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Abstract

Determining the relative importance of a variable is typically done as a byprod-
uct of fitting algorithms, such as coefficients in large-scale regression (e.g., LASSO),
leave-one-variable-out changes in risk (random forest) and other methods that might
yield insight, but are tied to specific fitting procedures and even parametric models.
We proposed a parameter within a non-parametric model that measures the impor-
tance of each variable as the amount of attribution of that variable towards changes
in the mean outcome. Specifically, for each of the candidate competing causes of the
outcome, we utilized an estimate of this attribution using a statistical approach based
upon a combination of machine learning and causal inference via Targeted Learning.
This approach allows for 1) variable importance comparisons at the same scale re-
gardless of the original scale of the variable, 2) estimation not dependent on arbitrary
parametric assumptions, 3) and asymptotically linear (locally efficient) estimator for
which robust asymptotic inference is available. We implemented this approach to de-
termine the variable importance of clinical measures in trauma patients in predicting
the probability of mortality at different time periods (from time of injury) using data
from three independent trauma studies. This approach allowed comparisons of vari-
able importance within and between trauma cohorts and identified variables with the
biggest potential “intervention” impact for mortality. Our results showed that the most
important variables across all time intervals is initial International Normalized Ratio,
while importance of other variables varied by time. These findings were similar across
three trauma cohorts. This method can serve as an alternative to more standard variable
importance procedures that lack both broad clinical interpretability and mechanisms
for accurate statistical inference in the context of data-adaptive estimation.
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1 Introduction

Nowadays, researchers have access to overwhelmingly complex high-dimensional elec-
tronic health record (EHR) data. And it became our primary goal to establish a measure of
variable importance at each given time point in terms of impacting certain health outcomes,
so that we are able to assist clinicians to make optimal care decisions using the entirety of
the patient’s data. However, there is not a universal definition of “most important” variables.
One type of definition is motivated by prediction power, where the “most important” vari-
ables are those which accurately predict the outcome (like those generated from Random
Forest), and another type by causal association, where the most important” variables are
those whose change cause most changes in outcomes (like coefficients in Lasso regression).
Here, we focus on the latter one and refer it as Variable Importance Measure (VIM) in the
following parts of article.

There are plenty of medical literature measuring variable importance and building as-
sociations between these variables and outcomes of interest. Yet most of them only applies
parametric models or evaluate the importance of parameters as a fixed value over the whole
intervention [1][2][3][4][5]. In comparison, our method makes no parametric modeling
assumptions and relies on automated machine learning to estimate the data-generating dis-
tribution.

In this paper we applied a novel variable importance measure based upon a combina-
tion of machine learning and causal inference via Targeted Learning[6], to determine the
variable importance of trauma study with regard to patients’ mortality rates at different time
periods. Specifically, We applied the NPVI estimator [7] to three independent trauma stud-
ies, which include two observational studies (ACIT[8][9][10], PROMMTT][11]) and one
randomized trial (PROPPR[12]). We used the methods to examine whether to estimate
importance of seven variables measured in emergency department, adjusting for twelve de-
mographic and trauma-specific variables, regarding patients’ mortality rates within 2 hours,
in 2 to 6 hours, and in 6 to 24 hours respectively. Our results showed that we could use this
novel method of variable importance to rank the variables that contribute to poor outcomes
among trauma patients. Consistently across the three studies, the most important variable
across all time intervals is initial International Normalized Ratio (inr), and the importance
of other blood-clotting related variables (such as initial PLaTelet count, or plt, and ini-
tial Partial Thromboplastin Time, or ptf) vary by time. Thus, the paper demonstrates the
centrality of coagulopathy and its resolution on patient survival in acute trauma.

In section 2, we illustrated the methodology, including source of data, parameter of
interest, and implementation details. In section 3, We presented the variable lists, summary
statistics, and results. In section 4, we discussed our findings and how they would assist
clinicians in emergency department.
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2 Methodology

We compared the results across three prospective studies of acute trauma, among which two
are multi-center studies and one is single-center. We specified a common set of predictors
across the three studies and examined the relative VIM as defined in section 2.2. The pre-
dictor variables include both demographic factors, measures of severity of injury, and lab
values related to coagulation. As explained below, some of the variables we considered rep-
resenting potential interventions of interest, others as adjustment variables for all variable
importance measures constructed.

