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Part I
SEIR+RISK Stochastic Epidemic Model

1 Epidemic model variables and parameters

1.1 State variables

Variable Description

Total population size
Susceptible population
Exposed not yet infectious
Infected, unobserved
Infected, observed

In Hospital

InICU

Dead

Recovered/removed

SO T~ MYy

Table 1. State variables.

1.2 Fixed parameters (Transition times)

Parameter Description Value Source
dgr days between exposure and infectivity (incubation period) 5 days [1]
dig days between symptom onset and hospitalization (if required) 10 days [2]
dir days between symptom onset and recovery (if not hospitalized) 7 days [2]
duo days between hospitalization and ICU (if required) 1 day [3]
dyr days between hospitalization and recovery (if ICU not required) 12 days  [4]
dop days between ICU and fatality 8 days [4]
dor days between ICU and recovery 7 days [4]

Table 2. Transition time parameters, values, and sources. These parameters are modeled as fixed values.

1.3 Estimated parameters (transition branching probabilities)

Parameter Description

R, Basic reproductive number

B Time-varying infectivity rate

T Time-varying proportion of infections that are detected and reported out of all infections
o Time-varying probability infected () patient requires hospitalization (H)

Ky Time-varying probability hospitalized (H) patient requires ICU (Q)

I Time-varying probability patient in ICU (Q) dies (D)

Table 3. Transition branching probabilities. These parameters are estimated.
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1.4 Deterministic differential equation model
The “skeleton” [5] of the compartmental model is described by the following set of coupled ordinary differential equations
(ODE) describing the transitions of individuals between the 8 compartments across time:

ds/dt = —BS(I+A) (1
dE/dt = BS(I+A) — 7-E )
dA/dt = Z1E— J-A 3)
dl/di = J-E — (J-+ 1791 4
dH [di = ] — (i + ‘dH:f )H Q)
dQ/dt = Fi-H — (g + -+)Q (©)
dD/dt = dQDQ )
dR/dt =138 [+ TR H 4+ 804 Jla ®)

With the total population size:
P=S+E+A+I+H+Q+D+R 9)

1.5 Stochastic dynamical state model
We develop a stochastic discrete-time model of the dynamical state system, which provides an effective framework for parameter
estimation and for generating confidence bounds reflecting stochasticity of the disease process in model projections.

We model the number of individuals leaving any of the classes by all available routes over a particular time interval by a set
of coupled multinomial counting processes, Nxﬁxj (¢) for all transition pairs (i, j), with random transition rates. Transitions of
individuals from one to the next stage of the disease are seen as stochastic movements between the corresponding population
compartments at transition rates with random fluctuations. At each period an individual either stays or moves on to the next
compartment. It has been proven that in the limit as the time interval At — 0, the following discrete-time approximation process
fulfills the properties defining a continuous time Markov process [6]. We do not model this continuous-time Markov process
explicitly and operate only with its discrete approximation.

In general in this process, the random variable for the number of individuals leaving class X; and going to X; and X; over
time interval [t,7 + At), (ANx,x; (), ANx,—x, (1)), has the multinomial distribution

(ANx,—x; (), AN, x, (t)) ~ Multinomial (X; (#); px,—x; (t), Px;—x, (1)),

for states X; and X reachable from state X;. The multinomial distributions result from summation over individual independent
and identical Bernoulli trials for all members of each compartment [7, 8]. If there is only one possible transition direction out
of X;, then the distribution above is given by a binomial distribution.

The amount of time spent in a compartment is described by a Poisson process. The time length that an individual spends in
a compartment is thus exponentially distributed with some compartment-specific rate A;(r) = A;;(¢) + Ay (r), where A;;(r) and
Air(t) are the rates to go from X; to X; and X;, respectively. The probability of extending the stay by a further period of length
At is exp(A;(¢)At) and the probability of leaving is 1 —exp(A;(¢)At) [7]. Given there is a transition out of X;, the conditional

probability it is to X is m Therefore the probability of leaving X; and going to X in [t,7 + Ar), Px,—x;, is found as

Pxiox; = (1 =exp (= (A1) + 44j(0)) Ar)) 72

In the following we proceed to define the increments over [t,7 + Ar) of all counting process, ANx,x;(t), defining the
transitions between all states in the process.

1.5.1 Counting processes for transitions between states

New latent infections (S to E transitions) New infections occur from direct or indirect interactions between susceptible (S)
and infected (/ or A) individuals, and arise first in the exposed (E) compartment. The rate at which susceptible individuals
become infected is described by the force of infection, A, which combines the rate of infections per day per infected individual
(B;) across all infected individuals by multiplying with the overall fraction of infected individuals at time z, w, where P is

equal to the total population size; A(7) = 5 M.
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We assume that the corresponding probability at time ¢ that a susceptible individual becomes infected and leaves the E

. . o 1020
compartment in one time unit Af is equal to pg_, (1) =1—e PP .

Then, the overall number of individuals becoming infected and moving from the S to the E compartment in one time step,
ANgs_, g, is distributed as a binomial distribution with one draw for each of S individuals, each with probability ps_,z(¢), i.e.

ANs_.g (l) ~ Binomial(S(t),psﬁE(t)).

Exposed, latent infections (E) becoming infectious (/ and A) Exposed and latent individuals will become infectious and
transition to the observed infected state (/) or the unobserved infected (A) state.
The total rate of departures from E is equal to the sum of the rate of departures to /, drTé, and the rate of departures to

Al d;: L, which is simply dLEI. In each time step A¢, each exposed individual has a time-independent probability of becoming

L
infectious based on this rate, pp_,(t) = 1—e % ' The relative probability that a departure out of E is to [ is equal to r;, and
to A is 1 — r;. With these probabilities we can find the number of individuals leaving E and going to / and A over time interval
[t,t +At>, (ANEH](t),ANEﬁA (l‘)), as

(ANg_1(t), AN (1)) ~ Multinomial(E(t), () pg_ (t), (1 — 1) pp—s (1)).

Infection (/) to Hospitalization (H) or Recovery (R) We model transitions for infectious individuals to recovery (R) or
hospitalization (H).
The total rate of departures out of I is equal to the sum of the rate of departures to H, d‘;‘—;, and the rate of departures to R,

o 1o
(dIH+ dIR JAr

1;”';" . The probability that an infected individual transitions out of  in each time step is then found as p; ., =1—e

o -0y
The relative probability that a departure is to H is equal to %, and to R is %. The number of infected individuals
A +7t At + e
. . . . CZIH dIR dIH dIR . . . . . .
that become hospitalized in each time step, AN;_,y, and that recover, AN;_,g, are then described by the multinomial distribution,

o 1—oy

(AN;-o11 (1), ANjR (1)) ~ Multinomial (1(¢), - 45 1, 5P P1-)-

dig " dir dig " dir

Transitions out of hospital () and ICU (9) We model transitions out of hospital H and out of the ICU Q in the same way
as transitions out of 7, each of which go to two compartments.
The probability of transition in one time step out of H is

K 1—x
7(%+dHRt JAr

p(1)=1-e

The random variable for the number of hospitalized individuals that go to the ICU, ANy_,¢(t), and that recover, Ny, (t), is

Kt 1—Ky
. . a
(ANg—0(1), ANy (1)) ~ Multinomial (H (1), <g=4— pr— (1), %= pr—(1))-
dyo " dur duo " dur

The total rate of transitions out of the ICU, to death (D) or recovery, is

[ 1-§
po-(t)=1-¢ a0 %or ¥

The random variable for the number of individuals in ICU that die, ANy, p(t), and that recover, Np_,z(t), is found as

S -6
. . dop q
(ANg--(r), ANg-(1)) ~ Multinomial(Q(r), 5%~ po-+(1), %5 po~(1).
dor " dor dop " dor

Transitions out of unobserved infected state (A) We assume all unobserved infected cases will recover, at the rate ﬁ We

1
. . . —-LA . . .
model the probability of recovery in one time step as py—(f) =1 —e & !. The number of recoveries moving from A to R in
each time step is then found as

AN4_,g(t) ~ Binomial(A(¢), pa— (1))
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1.5.2 System of equations for state variables and advancing the model
The counting process random variables are coupled to the state variables via the following identities:

To simulate from this system we employ an Euler numerical scheme for Markov process compartment models with stochastic
rates [6]. We sample the transitions from the counting processes ANy, X; (t), and update each state variable, representing the
number of individuals in each compartment at time ¢, to reflect these counts.

1.5.3 Cumulative and daily counts
The dynamics of the stochastic model are advanced by updating state variables representing the “current census” of individuals
in each compartment X;. Observed COVID-19 infection data, however, is available as daily or camulative counts. We therefore
also keep track of auxiliary count variables representing the daily new counts or cumulative infection counts (observed data
described in Section 2.2).

For cumulative counts we have, based on the counting processes for transitions between compartments already defined:

Icum(t + 1) = Icum(t) +ANE—>I(I)

where the 1., represents the cumulative version of each state variable /. Daily count I,,,, can be worked out from the
cumulative counts as Ine (f + 1) = Ly (t + 1) — Ly (2)-

1.6 Solving for the basic reproduction number, R,

The basic reproductive number, R0, is a dimensionless parameter defined as the average number of secondary infections
produced by a single infected individual during that individual’s entire period of infection, in a completely susceptible population
and no interventions to reduce the spread [9]. While not a parameter of the system of state variables, RO is a parameter of
interest because it provides a measure of the likelihood that an epidemic will occur within a population.

In a deterministic model, RO represents an epidemic threshold for which values of RO < 1 indicate a lack of disease spread,
and values of RO > 1 are consistent with epidemic spread. For a stochastic model, if RO > 1 the probability that an epidemic
will develop is less than 1, and if RO < 1, extinction of the infection will occur with a probability less than 1. On average,
however, no epidemic will occur if RO < 1 [10]. Therefore, estimates of RO provide clearly communicable insight regarding
the degree of intensity of interventions required to achieve control [9].

For a simple SIR model, RO is a simple expression equal to the product of the number of infections per time for an infected
individual, i.e. the transmission rate 8, and the average duration of the infectious period, e.g. dy, that is,

infections time
= X

RO - : :
time infection

— Bdj.

Because our model involves multiple infectious classes with different rates of infection duration, the average number of
individuals an infected individual infects is a more complex expression. We use the Next Generation Matrix (NGM) [11]
approach to find the expression for R0. The NGM approach involves computing R0 by linearizing the ODE model in Section 1.4
around the infection-free steady state and identifying conditions that guarantee increases in infected states [11]. We focus on
the infection subsystem, i.e. the subset of ODEs that describe the production of new infections and changes in the states of
already existing infections only, which is

dE[di = BoS(I +A) — - E
dAjdr = L E — LA

dgp dir
_ [20) -0
d[/dt—%E*(E+ dix )I,
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where Py, 1, and o represent the initial estimated values of these parameters.
Setting X = (%, %, %)T, we write the linearized infection subsystem in the form

ax
— =(T+X)X
where T corresponds to all epidemiological events leading to new infections, and X corresponds to all epidemiological events

relating to transitions in or out of these infected states. We write the new infection matrix T as

0 Bo Bo
T = 0O 0 O
0O 0 O

and the new transmission matrix X as

-+ 0 0
VOE[ o 4 1-0 0
I=\ oz @tz
1—ry 0 _ 1
dgy dir
Diekmann et al. [11] show that RO can be found as the dominant eigenvalue of the next generation matrix Ky = —Tx 1 or
equivalently, the dominant eigenvalue of K = ETE~'E , where E is an auxiliary matrix whose columns consist of unit vectors
relating to the non-zero rows of 7. E, which in this case is equal to ET= [l 0 0] , is included to reduce dimensionality.
We find X! as
der 0 0
-1 —y 1 0
X = o 1-a % + )
dig ' dIR dig ' AR

—(1 _VO)dIR 0 dIR

dig " dIR

- T
Wehave ETT=[ 0 By o |.andX'E= [ der = +r?*ao —(1=70)dir | " We can then find the next generation

matrix as,

a  1-09
dig ' diR

K= —ETTZ_IE = ,B() ["0 +(1 —r())dIR‘| .

RO is the dominant eigenvalue of K, which is simply equal to K in this case. Therefore,

I
RO = BO [M —+ (1 — ro)dIR] .

din dir

We note that the NGM approach for deriving RO is based on the deterministic ODE equations, while we use this parameter
with the stochastic model. We justify deriving it from the deterministic model because for large population sizes N, the mean of
the stochastic equations will converge on the deterministic model equations [10, 12].

Given that RO is the value of the reproductive number at the beginning of the pandemic period before modifications, we
define the time-varying reproductive number as R;.

Additionally, the reproduction number will decrease as natural immunity increases, reflecting the fact that as the proportion
of susceptible individuals decreases (S(¢)/P), disease transmission slows [13]. We therefore define the time-varying effective
reproductive number, accounting for both the community transmission reduction factor and the decreasing proportion of

susceptible individuals, as R.rr; = R; %

2 Parameter Estimation

Transmission rate parameters we model as fixed values taken from the literature (Table 2). The remaining five model parameters,
{B,ri,,K,06} (Table 3), must be estimated with data. To this set of five parameters we add an additional parameter,
to, representing the starting time of the epidemic in LAC; that is, the very first case of COVID-19, which may have been
unobserved. This parameter links the epidemic model to the observed count data based on calendar dates. In addition, because
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prior information from existing studies on the reproductive number R, is more readily available than for f3,, we estimate R, from
data and then use equation 1.6 to obtain f; from R;. Therefore the estimated parameter set is 0 = {R;,r;, 04, &, &, 0 }-

We use a two-step process to define unimodal posterior distributions and achieve model convergence, first performing a
broad grid search to define a narrow range for each parameter, and second using Approximate Bayesian Computation (ABC)
techniques with prior distributions set by the ranges defined by the grid search to estimate the final posterior distribution for each
parameter. External data sources were used to specify the limits of the parameter space for the grid search. In the following we
describe the data sources used to inform the grid search space for each parameter, and the resulting prior parameter distributions
chosen to use in ABC.

2.1 Specifying prior parameter distributions

2.1.1 Basic Reproduction Number, R,

We base the prior distribution for RO on values for RO estimated from other published studies on COVID-19. A review of RO
values estimated for COVID-19 across studies involving different locations, time periods, and modeling approaches reported
values in the range of [1.40-6.49], with a mean of 3.28 [14]. Values for RO in SEIR models are also higher than those in SIR
models, as has been demonstrated by previous researchers [15]; for example, Bertozzi et al. [16] demonstrate an estimated RO
for California of 2.4 using a SIR model and 4.9 using an SEIR model. After performing a broad grid search across a parameter
space from [3,5], we model a prior distribution for RO in ABC as a normal distribution centered around 3.5, with a standard
deviation chosen such that 95% of the area of the distribution is within approximately £0.25 of the mean. The modeled prior
distribution for RO is therefore:

RO~N(3.5,0.2)

2.1.2 Time-varying Reproduction Number after Interventions, R,

Geolocation trace data from smartphones, i.e. mobility data, can be used estimate changes in distances travelled, commuting,
time spent outside of home, visits to specific types of venues, and encounter rates in the community. These data sources, which
represent contact rates in the population, can be used as a proxy to estimate changes in contact rate and equivalently in f3; and
R, over time [17].

We use mobility data to inform the magnitude and the timing of inflection points in the factor reduction in R;. We reference
mobility data for LAC from a dashboard provided by Unacast, a company that builds and maintains anonymized mobility
datasets based on geolocation data aggregated from millions of users across the U.S. [18]. Unacast provides three metrics: the
Change in Average Mobility (Based on Distance Traveled), the Change in Non-Essential Visits, and the Difference in Encounter
Density. We reference the metrics Change in Average Mobility (Based on Distance Traveled) and Difference in Encounter
Density (Figure 1) because these both inform the changes and timing of changes in contact rates, in different ways [17].

Across these two metrics we observe the following trends in 1 (¢): (i) a sharp initial descent from the original contact rate
beginning around March 12 2020 (a few days before county-wide quarantine policy was announced on March 15), and leveling
out around March 28; (ii) a steady plateau during the initial period of the lockdown from around March 28 - April 26; (iii) a
steady incline in contact rates from April 27 - May 15 (May 8th being the end of the lockdown); (iv) a lower plateau beginning
August 15 (when schools opened), and (v) an increase beginning October 15.

