Using forest-based models to personalise ventilation treatment in the ICU

Optimising positive end-expiratory pressure assignment based on the MIMIC-1V dataset

Responsible Professor Jesse Krijthe Author Hubert Nowak ‘ Rickard Karlsson

Supervisors : :
H.D.Nowak@student.tudelft.nl P Jim Smit

1. BACKGROUND 4. RESULTS

MIMIC-1V DATABASE RCT DATASET

Positive end-expiratory pressure (PEEP) Setting
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Ftlore (1 hosconsicerable nflsence on patenta chances of surival. - SIMULATIONS . The models were stongly overfiting and the | Not all features from MIMICIV were avaiable in this
« It is not know if high or low PEEP setting is more beneficial for patients [2], performance was rather poor. ‘ . ?atasdeththus we had to re-tra!n'the mhodels 1(’us;-'ng th:a bes;
perhaps it should be assigned on a case-to-case basis. We firstly evaluated the models’ performance in * ;Ii!jperptarimgtfr tl;'nlng hEIpTdt 'T ﬂx':ﬁ thgsep:zsges, but Vz:gblesyperparameters) omitting three of the selecte
Conditional average treatment effect (CATE) estimation artificial settings. In total, seven experiments were oln t:aci)niige:;i seingEZSCEmzsegfe};t:: tha?wlgln test :;EFES  The real average treatment effect in this dataset was
* Tries to estimate the difference in outcomes when different treatment conducted, with the data gene_rated by specifying * Confidence intervals for all results were broad, indicating positive, while all our models estimated it to be
value is assigned. number of fe'atures, propensity score and the that negative.
response functions. : ) ) -
T(X] = E[YI - Yy |X] * S-learner performed best when there was no ° The outcomes might be inaccurate. * .Qm'| A.UC scores for all models were  close Fo 0.
T [ G e treatment effect. o The performance heavily depended on the chosen indicating that the models' performed only marginally
e Y, - outcome with high PEEP value e Y, =1 - patient survived « T-learner outperformed other models when the train/t:est split. ' better than a random baseline.
® Y,-outcome with low PEEP value » Y, =0- patient died response functions were independent of each * When trained on some ‘Of the data spl'|ts., th? mo.de.ls *1 — Sleamer (AUC = 0.01)
e X - given patient's characteristics other. shC{wcased moderate ability to correctly d|5t|ngmjsh within ol T e
« Causal forest performed overall well, achieving |E:)atlelgts thg;se who benefit and suffer from high PEEP g — Random
. see Figure 2). £
2. RESEARCH GOAL low error rates in almost all tests. * All models identified features age, platelets, urea and pco2 "
— as most impactful for the CATE estimates. é 2
The main goal is to investigate whether one can use forest-based models to 300 1 — Tleamer 3
estimate CATE for PEEP assignment based on patient's characteristics. = Causalforest £
Specifically, we look at Causal Forest [3], as well as S- and T-learners [4] with =] b 5 — :::x:x::f;’ - ol 8
Random Forest as the base model. We analyse and evaluate their - ' ol B ::::u:remméw.os: .
performance using MIMIC-IV dataset [5] to determine if they can be used for . § ¢ 0 S 2000
the given task. Furthermore, we verify our claims using data from ¢ 150 4 3 ] Figure 3: Qini curves for the RCT data. We can see that the AUC
a randomised controlled trial. - g is much lower than on the MIMIC-IV data.
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3. METHOD 50 | ¥ % 5. CONCLUSIONS & FUTURE WORK
H
¢ Determine models’ efectiveness in different scenarios using various types o1, . . . . . . i - =301 * When trained with correct parameters and on correct data
of simulated data, comparing the mean squared error of predicted o 000 oo Bm‘l‘l‘a?rmosizisoao 0000, 35000, a008 ° 20 %0 60 80 1000 1200 split, the models, to some extent, make valuable predictions.
treatment effect. Figure 1: Evolution of MSE of the predicted treatment SRS Gaited * However, the results from RCT data suggest that the models
s Pre-process MIMIC-IV database and select appropriate features. effect on the test set, as a function of the size of training Figure 2: Qini curves for the models with optimal hyperparameters, offer little improvement over random CATE estimates.
e Train models on pre-processed MIMIC-IV data, evaluate their performance set, in one of the simulations with treatment effect equal found as best ones among 10 random data splits. We can see thatall | ¢ Increasing amount of data, as well as including other
and analyse the results using Qini curve and associated metrics. to 0. Note that already at the beginning S-learner is able three models outperform the random baseline. variables/parameters in our experiments could improve the
e Evaluate the outcomes using data from randomised controlled trial (RCT). to correctly estimate CATE. models’ performance and boost reliability of the results.
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