min 0.0119 274, 62 143, 47 

For convenience, the classification tree of operative intervention on total prehospital time is 

presented in Figure 4. 
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Figure 4. Classification tree of operative intervention on total prehospital time. 

Figure-4 shows a splitting time of 76 minutes for the total prehospital time on the occurrence of 

operative intervention. 

4. Discussion 

Since clinical outcomes of trauma patients highly depend on the severity of injury [8–10], we 

restricted our consideration on trauma patients with revised trauma score (RTS) at 12 or above in this 

study. In this way, we investigated impacts of prehospital times on clinical outcomes without the 

major confounding effect of RTS. In terms of the mechanism of injury variable for the type of injury 

the patient had suffered, trauma patients under consideration in this study were most likely to have 

either suffered a fall (53.9%, Table 1) or have been involved in a motor vehicle collision (28.4%). 

As mentioned above, the total pre-hospital time consists of three components: response time, 

on-scene time, and transport time to the ED. Table-1 indicates that the variance of the response time 

(22 minutes) is greater than the mean response time (21.5 minutes). This reflects relatively large 

response time variation for trauma patients. Compared with the response time, the scene time has 

relatively smaller standard deviation (relatively more stable), 22.07±10.52. This intuitively makes 

sense as response time requires dispatch operators to parse why the emergency call is being made 

and figure out how to get the caller help, while scene time measures the amount of time between 

EMS arrival and departure for the hospital. In this dataset, the transport time (from departing the 

first scene to arrival at the ED) is relatively large (ranging from 0 to 96 minutes). However, the mean 

value of the total pre-hospital time (from EMS activation to the arrival at the ED) is around one hour, 

67 minutes. 

Transport time on LOS. The LOS regression tree provides a splitting time point of ground 

transport to the hospital at 6 minutes, which is much shorter than most of the transport time, only 16 

patients had transport time less than 7 minutes (Table 2). Although we confined the comparison to 

patients with ground transportation, the splitting time point is still not statistically significant for the 

LOS difference between patients with transport time less than 15 minutes versus those with more 

than 15 minutes transportation time (p-value is 0.2934). This may be partly due to the variation of 

other factors involved in the data. For instance, traffic conditions, geospatial location of the accident, 

mechanism of injury, and the impact of Covid-19 restrictions during the timeframe of data 

collection14-18. 
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Total prehospital time on LOS. As shown in Figure-1, the splitting time point for the total pre-

hospital time to ED arrival is 61 minutes. This is remarkably consistent with the “golden hour” 

principle for trauma injuries. The corresponding p-value associated with the homogeneous LOS 

splitting point at 61-minute prehospital time is 0.041, as presented in Table 2. In other words, using 

this dataset, we are 95% confident that the length of the average hospital stays (LOS) for trauma 

patients who have pre-hospital times below 61 minutes is shorter than patients who have pre-hospital 

times above 61 minutes. 

Response time on LOS. When we consider the response time (time from EMS activation to 

arrival at the scene), the difference at the optimal binary splitting point is statistically significant 

(p=0.05) for LOS. Two patients have missing values for the response time, so we excluded them and 

were left with 394 patients for the response time analysis. Using the LOS regression tree shown in 

Figure 2, we identified a splitting time point of 32 minutes for response time on LOS. The mean length 

of hospital stay is 3.8 days (3.83 ± 4.17 days) for the 323 trauma patients (who had an EMS arrive on 

the scene less than 32 minutes of the dispatch call being made). For the remaining 71 patients where 

the EMS arrived on or after 32 minutes but within an hour, the mean length of hospital stay is about 

5.2 days (5.15 ± 6.42 days). Patients with response times exceeding an hour were outliers and removed 

for the purpose of meaningful comparison. As shown in Table 2, the corresponding p-value for the 

splitting time point is 0.05. This supports the hypothesis that patients with response times below 32 

minutes have the mean LOS time shorter than their counterparts. 

On-Scene time on LOS. On-Scene time measures the length of time between the arrival of the 

EMS vehicle on the scene to the departure of the EMS vehicle from the scene [16]. Using the LOS 

regression tree as shown in Figure 3, the splitting point for on-scene time is 19 minutes. As the 

analysis in total pre-hospital time and response time, patients with on-scene time below 19 minutes 

have significantly shorter average hospital stays (LOS) than patients who have scene times more than 

19 minutes (p-value = 0.0025). 

Risk of operative intervention. Operative intervention is an effective measure in assessing the 

impact of prehospital times, besides mortality [15,19–21]. As shown in Figure 4, for patients with the 

total prehospital time less than 76 minutes, 62 out of 274 patients needed operative intervention. 

Compared with the operative intervention rate of 143 patients who got hospital admission longer 

than 76 minutes, the difference on the rates of operative intervention is statistically significant 

(p=0.0119). This indicates that patients with shorter prehospital time have lower risk of operative 

intervention, and the estimated threshold is 76 minutes. 
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5. Conclusions 

There are many factors associated with LOS and operative intervention of trauma patients. The 

uncertainty behind the data hinders empirical analysis of LOS data using conventional statistical 

methods due to legitimacy of modelling assumptions. However, as shown in the paper, the machine 

learning method (decision trees) side-steps traditional model assumptions and identifies significant 

splitting time points to support the fundamental principle of the “golden hour” in trauma care. The 

decision tree analysis (using this dataset) suggests that the combination of rapid responses at each 

step prior to arriving at the point of care may reduce the total pre-hospital time. This may 

consequently leverage medical burdens for trauma injury patients by optimizing LOS and lowering 

the risk of operative intervention. 
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