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ICU

What if we were able to
predict critical events ?

PROBLEM: discrimination acceptable but calibration
is bad

Why ?
• Possible reasons:
– ↓ mortality over time
– Geographical Disparities
– Explanatory variables deprecated
– Logistic regression model
• Unrealistic assumptions
• intrinsically biased

Actual mortality

Predicted mortality

Why ?
• Possible reasons:
– ↓ mortality over time
– Geographical Disparities
– Explanatory variables deprecated
– Logistic regression model
• Unrealistic assumptions
• intrinsically biased

=> MACHINE LEARNING ?

MACHINE LEARNING
• Since the 1960’s gazillion algorithms!
– Neural network,
– Regression trees,
• Recursive partitioning (CART),
• Bagged CART, Pruned CART, Boosted CART,
– k-nearest neighbor classification,
– Random Forest,
– Support vector machine, …
• How to make choice ?
– We’d like to let the data make their own choice !

SUPER LEARNER
Ensemble Machine Learning

cross-validation step.
1. Split data
into V blocks

3. Predict the outcomes in the
validation block based on the
corresponding training block
candidate learner

2. Train each
candidate learner
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4. Model selection and
fitting for the regression
of the observed
outcome onto the
predicted outcomes
from the candidate
learners
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5. Evaluate super learner
by combining predictions from
each candidate learner (step 0)
with m(z;β) (steps 1-4)

0. Train each
candidate learner on
entire dataset
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Super Learner

1. Library Figure 19.1: Flow diagram for super learner
2. Loss function
3. Cross validation
19.4

van der Laan, Targeted Learning, Springer 2011

Extensions for Censored Data

Oracle Properties
• The SL performs as well (in terms of expected
risk difference) as the oracle selector
– If none of the candidate learners converge at
a parametric rate, the SL performs
asymptotically as well as the oracle selector
– If one of the candidate learners is a
parametric model and that parametric model
contains the truth, the SL achieves the almost
parametric rate of convergence log n/n.

Lancet Respir Med. 2015 Jan;3(1):42-52.

MIMIC-II
• Publically available ICU data from Beth Israel Deaconess Medical Center
(BIDMC) à Boston, MA since 2001.
– Medical ICU (MICU), Surgical and Trauma ICU (TSICU), Coronary Care ICU(CCU), Cardiac
Surgery ICU (CSRU) and medico-surgical ICU (MSICU)

• Still ongoing inclusions
– Dataset frozen on 12/2012
– Patients >15 y/o

• Primary outcome: hospital mortality
• Variables: same as SAPS II score
– Dichotomized as in SAPS II (Super Learner 1)
– Raw variables (Super Learner 2)
Lee, Conf Proc IEEE Eng Med Biol Soc 2011
Saeed, Crit Care Med 2011

N=24,508 patients

SAPS II

SAPS II

http://webapps.biostat.berkeley.edu:8080/sicula/

Super Learner

Usefulness of Mortality Prediction
Mortality
Prediction

How can I use this
information to prevent it ?

Usefulness of Mortality Prediction
Mortality
Prediction

Series of preventable
events leading to ICU
mortality ?

1. Frequent
2. Associated with
the outcome
3. Actionable
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Mean arterial pressure and mortality
in patients with distributive shock:
a retrospective analysis of the MIMIC-III
database
Vincent et al. Ann. Intensive Care