2.1 Data

We describe the three independent data sources below, the first two of which are prospec-
tive observational studies, the last a clinical trial, where ratio of blood products was the
randomized intervention.

2.1.1 PROMMTT

The PRospective, Observational Multi-center Major Trauma Transfusion (PROMMTT)
study enrolled 1,245 individuals at ten level I trauma centers from around the United States.
Patients had to survive at least 30 minutes and receive at least one unit of red blood cells
within 6 hours of arrival in the emergency department[11]. Once enrolled they were fol-
lowed for diagnostic and therapeutic procedures and subsequent outcome data were col-
lected . The PROMMTT study was approved at each study site and the Data Coordinating
Center by the local institutional review boards. The US Army Human Research Protections
Office also provided secondary level review and approval. Patient records were deidentified
prior to their use in this analysis.

2.1.2 ACIT

The Activation of Coagulation and Inflammation in Trauma (ACIT) study is a prospective
cohort study of 1,671 severe trauma patients admitted to a single level I trauma center.[8][9][10]
Several physiological and clinical measurements were recorded at several time points for
each patient after arrival to the emergency department. These variables include demo-
graphic variables, baseline risk factors, longitudinally measured variables that account for
the patients’ exposure and health status history, and an indicator of the occurrence of death

at each time interval. Because these data are often collected in a highly dynamic envi-
ronment, it is common that some variables are missing for some patients at a given time
point[13].

2.1.3 PROPPR

The Pragmatic, Randomized Optimal Platelet and Plasma Ratios (PROPPR) trial was de-
signed to address the effectiveness and safety of a 1:1:1 transfusion ratio compared with a
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1:1:2 transfusion ratio in patients with trauma for whom massive transfusion were indicated[12].
Specifically, PROPPR was a pragmatic, phase 3, multi-site, randomized clinical trial of 680
severely injured patients who arrived at 1 of 12 level I trauma centers in North America,
between August 2012 and December 2013. This study measured patient demographics, in-
jury mechanism, clinical scoring measurements related to trauma injuries, a baseline test of
whole blood coagulation, and data were collected multiple time points.

2.2 Parameter of Interest

Suppose the observed data structure is O = (W,X,Y ), where confounder W € W is a vector
of baseline covariates, exposure X € R and outcome Y € R respectively quantify an expo-
sure and a response, and we wish to investigate the relationship between X on Y, accounting
for W. Taking W into account is desirable because we know (or cannot rule out the possi-
bility) that it contains confounding factors, i.e., common factors upon which the exposure
X and the response Y may simultaneously depend. One classical approach to study such
relationship is the Average exposure Effect (ATE) estimator [14], which investigates the
causal effect of binary exposure X on outcome Y. Specifically, the estimand for the ATE
for binary X is:
EO{EO(Y ‘ X = I,W) —Eo(Y ‘ X = O,W)}

However, if one can define a target level that is a priori to be the goal value of medical
interventions, then an interesting and very relevant measure of the variable can be estimated.
It requires that the target level, xp, has positive mass (P(X = xp) > 0, that is, there will a
growing number of people in the data with the same value xy as sample size grows) and
a continuum of other levels. Thus, we propose to estimate an alternative parameter, one
that measures the causal effect of pseudo-continuous exposures on health outcomes, by
comparing the current mean of the outcome to what it would have been if the variables
was set at its target level. This allows one to compare the estimates across differently
explanatory variables, as now, regardless of the scale and distribution of the variable, the
estimate has the same interpretation, and hence evaluate the relative importance of several
variables in regard to post-trauma outcomes.

Thus, we could use an estimator. Such estimator is named Targeted Minimum Loss Es-
timation Methodology Non-Parametric Variable Importance (tmle.npvi) estimator [7] and
introduced briefly here:

For all distributions P of O compatible with the above description of O, for f, a user-
supplied function such that f(0) =0,

_ Ep{f(X —x)[Ep(Y|X,W)) — Ep(Y|X = xo0, W)]}
Ep{f(X —x0)*}
In this paper, we set f(X) = |X| for X € R, and set xo as the low-risk range, defined in 3.