As noted in the main text, an increase beginning in October and throughout the third wave of the epidemic in LAC is not
visible on the mobility metrics, but is required for the model to achieve accurate fits to data; this likely reflects the fact that
the infection rate is dependent on both the contact rate and the probability of transmission given contact and may include
decreasing NPI adherence, more time spend indoors, and other conditions that may increase transmissiblility of the virus. Thus,
for dates after October 15, 2020, we stopped using mobility data to inform the grid search space for R; and instead set this
equal to 1 < R; < RO, for dates corresponding to increasing infection trends.

Based on the results from the grid search step, we develop a distribution with the change points in time given in Table 4. A
piecewise linear function is interpolated between dates.

2.1.3 Fraction of observed infections r;

Grid search was not performed for r;; this was only estimated within the ABC framework. The prior distribution for r; is
estimated on April 15 (r1), and August 15, 2020 (). We interpolate a linear change between the values on the two dates, and
assume that r; before April 15 is equal to | and after August 15 is equal to r,, i.e. the distribution shown in Table 5. The prior
for r; is allowed to vary over an interval truncated by minimum and maximum values calculated by seroprevalence studies
performed by the CDC in March - early May, which were found to be as few as 34.7 times as many infections as observed
cases, and as many as 3.2 times as many cases observed as estimated, in the study regions [19]. We allow the second date ; to
vary over a much wider interval since we do not have prior information corresponding to this time period.
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Figure 1. The Change in Average Mobility (Based on Distance Traveled) and the Difference in Encounter Density metric for
Los Angeles County from March 1 - Nov 15, 2020 from the the Unacast dashboard [18].

date prior 7;

2020-03-01  ~ N(3.65,0.2)
2020-03-12  ~ N(3.65,0.2)
2020-03-27 ~N(0.77,0.11)
2020-04-27 ~N(0.77,0.11)
2020-05-15  ~N(1.2,0.12)
2020-07-01  ~N(1.2,0.12)

2020-08-15 ~ N(0.77,0.11)
2020-10-13  ~ N(0.77,0.11)
2020-10-14  ~ N(2.01,0.13)
2021-01-01  ~ N(2.01,0.13)
2021-01-02  ~ N(2.51,0.14)
2021-01-03  ~ N(2.51,0.14)

2021-01-20  ~N(1.3,0.12)
2021-01-16  ~N(1.3,0.12)
2021-03-01  ~N(1.3,0.12)

Table 4. Prior distribution for the time-varying reproductive number 7.
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date

It

2020-03-01
2020-04-15
2020-08-15
2021-03-01

~U(0.20,0.1)
~U(0.20,0.1)
~U(0.50,0.1)
~U(0.50,0.1)

Table 5. Prior distribution for the fraction of observed cases over all infections, 7;.

date prior o prior K; prior &

2020-03-01 ~N(0.375,0.01) ~N(0.35,0.01) ~ N(0.6,0.01)

2020-03-01 ~ N(0.375,0.01) ~N(0.35,0.01) ~ N(0.6,0.01)

2020-04-30  ~N(0.375,0.01) ~N(0.35,0.01) ~ N(0.6,0.01)

2020-05-01 ~N(0.375,0.01) ~N(0.35,0.01) ~ N(0.6,0.01)

2020-05-15  ~ N(0.15,0.01) ~N(0.2,0.01) ~N(0.55,0.01)
2020-06-15  ~ N(0.15,0.01) ~N(0.2,0.01) ~N(0.55,0.01)
2020-07-01 ~N(0.18,0.01) ~N(0.25,0.01) ~ N(0.605,0.01)
2020-07-15  ~N(0.18,0.01) ~N(0.25,0.01) ~ N(0.605,0.01)
2020-08-01 ~ N(0.15,0.01) ~N(0.2,0.01) ~N(0.55,0.01)
2020-08-20  ~ N(0.15,0.01) ~N(0.2,0.01) ~N(0.55,0.01)
2020-10-01 ~ N(0.15,0.01) ~N(0.2,0.01) ~N(0.55,0.01)
2020-10-06 ~ N(0.0975,0.01) ~ N(0.16,0.01) ~ N(0.65,0.01)
2021-01-01 ~N(0.0975,0.01) ~ N(0.16,0.01) ~ N(0.65,0.01)
2021-01-05 ~ N(0.0975,0.01) ~ N(0.16,0.01) ~ N(0.65,0.01)
2021-03-17 ~ N(0.0975,0.01) ~ N(0.16,0.01) ~ N(0.65,0.01)
2021-12-15  ~ N(0.0975,0.01) ~ N(0.16,0.01) ~ N(0.65,0.01)

Table 6. Prior distributions for the time-varying probabilities of each disease stage over time: probability of hospitalization
given infection, @;; probability of ICU admission given hospitalization, k;; probability of death given ICU admission, &;.

2.1.4 Probabilities of disease stage progression

Grid search ranges for the parameters representing the probabilities of disease stage progression, oy, k;, and &, were informed
by the ratios of the observed numbers of infections, hospitalizations, and deaths in LAC. Specifically, key change points in
these ratios informed our modeling of change points in the distribution of the three parameters over time. At each change point
(the date column in table 6) we re-estimated the three parameters by first performing the broad grid search step over a wide
range for each parameter ([.05,.9]). After choosing a mode returned by the grid search posterior distribution for each parameter
at each time point, we set the prior parameter distributions as specified in table 6.

2.1.5 Starting time, 1,

The first observed case of COVID-19 in LAC is registered as occurring on January 25 2020, and the epidemic began to grow
exponentially in early March 2020 [20]. It is likely that the epidemic in LAC had multiple starting points. We therefore model
to as a uniform distribution with the unobserved first initial case beginning anywhere between January 1 and February 15 2020.

2.2 Variable observations used for parameter estimation

The model was fit to the daily and cumulative count of observed infections and deaths, and current numbers in-hospital and
in-ICU, coming from the GitHub page of the Los Angeles Times (LA Times) Data and Graphics Department [21]. The infection
and death data is sourced from reports logged by LA Times reporters and editors based on reports from the LAC Department of
Public Health. The in-hospital and in-ICU data was sourced by the LA Times directly from the California Department of Public
Health’s Open Data Portal [22]. We use the total of both confirmed and suspected COVID-19 patients in hospital or ICU.

2.2.1 Count variables used in model estimation

We combine the new and cumulative counts of infections and deaths and current numbers in-hospital and in-ICU into a single
computed summary statistic to use in ABC, Summ(®) = {Inew (1), Ieum(t), Dnew(t), Deum (t), H(t), Q(t) }, where ® represents
the observed data. We truncate the data such that we do not include infection observations from early in the epidemic, when
observations are more likely to be incomplete and unreliable. Specifically, we compute the summary statistic, Summ(®), for
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the data ®: Summ(®) = {Iyn(t > March 15),H(¢ > March 20), Q(t > March 20), Dy, (¢ > March 25)}.

2.3 Running the model

2.3.1 Uncertainty quantification

We use ABC to estimate all model parameters simultaneously, producing joint posterior probability estimates over all parameters.
In forward simulations of our model, we simulate trajectories with parameter values coming from this joint posterior distribution,
rather than a single value of a parameter. Uncertainty is also contributed by the stochastic differential equations, which model
stochasticity in numbers of transitions between compartments.

To produce uncertainty estimates, we estimate credible intervals (CIs) for all model variables and estimated parameters
by quantifying uncertainty from two sources: variability due to joint estimated parameter values, and variability due to the
stochastic variability between model runs with the same parameters. We aggregate simulations from 100 jointly estimated
parameter sets. For each parameter set, we simulate 20 realizations of the stochastic epidemic model, resulting in 2000 total
realizations. We pool together all simulations and report their median and 2.5th/97.5th percentiles.

2.3.2 Model implementation
The model was implemented in R (version 3.6.3).

Epidemic model initial values In our experiments, model time ¢ = 0 is set to the ABC-estimated time for #y, which is linked
to the calendar date of around January 15, 2020, though this will vary across the estimated parameter sets. We set S(0) is equal
to 10 million, approximately the population of LAC; 1(0) = 1, E£(0) = 10; and all other compartments initially empty.

Parameter estimation implementation details We apply the R package EasyABC [23] and the algorithm Marjoram, which
implements the algorithm of Marjoram et al. (2003) [24] with improvement steps by Wegmann et al. (2009) [25]. The
arguments that need to be specified are the prior parameter distributions, the original data &, the epidemic model to simulate
data @* from, and the function that computes summary statistics Summ(®). The additional parameters that need to be specified
are the number n of simulations to perform in the calibration step; the number of parameter values to accept N, the folerance
quantile 1) that helps to determine the tolerance level &; and the scale factor p that helps to determine the size of the proposal
range.

We set n = 100,000 burn-in simulations, N = 1000 sets of jointly estimated parameter values to save, and use the default
values for tolerance quantile of 17 = 0.01 and scale factor of p = 1. We test the model for convergence by running the parameter
estimation procedure multiple times with different seeds and verifying similarity across variable outputs. Prior parameter
distributions were adjusted such that convergence is achieved.

2.4 Calculating population-wide CFR; and IFR;

For each simulated model realization, we find the CFR, and IFR; as the estimated number of deaths (D) for each profile over
estimated observed infections (/) for each profile, and number of deaths over total infections (I +A), respectively. Repeating
across the 2000 model realizations achieves the 95% CI.

3 Epidemic model results

3.1 Estimated timeseries of numbers in infection states

This section provides close-ups of the model-estimated timeseries of numbers in infection states relative to key dates and
COVID-19 policy decisions in LAC. Available data is shown for new infections, new deaths, and current numbers in-hospital
and in-ICU. Model-estimated current vs. total infections, although without data, are also shown. For each figure the the
model-estimated median curves are plotted along with the 50th% (dark shading) and 95% CI (light shading).

3.2 Parameter estimates

Estimates of each of the five model parameters, and the population-wide CF R, and IF R;, at two week intervals between March
1, 2020 and March 1, 2021 are shown in Table 7.
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LE/VL

date R, R; Effective I o K o) CFR; % IFR; %
3/1/20 3.69 (3.6,3.82) | 3.69 (3.6,3.82) | 0.19(0.12,0.26) | 0.349 (0.322,0.38) | 0.327 (0.309,0.348) | 0.506 (0.452,0.565) | 1.21 (0.21,2.42) | 0.24 (0.03,0.54)
3/15/20 | 3.13 (3.04,3.24) | 3.12 (3.02,3.24) | 0.19(0.12,0.26) | 0.349 (0.322,0.38) | 0.327 (0.309,0.348) | 0.506 (0.452,0.565) | 1.21 (0.77,1.62) | 0.24 (0.08,0.43)
4/1/20 | 0.88 (0.77,0.95) | 0.87 (0.76,0.95) | 0.19 (0.12,0.26) | 0.349 (0.322,0.38) | 0.327 (0.309,0.348) | 0.506 (0.452,0.565) | 2.31 (1.77,2.67) | 0.46 (0.17,0.75)
4/15/20 | 0.88 (0.77,0.95) | 0.87 (0.75,0.95) | 0.19(0.12,0.26) | 0.349 (0.322,0.38) | 0.327 (0.309,0.348) | 0.506 (0.452,0.565) | 4.18 (3.27,4.74) | 0.83 (0.31,1.36)
5/1/20 | 0.97 (0.84,1.05) | 0.95(0.8,1.04) | 0.23(0.15,0.31) | 0.349 (0.322,0.38) | 0.327 (0.309,0.348) | 0.506 (0.452,0.565) | 5.56 (4.35,6.3) | 1.1(0.41,1.81)
5/15/20 | 1.26 (1.06,1.39) | 1.23 (1.01,1.37) | 0.27 (0.18,0.36) | 0.153 (0.118,0.19) | 0.196 (0.143,0.234) | 0.526 (0.503,0.543) | 5.86 (4.61,6.62) | 1.16 (0.43,1.91)
6/1/20 | 1.26 (1.06,1.39) | 1.21(0.99,1.37) | 0.31(0.21,0.41) | 0.153 (0.118,0.19) | 0.196 (0.143,0.234) | 0.526 (0.503,0.543) | 4.97 (3.86,5.64) | 0.99 (0.36,1.64)
6/15/20 | 1.26 (1.06,1.39) | 1.2(0.97,1.36) | 0.34 (0.23,0.45) | 0.153 (0.118,0.19) | 0.196 (0.143,0.234) | 0.526 (0.503,0.543) | 4.18 (3.2,4.81) 0.84 (0.3,1.4)
7/1/20 1.26 (1.06,1.39) | 1.18 (0.94,1.36) | 0.39 (0.26,0.5) | 0.184 (0.142,0.228) | 0.246 (0.179,0.293) | 0.579 (0.553,0.597) | 3.51 (2.69,4.18) | 0.71 (0.26,1.19)
7/15/20 | 1.14 (0.97,1.25) | 1.05(0.83,1.22) | 0.42 (0.28,0.54) | 0.184 (0.142,0.228) | 0.246 (0.179,0.293) | 0.579 (0.553,0.597) | 3.2(2.46,3.89) | 0.64 (0.24,1.09)
8/1/20 1 (0.86,1.09) 0.9 (0.7,1.05) 0.46 (0.31,0.6) | 0.153(0.118,0.19) | 0.196 (0.143,0.234) | 0.526 (0.503,0.543) 3(2.3,3.63) 0.6 (0.23,1.03)
8/15/20 | 0.88 (0.77,0.95) | 0.78 (0.61,0.91) | 0.5(0.34,0.64) | 0.153(0.118,0.19) | 0.196 (0.143,0.234) | 0.526 (0.503,0.543) | 2.86 (2.19,3.54) | 0.58 (0.22,0.99)
9/1/20 0.88 (0.77,0.95) | 0.77 (0.6,0.91) 0.5 (0.34,0.64) 0.153 (0.118,0.19) | 0.196 (0.143,0.234) | 0.526 (0.503,0.543) | 2.79 (2.13,3.45) | 0.56 (0.22,0.97)
9/15/20 | 0.88 (0.77,0.95) | 0.76 (0.58,0.91) | 0.5(0.34,0.64) | 0.153(0.118,0.19) | 0.196 (0.143,0.234) | 0.526 (0.503,0.543) | 2.76 (2.1,3.42) | 0.55(0.22,0.97)
10/1720 | 0.88 (0.77,0.95) | 0.76 (0.58,0.9) | 0.5(0.34,0.64) | 0.153 (0.118,0.19) | 0.196 (0.143,0.234) | 0.526 (0.503,0.543) | 2.73 (2.08,3.38) | 0.55 (0.22,0.96)
10/15/20 | 2.03 (1.87,2.22) | 1.73(1.37,2.1) | 0.5(0.34,0.64) 0.1 (0.077,0.124) | 0.157 (0.114,0.187) | 0.737 (0.704,0.76) | 2.74 (2.08,3.39) | 0.55 (0.22,0.96)
1171720 | 2.03 (1.87,2.22) | 1.69 (1.34,2.08) | 0.5 (0.34,0.64) | 0.1 (0.077,0.124) | 0.157 (0.114,0.187) | 0.737 (0.704,0.76) | 2.6(1.96,3.24) | 0.52 (0.21,0.92)
11/15/20 | 2.03 (1.87,2.22) | 1.63(1.29,2.03) | 0.5(0.34,0.64) 0.1 (0.077,0.124) | 0.157 (0.114,0.187) | 0.737 (0.704,0.76) | 2.36 (1.73,3.02) | 0.47 (0.19,0.85)
12/1/20 | 2.03 (1.87,2.22) | 1.51 (1.18,1.91) | 0.5 (0.34,0.64) | 0.1(0.077,0.124) | 0.157 (0.114,0.187) | 0.737 (0.704,0.76) | 2.01 (1.34,2.73) | 0.4 (0.16,0.74)
12/15/20 | 2.03 (1.87,2.22) | 1.33(1.01,1.74) | 0.5(0.34,0.64) 0.1 (0.077,0.124) | 0.157 (0.114,0.187) | 0.737 (0.704,0.76) | 1.72 (1.08,2.44) | 0.34 (0.14,0.64)
1121 | 2.03 (1.87,2.22) | 1.05 (0.72,1.42) | 0.5 (0.34,0.64) | 0.1(0.077,0.124) | 0.157 (0.114,0.187) | 0.737 (0.704,0.76) | 1.51(0.97,2.2) | 0.29 (0.13,0.54)
1/15/21 1.4 (1.29,1.53) | 0.57(0.35,0.8) | 0.5(0.34,0.64) 0.1 (0.077,0.124) | 0.157 (0.114,0.187) | 0.737 (0.704,0.76) | 1.42(0.98,2.01) | 0.28 (0.13,0.49)
2121 | 1.32(1.21,1.44) | 0.45 (0.27,0.67) | 0.5(0.34,0.64) | 0.1(0.077,0.124) | 0.157 (0.114,0.187) | 0.737 (0.704,0.76) | 1.5(1.12,1.98) | 0.29 (0.14,0.5)
2/15/21 | 1.32(1.21,1.44) | 0.42 (0.25,0.63) | 0.5(0.34,0.64) 0.1 (0.077,0.124) | 0.157 (0.114,0.187) | 0.737 (0.704,0.76) | 1.59(1.23,2.02) | 0.31 (0.15,0.53)
31721 | 132 (1.21,1.44) | 0.41 (0.25,0.62) | 0.5 (0.34,0.64) | 0.1 (0.077,0.124) | 0.157 (0.114,0.187) | 0.737 (0.704,0.76) | 1.65 (1.29,2.06) | 0.32 (0.16,0.55)

Table 7. Median and 95% confidence interval (CI) of estimated model parameters and quantities over time. CFR; and IF R, are shown as percentages.