(2018) 8:107
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Abstract
Background: Maintenance of mean arterial pressure (MAP) at levels suﬃcient to avoid tissue hypoperfusion is a key
tenet in the management of distributive shock. We hypothesized that patients with distributive shock sometimes
have a MAP below that typically recommended and that such hypotension is associated with increased mortality.
Methods: In this retrospective analysis of the Medical Information Mart for Intensive Care (MIMIC-III) database from
Beth Israel Deaconess Medical Center, Boston, USA, we included all intensive care unit (ICU) admissions between 2001
and 2012 with distributive shock, defined as continuous vasopressor support for ≥ 6 h and no evidence of low cardiac
output shock. Hypotension was evaluated using five MAP thresholds: 80, 75, 65, 60 and 55 mmHg. We evaluated
the longest continuous episode below each threshold during vasopressor therapy. The primary outcome was ICU
mortality.
Results: Of 5347 patients with distributive shock, 95.7%, 91.0%, 62.0%, 36.0% and 17.2%, respectively, had MAP < 80,
< 75, < 65, < 60 and < 55 mmHg for more than two consecutive hours. On average, ICU mortality increased by 1.3, 1.8,
5.1, 7.9 and 14.4 percentage points for each additional 2 h with MAP < 80, < 75, < 65, < 60 and < 55 mmHg, respectively. Multivariable logistic modeling showed that, compared to patients in whom MAP was never < 65 mmHg,
ICU mortality increased as duration of hypotension < 65 mmHg increased [for > 0 to < 2 h, odds ratio (OR) 1.76,
p = 0.005; ≥ 6 to < 8 h, OR 2.90, p < 0.0001; ≥ 20 h, OR 7.10, p < 0.0001]. When hypotension was defined as MAP < 60 or
< 55 mmHg, the associations between duration and mortality were generally stronger than when hypotension was
defined as MAP < 65 mmHg. There was no association between hypotension and mortality when hypotension was
defined as MAP < 80 mmHg.
Conclusions: Within the limitations due to the nature of the study, most patients with distributive shock experienced
at least one episode with MAP < 65 mmHg lasting > 2 h. Episodes of prolonged hypotension were associated with
higher mortality.
Keywords: Mean arterial
Acute
circulatory
failure,
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Abstract
Background—Out-of-hospital hypotension has been associated with increased mortality in
traumatic brain injury (TBI). The association of TBI mortality with the depth or duration of outof-hospital hypotension is unknown.
Methods—We evaluated adults and older children with moderate/severe TBI in the preimplementation cohort of Arizona’s statewide Excellence in Prehospital Injury Care (EPIC) Study.
We used logistic regression to determine the association between the depth-duration dose of
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Blood Pressure Mechanistical Modeling

Blood Pressure Mechanistical Modeling

Why not using our clinical data to model these
complex objects ?

PERIOPERATIVE MEDICINE

ing of 1,334 patients’ records with 545,959 min of arterial waveform recording and 25,461 episodes of hypotension; and (2)
a prospective, local hospital cohort used for external validation, consisting of 204 patients’ records with 33,236 min of arterial
waveform recording and 1,923 episodes of hypotension. The algorithm relates a large set of features calculated from the highfidelity arterial pressure waveform to the prediction of an upcoming hypotensive event (mean arterial pressure < 65 mmHg).
Receiver-operating characteristic curve analysis evaluated the algorithm’s success in predicting hypotension, defined as mean
arterial pressure less than 65 mmHg.
Results: Using 3,022 individual features per cardiac cycle, the algorithm predicted arterial hypotension with a sensitivity and
specificity of 88% (85 to 90%) and 87% (85 to 90%) 15 min before a hypotensive event (area under the curve, 0.95 [0.94 to
0.95]); 89% (87 to 91%) and 90% (87 to 92%) 10 min before (area under the curve, 0.95 [0.95 to 0.96]); 92% (90 to 94%)
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Machine-learning Algorithm to Predict
Hypotension Based on High-fidelity Arterial
Pressure Waveform Analysis
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Learn about BP from the BP …
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Learn about BP from multiple signals !
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Figure 1. Definition of a study period. T0: current time; [T−60 to T0]: time observation window (60 min); [T0–T10]: gap for physicians to
determine the adequate treatment (10 min); [T10–T30]: prediction time interval for AHE (20 min). AHE indicates acute hypotensive episodes;
ICU, intensive care unit; MAP, mean arterial pressure; SAPS II, Simplified Acute Physiology Score II; SOFA, sequential organ failure assessment.

mechanical ventilation status, concomitant administration
of vasopressors or sedation medication (for each period,
the information about mechanical ventilation, vasopressors, and sedation was entered as a binary variable) as well

fluctuation of the signal is computed by taking the
difference between 2 successive time values. We
considered the 2 coefficients of the fourth level-Haar
wavelets transform.