And our targeted parameter becomes:

Wiy (P) = Ep{|X _XOHEP(;L?)‘?)—));)EZ?(Y’X =x0,W)[} 2)

¥y (P)

)]
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Developed based on the semi-parametric estimation methodology called TMLE [6]. the
tmle.npvi estimator has several desirable statistical properties (convergence of the iterative
procedure in TMLE methodology; consistency and asymptotic normality of the estimator)

[7].

2.3 implementation

Each time, we take each of the 7 exposures (A), all of 12 confounders (W), and one
of the 3 outcomes (Y), to fit model 2, and obtain one estimated ‘i‘m(P). So we have

TAx3Y =21 ‘i“X‘(P) results in total.

We implemented our estimation using tmle.npvi R-package [7], where we fitted the
SuperLearner[15] using the algorithms implemented by the following R-packages:

1. Generalized additive models by gam R-package[16], with its default values.
2. Generalized linear models: glm R-function.

3. Piecewise linear splines by polymars R-function from the polspline R-package[17]
with its default values.

4. Random forests by randomForest R-package[18], with its default values.

5. Support vector machines by svm R-function from the e1071 R-package[19], with its
default values.
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3 Results

3.1 Variable Tables

Here we listed all the confounders used in modeling each of exposure variables as below:
Confounder W:

Variable Name Description

1 bmi Body mass index
2 latino Indicator for Hispanic ethnicity
3 age Age in year
4  penetrating Injury type (blunt vs. penetrating)
5 sex Gender
6 race Race
7 anticoag Indicator for anticoagulant use
8 Ibmi Indicator for missing body mass
9 Ilatino Indicator for missing Hispanic ethnicity
10 TIage Indicator for missing age
11 Ianticoag Indicator for missing anticoagulant use
12 Trace Indicator for missing race

Table 1: Variable names of confounder W

Here we listed all the exposures as below:

Exposure A:

Variable Description
1 hgb Initial ED hemoglobin results
2 hr Initial ED heart rate
3 inr Initial ED international normalized ratio
4 iss Injury severe score
5 plt Initial ED platelet count
6 ptt Initial ED partial thromboplastin time results
7 sbp Initial ED systolic blood pressure

* ED = Emergency Department

Table 2: Variable names of exposure A
And we defined the ’low-risk range” for each of our exposures as below. The cutoff is

provided by clinicians working in the emergency department.
Low-risk ranges of exposure::
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Variable name Low-risk range

I hgb [12,17]
2 hr [60, 80]
3 inr [0, 1.4]
4 iss [0, 10]
5 plt [150, 450]
6 ptt [0, 35]
7 sbp [120, 159]

Table 3: Low-risk Ranges of exposure

Here we listed all three outcomes as below:
Outcome Y:

Variable Description

1 Mortality 2h Indicator of death in 2 hours
Mortality 2to6h Indicator of death in 2 to 6 hours
3 Mortality 6to24h Indicator of death in 6 to 24 hours

Table 4: Variable names of outcome Y

1935



JSM 2018 - Section on Medical Devices and Diagnostics

3.2 Descriptive Statistics

Overall
Variable ACIT PROPPR PROMMTT
Overall Overall Overall
Body mass index (kg/mz), M (SD) 26.77 (5.21) 28.20 (14.20)  27.94 (6.87)
Ethnicity, n (%)
Hispanic 432 (27.12) 120 (17.65) 933 (79.61)
Age, M (SD) 40.96 (18.60)  38.69 (17.45)  40.78 (18.67)
Penetrating Injury, n (%)
Penetrating 706 (42.38) 330 (48.53) 438 (35.27)
Sex, n (%)
female 310 (18.55) 134 (19.71) 320 (25.76)
Race, n (%)
White 949 (59.65) 434 (65.46) 941 (75.76)
Black 375 (23.57) 186 (28.05) 223 (17.95)
Asian/Pacific Islander 223 (14.02) 33 (4.98) 47 (3.78)
Other 44 (2.77) 10 (1.51) 31 (2.50)
Anticoagulant use, n (%)
Yes 95 (8.22) 24 (4.59) 145 (15.15)
Deficit 894 (72.21) 439 (86.59) 884 (71.18)
Initial ED hemoglobin results, M (SD) 13.63 (1.99) 11.97 (6.54) 11.21 (3.20)
Initial ED heart rate, M (SD) 97.60 (24.93)  109.12 (25.18) 103.64 (31.73)
Initial ED international normalized ratio, M (SD) 1.20 (0.46) 1.42 (0.44) 1.26 (1.19)
Injury severe score, M (SD) 17.70 (15.63)  28.94 (15.04)  26.13 (15.23)
Initial ED platelet count, M (SD) 228.55(93.04) 218.56(82.62) 218.83(96.78)
Initial ED partial thromboplastin time results, M (SD) 30.40 (12.79)  35.71 (22.75)  26.76 (19.96)
Initial ED systolic blood pressure, M (SD) 135.87 (33.26) 107.94 (32.50) 105.34 (35.51)