3.3 Posterior parameter densities
This section visualizes the density plots for the prior distribution specified for, and the estimated posterior distribution returned
by, ABC parameter estimation. A single value is shown for each parameter, corresponding to the value it takes on over a specific
time interval. For each parameter, the bottom subfigure shows the posterior density over its full range, and the top subfigure
shows the prior density over that same range. Therefore, if the prior density has a wider distribution or a different range than the
posterior, the prior density will appear truncated in the figure. The prior distributions shown were informed by the results of the
broad grid search that scanned across a much wider range of each parameter space (these ranges are specified in Section 2.1).

Convergence is not reached for the broad grid search step, with multi-modal distributions returned for each parameter (not
shown). By specifying a narrow prior distribution around a mode chosen from the broad grid search distribution, convergence
is reached and a dominant single mode identified in the final posterior density returned by the ABC step.

Although the prior distributions used in the ABC step are narrow (with 95% of a prior parameter’s value lying within +25%
of the mean of the chosen mode from broad grid search), they are not too narrow to allow the posterior distributions to take a
different shape. All posterior distributions differ slightly from the priors; the mean of each posterior is not exactly aligned with
the mean of the prior, and the standard deviations becomes narrower.
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Figure 6. Basic reproductive number RO: value at beginning of the epidemic before interventions.
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Figure 7. Fraction of infections that are observed, r;: value during May 2020 — March, 2021.
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Figure 8. Probability of hospitalization given infection, ¢;: value during March — April, 2020.
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Figure 9. Probability of ICU admission given hospitalization, k;: value during March — April, 2020.
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Figure 10. Probability of death given ICU admission, &, during ¢ € March — April, 2020.
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Part 11
Risk Model

This section provides details on the data inputs and calculations used in each of the 6 steps of the risk model described in the
main text.

The notation used in this section is summarized in table 8 (in the order that they appear in the following text). Although not
noted in the table, if a variable contains a subscript ;, this means it is time-varying.

Variable  Description Type
peP risk factor definition
qeQ risk profile definition
m € 1,2,3 model for specific stage of disease progression notation
my model (H|I) definition
my model (Q|H) definition
ms3 model (D|Q) definition
yolars marginal log-RR vector for risk factor p and model m data
l//f”"d conditional log-RR vector for risk factor p and model m estimated by model
Iy frequency vector of risk profile g in LAC estimated by model
1, marginal prevalence vector of risk factor p in LAC data
)y reference correlation structure between risk factors p calculated from data
£, frequency vector of each risk profile in the infected population estimated by model
)y age group risk factor definition
Sods observed frequency vector of each age group in the infected population data

risk profile design matrix (dimensions g x p) definition
R, risk profile design matrix including only age categories (g x p’) definition
1 y frequency vector of age group in LAC estimated by model
P(H|I) probability vector for risk profiles for m; estimated by model
P@) probability vector for risk profiles for m; estimated by model
P@) probability vector for risk profiles for m3 estimated by model
X mean-centered design matrix for model m (dimensions g x p) estimated by model
f,u frequency vector of each risk profile in the hospitalized population estimated by model
f, 0 frequency vector of each risk profile in the in-ICU population estimated by model
f,p frequency vector of each risk profile in the deceased population estimated by model
CFR, vector of case fatality rates for each risk profile estimated by model
IFR, vector of infection fatality rates for each risk profile estimated by model

Table 8. Notation used within the risk model.

4 Modeled risk factors
The risk factors, p € P, included in the risk model analysis are:

o Age

¢ Body mass index (BMI)

* Smoking

* Any comorbidity: diabetes, hypertension, chronic obstructive pulmonary disease (COPD), hepatitis B, coronary heart
disease, stroke, cancer and chronic kidney disease.

Age was categorized within four groups: 0 — 18, 19 — 49, 50 — 64, 65 — 79, and 80+. We modeled BMI as an ordinal
variable and assume an additive effect of BMI on the three models. BMI was categorized in three groups according to obesity
classes: Class 1 (no obesity) BMI < 30%; Class 2 (obesity), 30 < BMI < 40%; Class 3 (severe obesity), BMI > 40%. Any
comorbidity and smoking were modeled as binary variables. Note that risk factors are age, BMI, smoking and comorbidities,
but age has 5 categories and BMI has 3 categories so p = {1,..,10}.
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5 Step 2: Conditional RR for BMI, smoking, and comorbidities

We estimate the conditional relative risk (RR) effects corresponding to the risk factors BMI, smoking, and comorbidity
conditional on age for each of the three risk models using marginal effects estimates available from reported studies and a
method called the joint analysis of marginal summary statistics (JAM) [26]. JAM uses two pieces of information: (i) the
marginal effect estimates between risk factors and outcomes for each model, and (ii) a reference correlation structure between
the risk factors. For information informing (i) we obtain the log marginal RR between individual risk factors p and COVID-19
infection severity for each model m, Y, °, from peer-reviewed clinical studies on patients with laboratory-confirmed COVID-
19 [27, 28]. For (ii), we obtain the reference correlation structure, X, using data from The National Health and Nutrition
Examination Survey (NHANES) from 2017-2018 [29].

5.1 Marginal relative risks between risk factors from published literature

We extracted the marginal RRs for each risk factor from clinical studies on patients with laboratory-confirmed COVID-19.
Ordinal age, smoker, and any comorbidity we extracted from [27], a study reporting outcomes for 1099 patients from 552
hospitals in 30 provinces, autonomous regions, and municipalities in mainland China. The marginal RR of ordinal BMI were
extracted from [28], with 4103 COVID-19 patients with laboratory-confirmed COVID-19 treated at a single academic health
system in New York City. The left column of the main text Table 2 in the main text displays the marginal RRs extracted from
the literature (95% confidence interval), \//%f,rg , for each risk factor and each of the three models hospitalization given illness,
(H|I), ICU admission given hospitalization, (Q|H) and death given ICU admission, (D|Q).

5.2 Correlation structure between risk factors

We obtain the correlation structure, X, between the risk factors p using data from The National Health and Nutrition Examination
Survey (NHANES) [29]. NHANES is a survey research program conducted by the National Center for Health Statistics to
assess the health and nutritional status of adults and children in the United States, and to track changes over time. We use
the NHANES cohort of 2017-2018. To make the correlation matrix representative of the LAC population, we calculated it
separately for each race/ethnicity and weight the correlation matrix by the distribution of the race/ethnicity in LAC.

5.3 Using JAM to estimate conditional RR
We use the JAM method [26] to calculate the conditional log relative risk (RR) for each risk factor, l//lf""d, from the log of the

marginal RR 1;12/1 %8 and the correlation structure between risk factors . The reference group was set as patients aged 0 — 18,
BMI <30 kg non-smoker, and no comorbidities.

m2’

Using the marginal summary statistics from (i), specifically the marginal log relative risks ly‘,’,\{ m® for risk factor p and model
m, JAM obtains conditional log relative risks wﬁ‘,’,fd for each factor. To accomplish this JAM first expresses the relationship
between an outcome m, such as hospitalization given infection, ICU admission given hospitalization, and death given ICU
admission, and the risk factors p € P as a normal linear model, m ~ N(Py, ‘521). For such a model the conditional or adjusted
estimates of effect are given by { = (P'P)~!'P'm.

Heuristically, to fit this model without access to individual-level data we substitute an estimate of P'P based on an estimate
of this matrix using the correlation ¥ between the risk factors from external NHANES data as specified in (ii). P'm defines the
mean value of the outcome for each of the corresponding values of the risk factor.

Technically, to adapt the linear model to use reference data, we first multiply all factors in the linear model by P’ and
define a P-length vector z := P'm to give z ~ N(P'Py, 7>P'P). Since P'P is inherently Hermitian and, if it is positive
definite, we perform a Cholesky decomposition and simplify the likelihood by first defining P’'P = L'L and zL := L'~ 1z.
Thus, we have L'~!z ~ MVNp(Ly,7?Ip). For this model the conditional estimates are then lﬁpcmd = (LU'L) 'z. zis
constructed using marginal summary statistics and the frequencies for each risk factor. For a single binary risk factor,
z = [(riory) / (o + 1Y) - l//f,w“rg , where rip and 7} are the estimated counts of each group defined in the risk factor by P = 0 and
P = 1, respectively. To get a plug-in for P'P we use the following: P'P ~ BY/2£B'/2 where B gives the diagonal elements of
P'P defined using the frequencies of each risk factor and the sample size of the reference data. X is the estimated correlation
matrix for the risk factors from the reference data. More details of the statistical methodology is in [26].

The resulting conditional relative risks (i.e., exp lﬂg’,’,’lld) calculated by JAM for each risk factor and each of the three models
are shown in the right column of Table 2 in the main text.

6 Step 3: Prevalence of each risk profile in the infected population

We estimate the time-varying frequency of each risk profile in the infected population, f; , ;. First, we use available LAC data
the prevalence of the individual risk factors within the overall LAC population [30] [31] to estimate the frequency of each
risk profile within the overall population. Second, we use available data on the prevalence of each age group in illnesses [32]
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together with our estimate of the prevalence of each risk factor in the overall LAC population to estimate the frequency of
each profile within the infected population on each date. Illness timeseries data by age group is used because this is the only
individual risk factor with observed infection prevalence data in LAC.

6.1 Frequency of risk profiles in overall LAC population

We estimate the frequency of the risk profiles g in the overall LAC population, /,, by simulating a sample population based on
the prevalence of each individual risk factor in LAC and the weighted correlation structure between the risk factors obtained
from NHANES data, X (Section 5.2).

6.1.1 Data sources

The prevalence of age comes from the American Community Survey via the t idycensus R package [33]. The prevalence of
obesity, comorbidities besides cancer, and smoking are taken from the Los Angeles County Health Survey (LACHS), study
year 2018 [30]. To construct the obesity variable we find the BMI < 30% and BMI > 30% classes from LACHS. We then

divide the BMI > 30% into the 30 < BMI < 40% and BM1I > 40% classes based on the relative ratios between these classes
on average across the U.S., in data from the Behavioral Risk Factor Surveillance System study year 2010 [34]. The prevalence
of cancer comes from the California Health Information Survey (CHIS) [31].

The prevalence of each of the 10 risk factors are combined in the vector 1,,.

6.1.2 Estimation
To calculate the frequency of the risk profiles ¢ in the overall LAC population, [,, we first generate a simulated population ¥ by
sampling from a multivariate normal, ¥ ~ N(x;1,,X), where x is the number of samples, 1, is the vector of the prevalence of
each individual risk factor in LAC, and X is the correlation structure between the risk factors as described in Section 5.2. Each
sample from y represents a specific risk profile, sampled in proportion to the probability of the combination of risk factors
co-occurring. Prevalence of the any comorbidity category is constructed by sampling profiles expanded across all comorbidities,
and creating an aggregated binary any comorbidity variable that takes value 1 if any of the comorbidities are included in the
sampled profile.

We then calculate the vector of the frequencies of each risk profile ¢ in the overall LAC population, 1,, as its relative
frequency in the simulated population ¥.

6.2 Frequency of risk profiles in infected population
We obtain the frequency of each age group over illnesses, f; ,;, from the LA Times data [21]. To estimate the frequency of
each risk profile g in the infected population, f; ;;, the frequency of each age group over infections is stratified across the risk
profiles according to the relative frequency of each profile within each age group in the overall LAC population.

We find f; , ;, the vector of the frequency of each risk profile in the infected population, as follows.

6.2.1 Profile design matrix
First we define a risk profile design matrix R, a ¢ x p matrix, that includes indicator variables for the presence or absence of each
risk factor p (columns) within each risk profile g (row), encoding the linear combination of all (plausible) linear combinations

of the risk factors:
Ry ... qu

R=| .. .. ..
Rip ... Ry
We also define R,y to be a profile design matrix encoding age group risk factors only, i.e., a ¢ x 5 matrix representing the
first five columns of R.

6.2.2 Calculation
We find the vector of the frequency of the risk profiles in the infected population, f; ; 7, using 1, £, ;. , and R,,.
First, let 1,y be a vector representing the frequency of each age group in the (estimated) overall population, found as
Ly =1R,.
Then we find f; ; ; as
Rplff)p,vlobx

ffqu = lq ’ R.1
P
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7 Step 4: Risk-profile-stratified probabilities of disease stage progression

7.1 Overview
We estimate the time-varying disease stage probabilities stratified across all risk profiles, g € Q, for the three models m =1 :

—

P.(H|I),m=2:P(Q|H),and m =3 : P,(D|Q), resulting in the probability vectors P,(H|I), ,(Q|H), and P,(H|I), respectively.
This is done by combining in a logistic model all linear combinations of the p risk factors specified in a mean-centered design
matrix, X,,, and their corresponding conditional log-RR obtained from JAM, lf/ﬁ“,,{‘d (Section 5), with intercepts that are set

to the logit of the estimated probabilities from the epidemic model for &, &;, 5 (Section 2.1.4), respectively. The matrix
X, is a profile design matrix that has been mean-centered on the frequency of each risk profile in the incoming population
relevant to each model m; namely, the infected (/) population for model 1, the hospitalized (H) population for model 2, and
the in-ICU (Q) population for model 3. The specification of the frequency of each risk profile in the infected (/) population is
described in Section 6. The frequency of each risk profile in the hospitalized population, f; ; ; and the in-ICU population, f; ; o,
are calculated recursively from the estimated frequency of each profile in the incoming population to each stage of disease,
described in Section 7.2.3. Patients age 19 — 49 with BMI < 30’];—‘?, non-smoker, and no comorbidities are the reference profile.

7.2 Inputs

7.2.1 Logit transformed population-average probabilities of each stage of disease d;, &;, &,

In Section 2.1.4 we estimate the population-average probability that individuals in LAC who acquire infection are admitted to
hospital, &, who are in hospital require admittance to the ICU, &;, and who are in ICU will die, 0;. We logit-transform these
probabilities as

A

logit(&y) = log( 1 j@ )
logit(%) =1 !
ogit(k;) Og(l_f(t)

A

logit(8,) = log(— ).
ogit(8) =loz(~5)

7.2.2 Vector of conditional log risk estimates for model m, gcm"”d

In Section 5 we described the conditional log risk effects estimates, i.e., lf/g",;‘d for risk factor p and model m. We bring the

conditional log risk effect estimates for model m together in to the vector grcn””d.