Prediction of Hypotensive Episode

Time series from MIMIC II

Pirracchio et al. Anesthesia Analgesia 2020, 130(5)

External Performance : Discrimination
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Calibration

Pirracchio et al. Anesthesia Analgesia 2020, 130(5)
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heart rate, systolic arterial pressure,
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arterial pressure)

MAP
•
DAP

3 – Prediction
Predictions on mean arterial pressure and
heart rate, based on the data recorded
during the observation period.
Gap are designed to allow therapeutic
adjustment to avoid the prediction.
Duration: 5 minutes

The Physiological Multi-Task
SuperLearner
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Single-task learning

b. Comparison of deep learning architectures between single-task and multi-task learning structure
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2. Regular SL: just global SL.
The prediction is based on the following covariates:
1. “los_icu”, “amine”,“sedation”,“ventilation”,“spo2”,“abpsys”,“abpdias”,“abpmean”.
2. “gender”,“age”,“care_unit”.
Initial training size included n = 1000 samples, trained at t = {20, 30, 60, 90, 120, 150, 180, 240} minutes. For
each t, we follow a gap of 30 minutes and predict the event for the following 30 minutes after the gap.

Super Learner Weights over varying Training Time
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Prehospital triage of acute aortic syndrome using a machine
learning algorithm
B. Duceau1 , J.-M. Alsac2 , F. Bellenfant1 , A. Mailloux1 , B. Champigneulle1 , G. Favé1 ,
A. Neuschwander1 , S. El Batti2 , B. Cholley1 , P. Achouh2 and R. Pirracchio1
Departments of 1 Anaesthesiology and Intensive Care and 2 Cardiovascular Surgery, European Georges Pompidou Hospital, Assistance
Publique – Hôpitaux de Paris, Paris, France
Correspondence to: Professor R. Pirracchio, Service d’Anesthésie–Réanimation, Hôpital Européen Georges Pompidou, APHP, 20 Rue Leblanc, 75015
Paris, France (e-mail: romain.pirracchio@ucsf.edu)

https://sosaortehegp.shinyapps.io/aas_superlearner/

Background: Acute aortic syndrome (AAS) comprises a complex and potentially fatal group of conditions

requiring emergency specialist management. The aim of this study was to build a prediction algorithm
to assist prehospital triage of AAS.
Methods: Details of consecutive patients enrolled in a regional specialist aortic network were collected
prospectively. Two prediction algorithms for AAS based on logistic regression and an ensemble machine
learning method called SuperLearner (SL) were developed. Undertriage was defined as the proportion
of patients with AAS not transported to the specialist aortic centre, and overtriage as the proportion of
patients with alternative diagnoses but transported to the specialist aortic centre.
Results: Data for 976 hospital admissions between February 2010 and June 2017 were included; 609
(62⋅4 per cent) had AAS. Overtriage and undertriage rates were 52⋅3 and 16⋅1 per cent respectively. The
population was divided into a training cohort (743 patients) and a validation cohort (233). The area under
the receiver operating characteristic (ROC) curve values for the logistic regression score and the SL were
0⋅68 (95 per cent c.i. 0⋅64 to 0⋅72) and 0⋅87 (0⋅84 to 0⋅89) respectively (P < 0⋅001) in the training cohort,
and 0⋅67 (0⋅60 to 0⋅74) and 0⋅73 (0⋅66 to 0⋅79) in the validation cohort (P = 0⋅038). The logistic regression
score was associated with undertriage and overtriage rates of 33⋅7 (bootstrapped 95 per cent c.i. 29⋅3 to
38⋅3) and 7⋅2 (4⋅8 to 9⋅8) per cent respectively, whereas the SL yielded undertriage and overtriage rates
of 1⋅0 (0⋅3 to 2⋅0) and 30⋅2 (25⋅8 to 34⋅8) per cent respectively.
Conclusion: A machine learning prediction model performed well in discriminating AAS and could be
clinically useful in prehospital triage of patients with suspected AAS.
Paper accepted 31 October 2019
Published online in Wiley Online Library (www.bjs.co.uk). DOI: 10.1002/bjs.11442