Table 5: Summary Statistics on overall datasets
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0-2h
Variable ACIT PROPPR PROMMTT

>2h <2h >2h <2h >2h <2h
Body mass index
(ke/m?), M (SD) 26.77 (5.22) 26.94 (4.63) 28.18 (14.39) 28.55 (8.19) 27.91 (6.77) 29.25(11.03)
Hispanic ethnicity, n (%) 427 (27.34) 5(16.13) 114 (17.87) 6(14.29) 893 (79.24) 40 (88.89)
Age, M (SD) 40.92 (18.49)  42.84(22.88)  38.83 (17.50) 36.55 (16.64) 40.82 (18.68) 39.64 (18.64)
Penetrating injury, n (%) 684 (42.01) 22 (57.89) 308 (48.28) 22 (52.38) 414 (34.67)* 24 (50.00)*
Female, n (%) 303 (18.55) 7(18.42) 124 (19.44) 10 (23.81) 309 (25.88) 11(22.92)
Race, n (%)
White 938 (60.17)* 11 (34.38)* 408 (65.49) 26 (65.00) 911 (76.30) 30 (62.50)
Black 364 (23.35)* 11 (34.38)* 172 (27.61) 14 (35.00) 209 (17.50) 14 (29.17)
Asian/Pacific Islander 215 (13.79)* 8 (25.00)* 33 (5.30) 0(0.00) 45 (3.77) 2(4.17)
Other 42 (2.69)* 2 (6.25)* 10 (1.61) 0(0.00) 29 (2.43) 2 (4.17)
Anticoagulant use, n (%) 93 (8.10) 2 (25.00) 24 (4.74) 0(0.00) 144 (15.35) 1(5.26)
Initial ED hemoglobin s s s s
results, M (SD) 13.68 (1.95) 11.55 (2.49) 12.02 (6.66) 10.89 (2.70) 11.34 (3.09) 8.03 (4.28)
Initial ED heart rate, M (SD)  97.30 (24.61)* 112.84 (35.23)*  109.22 (24.70) 107.06 (33.92) 103.55 (31.05) 105.79 (45.96)
Initial ED international
normalized ratio, M (SD) 1.19 (0.44) 1.89 (0.98) 1.41 (0.44) 1.80 (0.45) 1.25(1.16) 1.60 (1.72)
Injury severe s s
score, M (SD) 17.28 (15.30) 35.82 (18.62) 28.72 (14.97) 32.31 (15.80) 25.70 (14.86) 36.90 (19.97)
Initial ED platelet s s . s
count, M (SD) 229.82 (92.96) 167.88 (76.37)  220.90 (82.15) 163.96 (75.60) 222.35 (95.09) 131.33 (98.33)
Initial ED partial
thromboplastin 29.79 (9.93)**  67.56 (53.14)** 3528 (22.54) 50.39 (26.02) 26.37 (18.81) 36.36 (37.94)

time results, M (SD)
Initial ED systolic
blood pressure, M (SD)

136.17 (32.77)

120.94 (50.53)

108.83 (32.14)**

85.96 (34.12)**

106.09 (34.78)**

86.75 (47.22)**

* p-value < 0.05, ** p-value < 0.01, *** p-value < 0.001

Table 6: Summary statistics in 0 to 2 hours
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2-6h
Variable ACIT PROPPR PROMMTT