7.2.3 Frequencies of each incoming population f; , ;,

In Section 6 we estimated the frequency of each risk profile ¢ in the infected population, f; ; ; (a vector). The frequency of each
risk profile in the hospitalized population, f; ;, i and the in-ICU population, f; , o, are calculated recursively from the estimated
frequency of each profile in the incoming population to each stage of disease, as the normalized product of the frequency in the
incoming stage of disease and the probability of advancing to the subsequent stage, normalized over all risk profiles.

o —

Specifically, the frequency of each risk profile in the hospitalized population, f; , 4, is calculated from the estimated P; (H|I)
and f; , 7 as:

P(H|T) - fi g1

tqgH = ——— 7 )
Py(H|I) fiqx

—

and the frequency of each risk profile in the in-ICU population, f; ; o, is calculated from the estimated P, (Q|H) and f; ; ;7 as:

—

_ P(QH) frqn '

1,9,0 ——

-
Pi(QH) fiqn

We also calculate the frequency of each profile in the deceased population, f; ; p, which is needed in Step 5 and 6 although
not for calculating the risk-profile-stratified probabilities of illness progression. f; ;, p is found as the normalized product of
the frequency in the incoming stage of disease, the in-ICU population, and the probability of advancing from the ICU to the
deceased population, normalized over all risk profiles, i.e.:

_ PrDIQqsfrqo

gD = 5 =S T
Pr(D|Q)qt fiq.Q
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In the following we will require the marginal frequency of each risk factor p in each incoming population, f; ,, ;, which we

find by marginalizing the risk factors over the risk profiles g for each population as
£ pin= flq’inR. (10)

7.2.4 Mean-centered design matrix X,,, and risk profile design matrix R
The mean-centered design matrix for model m, X,,, is a profile design matrix that has been mean-centered on the frequency of
each risk profile in the incoming population m;, relevant to each model m, £, ., ; namely, the infected (/) population for model
1, the hospitalized (H) population for model 2, and the in-ICU (Q) population for model 3.

We find the mean-centered design matrices as:

Xi=R—f,,
Xo=R—-fpn
X3 == Rifl,P,Q'

7.3 Calculating risk-stratified probabilities

——

We find the probability of each risk profile for model 1, P, (H|I), using the frequency of each risk factor in the infected
population, £, ;, as:

-

P (H|I) = expit(logit(d;) + X1 Eiizld)

We can then find the probability of each risk profile for model 2, P,(Q|H), using the frequency of each risk factor in the
hospitalized population, f}, g, as:

PI(Q‘H) = CXpit(lOgit(K}) +X2V7C()nd).

A=/ T m=2
—_—

Finally, we find the probability of each risk profile for model 3, P, (D|Q), using the frequency of each risk factor in the
in-ICU population, f, o, as:

P(D]Q) = expit(logit(,) + X3 pd).

8 Step 5: Conditional RR for age

We estimate the conditional RR of each age group separately from that of the other three risk factors. This is done because
while we can estimate the conditional RR using the same methodology as for the other factors as described in Step 2, we have
observed data on the distribution of each age group over deaths for LAC that we can use to estimate the conditional RR for age,
given the other model inputs and attributes. Given this information, we aim to find the solution set that minimizes the distance
between the distribution over deaths produced by the logistic model and the observed distribution.

Specifically, we choose the conditional RR for age, RR,,, such that the distance between the frequency of each age group
over deaths produced in Step 4, f; ,; p (marginalized from the profile-specific values f; ,; p using equation 10) and the observed
distribution of each age group over deaths in LAC, f,’ D Dops> is minimized, i.e.

arg min Distp=Y f, p(RRy)—1L yp ., .
gRRFIE[O,IO] b I% P ’D( [7) 1,0"Dops ( )

where the frequency of each age group over deaths is written as f, ,y ,(RR,/) to emphasize that it is a function of the
conditional RR of the age groups RR,.

This objective is solved by varying RR,, between [0, 10], rerunning Steps 3 and 4, and computing the distance metric Distp
in equation 11.

22/31



9 Step 6: Risk-profile-stratified CFR,; and IFR,;

We estimate the time-varying risk-profile-stratified case fatality rate (CFR,) and the infection fatality rate (IFR(¢)) from
cumulative counts of observed infections, I, total infections, I, + Acum, and cumulative deaths D, coming from the
epidemic model; and estimates of the time-varying frequency of each risk profile in the infected population, f; ; ; (from Step 3)
and of each risk profile in the deceased population (from Step 4).

We simulate model realizations with parameter values coming from this joint posterior distribution 2.3. For each realization,
we estimate the number of individuals in each risk profile subpopulation in the observed infected population as the estimated
frequency of each profile in the infected population, f; ,;, multiplied by the epidemic-model-estimated time series of the
cumulative number of observed infections (/). Similarly, we estimate the number of individuals in each risk profile
subpopulation in the total infected population (including observed an unobserved illnesses) as f; , ; multiplied by the estimated
time series of cumulative total infections, i.e. I, +Acun. We estimate the number of deceased individuals from each risk
profile as f; ; p multiplied by the estimated time series of cumulative deaths (D).

We find the CFR and IFR for each model realization as the estimated number of deaths for each profile over estimated
observed infections for each profile, and number of deaths over total infections, respectively.

To produce uncertainty estimates, we aggregate model simulations from 100 jointly estimated parameter sets and 20
stochastic epidemic model realizations for each parameter set. We pool together all simulations and report their mean and
2.5th/97.5th percentiles.

10 Results for risk-profile-stratified estimates

10.1 Comparison between observed and estimated frequency of each age group in deceased population
(for Step 5)

Figure 11 shows the frequency of the age groups in the deceased population estimated by the model, f; ,; ,(RR,;), compared with

the observed frequency, f; , p , . Minimizing the summed differences between age groups p’ in the distributions f; .y ,(RR,)

and f; ,/ p , . i.e. the metric Distp, is the objective used to estimate the conditional RR for age in Step 5 of the risk model

methodology. Figure 11 demonstrates a very low difference error is achieved.

10.2 Profile-stratified probabilities of severe iliness and death for LAC

— - -

The resulting probabilities across each risk profile for each of three models P, (H|I), P,(Q|H), and P,(D|Q), as well as the
estimated frequency of each profile in the overall LAC population across dates every two weeks from May 15 2020 - March 1
2021 are shown in Tables 9, 10, and 11, respectively.
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Deaths by age group
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Figure 11. Frequency of the age groups in the deceased population estimated by the model, f; ,» p(RR,), compared with the
observed frequency, f; ,y p,, , used to estimate the conditional RR for age in Step 5 of the risk model.
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Profile | Age BMI Smoker Comorbidity Prevalence | 5/15/20 | 8/1/20 10/14/20 | 11/16/20 | 12/15/20 | 1/13/21 | 2/17/21 | 3/3/21
1 0-18 BMI<30 Smoker No Comorbidity | 0.02061 0.0139 0.0207 | 0.0134 0.0136 0.0139 0.014 0.0141 0.0141
2 0-18 BMI<30 Non Smoker | No Comorbidity | 0.1517 0.0079 0.0118 | 0.0076 0.0077 0.0079 0.008 0.008 0.008

3 0-18 30<BMI<40 | Smoker No Comorbidity | 0.00204 0.025 0.0371 | 0.0241 0.0244 0.025 0.0253 0.0254 0.0254
4 0-18 30<BMI<40 | Non Smoker | No Comorbidity | 0.03281 0.0143 0.0213 | 0.0138 0.014 0.0143 0.0145 0.0145 0.0145
5 0-18 BMI>40 Smoker No Comorbidity | 0.00045 0.0447 0.0655 | 0.0431 0.0436 0.0446 0.0452 0.0453 0.0453
6 0-18 BMI>40 Non Smoker | No Comorbidity | 0.00674 0.0258 0.0382 | 0.0248 0.0252 0.0257 0.026 0.0261 0.0261
7 19-49 | BMI<30 Non Smoker | No Comorbidity | 0.16875 0.0556 0.0811 | 0.0537 0.0543 0.0555 0.0562 0.0564 0.0564
8 50-64 | BMI<30 Non Smoker | No Comorbidity | 0.04657 0.1321 0.1858 | 0.1279 0.1293 0.132 0.1334 0.1338 0.1338
9 65-79 | BMI<30 Non Smoker | No Comorbidity | 0.02863 0.2824 0.3712 | 0.2749 0.2775 0.2822 0.2847 0.2854 0.2855
10 80+ BMI<30 Non Smoker | No Comorbidity | 0.02839 0.5169 0.616 0.5076 0.5108 0.5166 0.5196 0.5205 0.5206
11 19-49 | 30<BMI<40 | Non Smoker | No Comorbidity | 0.04291 0.0969 0.1386 | 0.0937 0.0948 0.0968 0.0978 0.0981 0.0982
12 50-64 | 30<BMI<40 | Non Smoker | No Comorbidity | 0.01836 0.2171 0.2937 | 0.2109 0.213 0.2169 0.219 0.2196 0.2197
13 65-79 | 30<BMI<40 | Non Smoker | No Comorbidity | 0.01088 0.4177 0.5182 | 0.4086 0.4117 0.4173 0.4203 0.4212 0.4213
14 80+ 30<BMI<40 | Non Smoker | No Comorbidity | 0.00859 0.661 0.7451 | 0.6525 0.6554 0.6607 0.6634 0.6642 0.6643
15 19-49 | BMI>40 Non Smoker | No Comorbidity | 0.0101 0.1635 0.2267 | 0.1585 0.1602 0.1633 0.165 0.1655 0.1655
16 50-64 | BMI>40 Non Smoker | No Comorbidity | 0.00332 0.3357 04311 | 0.3274 0.3303 0.3354 0.3382 0.339 0.3391
17 65-79 | BMI>40 Non Smoker | No Comorbidity | 0.00155 0.5665 0.6621 | 0.5573 0.5605 0.5662 0.5692 0.57 0.5702
18 80+ BMI>40 Non Smoker | No Comorbidity | 0.00124 0.7803 0.8419 | 0.7739 0.7761 0.7801 0.7822 0.7828 0.7829
19 19-49 | BMI<30 Smoker No Comorbidity | 0.04085 0.0943 0.135 0.0911 0.0922 0.0942 0.0952 0.0955 0.0956
20 50-64 | BMI<30 Smoker No Comorbidity | 0.00608 0.2121 0.2876 | 0.2059 0.208 0.2119 0.2139 0.2145 0.2146
21 65-79 | BMI<30 Smoker No Comorbidity | 0.00148 0.4104 0.5107 | 0.4014 0.4045 0.4101 0.413 0.4139 0.414

22 80+ BMI<30 Smoker No Comorbidity | 0.00155 0.6542 0.7394 | 0.6457 0.6486 0.6539 0.6567 0.6575 0.6576
23 19-49 | 30<BMI<40 | Smoker No Comorbidity | 0.00624 0.1594 0.2214 | 0.1545 0.1562 0.1593 0.1609 0.1614 0.1614
24 50-64 | 30<BMI<40 | Smoker No Comorbidity | 0.00123 0.3291 0.4238 | 0.3209 0.3237 0.3288 0.3315 0.3323 0.3324
25 65-79 | 30<BMI<40 | Smoker No Comorbidity | 0.00032 0.5591 0.6554 | 0.5499 0.5531 0.5588 0.5618 0.5627 0.5628
26 80+ 30<BMI<40 | Smoker No Comorbidity | 0.00016 0.7751 0.8379 | 0.7686 0.7708 0.7749 0.777 0.7777 0.7777
27 19-49 | BMI>40 Smoker No Comorbidity | 0.0013 0.2568 0.3414 | 0.2498 0.2522 0.2566 0.2589 0.2596 0.2597
28 50-64 | BMI>40 Smoker No Comorbidity | 0.00017 0.4719 0.5727 | 0.4626 0.4658 0.4716 0.4746 0.4755 0.4756
29 65-79 | BMI>40 Smoker No Comorbidity | 0.00006 0.698 0.776 0.69 0.6928 0.6977 0.7003 0.701 0.7011
30 80+ BMI>40 Smoker No Comorbidity | 0.00002 0.8627 0.904 0.8582 0.8597 0.8625 0.864 0.8644 0.8644
31 19-49 | BMI<30 Non Smoker | Comorbidity 0.10796 0.0815 0.1174 | 0.0787 0.0797 0.0814 0.0823 0.0826 0.0826
32 50-64 | BMI<30 Non Smoker | Comorbidity 0.04482 0.1866 0.2559 | 0.181 0.1829 0.1864 0.1882 0.1888 0.1888
33 65-79 | BMI<30 Non Smoker | Comorbidity 0.03342 0.3723 0.4707 | 0.3636 0.3666 0.372 0.3748 0.3757 0.3758
34 80+ BMI<30 Non Smoker | Comorbidity 0.02981 0.6172 0.7074 | 0.6083 0.6114 0.6169 0.6198 0.6206 0.6207
35 19-49 | 30<BMI<40 | Non Smoker | Comorbidity 0.03314 0.1391 0.1951 | 0.1347 0.1362 0.139 0.1405 0.1409 0.1409
36 50-64 | 30<BMI<40 | Non Smoker | Comorbidity 0.02078 0.2948 0.3853 | 0.2871 0.2897 0.2945 0.297 0.2978 0.2979
37 65-79 | 30<BMI<40 | Non Smoker | Comorbidity 0.01545 0.5194 0.6184 | 0.5101 0.5133 0.5191 0.5221 0.523 0.5231
38 80+ 30<BMI<40 | Non Smoker | Comorbidity 0.00926 0.746 0.815 0.7389 0.7414 0.7458 0.7481 0.7488 0.7488
39 19-49 | BMI>40 Non Smoker | Comorbidity 0.00804 0.2275 0.3063 | 0.221 0.2232 0.2273 0.2294 0.2301 0.2301
40 50-64 | BMI>40 Non Smoker | Comorbidity 0.00378 0.4323 0.5331 | 0.4232 0.4263 0.432 0.435 0.4359 0.436

41 65-79 | BMI>40 Non Smoker | Comorbidity 0.00218 0.6632 0.747 0.6548 0.6577 0.6629 0.6656 0.6664 0.6665
42 80+ BMI>40 Non Smoker | Comorbidity 0.00138 0.8426 0.8892 | 0.8376 0.8393 0.8424 0.844 0.8445 0.8445
43 19-49 | BMI<30 Smoker Comorbidity 0.02902 0.1356 0.1904 | 0.1313 0.1327 0.1354 0.1369 0.1373 0.1373
44 50-64 | BMI<30 Smoker Comorbidity 0.0063 0.2886 0.3782 | 0.281 0.2835 0.2883 0.2908 0.2915 0.2916
45 65-79 | BMI<30 Smoker Comorbidity 0.00138 0.5119 0.6113 | 0.5026 0.5058 0.5116 0.5146 0.5155 0.5156
46 80+ BMI<30 Smoker Comorbidity 0.00182 0.7403 0.8104 | 0.7331 0.7356 0.7401 0.7424 0.7431 0.7432
47 19-49 30<BMI<40 Smoker Comorbidity 0.00461 0.2223 0.3 0.2159 0.2181 0.2221 0.2242 0.2248 0.2249
48 50-64 | 30<BMI<40 | Smoker Comorbidity 0.00162 0.425 0.5257 | 0.4159 0.419 0.4247 0.4276 0.4285 0.4286
49 65-79 | 30<BMI<40 | Smoker Comorbidity 0.00039 0.6565 0.7413 | 0.648 0.6509 0.6562 0.6589 0.6597 0.6598
50 80+ 30<BMI<40 | Smoker Comorbidity 0.00022 0.8386 0.8862 | 0.8334 0.8352 0.8384 0.84 0.8405 0.8406
51 19-49 | BMI>40 Smoker Comorbidity 0.00112 0.3424 0.4385 | 0.3341 0.3369 0.3422 0.3449 0.3457 0.3458
52 50-64 | BMI>40 Smoker Comorbidity 0.00026 0.5739 0.6688 | 0.5647 0.5678 0.5735 0.5765 0.5774 0.5775
53 65-79 | BMI>40 Smoker Comorbidity 0.00013 0.7769 0.8393 | 0.7703 0.7726 0.7767 0.7788 0.7794 0.7795
54 80+ BMI>40 Smoker Comorbidity 0.00001 0.9044 0.9342 | 0.9012 0.9023 0.9043 0.9054 0.9057 0.9057
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Table 9. Profile-stratified P; (H|I): Risk profiles (characterized by unique combination of age group, BMI range, smoking status, and any comorbidity), model-estimated
population prevalence in LAC, and the probability of hospitalization given illness.

