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S1.1 Event-specific camulative probabilities

The cumulative progression over time to the event of interest is known as the cause-
specific cumulative probability F';(¢) and it is defined as the probability of progressing
to event j in the presence of other events between time 0 and ¢ as a function of time
since diagnosis

Fi(ty=Prl0<T <t,] = j]

This quantity is determined by all event - specific hazards hence, the probability of

event j is defined as
!
Fi(t) = P(T <t event = j)f A;j@)S (u)du €))]
0

where S (¢) is the overall survival, S (f) = exp (— fot ij':l A j(u)du) (L 2]

Non-Parametric estimation of probabilities

We can use the Aalen - Johansen estimator for the non - parametric estimation of the

event - specific cumulative probabilities as follows
A d A A~
Fi) = f Skm(u=)dAj(u) @)
0

where Sk is the Kaplan-Meier estimator of the overall survival and d/Alj(u) is the
increment of the Nelson-Aalen estimator.
With this estimator we are able to compute the cumulative probability of a specific

event for a population or a subgroup but not for individuals.



Estimation with Flexible Regression Models (FRM)

Conversely, using a modelling approach we are able to predict for specific covariate
combinations allowing for individual (and population) predictions. Here, we employ

an FRM for the (logarithm of) the (event j)-specific hazard expressed as
logA;(t, x: B8,)] = log(Ao(t: ¥ ) + X" (1)

where B; is a vector of regression parameters used which includes the parameters for
(i) the baseline hazard and (ii) the time-dependent (cause j)-specific hazard ratios, i.e.
B; = (vj,aj)". This type of model uses B-spline functions to model the logarithm
of the baseline hazard parameters y; and the time-dependent (event j)-specific hazard
ratios « (t) for the corresponding vector of covariates X.

For the estimation of the probabilities we should fit as many models as distinct

events of interest and further combine the results as follows
A A l A A A A
Fj(l‘, X,';B) = f S (u, X,';ﬁ)/lj(l/t, X,';ﬂj)du 3)
0

For more details the reader is referred to the paper of Kipourou et al. [3].

Confidence intervals

The approximate 100 * (1 — @)% confidence interval of F (X B) is based on the (ap-
proximate) normality assumption on the complementary log - log scale thus we can

estimate the

Fit,x; B )



1 where Q = {exp{izas.e. [log (— log(ﬁj(t, X;B)))]}}, Zo 1s the (1-@/2) quantile of the

2 standard normal distribution.

Var[F(t,x; B)]
(log(F (2, x: BN(E (1. x: B

Var [log (— log(ﬁj(t, X;B)))] = &)

3 We could also use the 1 — F (. x; B) instead to avoid issues with the denominator.



S1.2 Non - parametric cumulative probabilities of ICU

admission and discharge

Fig. 1: Non-parametric estimates of the probabilities of ICU admission and hospital
discharge for the whole population followed by a table showing the number of individ-
uals at risk and the cumulative number of each type of event.
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S1.3 Model selection

Table 1: Results from FRM for the event-specific hazard of ICU admission. Results
show the variables in the models and their respective AIC and BIC. Mod1 includes
the quadratic spline terms for age and the binary variables: admission date before or
after the 12th of May 2020, gender, chronic kidney disease (CKD), cardiovascular dis-
eases (CVD) or hypertension (HT), asthma or chronic obstructive pulmonary disease
(COPD), weakened immune system and other comorbidities such as dyslipidemia, hep-
atitis, hypothiroidism, recent surgery (during the past 30 days) etc. Results are sorted
based on BIC.

AIC BIC
Modl 2272.10 2348.15
Mod]1 + interaction (age x Admission date > 12/05/2020) 2265.13  2355.43
Mod1 + interaction (age x CVD/HT) 2265.35 2355.65
Mod]1 + interaction (age x Gender) 2266.26 2356.56
Modl1 + interaction (age x Other) 2266.60 2356.90
Modl + interaction (age x Asthma/COPD) 2272.55 2362.85
Modl1 + interaction (age x CKD) 2273.37 2363.67
Mod1 + interaction (age x Weakened immune system) 2273.54 2363.84
Modl + interaction(age x Diabetes) 2273.71 2364.01

Table 2: Results from FRM for the event-specific hazard of discharge. Mod1 includes
the quadratic spline terms for age and the binary variables: admission date before or
after the 12th of May 2020, gender, chronic kidney disease (CKD), cardiovascular dis-
eases (CVD) or hypertension (HT), asthma or chronic obstructive pulmonary disease
(COPD), weakened immune system and other comorbidities such as dyslipidemia, hep-
atitis, hypothiroidism, recent surgery (during the past 30 days) etc. Results are sorted
based on BIC.

AIC BIC
Modl + interaction (age x Gender) 24179.04 24315.73
Modl 24214.07 24329.17
Modl1 + interaction(age x Other) 24208.18 24344.86
Mod]1 + interaction(age x Admission>= 12/05/2020) 24209.07 24345.75
Mod]1 + interaction(age x CKD) 24209.11 24345.80
Modl1 + interaction(age x Diabetes) 24210.08 24346.77
Modl + interaction(age x Weakened immune system) 24210.63 24347.31
Modl1 + interaction(age x CVD/HT) 24211.27 24347.95
Mod1 + interaction(age x Asthma/COPD) 24215.63 24352.31




Fig. 2: Comparison of model-based vs. non-parametric population cumulative proba-
bility event-specific estimates as an indirect way of assessing the performance of the

models.
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. S1.4 Event-specific hazard ratios



Fig. 3: ICU - specific hazard ratios with confidence intervals based on the full cohort

(using Cox and FRM) and separately for Kuwaiti and non - Kuwaiti population (using
FRM).
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Fig. 4: Discharge - specific hazard ratios with confidence intervals based on the full

cohort (using Cox and FRM) and separately for Kuwaiti and non - Kuwaiti population
(using FRM).
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. S1.5 Event-specific probabilities estimated for the pe-

. riod before May 12th, 2020
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