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SUPPLEMENTAL MATERIAL

Algorithm 1: Pseudo code for the preprocessing the data.

Input
Dicmo patient demographic information
Diabs clinical laboratory measurements
Deomorbs co-morbidity information
Output

D, combined measurements

1: procedure PREPROCESS

2 mask + All patients with number of available laboraoty markers < 4

3 Diemo  Daemo|mask]

4: Diaps — Dgabs[musk}

5 Dcomorbs — ’Dcomorbs["nask]

6 labs = {ALT, APTT. AST, Creatinine, CRP. D Dimer, Ferritin, Fibrinogen, Hematocrit,

INR, LDH, Procalcitonin, Troponin-I, Creatine Kinase, Bilirubin}
7 for lab € labs do

& Diabs|all, 1ab] = 1ogs(Diaps|all, lab])

9: Dy ¢ concatenate(D gemos Piabss Deomorbs)
10: for f € All featuresinD,y; do

11: m + median(Dylall, f])

12: s + interquartile_range(Dqulall, f])
13: D.!abs[ﬂ”..f] = (D[ab-ﬂ[a{:‘f]im)

return D




Algorithm

2: Pseudo code for the training algorithm.

Input
Diemeo patient demographic information
Diubs clinical laboratory measurements

D omorss co-morbidity information
Deeverity  severity level

Output

Miyesy  Deep Profiler model

. procedure TRAIN
: epoch + 0

leZ‘TL, test < SPL]T(DulE-: Dsr:‘uurii‘.y: 9)

1
2
3: Doait: Donaskc  PREPROCESS(D gernos Prabss Peomorbs) & Pre-process patient information into one container
4
B

N

6: wh
7
8:
9:
10:
11:
12:

13:
14:
15:
16:
17:
18:
19:

ile epoch < MazFEpochs do
Oraetss Orecons Omeans Cvar < DEEPPROFILER(M, D,y [train])
Lopse, Licr, + RECONSTRUCTIONLOSS(O,coons Ormeans Quars Pan[train], Dy, o[ train])
L+ 'c'nuu: + JB : EKL
if epoch > LabelTrainingEpoch then
Lgeverity ¢ LABELINGLOSS(Ojapets: Dsenerity|train])
L LA+ XN Lyeverity
AM — Vp L > Use backpropagation to compute the gradient
M~ M+a-AM > Update the model parameters

if MODELSCORE(M, Dyytest], Dyeperinyltest]) > MODELSCORE(M pest, Danr[test], Dyeperity[Lest]) then
M[mrfl — M

epoch < epoch + 1

20: return M.




Algorithm 3: Pseudo code for computing the training loss function.

Input
O,econ  reconstructed data obtained using deep profiler
Oupean  patient latent vectors obtained using deep profiler

Opar logarithmic of patient latent vector variances obtained using deep profiler
D pre-processed patient data
Dinosk  indicator of missing patient measurements

Output

Lae  reconstruction loss
Lt regularization loss
1: procedure RECONSTRUCTIONLOSS
2 N « length (Do)
3: for 1 € D, do > Obtain a indicator array of available measurements
4: mask|i, j| + 0 if D,aaulpatient =i, measurement = j] is null else 1
5: Lonae # 31O econ|mask] — Dyyu[mask]|
G: EKL — —0.5 - % Z (1 + 0-,,("- - ”(Dmu,,-u”2 — CXp (O,,,”‘))
7: return L., L gy,

Input

Ddumu
Di.‘h’;s

Df:mu,u-r'b.u

QOutput

patient demographic information
clinical laboratory measurements
co-morbidity information

D, combined measurements

1
2
3
1

: procedure LABELINGLOSS

: N « length (D)

: L=~ (w; [y -logo(x;) + (1 —y;) - log(1 — a(x;))]
: return L




Algorithm 4: Pseudo code for the evaluating the model.

Input
M Deep Profiler model
Do pre-processed patient measurements
Dyeverity  severity level
Output
S Deep Profiler model score
1: procedure MODELSCORE
2: Olabcls: O'r':rm)n,- O-rm':ana O?,‘fl’l‘ — DEEPPROFILER(M, Dall)
3 S0
4 for level € {1,2,3,4} do
S+ § +0.1- level - AUROC(Dsenerity[level, Orgpers|level])

6: return &

]
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Figure S1: Studying the distribution of missing data over the (a) shows the histogram of the patient count
with number of missing input features (NOTE: the patients with less than 4 features are already removed) (b)
shows the distribution of the patients with missing input features by different severity levels.
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Figure S2: Studying the impact of the missing data on the model (a) shows the performance of the 10-marker
deep profiler on a subset of 300 patients in the testing data for which all the 10 measurements were available
within first 24 hours of admission. Out of 300 patients, number of patients with severity >=1, >=2, >=3, >=4 is
244, 64, 45 and 36 respectively (b) shows the UMAP visualization of the same 300 patients on the deep

profiler latent space for first model in the ensemble.
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Figure S3: Feature importance of the machine learning models (a) XGBoost (b) Random Forest Regression.
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