Profile | Age BMI Smoker Comorbidity Prevalence | 5/15/20 | 8/1/20 10/14/20 | 11/16/20 | 12/15/20 | 1/13/21 | 2/17/21 | 3/3/21
1 0-18 BMI<30 Smoker No Comorbidity | 0.02061 0.0119 0.0189 | 0.0135 0.0136 0.0139 0.0138 0.0137 0.0137
2 0-18 BMI<30 Non Smoker | No Comorbidity | 0.1517 0.0074 0.0118 | 0.0084 0.0085 0.0086 0.0086 0.0085 0.0085
3 0-18 30<BMI<40 | Smoker No Comorbidity | 0.00204 0.0125 0.0198 | 0.0142 0.0143 0.0146 0.0145 0.0144 0.0144
4 0-18 30<BMI<40 | Non Smoker | No Comorbidity | 0.03281 0.0078 0.0123 | 0.0088 0.0089 0.0091 0.009 0.0089 0.0089
5 0-18 BMI>40 Smoker No Comorbidity | 0.00045 0.0131 0.0208 | 0.0149 0.015 0.0153 0.0152 0.0151 0.0151
6 0-18 BMI>40 Non Smoker | No Comorbidity | 0.00674 0.0081 0.0129 | 0.0093 0.0093 0.0095 0.0095 0.0094 0.0094
7 19-49 | BMI<30 Non Smoker | No Comorbidity | 0.16875 0.0521 0.0808 | 0.0589 0.0594 0.0605 0.0602 0.0597 0.0596
8 50-64 | BMI<30 Non Smoker | No Comorbidity | 0.04657 0.1245 0.1852 | 0.1393 0.1404 0.1427 0.1421 0.1409 0.1409
9 65-79 | BMI<30 Non Smoker | No Comorbidity | 0.02863 0.2689 0.3701 | 0.2949 0.297 0.3009 0.2998 0.2978 0.2977
10 80+ BMI<30 Non Smoker | No Comorbidity | 0.02839 0.4999 0.615 0.5321 0.5345 0.5392 0.5379 0.5355 0.5354
11 19-49 | 30<BMI<40 | Non Smoker | No Comorbidity | 0.04291 0.0546 0.0845 | 0.0617 0.0622 0.0633 0.063 0.0625 0.0624
12 50-64 | 30<BMI<40 | Non Smoker | No Comorbidity | 0.01836 0.13 0.1927 | 0.1452 0.1464 0.1488 0.1482 0.147 0.1469
13 65-79 | 30<BMI<40 | Non Smoker | No Comorbidity | 0.01088 0.2786 0.3816 | 0.3052 0.3073 0.3113 0.3102 0.3082 0.3081
14 80+ 30<BMI<40 | Non Smoker | No Comorbidity | 0.00859 0.5122 0.6265 | 0.5443 0.5467 0.5513 0.55 0.5477 0.5476
15 19-49 | BMI>40 Non Smoker | No Comorbidity | 0.0101 0.0572 0.0884 | 0.0646 0.0651 0.0663 0.066 0.0654 0.0654
16 50-64 | BMI>40 Non Smoker | No Comorbidity | 0.00332 0.1356 0.2004 | 0.1514 0.1527 0.1551 0.1544 0.1532 0.1531
17 65-79 | BMI>40 Non Smoker | No Comorbidity | 0.00155 0.2886 0.3932 | 0.3157 0.3178 0.3219 0.3208 0.3187 0.3186
18 80+ BMI>40 Non Smoker | No Comorbidity | 0.00124 0.5244 0.6379 | 0.5564 0.5588 0.5634 0.5621 0.5598 0.5597
19 19-49 | BMI<30 Smoker No Comorbidity | 0.04085 0.0816 0.1244 | 0.0918 0.0926 0.0942 0.0938 0.093 0.093

20 50-64 | BMI<30 Smoker No Comorbidity | 0.00608 0.1869 0.2686 | 0.2073 0.2089 0.212 0.2111 0.2096 0.2095
21 65-79 | BMI<30 Smoker No Comorbidity | 0.00148 0.3728 0.4871 | 0.4034 0.4057 0.4103 0.409 0.4067 0.4066
22 80+ BMI<30 Smoker No Comorbidity | 0.00155 0.6177 0.7208 | 0.6476 0.6498 0.6541 0.6529 0.6508 0.6506
23 19-49 | 30<BMI<40 | Smoker No Comorbidity | 0.00624 0.0854 0.1298 | 0.096 0.0968 0.0985 0.098 0.0972 0.0972
24 50-64 | 30<BMI<40 | Smoker No Comorbidity | 0.00123 0.1945 0.2783 | 0.2154 0.2171 0.2203 0.2194 0.2178 0.2177
25 65-79 | 30<BMI<40 | Smoker No Comorbidity | 0.00032 0.3843 0.4993 | 0.4152 0.4176 0.4222 0.4209 0.4186 0.4185
26 80+ 30<BMI<40 | Smoker No Comorbidity | 0.00016 0.6292 0.7305 | 0.6587 0.6609 0.6651 0.6639 0.6618 0.6617
27 19-49 | BMI>40 Smoker No Comorbidity | 0.0013 0.0893 0.1354 | 0.1003 0.1012 0.1029 0.1025 0.1016 0.1015
28 50-64 | BMI>40 Smoker No Comorbidity | 0.00017 0.2022 0.2883 | 0.2238 0.2255 0.2288 0.2279 0.2263 0.2262
29 65-79 | BMI>40 Smoker No Comorbidity | 0.00006 0.396 0.5116 | 0.4271 0.4295 0.4342 0.4329 0.4306 0.4304
30 80+ BMI>40 Smoker No Comorbidity | 0.00002 0.6405 0.7401 | 0.6696 0.6718 0.6759 0.6748 0.6727 0.6726
31 19-49 | BMI<30 Non Smoker | Comorbidity 0.10796 0.0531 0.0823 | 0.06 0.0606 0.0616 0.0613 0.0608 0.0608
32 50-64 BMI<30 Non Smoker Comorbidity 0.04482 0.1267 0.1882 0.1417 0.1429 0.1452 0.1445 0.1434 0.1433
33 65-79 | BMI<30 Non Smoker | Comorbidity 0.03342 0.2728 0.3748 | 0.2991 0.3012 0.3051 0.304 0.302 0.3019
34 80+ BMI<30 Non Smoker | Comorbidity 0.02981 0.5049 0.6197 | 0.5371 0.5395 0.5442 0.5429 0.5405 0.5404
35 19-49 | 30<BMI<40 | Non Smoker | Comorbidity 0.03314 0.0557 0.0861 | 0.0628 0.0634 0.0645 0.0642 0.0636 0.0636
36 50-64 | 30<BMI<40 | Non Smoker | Comorbidity 0.02078 0.1322 0.1958 | 0.1477 0.149 0.1514 0.1507 0.1495 0.1494
37 65-79 | 30<BMI<40 | Non Smoker | Comorbidity 0.01545 0.2827 0.3863 | 0.3095 0.3116 0.3156 0.3145 0.3125 0.3124
38 80+ 30<BMI<40 | Non Smoker | Comorbidity 0.00926 0.5172 0.6312 | 0.5492 0.5516 0.5563 0.555 0.5527 0.5525
39 19-49 | BMI>40 Non Smoker | Comorbidity 0.00804 0.0583 0.09 0.0658 0.0664 0.0676 0.0672 0.0666 0.0666
40 50-64 | BMI>40 Non Smoker | Comorbidity 0.00378 0.138 0.2036 | 0.154 0.1553 0.1578 0.1571 0.1558 0.1558
41 65-79 | BMI>40 Non Smoker | Comorbidity 0.00218 0.2927 0.398 0.3201 0.3222 0.3263 0.3252 0.3231 0.323

42 80+ BMI>40 Non Smoker | Comorbidity 0.00138 0.5294 0.6425 | 0.5613 0.5637 0.5683 0.5671 0.5647 0.5646
43 19-49 | BMI<30 Smoker Comorbidity 0.02902 0.0831 0.1266 | 0.0935 0.0943 0.096 0.0955 0.0947 0.0946
44 50-64 | BMI<30 Smoker Comorbidity 0.0063 0.19 0.2726 | 0.2106 0.2122 0.2154 0.2145 0.2129 0.2128
45 65-79 | BMI<30 Smoker Comorbidity 0.00138 0.3775 0.4921 | 0.4082 0.4105 0.4151 0.4138 0.4115 0.4114
46 80+ BMI<30 Smoker Comorbidity 0.00182 0.6224 0.7248 | 0.6521 0.6544 0.6586 0.6574 0.6553 0.6552
47 19-49 | 30<BMI<40 | Smoker Comorbidity 0.00461 0.087 0.1321 | 0.0977 0.0986 0.1003 0.0998 0.099 0.0989
48 50-64 | 30<BMI<40 | Smoker Comorbidity 0.00162 0.1976 0.2824 | 0.2188 0.2205 0.2238 0.2228 0.2212 0.2211
49 65-79 | 30<BMI<40 | Smoker Comorbidity 0.00039 0.389 0.5043 | 0.4201 0.4224 0.427 0.4258 0.4235 0.4233
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50 80+ 30<BMI<40 | Smoker Comorbidity 0.00022 0.6338 0.7344 | 0.6632 0.6654 0.6695 0.6684 0.6663 0.6662
51 19-49 | BMI>40 Smoker Comorbidity 0.00112 0.0909 0.1378 | 0.1022 0.1031 0.1048 0.1043 0.1034 0.1034
52 50-64 | BMI>40 Smoker Comorbidity 0.00026 0.2055 0.2924 | 0.2273 0.229 0.2324 0.2315 0.2298 0.2297
53 65-79 | BMI>40 Smoker Comorbidity 0.00013 0.4008 0.5166 | 0.432 0.4344 0.4391 0.4378 0.4355 0.4353
54 80+ BMI>40 Smoker Comorbidity 0.00001 0.6451 0.7439 | 0.674 0.6762 0.6803 0.6791 0.6771 0.677

Table 10. Profile-stratified P, (Q|H): Risk profiles (characterized by unique combination of age group, BMI range, smoking status, and any comorbidity), model-estimated

—

population prevalence in LAC, and the probability of ICU admission given hospitalization.

Profile | Age BMI Smoker Comorbidity Prevalence | 5/15/20 | 8/1/20 10/14/20 | 11/16/20 | 12/15/20 | 1/13/21 | 2/17/21 | 3/3/21
1 0-18 BMI<30 Smoker No Comorbidity | 0.02061 0.0305 0.0466 | 0.1027 0.104 0.1069 0.1067 0.1064 0.1064
2 0-18 BMI<30 Non Smoker | No Comorbidity | 0.1517 0.0159 0.0244 | 0.0553 0.0561 0.0577 0.0576 0.0574 0.0574
3 0-18 30<BMI<40 | Smoker No Comorbidity | 0.00204 0.034 0.0517 | 0.1133 0.1147 0.1178 0.1177 0.1173 0.1173
4 0-18 30<BMI<40 | Non Smoker | No Comorbidity | 0.03281 0.0177 0.0271 | 0.0614 0.0622 0.064 0.0639 0.0637 0.0637
5 0-18 BMI>40 Smoker No Comorbidity | 0.00045 0.0381 0.0579 | 0.1259 0.1275 0.1309 0.1307 0.1303 0.1303
6 0-18 BMI>40 Non Smoker | No Comorbidity | 0.00674 0.0199 0.0305 | 0.0687 0.0696 0.0715 0.0715 0.0712 0.0712
7 19-49 | BMI<30 Non Smoker | No Comorbidity | 0.16875 0.1065 0.1559 | 0.3021 0.3051 0.3115 0.3112 0.3105 0.3104
[ 50-64 | BMI<30 Non Smoker | No Comorbidity | 0.04657 0.2355 0.3231 | 0.5281 0.5316 0.5391 0.5388 0.5379 0.5379
9 65-79 | BMI<30 Non Smoker | No Comorbidity | 0.02863 0.4434 0.5525 | 0.7432 0.7459 0.7515 0.7513 0.7507 0.7506
10 80+ BMI<30 Non Smoker | No Comorbidity | 0.02839 0.6841 0.7704 | 0.8872 0.8886 0.8916 0.8914 0.8911 0.8911
11 19-49 | 30<BMI<40 | Non Smoker | No Comorbidity | 0.04291 0.1174 0.1709 | 0.3258 0.3289 0.3355 0.3353 0.3345 0.3344
12 50-64 | 30<BMI<40 | Non Smoker | No Comorbidity | 0.01836 0.2559 0.3477 | 0.5554 0.5589 0.5663 0.566 0.5651 0.5651
13 65-79 | 30<BMI<40 | Non Smoker | No Comorbidity | 0.01088 0.4707 0.5795 | 0.7636 0.7662 0.7715 0.7713 0.7707 0.7706
14 80+ 30<BMI<40 | Non Smoker | No Comorbidity | 0.00859 0.7074 0.7893 | 0.8978 0.8991 0.9017 0.9016 0.9013 0.9013
15 19-49 | BMI>40 Non Smoker | No Comorbidity | 0.0101 0.1304 0.1886 | 0.3526 0.3559 0.3628 0.3625 0.3617 0.3616
16 50-64 | BMI>40 Non Smoker | No Comorbidity | 0.00332 0.2794 0.3753 | 0.5848 0.5882 0.5955 0.5952 0.5944 0.5943
17 65-79 | BMI>40 Non Smoker | No Comorbidity | 0.00155 0.5006 0.6084 | 0.7846 0.787 0.792 0.7918 0.7912 0.7911
18 80+ BMI>40 Non Smoker | No Comorbidity | 0.00124 0.7316 0.8086 | 0.9083 0.9094 0.9119 0.9118 09115 09115
19 19-49 | BMI<30 Smoker No Comorbidity | 0.04085 0.1889 0.2651 | 0.4582 0.4618 0.4692 0.4689 0.4681 0.468

20 50-64 | BMI<30 Smoker No Comorbidity | 0.00608 0.3758 0.4827 | 0.6862 0.6893 0.6957 0.6954 0.6947 0.6946
21 65-79 | BMI<30 Smoker No Comorbidity | 0.00148 0.6089 0.707 0.8497 0.8515 0.8553 0.8551 0.8547 0.8547
22 80+ BMI<30 Smoker No Comorbidity | 0.00155 0.8089 0.8677 | 0.9389 0.9397 0.9414 0.9413 0.9411 0.9411
23 19-49 | 30<BMI<40 | Smoker No Comorbidity | 0.00624 0.2063 0.2871 | 0.4856 0.4892 0.4967 0.4964 0.4955 0.4954
24 50-64 | 30<BMI<40 | Smoker No Comorbidity | 0.00123 0.4019 0.5102 | 0.7094 0.7123 0.7184 0.7182 0.7175 0.7174
25 65-79 | 30<BMI<40 | Smoker No Comorbidity | 0.00032 0.6347 0.7292 | 0.8632 0.8649 0.8684 0.8682 0.8679 0.8678
26 80+ 30<BMI<40 | Smoker No Comorbidity | 0.00016 0.8253 0.8798 | 0.9449 0.9457 0.9472 0.9471 0.947 0.9469
27 19-49 | BMI>40 Smoker No Comorbidity | 0.0013 0.2266 0.3123 | 0.5156 0.5192 0.5267 0.5264 0.5255 0.5254
28 50-64 | BMI>40 Smoker No Comorbidity | 0.00017 0.4311 0.5401 | 0.7335 0.7363 0.7421 0.7418 0.7412 0.7411
29 65-79 | BMI>40 Smoker No Comorbidity | 0.00006 0.6621 0.7522 | 0.8768 0.8783 0.8815 0.8814 0.881 0.881