Introduction

Acute aortic syndrome (AAS) comprises a range of complex conditions presenting acutely, including abdominal
or thoracic aortic aneurysm, aortic dissection, intramural haematoma, penetrating aortic ulcer and traumatic
aortic injury1 . These aortic pathologies are associated
2

By analogy with the trauma response system, the goal
of prehospital evaluation and triage is to optimize the
use of sparse resources and thus minimize the overtriage
rate while not exceeding a particular undertriage rate.
Appropriate prehospital triage has been shown to reduce
mortality in injured patients8 . In an aortic network, undertriage is defined as the proportion of patients with an actual

Pirracchio et al. British Journal or Surgery 2020

http://hitecmoscore.eu

STEROIDS during SEPTIC SHOCK ?

Lack of consensus : Surviving Sepsis Campaign (4)
• Steroids may be given to patients non responding to vasopressors
• Hydrocortisone alone (not associated to Fludrocortisone)
• Corticotrophin stimulation test (ACTH) should not be routinely performed

1

Annane et coll., JAMA 2002; 2 Sprung et coll., NEJM 2008; 3 Annane et coll., JAMA 2010; 4 Dellinger , CCM 2013

Intensive Care Med (2015) 41:1220–1234
DOI 10.1007/s00134-015-3899-6
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Glucocorticosteroids for sepsis: systematic
review with meta-analysis and trial sequential
analysis

Abstract Introduction: Glucocor- no intervention on mortality at maxticosteroids (steroids) are widely used imal follow-up [relative risk (RR)
0.89; TSA adjusted confidence interfor sepsis patients. However, the
potential benefits and harms of both val (CI) 0.74–1.08]. Two trials with
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⊕⊕⊕⊝
Moderateb

Corticosteroids probably slightly reduce 28-day
all-cause mortality
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Corticosteroids may result in little to no difference in long-term mortality
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Corticosteroids probably slightly reduce hospital
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IPD-SEPSIS-1: HYPOTHESIS
2016 Research Award from International Sepsis Forum

• Hydrocortisone (HSHC) + Fludrocortisone (FC) is beneficial
• Lack of consistent results is related to
• Heterogeneity across studies
• Lack of statistical power

Improve treatment effect estimation:
- Covariate adjustment (IPD)
- Machine Learning - TMLE

TMLE
• General class of semi-parametric estimators
• Can leverage ML techniques to model relevant
part of the likelihood: Q(A,W) and g(W)
• Produces
– Substitution estimators
– Doubly-robust
– Asymptotically linear (valid 95%CI)

Credit to K. Hoffman - https://www.khstats.com/blog/tmle/tutorial-pt3/

RESULTS (1)

• 1,307 patients : 299 in GER-inf, 499 in CORTICUS et 509 in COIITSS.

RESULTS (2)

• 1,307 patients : 299 in GER-inf, 499 in CORTICUS et 509 in COIITSS.

RESULTS (3)
• Significant interaction with the result of the ACTH stimulation test (p<0,001)
• HSHC+ fludrocortisone :
• Decreased D28 mortality in the non-responders (RR=0.75, 95%CI=0.67-0.85, p<0.001)
• Increased D28 mortality in the responders (RR=1.17, 95%CI=1.06-1.29, p=0.002).

IPD-SEPSIS-2: Ongoing

• All trials on steroids for septic shock
• 17 trials – 8000 patients
• Results to be published soon !
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optimal individual model of patients was 0.77 (DeLong 95% CI, 0.59 to 0.92), and the Brier score

Net Benefit and NWT

was 0.28.