> 6h (2h,6h] > 6h (2h,6h) > 6h (2h,61]
Body mass index - .
(ke /o (5D 26.79 (5.21) 25.14 (5.40) 28.19 (14.64) 27.98 (6.26) 27.85 (6.80) 30.93 (4.32)
Hispanic ethnicity, n (%) 421 (27.57) 6(17.14) 108 (17.94) 6 (16.67) 854 (79.00) 39 (84.78)
Age, M (SD) 4069 (1824 5042 (25.49)%  38.57 (17.32) 4328(20.11)  40.69 (18.51) 4372 (21.95)
Penetrating injury, n (%) 670 (42.19) 14 (35.00) 295 (49.00) 13 (36.11) 393 (34.47) 21 (38.89)
Female, n (%) 291 (18.27) 12 (30.00) 119 (19.77) 5(13.89) 297 (26.05) 12 (22.22)
Race, n (%)
White 917 (60.17) 21 (60.00) 383 (65.14) 25 (71.43) 873 (76.58) 38 (70.37)
Black 357 (23.43) 7(20.00) 163 27.72) 9(25.71) 198 (17.37) 11 (20.37)
Asian/Pacific Islander 208 (13.65) 7 (20.00) 33 (5.61) 0 (0.00) 43 (3.77) 2(3.70)
Other 42 (2.76) 0 (0.00) 9(1.53) 1(2.86) 26 (2.28) 3(5.56)
Anticoagulant use, n (%) 91 (8.01) 2(16.67) 23 (4.70) 1(5.88) 142 (15.52) 2(8.70)
Initial ED hemoglobin s st st - - -
results M (SD) 13.71 (1.92) 12.36 (2.57) 12.10 (6.82) 10.72 (2.36) 11.40 (3.03) 9.98 (3.80)
Initial ED heart rate, M (SD) 97.27 (24.58) 98.55 (25.85) 109.08 (24.47) 111.53 (2847)  103.84 (29.86)  97.43 (49.90)
nitial ED international LI8(043)%% 1,66 (0.65* 141 (0.45) 1,50 (0.31) 1.24 (1.17) 1.40 (1.09)

normalized ratio, M (SD)

Injury severe score, M (SD)
Initial ED platelet count, M (SD)

Initial ED partial
thromboplastin

time results, M (SD)
Initial ED systolic
blood pressure, M (SD)

16.78 (15.02)***
231.59 (92.32)***

29.25 (8.00)***

136.45 (32.48)

37.64 (12.87)%**
163.65 (93.64)***

51.67 (31.93)***

125.33 (41.63)

27.96 (14.47)%++
22235 (81.71)

41.36 (17.69)***
197.11 (86.91)

34.52 (21.89) 46.58 (28.91)

110.19 (31.87)***  86.14 (28.27)%**

25.33 (14.70)***
225.05 (94.54)%**

25.82 (17.85)**

106.75 (33.53)

33.35 (16.28)***
165.17 (89.15)***

38.04 (31.21)**

92.15 (53.46)

