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. Abstract

> In this paper, we present methods for building a Java Runtime-Alterable-Model
s Platform (RAMP) of complex dynamical systems. We illustrate our methods by
+ building a multivariant SEIR (epidemic) RAMP. Underlying our RAMP is an
s individual-based model that includes adaptive contact rates, pathogen genetic
¢ drift, waning and cross immunity. Besides allowing parameter values, process
7 descriptions, and scriptable runtime drivers to be easily modified during simula-
s tions, our RAMP is easily integrated into other computational platforms, such
o as our illustrated example with R-Studio. Processes descriptions that can be
1 runtime altered within our SEIR RAMP include pathogen variant-dependent
u  host shedding, environmental persistence, host transmission, and within-host
12 pathogen mutation and replication. They also include adaptive social distanc-
13 ing and adaptive application of vaccination rates and variant-valency of vaccines.
1 We present simulation results using parameter values and process descriptions
15 relevant to the current COVID-19 pandemic. Our results suggest that if wan-
16 ing immunity outpaces vaccination rates, then vaccination rollouts may fail
17 to contain the most transmissible variants, particularly if vaccine valencies do
18 not adapt to escape mutations. Our SEIR RAMP is designed for easy-use by
19 individuals and groups involved in formulating social-distancing and adaptive
2 vaccination rollout policies. More generally, our RAMP concept facilitates con-
a1 struction of highly flexible complex systems models of all types, which can then
2 be easily shared among researchers and policymakers as stand alone applications
23 programs.
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» 1 Introduction

»  Kermack and McKendrick pioneered the application of differential equations
26 to modeling the dynamics of disease systems that included susceptible (S), in-
z fected/infectious (E/I) and recovered (R, we use V to include vaccinated) classes
s of individuals [1]. Subsequent extensions of their formulation include, inter alia,
» additional disease and demographic classes [2], multihost and pathogen strain
» considerations [3,4], spatial heterogeneity [5,6], network [7] and individual-based
a formulations [8,9]. Along with these extensions has come the challenge of “not
2 being able to see the forest for the trees” when questions beyond those pertain-
13 ing to the profiles of epidemics on homogeneous, well-mixed, large populations
s arise. As with the current COVID-19 pandemic, these questions may relate to
55 the emergence of new pathogen variants [10], the effects of waning and cross-
s immunity in hosts with different exposure histories to these variants [11], differ-
s ential transmission and virulence of these variants, issues of spatial heterogeneity
;s and host heterogeneity related to age, gender, and health status factors [12].

30 We only have the capacity from both technology and human comprehension
w0 points of view to understand at any one time how a limited number of factors
o may explain or affect epidemiological outcomes when measures are applied to
2 mitigate the severity of disease outbreaks. Thus, we are brought to consider the
« issue of how to craft a model so that it has the “appropriate level of complexity”
w  to address the questions at hand [13,14]. We otherwise follow Einstein’s dictum
s that “models should be as simple as possible, but no simpler.”

a6 To facilitate the processes of both “incorporating complexity into” and “strip-
s ping complexity out of” models, we have developed the concept of a Runtime
s Alterable Model Platform (RAMP). This allow us to focus on outcomes rather
s than on the logistics of modifying and coding models and carrying out compara-
so tive analyses. Our RAMP includes panels, windows and sliders that allow users
51 to specify and manipulate model parameter values, modify process function de-
sz scriptions, and scripting drivers for implementing sets of simulations. Further,
53 modifications can be made both at the start of and during the course of a sim-
s« ulation, while protecting the integrity of the underlying code. In addition, our
ss. RAMP automates documentation of all parameter values, process descriptions,
ss changes and actions (modifications and substitutions during simulation) in a
s7 file that is then saved at the end of each simulation. This file is then ready for
ss  later comparative analyses across sets of simulations, or within data process-
so ing environment that incorporate our RAMP as a component package, such as
o R-Studio.

61 RAMPs can be developed for models that address classes of problems, formu-
&2 lated using a Goldilocks principle. Thus, these classes should not be too general
63 S0 that comparisons within each class require extensive alterations to models
s« (members of the class should share significant structural properties with regard
s to process dynamics), but also not too specialized so that comparisons across
e members of the class are too limited to provide answers to question of inter-
o7 est. Thus we might develop different RAMPs to study genetic, morphogentics,
s epidemiological, evolutionary, geological, and environmental processes.

69 Here we provide an example of a RAMP that has sufficient breadth to inves-
o tigate an array of questions pertaining to multivariant epidemiological dynam-
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7 ics for directly transmissible diseases, such as the current SARS-CoV-2 pan-
2 demic [15,16], influenza [17], or Ebola [13,18]. For simplicity, we refer to this as
7z our M-SEIR (multivariant susceptible-exposed-infected-recovered) RAMP. For
the study of water-borne or vector-borne diseases, similar but somewhat more
7 complicated RAMPs will need to be developed. Our M-SEIR RAMP is designed
7 to be used by individuals either with no coding skills, or with minimal coding
77 skills if they desire to modify some of the process descriptions incorporated into
7 the supplied platform. It is sufficiently detailed, however, to allow the user to
79 incorporate either supplied or user-altered versions of the following processes: i)
s pathogen variant-specific shedding [19], environmental persistence [20], within-
s host replication [21] and mortality rates [22]; ii) immunological waning with
&2 variant cross immunity [23,24]; iii) pathogen variant drift during transmission
&s and within-host replication [25]; iv) an adaptive contact rate [26]; v.) a time-
s« dependent, uni- or multivalent vaccine rollout [27,28] (Fig. 1; for mathematical
s details see Materials and Methods, as well as our Supplementary Online File—
s here forth referred to as SOF—Appendix A).
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Figure 1: An overview of the processes included in our M-SEIR model (see Table 1
for equation references.) The probability Wirﬁfjl of Aj being infected primarily with
pathogen £ in terms of receiving an effective dose from agent A; is computed in terms
of a concatenation of shedding rates ({i¢), environmental persistence rates (1), and
host transmission (Sx¢) processes (SOF Eq. A.12) and includes both waning and cross
immunity factors. The probability 7%, that the dominant variant emerging in host
Ay, is variant ¢ given initial infection with variant ¢ is computed in terms of within-
host mutation and within-host replication process (SOF Eq. A.13) and also includes
both waning and cross immunity factors. These two probabilities are then used to
compute the overall probability 75, jer (SOF Eq. A.14) that infector ¢, infected with
major variant j, infects infectee h with major variant #'. The quantity Req(t') is the
expected number of individuals each infectious agent is expected to infect around time
t' € [t + og,t + or + 1], where Ry = Re(0) is estimated for our model using SOF
Eq. A.26.