The distribution of the ITE for each corticosteroid regimen is illustrated in eFigure 2 in theAs illustrated in Figure 3, the expected net benefit seemed to highly depend on the treatment
Supplement . Using the baseline severity of illness model to decide which treatment individualstrategy. The net benefit of the treat everybody strategy of treating all patients with hydrocortisone
patients should be receiving, the estimated mean ARR was of 5.85% (95% CI, 5.73% to 5.97%)or hydrocortisone with fludrocortisone was positive for any NWT greater than 25, meaning that
(eFigure 3 in the Supplement). Using the optimal individual model, the estimated mean ARR was
of all patients with hydrocortisone or hydrocortisone with fludrocortisone was superior to
treating
2.90% (95% CI, 2.79% to 3.01%).

treating no one if the NWT was high (ie, very little harm associated with treatment) but not if the
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Discussion
This cohort study found that a personalized approach based on the estimated ITE to decide if a
patient with septic shock should be treated with corticosteroids was never harmful to the patients,
regardless of potential corticosteroid-related adverse effects. Conversely, a treatment policy based
on the ATE (ie, treat all patients or treat no one) identified from RCTs and meta-analyses may
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generate more harm than benefit at the individual level.
of Corticosteroids in Septic Shock
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data. The success of this mapping will depend on several factors,
other than the amount of actual information present in the covariates (also known as features, also known as independent variables), including the amount of noise in the data, the presence of
hidden confounders, and the number of available training examples. Lacking any general knowledge of the world, it is no
surprise that current ML algorithms will often make mistakes
that would appear trivial to a human. For example, in a classic
study, an algorithm trained to estimate the probability of death
from pneumonia labeled asthmatic patients as having a lower
risk of death than nonasthmatics (4). While misleading, the
prediction was based on a real correlation in the data: These
patients were reliably treated faster and more aggressively, as
they should, resulting in consistently better outcomes. Out of
context, misapplication of such models could lead to catastrophic results (if, for example, an asthmatic patient was discharged prematurely or undertreated). In a random dataset
collected to illustrate the widespread existence of confounders
in medicine, it was found that colon cancer screening and abnormal breast findings were highly correlated to the risk of
having a stroke, with no apparent clinical justification (5).

MEDICAL SCIENCES

Machine learning is proving invaluable across disciplines. However, its success is often limited by the quality and quantity of
available data, while its adoption is limited by the level of trust
afforded by given models. Human vs. machine performance is
commonly compared empirically to decide whether a certain task
should be performed by a computer or an expert. In reality, the
optimal learning strategy may involve combining the complementary strengths of humans and machines. Here, we present expertaugmented machine learning (EAML), an automated method that
guides the extraction of expert knowledge and its integration into
machine-learned models. We used a large dataset of intensive-care
patient data to derive 126 decision rules that predict hospital
mortality. Using an online platform, we asked 15 clinicians to
assess the relative risk of the subpopulation defined by each rule
compared to the total sample. We compared the clinician-assessed
risk to the empirical risk and found that, while clinicians agreed
with the data in most cases, there were notable exceptions where
they overestimated or underestimated the true risk. Studying the
rules with greatest disagreement, we identified problems with the
training data, including one miscoded variable and one hidden
confounder. Filtering the rules based on the extent of disagreement
between clinician-assessed risk and empirical risk, we improved
performance on out-of-sample data and were able to train with less
data. EAML provides a platform for automated creation of problemspecific priors, which help build robust and dependable machinelearning models in critical applications.
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no human intervention. More recently, the Prognosis Research
Strategy Partnership of the United Kingdom’s Medical Research
Council has published a series of recommendations to establish a
framework for clinical predictive model development, which emphasize the important of human expert supervision of model
training, validation, and updating (2, 3).
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achine-learning (ML) algorithms are proving increasingly
successful in a wide range of applications but are often
data inefficient and may fail to generalize to new cases. In contrast, humans are able to learn with significantly less data by using
prior knowledge. Creating a general methodology to extract and
capitalize on human prior knowledge is fundamental for the future
of ML. Expert systems, introduced in the 1960s and popularized
in the 1980s and early 1990s, were an attempt to emulate human
decision-making in order to address artificial intelligence problems