30 80+ BMI>40 Smoker No Comorbidity | 0.00002 0.8419 0.8919 | 0.9509 0.9515 0.9529 0.9528 0.9527 0.9527
31 19-49 | BMI<30 Non Smoker | Comorbidity 0.10796 0.1103 0.1612 | 0.3106 0.3136 0.3201 0.3199 0.3191 0.319

32 50-64 | BMI<30 Non Smoker | Comorbidity 0.04482 0.2428 0.332 0.5381 0.5416 0.549 0.5487 0.5479 0.5478
33 65-79 | BMI<30 Non Smoker | Comorbidity 0.03342 0.4533 0.5623 | 0.7507 0.7534 0.7589 0.7587 0.7581 0.758

34 80+ BMI<30 Non Smoker | Comorbidity 0.02981 0.6927 0.7774 | 0.8911 0.8925 0.8954 0.8953 0.8949 0.8949
35 19-49 | 30<BMI<40 | Non Smoker | Comorbidity 0.03314 0.1216 0.1766 | 0.3346 0.3378 0.3445 0.3442 0.3435 0.3434
36 50-64 | 30<BMI<40 | Non Smoker | Comorbidity 0.02078 0.2636 0.3568 | 0.5653 0.5687 0.5761 0.5758 0.575 0.5749
37 65-79 | 30<BMI<40 | Non Smoker | Comorbidity 0.01545 0.4807 0.5892 | 0.7707 0.7732 0.7785 0.7783 0.7777 0.7776
38 80+ 30<BMI<40 | Non Smoker | Comorbidity 0.00926 0.7156 0.7959 | 0.9014 0.9026 0.9052 0.9051 0.9048 0.9048
39 19-49 | BMI>40 Non Smoker | Comorbidity 0.00804 0.135 0.1948 | 0.3618 0.3651 0.3721 0.3718 0.371 0.3709
40 50-64 | BMI>40 Non Smoker | Comorbidity 0.00378 0.2875 0.3848 | 0.5945 0.5979 0.6051 0.6048 0.604 0.6039
41 65-79 | BMI>40 Non Smoker | Comorbidity 0.00218 0.5106 0.6179 | 0.7913 0.7936 0.7985 0.7983 0.7977 0.7977
42 80+ BMI>40 Non Smoker | Comorbidity 0.00138 0.7393 0.8147 | 09115 0.9127 0.915 0.9149 0.9147 0.9146
43 19-49 | BMI<30 Smoker Comorbidity 0.02902 0.1951 0.273 0.4682 0.4717 0.4792 0.4789 0.478 0.4779
44 50-64 | BMI<30 Smoker Comorbidity 0.0063 0.3852 0.4927 | 0.6948 0.6978 0.7041 0.7038 0.7031 0.703
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45 65-79 | BMI<30 Smoker Comorbidity 0.00138 0.6184 0.7152 | 0.8548 0.8565 0.8602 0.86 0.8596 0.8596
46 80+ BMI<30 Smoker Comorbidity 0.00182 0.815 0.8722 | 0.9412 0.942 0.9436 0.9435 0.9433 0.9433
47 19-49 | 30<BMI<40 | Smoker Comorbidity 0.00461 0.2129 0.2954 | 0.4956 0.4992 0.5067 0.5064 0.5055 0.5054
48 50-64 | 30<BMI<40 | Smoker Comorbidity 0.00162 0.4116 0.5201 0.7176 0.7205 0.7265 0.7262 0.7255 0.7255
49 65-79 | 30<BMI<40 | Smoker Comorbidity 0.00039 0.644 0.737 0.8679 0.8695 0.8729 0.8728 0.8724 0.8723
50 80+ 30<BMI<40 | Smoker Comorbidity 0.00022 0.831 0.884 0.947 0.9477 0.9492 0.9491 0.9489 0.9489
51 19-49 | BMI>40 Smoker Comorbidity 0.00112 0.2337 0.321 0.5256 0.5291 0.5366 0.5363 0.5355 0.5354
52 50-64 | BMI>40 Smoker Comorbidity 0.00026 0.4409 0.55 0.7413 0.744 0.7496 0.7494 0.7488 0.7487
53 65-79 | BMI>40 Smoker Comorbidity 0.00013 0.671 0.7596 | 0.8811 0.8825 0.8856 0.8855 0.8851 0.8851
54 80+ BMI>40 Smoker Comorbidity 0.00001 0.8472 0.8957 | 0.9527 0.9533 0.9546 0.9546 0.9544 0.9544

—

Table 11. Profile-stratified P, (D|Q): Risk profiles (characterized by unique combination of age group, BMI range, smoking status, and any comorbidity), model-estimated
population prevalence in LAC, and the probability of death given ICU admission.

10.3 CFR(r) and IFR(r) over all risk profiles

The median and 95% CI of resulting CFR(#) and IFR(#) across each risk profile, as well as the estimated frequency of each profile in the overall LAC population across

dates every two weeks from May 15 2020 - March 1 2021 are shown in Tables 12 and 13.

D Age BMI Smoker Comorbidity Prev. 5/15/20 8/1/20 10/15/20 11/15/20 12/15/20 1/15/21 2/15/21 3/1/21

1 0-18 BMI<30 Smoker No Comorbidity 0.02061 0.00001 (0.00001,0.00001) 0.00002 (0.00001,0.00003) 0.00002 (0.00002,0.00003) 0.00002 (0.00002,0.00003) 0.00002 (0.00001,0.00003) 0.00001 (0.00001,0.00002) 0.00001 (0.00001,0.00002) 0.00002 (0.00001,0.00002)
2 0-18 BMI <30 Non Smoker No Comorbidity 0.1517 0.00001 (0.00001,0.00001) 0.00001 (0.00001,0.00001) 0.00001 (0.00001,0.00001) 0.00001 (0.00001,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001)

3 0-18 30<BMI<40 Smoker No Comorbidity 0.00204 0.00003 (0.00002,0.00003) 0.00004 (0.00003,0.00006) 0.00005 (0.00004,0.00006) 0.00004 (0.00003,0.00006) 0.00003 (0.00002,0.00005) 0.00003 (0.00002,0.00005) 0.00003 (0.00002,0.00005) 0.00003 (0.00002,0.00005)
4 0-18 30<BMI<40 Non Smoker No Comorbidity 0.03281 0.00001 (0.00001,0.00001) 0.00001 (0.00001,0.00001) 0.00001 (0.00001,0.00001) 0.00001 (0.00001,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001)