87 The reason for our inclusion of an adaptive contact rate process is that


https://doi.org/10.1101/2021.06.07.21258504

medRXxiv preprint doi: https://doi.org/10.1101/2021.06.07.21258504; this version posted August 12, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
All rights reserved. No reuse allowed without permission.

Submitted on August 12, 2021 Getz et al.

ss the local nature of contact rate patterns is well established as an important
o driver of outbreak dynamics [15]. If contact rates remain unchanged during
o the course of an epidemic, then a classic incidence curve (as in Fig. 2) will
a1 be the result. However, repeated peaks associated with consecutive outbreak
e waves arise as a results of implementing and then relaxing social distancing
i3 measures [15]. In the absence of social distancing drivers, which vary greatly
w from one location/region/country to another, an automated way to evaluate the
o effects of social distancing measures is through an adaptive contact process of
o the type that we include in our M-SEIR RAMP.

o7 To illustrate the application of our M-SEIR RAMP, we used it to explore
e aspects of disease incidence and prevalence profiles using parameters that are ap-
o plicable to the SARS-CoV-2 pathogen at the start of the COVID-19 pandemic.
wo For example, we compare constant and adaptive (viz., prevalence dependent)
w1 contact rate processes under different waning immunity scenarios. We also ex-
102 plore the emergence of variants for different mutation and variant transmission
w3 rates. Additionally, we show how our M-SEIR RAMP can be used to evaluate
s the efficacy of uni- and multivalent vaccines applied at various time-dependent
s rates, where choice of valency may switch in response to realtime monitoring
ws and surveillance data. Such adaptive vaccination programs may be required
w7 to combat the evolutionary arms race between vaccine efficacy and the evolu-
s tion of new pathogen variants [25,28,29]. We hope, however, that our results
ws and subsequent investigations using our M-SEIR RAMP provide the kinds of
wo quantitative analyses that can help formulate highly effective local or country
m level vaccination programs that avoid some of the vaccination rollout pitfalls
2 revealed by our analysis, as well as encourage the adoption of effective adaptive
us  vaccination programs.

w 2  Materials and Methods
s 2.1 Our M-SEIR in a nutshell

us  We constructed an individual-based model (IBM) of a susceptible-exposed-
w7 infectious-recovered (i.e., an SEIVD model, where removed R are split into
us  V=immune/vaccinated, and D=dead) epidemiological process [30,31] in a ho-
o mogeneous population with a random encounter contact rate parameter kg > 0.
2o Our formulation allows for the emergence of multiple variants of the pathogen
m  during a concatenation of process depicted in Figure 1 and listed in Table
12 1. Specifically, our formulation includes a host immunological waning pro-
13 cess [23,32] and a mutational process that impacts both transmission of mutant
e variants from the infectee and genetic drift [11,24,33] of variants within the
s infector, with rates impacted by cross immunity effects. We also allowed for
s variation in pathogen variant transmissibility (i.e., in the 8 > 0 parameter of
17 the frequency dependent transmission function S8ST/N [34,35]) and pathogen
s virulence as represented by the disease-induced host mortality rate in the sense
120 of Anderson and May [36] (and often represented by a parameter a > 0 [34]).
130 The detailed formulation of our model and its algorithmic implementation
i is provided in Appendix A (SOF), with references to relevant equations in this
12 provided in Table 1. In a nutshell we:
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133 1. defined a set of 27 pathogen variants (user selected value for variant en-
134 tropy J ranging from 0 to 7; pathogen index j = 0,...,27 — 1) with
135 a genetic-relatedness topology of a J-dimensional unit cube—i.e., each
136 pathogen has J-loci that can take on one of two allelic values at each
137 locus with immediate neighboring variants differing from each other by
138 exactly one allelic value (0 or 1) at only one of the J loci
139 2. defined a population of Ny hosts as belonging at time ¢ to either an epi-
140 demiologically naive set of susceptible individuals S of size Ng(t), a set
141 A of N (t) identified agents A; (i = 1,..., Na(t)) whose epidemiological
142 histories are known, or a set D of Np(t) individuals that have died from
143 the disease
144 3. allowed pathogen variant-specific transmission “force” (3; > 0) and viru-
15 lence (a; > 0) parameters to vary in value among one another within a
146 defined range £; € [Bmin; Smax) and a; € [Amin, Cmax)
7 4. kept track of the total prevalence Ny as the sum of the prevalences of the
148 individual variants Ny, j =0, ..., 27 —1—ie N;= Z?;gl Ny,
149 5. introduced a random contact rate function x(t) with a constant param-
150 eter ko that is Poisson distributed on [t,¢ 4+ 1), t = 0,1,---, multiplied
151 by an adaptive response function that reduces the contact rate with in-
152 creasing disease prevalence, such that the (t) is reduced to ko/2 when
153 the NI(t>/ (NQ — ND> = pi‘alf—see SOF Eq. A7
154 6. updated the epidemiological state of the agents A; with respect to each of
155 the variants j = 0,...,27 — 1, where the state with respect to particular
156 variant j at time ¢ is represented by a list that includes the following J
157 entries pertain to the state of A; with respect to pathogen variant j =
158 0,...,27 — 1. If the j*" entry is:
150 (a) 0, then agent A; has never been infected with this variant
160 (b) E;(t,7;;), was infected at time 7;; < ¢ with this variant, but is not
161 yet infectious for an expected period of o units of time
162 (c) I;(t,7j), then agent A; was infectious at time ¢ with this variant, for
163 an expected period of oy units of time, having been most recently
164 infected (reinfections with the same variant may occur) with this
165 variant at time 7;; <
166 (d) V;(t,7j), then agent A, has now recovered from its most recent in-
167 fection at time 7;; with this variant and has some level of waning
168 immunity to it
160 7. assumed that agent A; can be infectious at time ¢ with at most one dom-
170 inant variant (denoted by the index j), although due to mutational pro-
171 cesses this agent may infect other agents with variants related to this dom-
172 inant variant at much lower rates (i.e., through application of a mutation
173 factor p << 1, applied in our basic model through Eq. A.13)
174 8. assumed that agent A; will have different levels of waning immunity to all
175 of the variants to which it has been infected in the past
176 9. included waning immunity functions w;; (t) (symbol is omega: SOF Eq. A.6)
177 used to compute the level of immunity that agent A; has to its most recent
178 infection by variant j
179 10. included cross immunity effects (a J?-matrix C) that apply both to the
180 infector transmitting the pathogen and the infectee being invaded (inv; its
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181 “airport code” as described in SOF Fig. B.3) by the pathogen of interest,
182 both of which reduce the likelihood of infection and variant drift by variant
183 j compared with closely related variants ¢ (for a simple example of the
184 matrix C, see Eq. 1 in Section 3 below)
s 11. computed an infection probability w;r,;fj , that agent A; infected with variant
186 j infects agent A with variant ¢ in terms of a concatenation of infector
187 viral shedding ({;¢; for a simple example see Eq. 6 in Section 3 below), viral
188 persistence in the environment (7)), and viral transmission (f,¢) processes
189 (Flg ].)
190 12. computed an invasion probability 7'('2?2/ that an agent Aj infected with
191 variant ¢ becomes infectious with variant ¢ as its major variant, in terms
192 of the multiplicative effects of viral mutation (1) and replication (A¢) pro-
103 cesses ongoing within an infectee Aj, during this infectees exposed (Eg/r, ,, )
104 and infectious (I, ,, ) periods (Fig. 1)
105 13. computed the overall probability 7, jer that an infector A; infected with
196 major variant j results in an infectee Ay, expressing ¢’ as its major variant