* p-value < 0.05, ** p-value < 0.01, *** p-value < 0.001

Table 7: Summary statistics in 2 to 6 hours

6-24h
Variable ACIT PROPPR PROMMTT

> 24h (6h,24h] > 24h (6h,24h] > 24h (6h,24h]
Body mass index " "
(kg/m?), M (SD) 26.83 (5.23) 25.95 (4.68) 28.22 (14.84) 27.20 (5.83) 27.95 (6.81) 25.35(5.95)
Hispanic ethnicity, n (%) 409 (27.82) 12 (21.05) 105 (18.13) 3(13.04) 819 (78.75) 35(85.37)
Age, M (SD) 4029 (17.96)%**  50.65 (22.11)**  38.16 (16.89)*  48.70 (24.13)*  40.60 (18.16) 42.67 (25.71)
Penetrating Injury, n (%)
Penetrating injury, n (%) 654 (42.86)* 16 (25.81)* 288 (49.74) 7(30.43) 382(34.92) 11(23.91)
Female, n (%) 270 (17.64)** 21 (33.87)%* 111 (19.17) 8(34.78) 282 (25.78) 15 (32.61)
Race, n (%)
White 893 (60.87)*** 24 (42.11)** 365 (64.60) 18 (78.26) 835 (76.33) 38 (82.61)
Black 346 (23.59)*** 11 (19.30)%* 159 (28.14) 4(17.39) 193 (17.64) 5(10.87)
Asian/Pacific Islander 187 (12.75)%** 21 (36.84)%* 32 (5.66) 1(4.35) 42 (3.84) 1(2.17)
Other 41 (2.79)y%%* 1 (1.75)%% 9(1.59) 0(0.00) 24 (2.19) 2(4.35)
Anticoagulant use, n (%) 91 (8.01)* 2 (16.67)% 23 (4.70) 1(5.88) 142 (15.52) 2 (8.70)
Initial ED hemoglobin o .
results, M (SD) 13.75 (1.91) 12.82 (2.12) 12.13 (6.90) 11.30 (4.39) 11.43 (3.00) 10.70 (3.68)
Initial ED heart rate, M (SD) 97.04 (24.18) 102.92 (32.79) 109.07 (24.38) 109.33 (27.58) 103.95 (29.73) 101.33 (33.21)
Initial ED international . . . "
normalized ratio, M (SD) 1.16 (0.35) 1.57 (1.27) 1.38 (0.41) 1.89 (0.79) 1.24 (1.18) 1.38 (0.82)
Injury severe score, M (SD) 16.15 (14.76)***  32.18 (13.17)*** 27.54 (14.26)** 3848 (15.91)**  24.93 (14.56)*** 3502 (14.71)***
Initial ED platelet count, M (SD)  233.98 (90.58)***  172.48 (114.04)*** 22424 (81.57)** 177.09 (72.98)** 227.01 (94.56)*** 178.57 (82.34)%**

Initial ED partial
thromboplastin

time results, M (SD)
Initial ED systolic
blood pressure, M (SD)

28.83 (7.38)***

135.65 (31.46)**

39.96 (13.95)%+*

155.97 (47.87)**

32.74 (17.03)* 74.80 (57.20)*

110.44 (31.72) 103.40 (36.00)

2540 (17.41)%*

107.11 (32.90)

35.76 (24.34)**

98.26 (45.70)

* p-value < 0.05, ** p-value < 0.01, *** p-value < 0.001

Table 8: Summary statistics in 6 to 24 hours
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3.3 Results
The results for ACIT cohort is

variable ‘ch 95% C]zh l{IZ,(,h 95%C]2—6h lP(,,24h 95% C]6—24h

hgb 0.0117* (0.0008, 0.0225)  0.0081 (-0.0013, 0.0175)  0.0005 (-0.0092, 0.0101)
hr 0.0004**  (0.0002, 0.0006)  0.0001 (-0.0002,0.0003)  0.0001 (-0.0002, 0.0005)
inr 0.2791**%*  (0.1859,0.3722)  0.3391*** (0.2253, 0.4529)  0.3456*** (0.2424, 0.4489)
iss 0.0014*** (0.0007, 0.0022)  0.0016*** (0.0011, 0.0021)  0.0019*** (0.0011, 0.0028)
plt 0.0000 (-0.0001, 0.0001) 0.0000 (-0.0001, 0.0002) 0.0001 (-0.0002, 0.0003)
ptt 0.0187*** (0.0143,0.0231)  0.0174*** (0.0128, 0.022) 0.0015%*  (0.0004, 0.0025)
sbp 0.0001 (-0.0001, 0.0003)  0.0000 (-0.0003, 0.0002)  0.0005**  (0.0001, 0.0009)

* p-value < 0.05, ** p-value < 0.01, *** p-value < 0.001

Table 9: ACIT

The results for PROPPR cohort is

variable lpzh 95%C]2h \szﬁh 95%C]2—6h lP(,,24h 95%C16—24h

hgb NA NA 0.0011 (-0.0007, 0.0029)  -0.0004 (-0.0041, 0.0033)
hr 0.0000 (-0.0006, 0.0006)  0.0003 (-0.0001, 0.0008) 0.0001 (-0.0005, 0.0008)
inr 0.0444**  (0.01800, 0.0709) 0.0486* (0.0159, 0.0814)  0.1316***  (0.0856, 0.1776)
iss -0.0001 (-0.0011, 0.0010)  0.0017***  (0.001, 0.0024) 0.0010 (-0.0001, 0.0021)
plt 0.0005 (-0.0001, 0.0011)  0.0002 (-0.0003, 0.0006)  0.0006 (-0.0001, 0.0013)
ptt 0.0012%*  (0.0004,0.0020)  0.0032***  (0.0017, 0.0047)  0.0101***  (0.0073, 0.0130)
sbp 0.001* (0.0003, 0.0017)  0.0012%* (0.0005, 0.0020)  0.001* (0.0000, 0.0020)