data. The success of this mapping will depend on several factors,
other than the amount of actual information present in the covariates (also known as features, also known as independent variables), including the amount of noise in the data, the presence of
hidden confounders, and the number of available training examples. Lacking any general knowledge of the world, it is no
surprise that current ML algorithms will often make mistakes
that would appear trivial to a human. For example, in a classic
study, an algorithm trained to estimate the probability of death
from pneumonia labeled asthmatic patients as having a lower
risk of death than nonasthmatics (4). While misleading, the
prediction was based on a real correlation in the data: These
patients were reliably treated faster and more aggressively, as
they should, resulting in consistently better outcomes. Out of
context, misapplication of such models could lead to catastrophic results (if, for example, an asthmatic patient was discharged prematurely or undertreated). In a random dataset
collected to illustrate the widespread existence of confounders
in medicine, it was found that colon cancer screening and abnormal breast findings were highly correlated to the risk of
having a stroke, with no apparent clinical justification (5).
Significance
Machine learning is increasingly used across fields to derive
insights from data, which further our understanding of the
world and help us anticipate the future. The performance of
predictive modeling is dependent on the amount and quality of
available data. In practice, we rely on human experts to perform certain tasks and on machine learning for others. However, the optimal learning strategy may involve combining the
complementary strengths of humans and machines. We present
expert-augmented machine learning, an automated way to automatically extract problem-specific human expert knowledge and
integrate it with machine learning to build robust, dependable,
and data-efficient predictive models.
Author contributions: E.D.G., J.H.F., and G.V. designed research; E.D.G. and G.V. per-
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Machine learning is proving invaluable across disciplines. However, its success is often limited by the quality and quantity of
available data, while its adoption is limited by the level of trust
afforded by given models. Human vs. machine performance is
commonly compared empirically to decide whether a certain task
should be performed by a computer or an expert. In reality, the
optimal learning strategy may involve combining the complementary strengths of humans and machines. Here, we present expertaugmented machine learning (EAML), an automated method that
guides the extraction of expert knowledge and its integration into
machine-learned models. We used a large dataset of intensive-care
patient data to derive 126 decision rules that predict hospital
mortality. Using an online platform, we asked 15 clinicians to
assess the relative risk of the subpopulation defined by each rule
compared to the total sample. We compared the clinician-assessed
risk to the empirical risk and found that, while clinicians agreed
with the data in most cases, there were notable exceptions where
they overestimated or underestimated the true risk. Studying the
rules with greatest disagreement, we identified problems with the
training data, including one miscoded variable and one hidden
confounder. Filtering the rules based on the extent of disagreement
between clinician-assessed risk and empirical risk, we improved
performance on out-of-sample data and were able to train with less
data. EAML provides a platform for automated creation of problemspecific priors, which help build robust and dependable machinelearning models in critical applications.
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Combining Machine Learning and Medical
Expertise to re-define clinical Guidelines
Optimal bundle of care in severe trauma patients
260 recommendation items
concerning trauma patient

38 recommendation items
concerning trauma brain injury

21 items concern only pelvic trauma
48 items concern only thoracic trauma
53 items concern only spine trauma

100 recommendation items
concerning hemorrhagic shock
5 items cannot be applied within first 24
hours
5 items with no direct and measurable
therapeutic impact

2 items cannot be applied within first 24
hours
5 items concern pediatric trauma

31 recommendation items

90 recommendation items
28 items are duplicates
4 conflicting items between European and
French guidelines

1 conflicting items between European and
French guidelines

30 recommendation items

58 recommendation items
34 recommendations not assessable with
TraumaBase database.

18 recommendations not assessable with
TraumaBase database.