197

108 14. assumed that waning and cross immunity to a particular variant is the

199 same for both natural infections and vaccinations that use the antigen
200 associated with that variant (of course we can easily extend our model to
201 remove this assumption once data become available to support different
202 waning and cross immunity rates for natural infections and particular
203 vaccines)

20 15, implemented a discrete time individual-based stochastic SEIVD (here V
205 represents individuals that have either recovered from infection or have
206 been vaccinated, D represents cumulative dead; also see [37]) multivariant
207 model that includes specifiable time-dependent univalent and multivalent
208 vaccination implementations

w 2.2 Our RAMP implementation

a0 Models of systems process can be coded as singular implementations model for-
au mulations using: i) highly efficiently compilable computer languages (e.g., C++,
22 FORTRAN, Java); or ii) less efficiently, but more easily coded, scriptable (e.g.,
a3 JavaScript, Python, Perl) computer languages. More conveniently and expedi-
20 tiously, they can be coded up, as discussed in [38], using a systems modeling
25 platform, such as Matlab’s SIMULINK, Mathematica, Stella, AnyLogic, Nu-
216 merus, or Berkeley Madonna. Advantages of the latter include more rapid and
a7 accurate model development, though simulations may be slowed down by plat-
218 form overhead. Between these extremes, we propose a more general approach
210 to specific classes of systems’ models, where the basic system structure is fixed,
20 but implementation of some elements can be easily and safely altered so that
21 optional implementations are presented at runtime. We call such a design run-
2 time alterable-model platforms. (RAMPs); and here we present a Java RAMP
223 implementation of the M-SEIR described in the previous subsection.

24 The characteristics we envision for a model platform to be a RAMP are:
225 1. RAMPs include a set of model parameters (constants) whose values can
226 be selected or specified (sometimes within a predefined range of values)
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Table 1: Variables, indices and functions in our M-SEIR, RAMP

Symbols Variables and indices Equation
(See SOF)
Variables
t time (variable and function values depend on time)
Ngs, Na, Np  size of sets S, A and D Eq. A.1
J,j,m, £and £ variant entropy and indices (0, ...,27 — 1) Eq. A.2
N1, N1 ; total and variant j infectious class size
A;, Ap  specific agents i,h = 1,..., Na(t) in set A Eq. A4
Functions (if a parameter now it may be elaborated later as a function)
kx  adaptive contact rate Eq. A7
wi;  waning immunity of A; w.r.t. variant j Eq. A6

Cmj  Cross immunity encountered by variant j when Eq. A.8
agent previously infected with variant m

¢i;  immunity modifier Eq. A.8
Ci;j  shedding rate of variant j by infector A; Eq. A9
n¢ environmental persistence Eq. A.10
Bre  variant transmission to infectee Ap Eq. A.11
w;‘;fﬂ probability A; infects Ap, Eq. A.12
4 mutation process factor Eq. A.13
A within-host replication rate Eq. A.13

inv

iy probability £ is major variant when £ invades ~ Eq. A.13

Tin e probability ¢ is major variant in Aj Eq. A.14
when j is major variant in A,

27 at simulation runtime using a switch, nob, slider, or text-entry window
228 accessed via a platform graphical interface or dashboard (e.g., see Fig. 2
229 and Table 1 which apply to our M-SEIR, RAMP).

230 2. RAMPs include a specific set of runtime alternative modules, (RAMs),
231 where the original can be redefined in a graphical interface window, and
23 the unaltered original and the alternative routines are stored as a (prefer-
233 ably open-ended) numbered set. The original or any one of the alternatives
N can be selected for use at runtime (for a list of functions in our RAMP
23 see Table 2).

236 3. RAMP implementations also provide an API for both remote and on-
237 board scripting. This API enables control of all user aspects of the simu-
238 lation, including the parameter set, run management, RAM options, and
239 data retrieval. Script logic can alter parameter settings and RAM options
240 as the simulation progresses. A Nashorn-based Javascript interpreter en-
201 hanced with API methods is provided.

242 4. The API can be accessed remotely using operating system facilities by
23 external applications running concurrently with the simulator. Of partic-
204 ular interest is the ability to control the simulation from the R statistical
25 platform. An R routine can be formulated to both manage the simulation
26 run and to retrieve and process the resulting data. The RAMP simulation
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247 becomes a “virtual package” to the controlling R logic. See SOF Appendix
248 B.
249 We implemented our RAMP using Java and made ample use of all of the

»0 features described above. Use of the RAM facility permitted experimentation
21 with the several versions of cross immunity (e.g., Egs.1 and 2). A Javascript
2  program was used to control an adaptive vaccination strategy. A small R pack-
3 age serving as a driver was used in an R program that ran the simulations
»4  multiple times, extracted results into R data structures, and produced graphs
»s  showing statistical mean and standard deviation. More details on the graphical
6 structure and implementation of our M-SEIR are provided in the presentation
»s7  of both the results below and information in SOF Appendix B.

= 2.3 Simplifications and Running the model

0 In the examples presented in the next section, we have not taken advantage
x0 of the full complexity of the model. Thus, for example, in our multivariant
%1 simulations we have assumed that all variants are shed at the same relative
x rate (i.e., (;; = 1 for relevant i and j = 0,...,27 — 1) , have the same environ-
%3 mental persistence properties (i.e., 7, = 1 for all £ = 0,...,27 — 1), the same
%4 within host replication rates (i.e., A\py = 1 for all #/ = 0,...,27 — 1), and are all
s equally virulent (i.e., a;j = forall j =0,..., 27 —1). Obviously, these assump-
xs tions can be relaxed once suitable data are available for a particular pathogen
27 to support variant specific shedding, persistence, within-host replication, and
s virulence values.

269 Further, in the absence of the kind of cross-immunity data obtained from
a0 cross-neutralization studies to be able to fit values to the cross-immunity param-
a1 eters ¢y, in the cross-immunity matrix C we contrast the following two cross-
o> immunity scenarios with respect to a global cross-immunity constant ¢ € (0,1).
oz The first we call cascading cross-immunity since the level of cross-immunity
2 diminishes multiplicatively with genetic distance of the two strains: viz.
1 ifj=m

Cascading C: Cmj = { c® if j differs from m by k alleles

(1)
a5 The second we call escaping cross-immunity since when the final allele in the ar-
o ray of J loci mutates from 0 to 1, it escapes completely from cross neutralization
o7 effects with all strains that have the original allele at the J locus: viz.