5 0-18 BMI>40 Smoker No Comorbidity 0.00045 0.00006 (0.00005,0.00008) 0.00008 (0.00006,0.00012) 0.0001 (0.00008,0.00014) 0.00009 (0.00006,0.00012) 0.00007 (0.00005,0.00012) 0.00006 (0.00004,0.0001) 0.00006 (0.00004,0.00009) 0.00006 (0.00004,0.00009)
6 0-18 BMI>40 Non Smoker No Comorbidity 0.00674 0.00001 (0.00001,0.00001) 0.00002 (0.00001,0.00002) 0.00002 (0.00001,0.00003) 0.00002 (0.00001,0.00002) 0.00001 (0.00001,0.00002) 0.00001 (0.00001,0.00002) 0.00001 (0.00001,0.00002) 0.00001 (0.00001,0.00002)
7 19-49 BMI<30 Non Smoker No Comorbidity 0.16875 0.00062 (0.00053,0.00073) 0.00108 (0.00083,0.00151) 0.00117 (0.00089,0.00157) 0.00107 (0.00077,0.00146) 0.00084 (0.0005,0.00133) 0.00069 (0.00043,0.00115) 0.00076 (0.00052,0.00112) 0.00078 (0.00054,0.00113)
8 50-64 BMI<30 Non Smoker No Comorbidity 0.04657 0.00778 (0.0067,0.00922) 0.01179 (0.00908,0.01641) 0.01157 (0.00877,0.01542) 0.01047 (0.00752,0.0143) 0.00813 (0.00489,0.01292) 0.00673 (0.00414,0.01113) 0.00734 (0.00504,0.01091) 0.0076 (0.00528,0.01099)
9 65-79 BMI<30 Non Smoker No Comorbidity 0.02863 0.06758 (0.05823,0.08011) 0.08044 (0.06197,0.11202) 0.07416 (0.05623,0.09881) 0.06668 (0.04788,0.09103) 0.05112 (0.03076,0.08123) 0.04224 (0.026,0.06987) 0.04619 (0.03171,0.06864) 0.04784 (0.03321,0.06913)
10 80+ BMI<30 Non Smoker No Comorbidity 0.02839 0.35477 (0.30571,0.42054) 0.30935 (0.23834,0.43079) 0.29487 (0.22355,0.39287) 0.26318 (0.18899,0.35929) 0.19892 (0.11969,0.31608) 0.16413 (0.10105,0.27151) 0.17984 (0.12347,0.26722) 0.18625 (0.12929,0.26914)
11 19-49 30<BMI<40 Non Smoker No Comorbidity 0.04291 0.00125 (0.00107,0.00148) 0.00212 (0.00163,0.00295) 0.00232 (0.00176,0.00308) 0.0021 (0.00151,0.00287) 0.00165 (0.00099,0.00262) 0.00136 (0.00084,0.00225) 0.00148 (0.00102,0.00221) 0.00154 (0.00107,0.00222)
12 50-64 30<BMI<40 Non Smoker No Comorbidity 0.01836 0.01449 (0.01249,0.01718) 0.02086 (0.01607,0.02904) 0.02093 (0.01587,0.02789) 0.01891 (0.01358,0.02582) 0.01464 (0.00881,0.02327) 0.0121 (0.00745,0.02001) 0.01321 (0.00907,0.01962) 0.01367 (0.00949,0.01976)
13 65-79 30<BMI<40 Non Smoker No Comorbidity 0.01088 0.10992 (0.09472,0.1303) 0.12145 (0.09357,0.16913) 0.1172 (0.08886,0.15615) 0.10515 (0.07551,0.14356) 0.0803 (0.04832,0.12759) 0.06625 (0.04078,0.10959) 0.07242 (0.04972,0.10762) 0.075 (0.05206,0.10838)
14 80+ 30<BMI<40 Non Smoker No Comorbidity 0.00859 0.48059 (0.41412,0.56968) 0.39053 (0.30088,0.54384) 0.39238 (0.29748,0.52279) 0.34947 (0.25095,0.4771) 0.26312 (0.15832,0.4181) 0.21674 (0.13344,0.35854) 0.23739 (0.16298,0.35275) 0.24585 (0.17066,0.35527)
15 19-49 BMI>40 Non Smoker No Comorbidity 0.0101 0.00245 (0.00211,0.0029) 0.004 (0.00308,0.00557) 0.00444 (0.00337,0.00591) 0.00403 (0.00289,0.0055) 0.00315 (0.00189,0.005) 0.0026 (0.0016,0.0043) 0.00283 (0.00195,0.00421) 0.00293 (0.00204,0.00424)
16 50-64 BMI>40 Non Smoker No Comorbidity 0.00332 0.02553 (0.022,0.03026) 0.03437 (0.02648,0.04787) 0.03568 (0.02705,0.04754) 0.03218 (0.02311,0.04393) 0.02482 (0.01494,0.03944) 0.02048 (0.01261,0.03388) 0.02235 (0.01534,0.03321) 0.02314 (0.01606,0.03344)
17 65-79 BMI>40 Non Smoker No Comorbidity 0.00155 0.16426 (0.14154,0.19471) 0.16791 (0.12936,0.23382) 0.16989 (0.1288,0.22636) 0.15208 (0.10921,0.20762) 0.11563 (0.06958,0.18374) 0.09523 (0.05863,0.15754) 0.10408 0.10777 (0.07481,0.15573)
18 80+ BMI>40 Non Smoker No Comorbidity 0.00124 0.60082 (0.51773,0.7122) 0.46031 (0.35464,0.64101) 0.48123 (0.36484,0.64116) 0.42787 (0.30725,0.58413) 0.3211 (0.19321,0.51022) 0.26412 (0.16261,0.43693) 0.28922 0.29951 (0.20791,0.43281)
19 19-49 BMI<30 Smoker No Comorbidity 0.04085 0.00292 (0.00251,0.00346) 0.00472 (0.00364,0.00657) 0.00472 (0.00358,0.00629) 0.00428 (0.00307,0.00584) 0.00334 (0.00201,0.0053) 0.00276 (0.0017,0.00456) 0.00301 (0.00207,0.00447) 0.00312 (0.00216,0.0045)
20 50-64 BMI<30 Smoker No Comorbidity 0.00608 0.0299 (0.02576,0.03544) 0.03951 (0.03044.,0.05503) 0.03604 (0.02732,0.04802) 0.03249 (0.02333,0.04435) 0.02503 (0.01506,0.03977) 0.02069 (0.01274,0.03423) 0.02261 (0.01552,0.03359) 0.02341 (0.01625,0.03383)
21 65-79 BMI< 30 Smoker No Comorbidity 0.00148 0.18694 (0.16109,0.2216) 0.18638 (0.14359,0.25954) 0.1693 (0.12835,0.22556) 0.15158 (0.10885,0.20694) 0.11526 (0.06935,0.18315) 0.09516 (0.05859,0.15742) 0.10417 (0.07152,0.15478) 0.10788 (0.07488,0.15589)
22 80+ BMI<30 Smoker No Comorbidity 0.00155 0.656 (0.56528,0.77761) 0.49009 (0.37759,0.68248) 0.48316 (0.3663,0.64374) 0.42967 (0.30855,0.5866) 0.32254 (0.19408,0.51252) 0.26586 (0.16368,0.4398) 0.29153 (0.20015,0.43319) 0.30194 (0.20959,0.43631)
23 19-49 30<BMI<40 Smoker No Comorbidity 0.00624 0.00564 (0.00486,0.00668) 0.00875 (0.00674,0.01218) 0.00886 (0.00672,0.01181) 0.00803 (0.00576,0.01096) 0.00624 (0.00376,0.00992) 0.00516 (0.00318,0.00853) 0.00563 (0.00386,0.00836) 0.00583 (0.00405,0.00842)
24 50-64 30<BMI<40 Smoker No Comorbidity 0.00123 0.05162 (0.04448,0.06119) 0.06378 (0.04914,0.08882) 0.06035 (0.04575,0.08041) 0.0543 (0.03899,0.07413) 0.04169 (0.02508,0.06624) 0.03441 (0.02118,0.05692) 0.03759 (0.02581,0.05586) 0.03893 (0.02702,0.05625)
25 65-79 30<BMI<40 Smoker No Comorbidity 0.00032 0.27371 (0.23585,0.32445) 0.2529 (0.19485,0.35218) 0.24256 (0.18389,0.32317) 0.21669 (0.15561,0.29583) 0.1641 (0.09874,0.26076) 0.13526 (0.08328,0.22376) 0.14796 (0.10158,0.21986) 0.15322 (0.10636,0.22141)
26 80+ 30<BMI<40 Smoker No Comorbidity 0.00016 0.80782 (0.6961,0.95758) 0.57065 (0.43965,0.79466) 0.58872 (0.44633,0.78438) 0.52224 (0.37502,0.71296) 0.3909 (0.23521,0.62114) 0.32174 (0.19808,0.53224) 0.3527 (0.24215,0.52409) 0.36529 (0.25356,0.52786)
27 19-49 BMI>40 Smoker No Comorbidity 0.0013 0.01043 (0.00899,0.01237) 0.0153 (0.01179,0.02131) 0.0159 (0.01206,0.02119) 0.01438 (0.01032,0.01963) 0.01114 (0.00671,0.01771) 0.0092 (0.00566,0.01522) 0.01003 (0.00689,0.01491) 0.01039 (0.00721,0.01501)
28 50-64 BMI>40 Smoker No Comorbidity 0.00017 0.08258 (0.07116,0.09789) 0.09452 (0.07282,0.13162) 0.09348 (0.07087,0.12454) 0.08391 (0.06026,0.11456) 0.06415 (0.0386,0.10194) 0.05287 (0.03255,0.08746) 0.05774 (0.03964,0.0858) 0.05979 (0.0415,0.08639)
29 65-79 BMI>40 Smoker No Comorbidity 0.00006 0.36715 (0.31637,0.43521) 0.31631 (0.2437,0.44048) 0.31813 (0.24119,0.42386) 0.28362 (0.20367,0.3872) 0.21397 (0.12875,0.33999) 0.17612 (0.10843,0.29136) 0.19257 (0.13221,0.28614) 0.19943 (0.13843,0.28818)
30 80+ BMI >40 Smoker No Comorbidity 0.00002 0.93201 (0.80312,1) 0.6363 (0.49023,0.88609) 0.66921 (0.50735,0.89162) 0.5978 (0.42928,0.81612) 0.44729 (0.26914,0.71074) 0.36766 (0.22635,0.60821) 0.40298 (0.27667,0.59881) 0.4175 (0.28981,0.6033)
31 19-49 BMI<30 Non Smoker Comorbidity 0.10796 0.00096 (0.00083,0.00114) 0.00165 (0.00127,0.0023) 0.00181 (0.00137,0.00241) 0.00164 (0.00118,0.00224) 0.00129 (0.00077,0.00204) 0.00106 (0.00065,0.00176) 0.00116 (0.0008,0.00172) 0.0012 (0.00083,0.00174)
32 50-64 BMI <30 Non Smoker Comorbidity 0.04482 0.01152 (0.00993,0.01366) 0.01695 (0.01306,0.0236) 0.01698 (0.01287,0.02262) 0.01535 (0.01102,0.02096) 0.0119 (0.00716,0.01891) 0.00983 (0.00605,0.01627) 0.01074 (0.00737,0.01595) 0.01112 (0.00772,0.01606)
33 65-79 BMI<30 Non Smoker Comorbidity 0.03342 0.0924 (0.07962,0.10953) 0.10515 (0.08101,0.14643) 0.10048 (0.07618,0.13388) 0.09023 (0.06479,0.12318) 0.06901 (0.04152,0.10965) 0.05696 (0.03507,0.09423) 0.06228 (0.04276,0.09254) 0.06449 (0.04477,0.09319)
34 80+ BMI<30 Non Smoker Comorbidity 0.02981 0.43321 (0.3733,0.51352) 0.36121 (0.27829,0.50301) 0.35829 (0.27164,0.47737) 0.31934 (0.22932,0.43597) 0.24076 (0.14487,0.38257) 0.19841 (0.12215,0.32823) 0.21734 (0.14921,0.32295) 0.22508 (0.15624,0.32526)
35 19-49 30<BMI<40 Non Smoker Comorbidity 0.03314 0.00189 (0.00163,0.00224) 0.00314 (0.00242,0.00438) 0.00349 (0.00264,0.00464) 0.00316 (0.00227,0.00432) 0.00248 (0.00149,0.00393) 0.00205 (0.00126,0.00338) 0.00223 (0.00153,0.00331) 0.00231 (0.0016,0.00334)
36 50-64 30<BMI<40 Non Smoker Comorbidity 0.02078 0.02062 (0.01777,0.02444) 0.02853 (0.02198,0.03973) 0.0295 (0.02236,0.0393) 0.02662 (0.01912,0.03635) 0.02057 (0.01238,0.03269) 0.01698 (0.01045,0.02809) 0.01853 (0.01272,0.02753) 0.01919 (0.01332,0.02772)
37 65-79 30<BMI<40 Non Smoker Comorbidity 0.01545 0.14162 (0.12204,0.16788) 0.1492 (0.11495,0.20777) 0.14973 (0.11352,0.1995) 0.13415 (0.09633,0.18314) 0.10217 (0.06147,0.16234) 0.08418 (0.05183,0.13926) 0.09201 (0.06317,0.13672) 0.09528 (0.06614,0.13768)
38 80+ 30<BMI<40 Non Smoker Comorbidity 0.00926 0.5541 (0.47747,0.65682) 0.43392 (0.33431,0.60426) 0.45016 (0.34129,0.59978) 0.40045 (0.28756,0.54669) 0.30084 (0.18102,0.47803) 0.24756 (0.15241,0.40952) 0.27108 (0.18611,0.40281) 0.28073 (0.19487,0.40567)
39 19-49 BMI>40 Non Smoker Comorbidity 0.00804 0.00359 (0.0031,0.00426) 0.00569 (0.00438,0.00792) 0.00647 (0.00491,0.00862) 0.00587 (0.00421,0.00801) 0.00458 (0.00275,0.00727) 0.00378 (0.00233,0.00625) 0.00412 (0.00283,0.00612) 0.00426 (0.00296,0.00616)
40 50-64 BMI>40 Non Smoker Comorbidity 0.00378 0.03442 (0.02966,0.0408) 0.04428 (0.03411,0.06166) 0.04768 (0.03615,0.06353) 0.04294 (0.03083,0.05862) 0.03304 (0.01988,0.0525) 0.02722 (0.01676,0.04503) 0.0297 (0.02039,0.04413) 0.03075 (0.02135,0.04444)
41 65-79 BMI >40 Non Smoker Comorbidity 0.00218 0.19894 (0.17143,0.23582) 0.19472 (0.15002,0.27116) 0.20408 (0.15472,0.2719) 0.18243 (0.131,0.24905) 0.13836 (0.08325,0.21985) 0.11382 (0.07007,0.18829) 0.12435 (0.08537,0.18478) 0.12876 (0.08938,0.18606)
42 80+ BMI>40 Non Smoker Comorbidity 0.00138 0.66186 (0.57033,0.78456) 0.49331 (0.38007,0.68696) 0.5274 (0.39984,0.70267) 0.4684 (0.33636,0.63947) 0.35093 (0.21116,0.55763) 0.28846 (0.17759,0.47719) 0.31581 (0.21682,0.46927) 0.32704 (0.22702,0.47259)
43 19-49 BMI<30 Smoker Comorbidity 0.02902 0.00441 (0.0038,0.00523) 0.00697 (0.00537,0.00971) 0.00707 (0.00536,0.00942) 0.00641 (0.0046,0.00875) 0.00499 (0.003,0.00793) 0.00412 (0.00254,0.00682) 0.0045 (0.00309,0.00669) 0.00466 (0.00323,0.00673)
44 50-64 BMI<30 Smoker Comorbidity 0.0063 0.04238 (0.03652,0.05023) 0.05382 (0.04147,0.07495) 0.05058 (0.03835,0.06739) 0.04554 (0.03271,0.06218) 0.03502 (0.02107,0.05564) 0.02892 (0.0178,0.04784) 0.03159 (0.02169,0.04695) 0.03272 (0.02271,0.04728)
45 65-79 BMI<30 Smoker Comorbidity 0.00138 0.23979 (0.20663,0.28425) 0.22801 (0.17567,0.31751) 0.21579 (0.1636,0.2875) 0.19293 (0.13854,0.26339) 0.14632 (0.08804,0.2325) 0.12065 (0.07428,0.19959) 0.13203 (0.09065,0.19619) 0.13673 (0.09491,0.19758)
46 80+ BMI<30 Smoker Comorbidity 0.00182 0.75365 (0.64942,0.89336) 0.54302 (0.41836,0.75618) 0.55371 (0.41979,0.73773) 0.49184 (0.35319,0.67146) 0.36844 (0.22169,0.58544) 0.30338 (0.18678,0.50187) 0.33258 (0.22834,0.4942) 0.34445 (0.2391,0.49774)
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47 19-49 30<BMI<40 Smoker Comorbidity 0.00461 0.00826 (0.00712,0.00979) 0.01241 (0.00956,0.01728) 0.01287 (0.00976,0.01715) 0.01165 (0.00836,0.0159) 0.00904 (0.00544,0.01436) 0.00747 (0.0046,0.01235) 0.00814 (0.00559,0.0121) 0.00843 (0.00585,0.01218)
48 50-64 30<BMI<40 Smoker Comorbidity 0.00162 0.06937 (0.05977.,0.08223) 0.08183 (0.06305.,0.11396) 0.08037 (0.06093.,0.10708) 0.07221 (0.05185,0.09858) 0.0553 (0.03327,0.08786) 0.04559 (0.02807,0.07542) 0.04979 (0.03419,0.07399) 0.05156 (0.03579,0.07451)
49 65-79 30 <BMI<<40 Smoker Comorbidity 0.00039 0.33008 (0.28443,0.39127) 0.29202 (0.22499,0.40666) 0.29076 (0.22044,0.3874) 0.2594 (0.18628,0.35414) 0.19596 (0.11791,0.31137) 0.16129 (0.0993,0.26682) 0.17644 (0.12114,0.26218) 0.18272 (0.12683,0.26404)
50 80+ 30<BMI<40 Smoker Comorbidity 0.00022 0.88641 (0.76382.1) 0.60997 (0.46995.0.84942) 0.64405 (0.48828.,0.8581) 0.57142 (0.41033.,0.78011) 0.42668 (0.25674,0.67799) 0.35094 (0.21606,0.58056) 0.38464 (0.26407,0.57154) 0.39835 (0.27652,0.57564)
51 19-49 BMI>40 Smoker Comorbidity 0.00112 0.01461 (0.01259,0.01731) 0.02056 (0.01584,0.02862) 0.02208 (0.01674,0.02941) 0.01993 (0.01431,0.02721) 0.01542 (0.00928,0.02449) 0.01271 (0.00783,0.02103) 0.01386 (0.00952,0.0206) 0.01435 (0.00996,0.02074)
52 50-64 BMI>40 Smoker Comorbidity 0.00026 0.10436 (0.08993.0.1237) 0.11399 (0.08782.,0.15873) 0.11709 (0.08877.,0.156) 0.10496 (0.07537,0.14329) 0.08003 (0.04816,0.12717) 0.06587 (0.04055,0.10897) 0.07191 (0.04937.,0.10685) 0.07446 (0.05169,0.1076)
53 65-79 BMI>40 Smoker Comorbidity 0.00013 0.41933 (0.36134,0.49707) 0.34891 (0.26882,0.48588) 0.36103 (0.27371,0.48101) 0.32149 (0.23086,0.43891) 0.24203 (0.14563,0.38458) 0.19888 (0.12244,0.32899) 0.21743 (0.14928,0.32308) 0.22515 (0.15629,0.32535)
54 80+ BMI>40 Smoker Comorbidity 0.00001 0.98999 (0.85307,1) 0.66362 (0.51128,0.92413) 0.70896 (0.53749,0.94458) 0.62414 (0.4482,0.85209) 0.47262 (0.28438,0.75099) 0.38866 (0.23928,0.64295) 0.42604 (0.2925,0.63307) 0.44115 (0.30622,0.63748)

Table 12. Profile-stratified CFR(#) (as decimal). Risk profiles (characterized by unique combination of age group, BMI range, smoking status, and any comorbidity),