12 recommendation items

24 recommendation items

Combining Machine Learning and Medical
Expertise to re-define clinical Guidelines
Hemorrhagic shock
group 2 vs group 1
group 2 vs group 3
group 2 vs group 1 & 3

Trauma brain injury
group 2 vs group 1
group 2 vs group 3
group 2 vs group 1 & 3

Study population n= 1049
Mortality
93/405 (22.9%) vs 181/600 (30.2%)
93/405 (22.9%) vs 7/44 (15.9%)
93/405 (22.9%) vs 188/644 (29.2%)

Study population n = 3630
Mortality
159/1567 (12.9%) vs 668/1886 (35.4%)
159/1567 (12.9%) vs 3/177 (4.8%)
159/1567 (12.9%) vs 671/2063 (32.5%)

P value
0.01
0.16
0.01

P value
< 0.001
0.45
< 0.001

Validation cohort n= 365
Mortality

16/63 (25.4%) vs 92/286 (32.1%)
16/63 (25.4%) vs 3/16 (18.8%)
16/63 (25.4%) vs 95/302 (31.5%)

Validation cohort n= 1325
Mortality

64/378 (16.9%) vs 315/640 (49.2%)
64/378 (16.9%) vs 16/307 (5.2%)
64/378 (16.9%) vs 331/947 (35.0%)

P value
0.03
0.56
0.01

P value

0.04
0.26
< 0.001
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The augmented tree-based method presented here is a procedure that uses cross-validated,
variance-bias trade-o↵ to choose the most refined level of stratification in order to minimize
misclassification rate, incorporating di↵erential impacts for a FP versus FN. This new treebased estimator is characterized by a tuning parameter ↵. This tuning parameter, ↵, is a loss
matrix composed of user-supplied weights (↵F P , ↵F N applied to falsely given treatment to
patient where it was not indicated and falsely withholding treatment when it is, respectively
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(5),
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Tree-Based Estimation of
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Table 1: Treatment Missclassification as function of Cut-O↵ ↵
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ˆ ) = 0 d(V
)
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1
After estimating the blip function from the observed data as described in section 2.2, we
d(W ) = 0
0
↵
V ). propose to estimate the full parameter
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(8)
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0
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finite sample, we want to minimize average treatment assignment misclassification within
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↵

0

↵

One of the advantages of our proposed method is that it can incorporate di↵erent weights
to the two di↵erent possible errors in treatment assignment: given treatment when the true
optimal rule suggests otherwise and visa versa. This is done because, depending on the
clinical scenario, errors can range from inconsequential to fatal. Our method incorporates
the relative consequences of treatment errors and define misclassification in this context as
a weighted combination of false assignment of treatment (FP) and false assignment of no
treatment (FN) errors.

ˆ(V ) = E{✓(W
ˆ )|V ⇢ W }

ere V are subspaces of W that are represented by the nodes in
2.3.2
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Relative Risk of Mortality amongst ICU patients by Dynamic Treatment vs Current Protocol

Optimal time-to-vasopressors in Septic
shock patients
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Combining Machine Learning and Medical
Expertise to re-define clinical Guidelines
Treatment E↵ect

Optimal blood product ratio in severe

For hemostasis, figure 6 shows a shift towards positive ATE estimates between the 3rd and 4th hour

The average treatment e↵ects (ATE) at each cross-sectional time interval over the first 10 hours and

after 4 hours since hospital admission. Importantly, after the first 8 hours and toward the end,
c the confi-

As illustrated in Figure 5, all the ATE estimates in mortality were negative. Using the treatment group