1 ifj=m
Escaping C: emj =< 0 if j>2/71and ¢ < 27 provided J > 2

c®  otherwise, where j differs from m by k alleles

(2)
s Obviously, this is an idealization of the escape mutation phenomenon, which
a9 we set up here to enable us to evaluate behavior of such mutations. For the
20 purposes of this paper, idealized escape mutations are defined as those whose
21 level of cross-immunity with the variants from which they arise is 0 (in reality
222 some small level of cross immunity may remain).

283 Also, in the absence of comprehensive data that allows us to use realistic
2« estimates for the relative transmissibility 5; and virulence «; of various variants
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2w j = 0,...,J, we employ the following scenario facilitating formulations. These
26 permit us to investigate the potential impacts of increased transmission and
27 virulence with the emergence of new strains based on the number of mutations
2 d; needed to get from variant 0 to variant j. Specifically, for

d; = Hamming distance between variants 0 and j (3)

20 and for transmissibility and virulence perturbation parameters és and d, re-
200 spectively, we define

Transmissibility: Bj = B(1+ 5,8)61;‘ (4)

21 (the bar notation here reminds us that this value is used in the computation of
22 f3;; according to equation Eq. A.8) and

Virulence: Pa, =Pa, (1 + 0a)% (5)

23 (this is a probability rather than a rate and we have to ensure d, is selected
204 such that Doy, (1 + 5(1)1 < 1)

205 Also for simplicity’s sake we assumed that infectee with major variant j will
26 shed minor variants in the immediate neighborhood of j at comparative rate
207 ¢ €1]0,1) and be major variant-independent: i.e., we assumed

1 ifl=j
Shedding: Cie =< (¢ if £ differs from j by one allele (6)
0 otherwise

28 Finally, in this paper we will not investigate any seasonal effects, which is equiv-
200 alent to setting dgeason = 0 in Eq. A.10, and using this setting in all our simula-
30 tiom.

301 The model itself can be accessed at Github, where instructions are available
s for launching and using our SEIVAgent application.
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Figure 2: A. The dashboard of our Java Runtime-Alterable-Model Platform (RAMP)
SEIVD (S=susceptibles, E=exposed, I=infectious, V=immune, D=dead) individual-
based model (IBM) and simulations obtained using the parameters values depicted in
the slider windows (also see Table 2). The top left window of this dashboard contains
information on the final state of the population (in this case S = 3898 and D = 143 in
a population of Ny = 10, 000), the bottom left bar graph of dashboard panel is the final
values of E; I, V and D at epidemic cessation at time ¢ = 166 (days) or the simulation
run time, whichever comes first. Dashboard also shows a graph of incidence (purple:
selected using colored buttons below the graph). The bottom ribbon of the dash board
has a series of radio buttons that respectively open a Log, a JavaScript (JS), and a
Scripting (S) window, Line and Bar graph windows (for multivariant runs), as well as
windows for controlling vaccination strategies (V), listing realtime agent information
(A), pathogen parameter values (P), monitoring probability computations (Intern),
coding and controlling runtime alternative operations (Op), and three runtime buttons
(Reset, Step, Run). B. Graphs of prevalence and cumulative deaths (cut out from
main panel when only the red and black buttons are on) and C. daily deaths (crimson
button) are pasted below the dashboard.
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» 3 Illustrative Examples

w0 3.1 Single variant simulations
;s Parameter values and baseline run

w6 The first variable that needs to be determined is the unit of time we use for
so7  our simulations because all process rate parameters are scaled by its selection.
w8 Since the time resolution of empirical COVID-19 incidence and mortality data is
200 daily, we selected our unit of time ¢ to be days. Additionally, based on various
s sources including a metapopulation study of COVID-19 parameter estimates
su [39], we set the latent and infectious periods to be 4 and 7 days respectively.
sz Basic SEIR epidemiological models do not separate out the processes of contact
sz and transmission-per-contact, so we had some leeway on what values to choose
siu for contact rates and transmission rates per contact because it is the value of
a5 the product of these that is important in determining the reproductive value,
as  commonly referred to as “Ry” for COVID-19. Hussein et al.’s [39] meta analysis
sir - of COVID-19 zeroed in on Ry = 3.14 as a mean value across a range of studies
as (95% confidence interval [2.69,3.59]). By setting our baseline contact rate and
;10 transmission parameters to be kg = 3 and 8 = 0.3, we estimated the value of
20 Ry in our model to be approximately Ry = 3.1. These and the remaining values
s of the parameters used in our simulations are summarized in Table 2.

2 Adaptive contact rate

s23  None of the major outbreaks of COVID-19 around the world followed a classic
24 “rise-and-fall” incidence curve because of social distancing and other measures
»s  taken to mitigate transmission once it had been determined that a full-blown
a6 outbreak was underway. These measures waxed and waned with government
7 regulations and the perception that the outbreak was respectively under or out
s of control. This, in turn, resulted in incidence profiles that rose and fell multi-
2o ple times (i.e., so-called waves) as these measures waxed and waned. Thus, it
s0 is not possible to replicate the incidence curves of any of the country/regional
;1 epidemics without characterizing the social distance and subsequent social re-
s laxation measures driving their rise and fall [15].

333 In a general way, we can capture the gestalt effects of this kind of social
s behavior by assuming the contact rate k(t) is influenced by current or recent
a5 prevalence levels, where current prevalence is given by the ratio of the number
1 of infected individuals Ni(t) to current population size N(t) — Np(t). Thus, in
;7 the various scenarios present below, we assume an adaptive response rate that

;3 has a maximum value kg when I(t) = 0 and is reduced to half this value, as

10 a declining sigmoidal curve specified in Eq. A.7, when %S?D(t) = p%‘alf. If

s we simulate the first year of an epidemic using our basic parameters (Table 2;
s also see parameter panel in Fig. 2) and adaptive contact half-max parameters
s for the cases p{‘alf = 0.01 and 0.02 (i.e., 1% and 2% prevalence respectively), we
a3 obtain the percent of susceptibles (uninfected) and cumulative deaths by day
s 365 provided in Table 3.