model-estimated population prevalence in LAC, the frequency of each profile in the infection population, and the median and 95%CI of the Case Fatality Rate (CFR(z)).
D Age BMI Smoker Comorbidity Prev. 5/15/20 8/1/20 10/15/20 11/15/20 12/15/20 1/15/21 2/15/21 3/1/21
1 0-18 BMI<30 Smoker No Comorbidity 0.02061 0.00001 (0.,0.00001) 0.00001 (0,0.00001) 0.00001 (0.0.00002) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001)
2 0-18 BMI <30 Non Smoker No Comorbidity 0.1517 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00002) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001)
3 0-18 30<BMI<40 Smoker No Comorbidity 0.00204 0.00001 (0.,0.00001) 0.00001 (0,0.00001) 0.00001 (0.,0.00002) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001)
4 0-18 30<BMI<40 Non Smoker No Comorbidity 0.03281 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00002) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001)
5 0-18 BMI>40 Smoker No Comorbidity 0.00045 0.00001 (0.00001,0.00002) 0.00002 (0.00001,0.00003) 0.00002 (0.00001,0.00003) 0.00002 (0.00001,0.00003) 0.00001 (0.00001,0.00002) 0.00001 (0.00001,0.00002) 0.00001 (0.00001,0.00002) 0.00001 (0.00001,0.00002)
6 0-18 BMI>40 Non Smoker No Comorbidity 0.00674 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00002) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001) 0.00001 (0,0.00001)
7 19-49 BMI<30 Non Smoker No Comorbidity 0.16875 0.00011 (0.00006,0.00019) 0.0002 (0.0001,0.00036) 0.00021 (0.00011,0.00038) 0.00019 (0.0001,0.00034) 0.00015 (0.00008,0.00026) 0.00013 (0.00007,0.0002) 0.00014 (0.00008,0.00022) 0.00015 (0.00008,0.00023)
8 50-64 BMI<30 Non Smoker No Comorbidity 0.04657 0.00144 (0.00075,0.00234) 0.00216 (0.00108.,0.00388) 0.00211 (0.00107.,0.00379) 0.00189 (0.00097.,0.00336) 0.00147 (0.00077.,0.00254) 0.00123 (0.00067,0.00195) 0.00137 (0.00075,0.00213) 0.00142 (0.00077,0.00225)
9 65-79 BMI <30 Non Smoker No Comorbidity 0.02863 0.01248 (0.00648,0.02038) 0.01475 (0.00738,0.02648) 0.01354 (0.00683,0.02429) 0.01206 (0.00618,0.02142) 0.00926 (0.00487,0.01597) 0.00773 (0.00421,0.01225) 0.00861 (0.00471,0.0134) 0.00896 (0.00482,0.01413)
10 80+ BMI<30 Non Smoker No Comorbidity 0.02839 0.0655 (0.034.0.10697) 0.05674 (0.02837.0.10186) 0.05384 (0.02716,0.09657) 0.04762 (0.0244.,0.08455) 0.03605 (0.01895,0.06215) 0.03003 (0.01634.,0.0476) 0.0335 (0.01833,0.05215) 0.03489 (0.01875,0.05503)
11 19-49 30<BMI<40 Non Smoker No Comorbidity 0.04291 0.00023 (0.00012,0.00038) 0.00039 (0.00019,0.0007) 0.00042 (0.00021,0.00076) 0.00038 (0.0002,0.00068) 0.0003 (0.00016,0.00051) 0.00025 (0.00014,0.00039) 0.00028 (0.00015,0.00043) 0.00029 (0.00015,0.00045)
12 50-64 30<BMI<40 Non Smoker No Comorbidity 0.01836 0.00268 (0.00139,0.00437) 0.00383 (0.00191,0.00687) 0.00382 (0.00193.,0.00686) 0.00342 (0.00175,0.00608) 0.00265 (0.00139,0.00458) 0.00221 (0.0012,0.00351) 0.00246 (0.00135,0.00383) 0.00256 (0.00138,0.00404)
13 65-79 30<BMI<40 Non Smoker No Comorbidity 0.01088 0.02029 (0.01054,0.03314) 0.02228 (0.01114,0.03999) 0.0214 (0.0108,0.03838) 0.01902 (0.00975,0.03378) 0.01455 (0.00765,0.02509) 0.01212 (0.0066,0.01921) 0.01349 (0.00738,0.021) 0.01405 (0.00755,0.02216)
14 80+ 30<BMI<<40 Non Smoker No Comorbidity 0.00859 0.08872 (0.04606,0.14491) 0.07163 (0.03582,0.12858) 0.07164 (0.03615,0.12851) 0.06323 (0.0324,0.11227) 0.04768 (0.02506,0.0822) 0.03966 (0.02158,0.06286) 0.04422 (0.02419,0.06885) 0.04605 (0.02475,0.07264)
15 19-49 BMI>40 Non Smoker No Comorbidity 0.0101 0.00045 (0.00023,0.00074) 0.00073 (0.00037.,0.00132) 0.00081 (0.00041,0.00145) 0.00073 (0.00037.,0.00129) 0.00057 (0.0003,0.00098) 0.00048 (0.00026,0.00075) 0.00053 (0.00029,0.00082) 0.00055 (0.0003,0.00087)
16 50-64 BMI>40 Non Smoker No Comorbidity 0.00332 0.00471 (0.00245,0.0077) 0.0063 (0.00315,0.01132) 0.00652 (0.00329,0.01169) 0.00582 (0.00298,0.01034) 0.0045 (0.00236,0.00776) 0.00375 (0.00204,0.00594) 0.00416 (0.00228,0.00648) 0.00433 (0.00233,0.00684)
17 65-79 BMI>40 Non Smoker No Comorbidity 0.00155 0.03032 (0.01574.0.04953) 0.0308 (0.0154,0.05528) 0.03102 (0.01565.,0.05564) 0.02751 (0.0141,0.04886) 0.02095 (0.01101,0.03613) 0.01743 (0.00948.,0.02762) 0.01939 (0.01061,0.03018) 0.02019 (0.01085,0.03184)
18 80+ BMI >40 Non Smoker No Comorbidity 0.00124 0.11092 (0.05758,0.18116) 0.08443 (0.04222,0.15156) 0.08786 (0.04433,0.1576) 0.07741 (0.03966,0.13746) 0.05819 (0.03058,0.10032) 0.04833 (0.0263,0.0766) 0.05388 (0.02947,0.08388) 0.05611 (0.03015,0.0885)
19 19-49 BMI<30 Smoker No Comorbidity 0.04085 0.00054 (0.00028.,0.00088) 0.00087 (0.00043.,0.00155) 0.00086 (0.00043.,0.00155) 0.00077 (0.0004,0.00137) 0.0006 (0.00032,0.00104) 0.0005 (0.00027.0.0008) 0.00056 (0.00031,0.00087) 0.00058 (0.00031,0.00092)
20 50-64 BMI<30 Smoker No Comorbidity 0.00608 0.00552 (0.00287,0.00901) 0.00725 (0.00362,0.01301) 0.00658 (0.00332,0.0118) 0.00588 (0.00301,0.01044) 0.00454 (0.00238,0.00782) 0.00379 (0.00206,0.006) 0.00421 (0.0023,0.00656) 0.00439 (0.00236,0.00692)
21 65-79 BMI <30 Smoker No Comorbidity 0.00148 0.03451 (0.01792,0.05637) 0.03418 (0.01709,0.06136) 0.03091 (0.0156,0.05545) 0.02742 (0.01405,0.0487) 0.02089 (0.01098,0.03601) 0.01741 (0.00948,0.0276) 0.0194 (0.01061,0.03021) 0.02021 (0.01086,0.03187)
22 80+ BMI<30 Smoker No Comorbidity 0.00155 0.12111 (0.06287,0.1978) 0.08989 (0.04495,0.16136) 0.08821 (0.04451,0.15824) 0.07774 (0.03983,0.13804) 0.05845 (0.03072,0.10077) 0.04865 (0.02647,0.0771) 0.05431 (0.02971,0.08455) 0.05656 (0.0304,0.08921)
23 19-49 30<BMI<40 Smoker No Comorbidity 0.00624 0.00104 (0.00054,0.0017) 0.0016 (0.0008,0.00288) 0.00162 (0.00082,0.0029) 0.00145 (0.00074,0.00258) 0.00113 (0.00059,0.00195) 0.00094 (0.00051,0.0015) 0.00105 (0.00057,0.00163) 0.00109 (0.00059,0.00172)
24 50-64 30<BMI<40 Smoker No Comorbidity 0.00123 0.00953 (0.00495.0.01556) 0.0117 (0.00585,0.021) 0.01102 (0.00556,0.01977) 0.00982 (0.00503.,0.01744) 0.00755 (0.00397.,0.01302) 0.0063 (0.00343,0.00998) 0.007 (0.00383,0.0109) 0.00729 (0.00392,0.0115)
25 65-79 30<BMI<40 Smoker No Comorbidity 0.00032 0.05053 (0.02623,0.08253) 0.04639 (0.02319,0.08327) 0.04428 (0.02234,0.07944) 0.03921 (0.02009,0.06962) 0.02974 (0.01563,0.05127) 0.02475 (0.01347,0.03923) 0.02756 (0.01508,0.04291) 0.0287 (0.01543,0.04527)
26 80+ 30<BMI<40 Smoker No Comorbidity 0.00016 0.14913 (0.07742.,0.24357) 0.10467 (0.05233.0.18789) 0.10749 (0.05423.0.19281) 0.09448 (0.04841,0.16777) 0.07083 (0.03723.,0.12212) 0.05887 (0.03204,0.09331) 0.0657 (0.03594.0.10229) 0.06843 (0.03678,0.10793)
27 19-49 BMI >40 Smoker No Comorbidity 0.0013 0.00193 (0.001,0.00315) 0.00281 (0.0014,0.00504) 0.0029 (0.00147,0.00521) 0.0026 (0.00133,0.00462) 0.00202 (0.00106,0.00348) 0.00168 (0.00092,0.00267) 0.00187 (0.00102,0.00291) 0.00195 (0.00105,0.00307)
28 50-64 BMI >40 Smoker No Comorbidity 0.00017 0.01525 (0.00791,0.0249) 0.01734 (0.00867,0.03112) 0.01707 (0.00861,0.03061) 0.01518 (0.00778.,0.02696) 0.01162 (0.00611,0.02004) 0.00967 (0.00526,0.01533) 0.01076 (0.00588,0.01674) 0.0112 (0.00602.0.01766)
29 65-79 BMI>40 Smoker No Comorbidity 0.00006 0.06778 (0.03519.0.1107) 0.05802 (0.02901,0.10415) 0.05808 (0.02931,0.10419) 0.05131 (0.02629,0.09112) 0.03877 (0.02038,0.06685) 0.03223 (0.01754.,0.05108) 0.03587 (0.01962,0.05585) 0.03736 (0.02008,0.05892)
30 80+ BMI >40 Smoker No Comorbidity 0.00002 0.17206 (0.08932,0.28102) 0.11671 (0.05836,0.2095) 0.12218 (0.06165,0.21917) 0.10816 (0.05542,0.19205) 0.08105 (0.0426,0.13974) 0.06728 (0.03661,0.10663) 0.07507 (0.04107,0.11687) 0.07821 (0.04203,0.12336)
31 19-49 BMI<30 Non Smoker Comorbidity 0.10796 0.00018 (0.00009.,0.00029) 0.0003 (0.00015,0.00054) 0.00033 (0.00017.,0.00059) 0.0003 (0.00015,0.00053) 0.00023 (0.00012,0.0004) 0.00019 (0.00011,0.00031) 0.00022 (0.00012,0.00034) 0.00022 (0.00012,0.00035)
32 50-64 BMI <30 Non Smoker Comorbidity 0.04482 0.00213 (0.0011,0.00347) 0.00311 (0.00155,0.00558) 0.0031 (0.00156,0.00556) 0.00278 (0.00142,0.00493) 0.00216 (0.00113,0.00372) 0.0018 (0.00098,0.00285) 0.002 (0.00109,0.00311) 0.00208 (0.00112,0.00328)
33 65-79 BMI <30 Non Smoker Comorbidity 0.03342 0.01706 (0.00886.0.02786) 0.01929 (0.00964.0.03462) 0.01835 (0.00926,0.03291) 0.01632 (0.00836,0.02899) 0.0125 (0.00657.0.02156) 0.01042 (0.00567,0.01652) 0.0116 (0.00635.0.01806) 0.01208 (0.00649,0.01905)
34 80+ BMI<30 Non Smoker Comorbidity 0.02981 0.07998 (0.04152,0.13062) 0.06625 (0.03313,0.11893) 0.06542 (0.03301,0.11734) 0.05778 (0.0296,0.10259) 0.04363 (0.02293,0.07522) 0.03631 (0.01976,0.05754) 0.04049 (0.02215,0.06303) 0.04216 (0.02266,0.0665)
35 19-49 30<BMI<40 Non Smoker Comorbidity 0.03314 0.00035 (0.00018.,0.00057) 0.00058 (0.00029.,0.00103) 0.00064 (0.00032,0.00114) 0.00057 (0.00029,0.00102) 0.00045 (0.00024.,0.00077) 0.00037 (0.0002,0.00059) 0.00042 (0.00023,0.00065) 0.00043 (0.00023,0.00068)
36 50-64 30<BMI<40 Non Smoker Comorbidity 0.02078 0.00381 (0.00198,0.00622) 0.00523 (0.00262,0.00939) 0.00539 (0.00272,0.00966) 0.00482 (0.00247,0.00855) 0.00373 (0.00196,0.00643) 0.00311 (0.00169,0.00492) 0.00345 (0.00189,0.00537) 0.00359 (0.00193,0.00567)
37 65-79 30<BMI<40 Non Smoker Comorbidity 0.01545 0.02614 (0.01357,0.0427) 0.02737 (0.01368,0.04912) 0.02734 (0.01379,0.04904) 0.02427 (0.01244,0.0431) 0.01851 (0.00973,0.03192) 0.0154 (0.00838,0.02442) 0.01714 (0.00938,0.02668) 0.01785 (0.00959,0.02815)
38 80+ 30<BMI<40 Non Smoker Comorbidity 0.00926 0.10229 (0.05311.,0.16707) 0.07959 (0.03979.0.14287) 0.08219 (0.04147.,0.14743) 0.07245 (0.03712,0.12865) 0.05452 (0.02865,0.09399) 0.0453 (0.02465.0.0718) 0.0505 (0.02762,0.07862) 0.05259 (0.02826,0.08295)
39 19-49 BMI >40 Non Smoker Comorbidity 0.00804 0.00066 (0.00034,0.00108) 0.00104 (0.00052,0.00187) 0.00118 (0.0006,0.00212) 0.00106 (0.00054,0.00189) 0.00083 (0.00044,0.00143) 0.00069 (0.00038,0.0011) 0.00077 (0.00042,0.00119) 0.0008 (0.00043,0.00126)
40 50-64 BMI>40 Non Smoker Comorbidity 0.00378 0.00635 (0.0033,0.01038) 0.00812 (0.00406.0.01458) 0.00871 (0.00439.0.01562) 0.00777 (0.00398.,0.01379) 0.00599 (0.00315,0.01032) 0.00498 (0.00271,0.0079) 0.00553 (0.00303,0.00861) 0.00576 (0.0031,0.00909)
41 65-79 BMI>40 Non Smoker Comorbidity 0.00218 0.03673 (0.01907,0.05998) 0.03572 (0.01786,0.06411) 0.03726 (0.0188,0.06684) 0.03301 (0.01691,0.05861) 0.02507 (0.01318,0.04323) 0.02083 (0.01133,0.03301) 0.02317 (0.01267,0.03606) 0.02412 (0.01296,0.03804)
42 80+ BMI>40 Non Smoker Comorbidity 0.00138 0.12219 (0.06343.,0.19956) 0.09048 (0.04524.0.16242) 0.09629 (0.04858.,0.17272) 0.08474 (0.04342,0.15048) 0.06359 (0.03342,0.10964) 0.05278 (0.02872,0.08366) 0.05883 (0.03218,0.09159) 0.06126 (0.03293,0.09663)
43 19-49 BMI<30 Smoker Comorbidity 0.02902 0.00081 (0.00042,0.00133) 0.00128 (0.00064,0.0023) 0.00129 (0.00065,0.00232) 0.00116 (0.00059,0.00206) 0.0009 (0.00048,0.00156) 0.00075 (0.00041,0.0012) 0.00084 (0.00046,0.0013) 0.00087 (0.00047,0.00138)
44 50-64 BMI <30 Smoker Comorbidity 0.0063 0.00782 (0.00406,0.01278) 0.00987 (0.00494.,0.01772) 0.00924 (0.00466,0.01657) 0.00824 (0.00422,0.01463) 0.00635 (0.00334,0.01094) 0.00529 (0.00288,0.00839) 0.00589 (0.00322,0.00916) 0.00613 (0.00329,0.00967)
45 65-79 BMI<30 Smoker Comorbidity 0.00138 0.04427 (0.02298.0.0723) 0.04182 (0.02091.,0.07507) 0.0394 (0.01988,0.07067) 0.03491 (0.01788.,0.06198) 0.02651 (0.01394.,0.04571) 0.02208 (0.01201,0.03499) 0.0246 (0.01345,0.03829) 0.02561 (0.01377,0.0404)
46 80+ BMI<30 Smoker Comorbidity 0.00182 0.13913 (0.07223,0.22724) 0.0996 (0.0498,0.17879) 0.10109 (0.05101,0.18134) 0.08898 (0.04559,0.15801) 0.06676 (0.03509,0.11511) 0.05551 (0.03021,0.08799) 0.06196 (0.03389,0.09645) 0.06452 (0.03468,0.10177)
47 19-49 30<BMI<40 Smoker Comorbidity 0.00461 0.00152 (0.00079.0.00249) 0.00228 (0.00114.0.00408) 0.00235 (0.00119.,0.00422) 0.00211 (0.00108.,0.00374) 0.00164 (0.00086,0.00282) 0.00137 (0.00074.,0.00217) 0.00152 (0.00083,0.00236) 0.00158 (0.00085,0.00249)
48 50-64 30<BMI<40 Smoker Comorbidity 0.00162 0.01281 (0.00665,0.02092) 0.01501 (0.0075,0.02694) 0.01467 (0.0074,0.02632) 0.01306 (0.00669,0.0232) 0.01002 (0.00527,0.01728) 0.00834 (0.00454,0.01322) 0.00928 (0.00507,0.01444) 0.00966 (0.00519,0.01523)
49 65-79 30<BMI<40 Smoker Comorbidity 0.00039 0.06094 (0.03164.,0.09953) 0.05356 (0.02678.,0.09615) 0.05309 (0.02679.,0.09523) 0.04693 (0.02405,0.08334) 0.03551 (0.01866,0.06122) 0.02951 (0.01606,0.04678) 0.03287 (0.01798.,0.05117) 0.03423 (0.0184.0.05399)
50 80+ 30<BMI<40 Smoker Comorbidity 0.00022 0.16364 (0.08495,0.26727) 0.11188 (0.05594,0.20083) 0.11759 (0.05933,0.21093) 0.10338 (0.05297,0.18358) 0.07732 (0.04064,0.1333) 0.06422 (0.03495,0.10178) 0.07165 (0.0392,0.11155) 0.07462 (0.04011,0.1177)
51 19-49 BMI>40 Smoker Comorbidity 0.00112 0.0027 (0.0014,0.0044) 0.00377 (0.00189,0.00677) 0.00403 (0.00203,0.00723) 0.00361 (0.00185,0.0064) 0.00279 (0.00147,0.00482) 0.00233 (0.00127,0.00369) 0.00258 (0.00141,0.00402) 0.00269 (0.00145,0.00424)
52 50-64 BMI>40 Smoker Comorbidity 0.00026 0.01927 (0.01,0.03147) 0.02091 (0.01045,0.03753) 0.02138 (0.01079,0.03835) 0.01899 (0.00973,0.03372) 0.0145 (0.00762,0.025) 0.01205 (0.00656,0.0191) 0.0134 (0.00733,0.02085) 0.01395 (0.0075,0.022)
53 65-79 BMI>40 Smoker Comorbidity 0.00013 0.07741 (0.04019,0.12644) 0.064 (0.032,0.11488) 0.06591 (0.03326,0.11824) 0.05817 (0.0298,0.10328) 0.04386 (0.02305,0.07562) 0.03639 (0.0198,0.05768) 0.0405 (0.02216,0.06306) 0.04218 (0.02267,0.06652)
54 80+ BMI>40 Smoker Comorbidity 0.00001 0.18276 (0.09488.0.2985) 0.12172 (0.06086.,0.2185) 0.12944 (0.06531.,0.23219) 0.11292 (0.05786,0.20051) 0.08564 (0.04501,0.14766) 0.07112 (0.0387.0.11272) 0.07937 (0.04342,0.12356) 0.08264 (0.04441,0.13034)

Table 13. Profile-stratified IFR(r) (as decimal). Risk profiles (characterized by unique combination of age group, BMI range, smoking status, and any comorbidity),

model-estimated population prevalence in LAC, the frequency of each profile in the infection population, and the median and 95%CI of the Infection Fatality Rate (CFR(r)).
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