* p-value < 0.05, ** p-value < 0.01, *** p-value < 0.001

Table 10: PROPPR

The results for PROMMTT cohort is

variable q"z/, 95%C12h 1P2—6h 95%C12—6h lP6—24h 95%CI6_24;1

hgb 0.0117* (0.0011, 0.0224)  0.0073 (-0.0018, 0.0164) 0.0018 (-0.0088, 0.0125)
hr 0.0005*** (0.0002, 0.0007)  0.0000 (-0.0004, 0.0003)  0.0003 (0.0000, 0.0007)
inr 0.2838***  (0.1894, 0.3783) NA NA 0.2451***  (0.1737, 0.3164)
iss 0.0016*** (0.0009, 0.0024)  0.0015*** (0.0010, 0.0020)  0.0018*** (0.0008, 0.0028)
plt 0.0000 (-0.0001, 0.0001)  0.0000 _-0.0001, 0.0002_  0.0002 (-0.0001, 0.0004)
ptt NA NA 0.0171***  (0.0126, 0.0216)  0.0143*** (0.0102, 0.0183)
sbp 0.0002 (-0.0001, 0.0005) 0.0001 (-0.0002, 0.0005)  0.0005 (-0.0001, 0.0011)

* p-value < 0.05, ** p-value < 0.01, *** p-value < 0.001

Table 11: PROMMTT

The variable that most clearly affect survival outcome across all time intervals is inr, or
International Normalized Ratio. inr is derived in part from the ptf, or Prothrombin time.
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The ptt, or Initial ED partial thromboplastin time results, is another factor in clotting. We
can see from the variable importance measure that these variables all have significant posi-
tive changes for mortality across all three time intervals and across three different studies.

Figure 1: Variable importance across cohorts

The statistical interpretation for inr in PROPPR is:

In PROPPR cohort, if inr, or initial International Normalized Ratio at Emergency Room,
is out of the “low-risk range” of [0, 1.4], the mortality rate within 2 hours will increase by
4.44%(1.80%, 7.09%), the mortality rate from 2 to 6 hours will increase by 4.86%(1.59%,
8.14%), and the mortality rate from 2 to 6 hours will increase by 13.16%(8.56%, 17.76%) .
We can interpret other treatments using the similar framework.
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4 Discussion

When we looked at these results we noticed a few patterns.

e inris the overwhelmingly significant variable in predicting mortality rate across all 3
time periods and all 3 cohorts.

e The two variables inrand ptt that have the highest degree of association with poor
outcomes are signs of abnormality in the blood clotting pathway. This is a noticeable
effect at all three time ranges and across all three different studies.

e The variable hgb is significant contributors to mortality prior to 6 hours after admis-
sion. These are both indicators of oxygen transport capacity.

e The variables Ar and sbp are both indicators for blood volume. The fact that these
variables have less impact on mortality suggests that there is little effect of blood
volume on mortality after admission. This makes sense since the patient can be given
a transfusion which will stabilize fluid volumes assuming no other abnormalities.
Abnormalities in oxygen transport can be overcome with proper treatment such as
transfusion to replace lost hemoglobin and exogenous oxygen. This would help ex-
plain why these variables are less significant 6 hours after admission. In contrast,
the factors affecting blood clotting seem to have an effect on mortality in the short,
medium and long term. It is interesting that there is such similarity in the correlations
of the different variables we have identified for each clinical consideration.

Our study meets the practical need of clinicians to find the important variables related to
mortality from trauma in emergency department. For future study, we plan to use data-
adaptive methods to determine the practical low-risk range of all treatments in emergency
department.
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