345 For purposes of comparison, we also provide in Table 3 the percent of suscep-

us  tible individuals and percent of deaths due to COVID-19 one year after the day
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Table 2: Parameter values used to simulate single and multivariant outbreaks

Parameter Symbol Value Source/Comment
single-variant simulations
Time unit t daily empirical data is daily
Nominal pop size No 10°-107 see Section 3.1*
Effective contact rate’ Ko 3 per day implies Ro ~ 3.1
Transmission 154 0.3 implies Ro ~ 3.1
Latent Period OE 4 days median time in EY
Infectious period o1 7 days median time in I¥
Immunity half-life ghatf 1/2 to 1 year™ per run specs. |
Disease-induced mort.*” Da 2% of cases™ mortality rate is o
Adaptive contact param. phalf 0, 0.002, 0.05 decreasing x(1)*f
Seasonal fluctuation param. Oseason 0 seasons ignored*+
Multi-variant simulations (single-variant parameter values used where applicable)
Mutation factor*¥ I 0.001*# See Eq. A.13
variant number j=0,..2/7! Jis0to7 i.e., 2 to 128 variants
Cross immunity Cmyj 0.8 Eqns. 1, 2
Pathogen shedding Cie 0.001*# See Eq. A.9
Environmental persistence 7; 1 for all j See Eq. A.10
Transmission B; ds €[0,0.2] See Eq. 4
Within-host replication rate Aj 1 for all j See Eq. A.13
Disease-induced mort.™™ Da; 0.02 See Eq. 5
In particular see discussion headed: Population size and demographic stochasticity
+See Eq. A.26
fSee Eq. A.7

9Reciprocal of 7 in continuous time computation of Ry per Eq. A.26
8Reciprocal of p in continuous time computation of Ry per Eq. A.26

+Based on statement in [23]: “.. studies of animal coronaviruses antibody titers ... waned
substantially 1 year after initial infection ... and many could be reinfected and shed virus ...

»
ISee Eq. A.6: note w(t) switches from 1 to 0 as immunity goes from complete to absent
*Value at start of the pandemic, but typically lower later in most regional epidemics # This
is “virulence” parameter of continuous-time SEIR models

**If a« << 1 then Pa; = l—-e “xa

*TSee Eq. A.7. Setting p?alf = 0 implements «(0) = ko, though x(t) = ko as p?alf — o0
*+Implies values of k and 6 in Eq. A.10 are irrelevant

*Ivariant independent—variant dependence requires more elaborate model

*# Quantifies the mutation rate observed at a population rather than within-cell replication
level

**If aj << 1 then Paj = 1—e"% = aj

sz on which more than 10 cases of COVID-19 were recorded to occur in the USA,
us  Italy and Czechia (extracted from data provide at Worldometer). Since these
a9 data are known to be substantially under reported for both cumulative preva-
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30 lence [40] and deaths [41], we felt that phalf = 0.01 (i.e. 1% prevalence) provides
1 a reasonable ballpark value for an adaptive contact rate half-max parameter for
2 our various illustrations provided in below.

Table 3: Basic runs with one million individuals (N = 1,000,000) using two

different half-max adaptive contact parameter values ph#!f compared with listed
countries™®
phalf USA Italy Czechia
1% 2% | (values under reported)*
Uninfected at day 365 82% 1% 93% 95% 88%
COVID-19 deaths by day 365 | 0.34% 0.55% | 0.12% 0.17% 0.21%

*Data from Worldometer
TOne year after the first 10 recorded cases in the countries concerned
fSubstantial under reporting occurs for both cases [40] and deaths [41].

;3 Population size and demographic stochasticity

s« Deterministic SIR/SEIR and related models will always produce an epidemic
35 whenever the parameters ensure that Ry > 1 [2,34]. Since these models do not
6 include the demographic stochastic effects associated with finite populations,
7 they are unable to capture the phenomenon of stochastic extinction of the epi-
s demic before it gets going when a single infected individual is introduced into
30 an otherwise infected population (with regard to the pathogen in question; see
s0  discussion in SOF A.4). In such models, results are either cited using percent-
1 ages or numbers per thousand or per hundred thousand individuals and the
2 actual population size is not regarded as a factor. Population size, however, is
i3 a factor in determining the absolute size of an epidemic once it gets started and
¢ deterministic models provided a robust assessment of the course of the epidemic
s in populations consisting of millions of individuals (other factors, such as spatial
s Or contact network structure play a more important role than size per se [5-7]).
367 To get a sense of the effects of demographic stochasticity on populations of
s different sizes in our simulations, we compared the prevalence, incidence, and
30 cumulative deaths obtained for single runs (runtime seed = 1) of a basic adaptive
s contact rate scenario (basic parameters plus p}“lf = 0.01) for cases where the
s initial population sizes where Ny = 10,000, 100,000 and 1,000,000 (Fig. 3A-C).
s We also compared the mean prevalence plus/minus 1 standard deviation (sd) for
w3 100 runs (runtime seeds ranging from 0 to 99) for the two cases Ny = 10,000 and
s 100,000 over both the first year (Fig. 3D & E) and the first 100 day (Fig. 3F).
375 The results depicted in Fig. 3 can be encapsulated in the following four
s well-established principles:

377 1. The initial phase of an outbreak is independent of population size and
378 establishment of an epidemic depends solely on the value of Ry (SOF,
379 Append A.4). Thus, as we see in Fig. 3F, the first 50 days of the mean
380 prevalence for the simulations of the cases N = 10,000 and N = 100, 000
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381 are virtually identical, only departing from one another from around day
382 50 onwards.
383 2. Beyond the initial phase, stochastic fluctuations are more evident in smaller
384 than larger populations (compare Figs. 3A, B and C)
385 3. Ultimate prevalence levels, aside from stochastic fluctuations are indepen-
386 dent of population size. Thus, for example, we see that prevalence maxes
387 out at round 0.6% in all three cases (dotted line) across a range of two
388 orders of magnitude in population size.
389 4. Mean population prevalence will always max out at lower levels than the
300 prevalence reached in actual runs (viz. the max exceeds 7% individual
301 runs in Fig. 3A-C while it is between 4% and 5% for the red curves in
302 Fig. 3D&E) because the mean values take into account the fact a propor-
303 tion 1/Ry of the runs go extinct within the first several weeks [42].
A, N=10,000 B. N=100,000 C. N=1,000,000

0.6%

o § % prevalance

: g % incidence

g g % cumulative

gt_’g deaths

o

0 days 385 0 days 385 0 days 365
D. N=10.000 E. N=100,000
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Figure 3: A-C: Plots of percentage prevalence (red), incidence (purple) and cumula-
tive dead (black) for 365 day simulations using the parameter values given in Table 1
with the adaptive contact rate parameter p?*f = 0.01 (see Eq. A.7) and N = 10, 000,
N = 100,000 and N = 1,000,000 respectively. D-E: Plots of mean percentage preva-
lence (red) over the first year plus (green) minus (blue) 1 standard deviation over 100
runs (runtime seeds going from 0 to 99) for the cases N = 10,000 and N = 100,000
respectively. F: Plots of the actual prevalence (number of individuals) for the first 100
days for the cases N = 10,000 (red) and N = 100,000 (black).