Rethinking Blood Ratios in Massive Transfusion for Trauma Patients: a
after hospital admission, meaning that the chance of achieving hemostasis was greater in patients who were 30-minute interval before the 24th hour after ED arrivals were estimated. The estimates and 95% confidence
dynamic machine learning analysis of PROPPR study
shown in figure 5 patients
for mortality and in figure 6 for hemostasis.
randomized into the treatment group of 1:1:1 blood ratio. The ATE estimates in hemostasis was stable intervals aretrauma
Minh Nguyen, Alan Hubbard, Mitchell J Cohen, Romain Pirracchio, Minh Nguyen , Alan Hubbardc ,
b
a,b,c,1,⇤
J Cohen
, Romain
Pirracchio
dence intervals for the last 6 time Mitchell
intervals did
not cover
0, suggesting
statistical
significance. Accordingly, of 1:1:2 blood ratio as the reference group, a negative value of the ATE estimate means that the chance of

a Service d’Anesthésie-réanimation,
dying was lower in patients who were randomized into the treatment group of 1:1:1 blood ratio, although
the corresponding
p-values for these time
points
were Georges
0.0070, Pompidou,
0.0042, 0.0051,
0.0028,
0.0028,
and 0.0066
Hôpital
Européen
Université
Paris
Descartes,
Paris, France
b Department

respectively.

of Anesthesia and Perioperative Medicine,University of California San Francisco, San Francisco, U.S.A.
this di↵erence did not reach statistical significance since all confidence intervals covered zero.
c Division of Biostatistics, University of California Berkeley, Berkeley, U.S.A.

Figure 6: Adjusted TMLE estimates of average treatment e↵ects (ATE) in hemostasis with assigned treatments and 95%
confidence intervals during 20 time intervals

Figure 5: Adjusted TMLE estimates of the average treatment e↵ects (ATE) in mortality with assigned treatments and 95%
confidence intervals during 20 time intervals

Abstract
Background - Massive blood transfusions required for patients with severe trauma are given with di↵erent ratios of blood
products with little evidenced-based guidance. The PROPPR study, a recent randomized controlled trial on the e↵ectiveness
of di↵erent blood product ratios failed to show any benefit of high Plasma : Platelets : Red Blood Cells ratios on mortality.
However, in trauma patients, the transfusion strategy is a highly dynamic process in which the clinicians constantly adjust the
transfusion ratios based on patients’ evolution including the expected time-to-hemostasis. A standard analysis of the data from
a randomized controlled trial might not account for such a dynamic process. In this paper, using semi-parametric machine
learning technique and causal inference, we estimated the relationship between transfusion ratios and outcomes (mortality and
hemostasis) at di↵erent time-points during the first 24 hours.
Methods - PROPPR study included 680 patients with severe trauma who required a massive blood transfusion. It is
a randomized control trial where eligible patients were assigned into two groups to be transfused with blood products of 1:1:1
vs 1:1:2 ratios (Plasma : Platelets : Red Blood Cells). Patients were followed until discharge or up to 30 days after admission.
Super Learner was used to predict health outcomes at multiple cross-sectional time intervals. Simple unadjusted and adjusted
machine-learning based Targeted Maximum Likelihood Estimation (TMLE) approach were used to estimate the e↵ects of blood
product ratios on death and hemostasis duringnthe first 24 hours following hospital admission.
Results - As compared to 1:1:2 ratio, 1:1:1 ratio tended to decrease mortality, especially after 120 mins, but the di↵erence
between the 2 transfusion ratios failed to reach statistical significance. For some time intervals, the 1:1:1 group had no impact
on the probability of hemostasis during the first 150 minutes. Since 180 minutes, high transfusion ratio was associated with a
higher probability of hemostasis, with a di↵erence reaching statistical significance after 240 minutes.
Conclusions - There was no significant di↵erences in mortality when trauma patients were randomized into treatment
groups of 1:1:1 or 1:1:2 blood product ratios. With hemostasis, however, 1:1:1 blood product ratio helped increase the chance of
achieving hemostasis in later time. High ratios seem to benefit to patients in whom hemostatis is difficult and long to achieve,
while they might not be useful in patients in whome hemostasis is quickly achieved.
P.R.O.P.P.R clinical trial identifier: NCT01545232

Keywords: trauma, massive transfusion, blood product ratio, hemostatis, mortality
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