¢ 3.2  Multivariant simulations

ws  We carried out a series of multivariant simulations with J = 4 (i.e., 16 variants
w6 can emerge) in a population of size N = 50,000. We compared the scenarios of
w7 cascading cross immunity with ¢ = 0.8 (Eq. 1) and transmissions rates the same
ws  for all variants (Fig. 4A) with the same cascading cross immunity as in Fig. 4A,

15


https://doi.org/10.1101/2021.06.07.21258504

medRXxiv preprint doi: https://doi.org/10.1101/2021.06.07.21258504; this version posted August 12, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
All rights reserved. No reuse allowed without permission.

Submitted on August 12, 2021 Getz et al.

s but now we allowed transmission to increase by 20% for each mutation difference
w0 between variant j and variant 0 ((Eq. 1; 8, = 0.3, j = 0,...,15, é3 = 0.2 and
w By, j =1,..,15, determined using Eq. 4). Finally, we compared the scenario
w2 of cascading cross immunity with that of escaping cross immunity for the case
w3 ¢ = 0.8 (Eq. 2), and obtained the results provide in Fig. 4C. The severity of
a0 each scenario is encapsulated in the total death statistic over the course of the
s two-year simulation.

0 = {0,0,0,0)

A. Cascade cross-immunity, d; = 0.0

- g 1 i JERE |

Total deaths: 750 1100 320110 ' 1 A4.1i0)

0 40 80 120 160 200240 280 320 360 400 440 480 520 550 600 640 680 720

0 40 80 120 60 200 240 280 320 360 400 £40 480 520 580 600 640 680 720
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Figure 4: Total daily incidence (Al+: purple) and variant-specific prevalence (I: red)
for a 16-variant epidemic in a population of size N = 50,000 (for other parameter
values see Table 2) are plotted over a two-year period for the three cases: A. cascade
cross immunity g = 0.0 (i.e., all 8; = 0.3, 7 =0,...,15) and dg = 0.2 (i.e., Bo = 0.3,
B1s = 0.622 and Sj, j = 1,...,14, determined using Eq. 4). Variant number and
corresponding binary representation as labeled in red for dominant or co-dominant
variants (incidence at some point > 50 individuals per day) and gray for minor variants
(incidence always < 50 over the two-year simulation). The order of emergence of
dominant or co-dominant variants is labeled in green. Note that each panel has its
own vertical scale but all plots are over 730 days (even in cases where the horizontal
axis label go to 750).
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406 Our primary observations comparing the results plotted in Fig. 4A-C and
w7 other runs (not shown here) of the same scenarios using different runtime seeds,
ws are the following:

409 e In all three cases the initial variant, by construction, is 0 = (0,0,0,0). In
410 our three scenarios, this variant was followed by chance by the emergence
a1 of variant 8 = (1,0, 0, 0), but this is common to all three scenarios because
a2 they use the same sequence of pseudo random numbers in their simula-
13 tions. Using different runtime seeds, however, leads to other variants than
414 8 emerging to replace variant 0. Thus, the mutant identity (i.e., its bi-
a1 nary representation) of the variant to first emerge is somewhat random,
a16 but it is going to be influenced by having different transmission values for
a17 each variant (scenarios B and C), as well as the possibility of an idealized
a8 escape mutation (scenario C).

410 e We expect variants that have an idealized escape mutation to emerge
420 early, as is the case in scenario C in which variants 8-15 have the idealized
21 escape mutation. In particular, in Fig. 4C, we see that the second to fourth
22 variants to emerge all have the idealized escape mutation (i.e., variant 8
23 then 14 and then 15), and finally variant 6 = (0, 1, 1,0) emerges because of
224 the cross-immunity between all variants with the idealized escape mutation
s finally comes into play.

26 e When § > 0, the variants with the higher values of 5 come to dominate,
a7 though they take time to emerge. In our cascading cross-immunity case
428 with dg = 0.2, the most transmissible of these (variant 15 = (1,1,1,1))
429 had yet to emerge within the simulated 2-year period. The existence of
430 the idealized escape mutation, however, does facilitate the emergence of
1 variant 15 at the beginning of the second year (Fig. 4C). Another run
42 of this scenario (runtime seed=1; results not shown here) has variant 15
433 emerging very early (around day 120). Further, due to the effects of cross
434 immunity, this variant was replaced by variant 11 = (1,0,1,1) around
435 days 450-500. Variant 15, however, as result of waning and cross-immunity
a3 affects, reemerges again around day 600, with variant 11 declining over the
a3 last three months of the second year.

= 3.3 Vaccination rollout
10 Single valency vaccinations

a0 As illustrations of potential issues associated with the design and implementa-
a1 tion of vaccination programs, we first considered vaccinating individuals in a
w2 population of 100,000 subject to an epidemic involving a single variant of the
w3 pathogen. We note that in a population of N = 100,000 individuals, a vacci-
ws  nation rate of v(t) = 0.001 involves vaccinating an average of 100 individuals
ws  per day with daily variation following a binomial distribution (i.e., a standard
ws  deviation of just under 10 individuals per day).

a7 Rollout of our vaccination program began on day 366 after the start of the
ws  outbreak and ran for two years beyond that to day 1100 (Fig. 5). Such scenarios
wo  place us within the context of the COVID-19 epidemic since vaccinations were
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w0 only available from around the second year onwards. In our first two scenarios,
1 we selected individuals respectively at rates 0.1% (v = 0.001) and 0.2% (v =
2 0.002) of the population each day (Fig. 5A & B). Only individuals that had not
w3 been previously vaccinated were selected, but selection was otherwise random.
454 Additionally, we simulated a 16-variant scenario in which individuals were
w5 vaccinated at against variant 0 at rate v = 0.002 (Fig. 5C). Again, individuals
s were selected at random from the set of those that had not been previously
7 vaccinated. By vaccinating individuals against variant 0, some immunity was
s conferred against variants 1-7 through cross-immunity relationships according
10 to the Escaping C case with cross-immunity parameter ¢ = 0.8 (Eqn. 2). In
w0 this scenario, variants 8-15 contain the idealized escape mutation.

461 Our focal question with regard to the first two scenarios was: What vaccina-
w2 tion level is needed to extinguish the epidemic in the population encompassed
w3 by the vaccination rollouts for the populations concerned? From these two sim-
we ulations (Fig. 5A & B) we see that vaccination rate v(t) = 0.001 was insufficient
w5 to eliminate the pathogen from the population, while v(¢) = 0.002 was able
w6 to eliminate the pathogen within 10 months from the start of the vaccination
a7 rollout. Further, in the first of these simulations (Fig. 5A), we see a resurgence
ws of incidence in year three, which implies that the effects of waning immunity in
w0 this case are essentially “outrunning the vaccination rate.”

470 Our focal question with regard to a comparison of scenarios two and three
a1 (Fig. 5B & C) was: Does the vaccination rate v(t) = 0.002, which was able to
a2 exterminating the outbreak in the 1-variant case, remain able to exterminate the
a3 outbreak in the 16-variant case when an idealized escape mutation is involved?
wa The answer to this question from the observed incidence curve (Fig. 5C) is a
s resounding no. In fact, the total death rate over the three year period rose from
ws  0.13% of the population (1336 individuals) to 0.42% of the population (4,235
477 individuals) .

w3 Adaptive bivalent vaccinations

a0 With the emergence of new variants, the possibility exists to modify vaccines
w0 to contain or induce the production of antigens that directly target the variant
w1 in question (i.e., rather than through cross-immunity that arises when a related
2 variant is the direct target) [28]. Further, it is possible for vaccines to be mul-
w3 tivalent in terms of directly targeting more than one variant at time [28]. In
s our third vaccination scenario, a univalent vaccine applied at a rate v = 0.002
s failed to bring a multivariant epidemic under control. Thus we were motivated
a6 to explore a scenario to see what would happen with a bivalent vaccine that
7 was implemented adaptively in the sense of its two valencies following the two
48 dominant variants.

489 In the specific vaccination rollout program that we employed in our fourth
w0 simulation, we did not account for logistical, production, and variant monitoring
w1 constraints. Such constraints, of course, exist and vary across locations and
w2 populations: in real applications, they need to be taken into account. The
23 program we employed assumes that we are able to alter the valency of the
w4 vaccination used every 15 days, based on an ability to identify the two variants
w5 that are most prevalent at each of these successive 15-day-apart observation
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A. Single variant B. Single variant
Vaccinations 73,103 Vaccinations 57,666

Total Deaths 1,336 Total Deaths 648

v=0.001 v=0.002
Year 1 Years 2 &3 Year 1 Years2 & 3
300

16-Variant adaptive
Vaccinations 146,389
Total Deaths 2145

16-Variant
Vaccinations 98,290
Total Deaths 4,235

v=0.002
Year 1 Years 2 &3 Year 1 Years2 & 3

v=10.002

Figure 5: Incidence (AI*: purple) is plotted over 3 years for the baseline run (pa-
rameters given in Table 1 with N = 100, 000) for the cases where vaccination rates
v(t) (indicated by blue lines) are applied during the second and third years only to
individuals not previously vaccinated but otherwise selected at random (for clarifica-
tion, the average number of individuals vaccinated each day is 100v(t)% with variation
following a binomial distribution). Our first two simulations involve vaccination roll-
out programs in a single variant epidemic at vaccination rates A. v(t) = 0.001 and B.
v(t) = 0.002 (respectively 0.1% and 0.2%) of individuals not previously vaccinated, but
otherwise chosen at random. Our second two simulations involve vaccination rollout
programs in a 16-variant epidemic, both at vaccination rates v(¢) = 0.002, involving
C. individuals not previously vaccinated and D. a bivalent adaptive vaccination pro-
gram in which previously vaccinated individuals could be vaccinated again with a new
valency vaccine, as described in the text.

ws  points (from day 365 to day 1085, which is the start of the last 15 day period
w7 ending just prior to the start of day 1100). If only one variant had an incidence
w8 exceeding 9 individuals on an observation day, then the vaccination applied over
w0 the next 15 day interval was monovalent for the dominant variant, otherwise
so0 it was bivalent for the two variants that had the highest incidence on that
so0 Observation day.

502 As with the non-adaptive vaccination rollouts, individuals were selected at
s random from a pool that had previously not been vaccinated with the partic-
s« ular valency-specific vaccine (either bivalent or monovalent). However, in the
sos bivalent vaccine case, if an individual had previously been vaccinated to only
s one of the two variants defining the latest vaccine, then these individuals were
sor incorporated into the vaccination pool from which individuals were randomly
sos  selected for vaccination. If such individuals were selected then the start of the
s0  waning time relating to the previous vaccination was reset to start anew. Thus,
s with this program, it is possible for individuals to be vaccinated more than once.
511 The results of this simulation are depicted in Fig. 5D, where we see that
sz this vaccination program is much more effective in preventing deaths than the
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sz monovalent variant 0 program applied to the same 16-variant epidemic at the
su  same vaccination rate Fig. 5C (total deaths are 4,235 in the former versus 2145
sis in the latter case). The valencies of the vaccine applied during each new 15
sis  day period are listed in Table 4. We note that the monovalent case involves
si7 - considerably fewer vaccinations because of the “no revaccination with the same
si8 vaccine” restriction in our rollout program. In particular, over two years of
siv vaccinating at a 0.2% rate per day, all individual are vaccinated in the case of
s0 Fig. 5C by day 859 while, in the case of Fig. 5, revaccinations kept occurring
s21 as individual that have not previously been vaccinated to one of the focal vari-
s ants was revaccinated. Even in this adaptive rollout, however, the epidemic was
s23  only substantially lowered rather than completely extinguish. The latter event
s for the set of parameters used in our simulation requires a somewhat higher
s vaccination rate than 0.2% per day; or, perhaps it requires lower rates of wan-
s ing immunity, higher cross-immunity rates, or the lack of an idealized escape
sz mutation. All of these effects can be demonstrated through the selection of ap-
ss  propriate parameter values, but the specifics are only relevant when the model
s20 1S applied in a real world situation.

Table 4: Valency of adaptive vaccination over the interval [365, 1100]

Time Valency
[365,470) (9,14)
[470,530) (13,14)
[530, 680) (13,15)
(680, 740) (15)
[740,905) (10,15)
[905,1025)  (10,12)
[1025,1070) (12,15)
[1070,1100) (15)

«» 4 Discussion

s The amount of structure and data needed in complex biological systems’ mod-
s els, depends on the questions that these models have been formulated to ad-
s13 dress [13,14]. In this paper, we steered away from making specific predictions—
s because universal solutions are not always locally applicable. Rather, we focused
55 on gaining insights into incidence patterns that can be expected when contacts
s1  are adaptive rather than fixed, multiple variants may emerge (typically sequen-
sv tially over time), and open versus adaptive uni- and multivalent vaccination
s programs are implemented to try to eliminate local pandemics. Analyses that
s incorporate more complexity in the hopes of attaining greater realism, such as
s adding heterogeneity related to age and spatial structures, as well as behavioral
sa and social groups, require data that is specific to a local population (town, city,
s22 county, or small country, etc.) Such elaborations are only worth incorporating
ses when the study relates to a real world system supported by adequate data (the

20


https://doi.org/10.1101/2021.06.07.21258504

medRXxiv preprint doi: https://doi.org/10.1101/2021.06.07.21258504; this version posted August 12, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
All rights reserved. No reuse allowed without permission.

Submitted on August 12, 2021 Getz et al.

s latter related to the complexity of the question that needs to be addressed, as
s discussed elsewhere [13]).

546 Of course, additional structure can be added to address questions of general
se7  interest. One obvious issue relating to our study would be to obtain a better
ss  understanding of the role informational delays may play in producing the type of
s incidence waves that have observed over the course of the COVID-19 pandemic
ss0  (and as we have modeled in [43]). Such delays would lead to contact rates
ss1 containing a time-lag rather than depending only on current prevalence levels.
2 We might also spend more time deconstructing the relative importance of such
3 time delays versus the emergence of more transmissible variants in accounting
s« for these waves.

555 Beyond gaining a deeper understanding of some of the mechanisms responsi-
sss  ble for the incidence patterns observed among local epidemics of the COVID-19
s pandemic, a second and primary purpose of our paper is to present our M-
s SEIR RAMP as a platform that others may use to address issues of concern
ss0 to them in formulating policies to manage local COVID-19 epidemics. This
o0 also has the advantage of providing an exemplar of our novel RAMP (runtime
s alterable model platform) concept and the methods we used to construct it.
s2 At this time, the primary value of our M-SEIR RAMP itself may be in testing
s various vaccination strategies as they relate to variant emergence [44]. Clearly,
ss«  such applications would require more specific variant-related information on
s the comparative transmissibility 3;, virulence «;, shedding ({j,,), environmen-
sss  tal persistence (7;), and within host replication rates ();) of newly emerging
s7  variants.

568 Equally important, though, in evaluating the impacts of vaccination strate-
sso  gies on local epidemics is obtaining variant-specific immunity and cross-immunity
s data. This includes waning rates, which we have not made variant specific. Our
sn - model, however, could be generalized to include variant specific waning rates
sz represented by the parameter t?alf (Eq. A.6). It also includes information for
s characterization of the elements c¢j; of the cross immunity matrix C (ie., a
s generalization that renders Eq. 1redundant). Models are sorely needed to ex-
sis  plore multivariant dynamics, particularly the epidemiological properties regard-
st ing shedding, environmental persistence, transmission, mutation, and within-
s7 - host replication rates. These processes, acting together, determine the relative
sis - success of different variants and their actual impact on the severity of epidemics
so  and the nature of vaccination programs needed to suppress them.

580 Making our model both location and variant specific could be undertaken
s using methods, such as Appropriate Complexity Modeling [13,14], designed to
ss2 enhance the relevancy of models. Further, in some cases it may be useful to
ss3  add spatial or age-structure information to our M-SEIR or include a contact
s network [7], which itself may contain spatial or refined class category (e.g. age
sss  or work categories) information. In addition, our current implementation repre-
s sents variant differences in terms of J loci with two alleles (denoted by 0 and 1
se7  respectively) at each locus. A more realistic representation of the genetic basis
sss  of variant differences may involve genetic representations in which several alleles
ss0  are possible at each locus. Further, the loci themselves may represent relevant
so  molecular structures such as epitopes.

501 An advantage of our RAMP design features is that they provide a framework
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s for elaborating or simplifying model details in the pursuit of different questions
s  at various points in a pandemic. For example, suppose we are interested in
s pursuing inferences regarding the drivers of variant evolution at a various stages
sos  Of the pandemic. We may first want to address questions relating to pandemic
ss behaviour, driven by mutations that increase transmissibility. This is what
sov  actually happened with the appearance of the D614G and the alpha variants.
sis A year or so into the pandemic, however, we may then want to explore processes
s0  that give rise to immunity-escaping variants. This, again, is what happened in
so0 reality. Our RAMP formulation gives us the flexibility to change the model part
sr way through a pandemic. In particular, we can then test which among a set of
02 alternative reinfection process is most likely to produce an escape mutation once
o3 reinfection begins to occur on a substantial scale. By configuring model drivers
s4 SO that we first have a relatively simple evolutionary process and then switch to
s more complex evolutionary processes, our RAMP design facilitates comparing
ws several competing explanations of observed patterns of variant emergence at
o7 different stages of a pandemic.

608 Although cross-immunity and immune waning are entangled in our immu-
oo ity modifier functions (i.e., ¢;; ; see Eq. A.8), cross-neutralization data can be
s10  used to estimate the cross and waning immunity parameters using appropriate
su methods [45]. Such data are becoming more widely available through the ap-
sz plication of improved serological and genetic methods [24,46,47]. Variant and
13 cross neutralizing studies bring up a much neglected issue, which is the effect of
se  dose (number of pathogens involved in the initial infection, also know as viral
a5 load) on the severity of the infection. Further, dose affects both the probability
sis  of host invasion (in the context of transmission), as well as mutational rates
sz once host invasion has occurred. Effective dose differs from the questions of
ss  the number of vaccine doses (typically one versus two) versus the antigen or
s virus-like particle load in each dose [48]. In the context of vaccination, both
s20 these issues and the technology used to produce the vaccine [28] may well have
e1 an impact on waning immunity rates and cross-immunity values. Thus, the
e22 parameter values used in the model should ultimately be vaccine specific, once
23 vaccine-specific waning data have been obtained.

624 In the coming years, as we obtain more information on the nature of waning
s and cross immunity to different variants of SARS-CoV-2, not to mention the
26 vaccines as well, it will become more apparent to us whether or not COVID-19
or  will settle into global endemicity [32,49] and require periodic vaccinations to
es combat new variants, as they arise over time. If this is the case, then constant
20 vigilance and a well-designed vaccination program with respect to vaccinating
s the young and implementing booster vaccinations with appropriate variant va-
61 lency will become the order of the day. Additionally, we anticipate extending
22 our M-SEIR RAMP to include runtime alterable modules (RAMs) designed to
63 compute the optimal time to administer vaccine booster shots of the same or
¢34 different variant valencies. Implementation of these RAMs can play a decisive
35 role in the rational design of effective and efficient COVID-19 vaccination pro-
636 grams worldwide. The need for efficacy is made apparent from the fact that
e7 our simulations suggest that it may be harder than currently anticipated to
e eliminate COVID-19 using non-adaptive vaccination programs.

639 Finally, our M-SEIR, RAMP, with its RAMSs, driver scripts and ability to
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be integrated with R and other software platforms and a JavaScript simulation
driver window, provides the first example of a new concept in model implemen-
tation that facilitates model sharing and easy modification by users other than
the original developers. We believe such platforms can come to play an impor-
tant role not only in disease modeling, but in all fields of research that rely on
models for comprehensive analyses of the behavior of systems of interest.
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. APPENDICES

. A Model Construction

s Here we formulate an individual-based or agent-based (ABM) SEIR epidemio-
+ logical model to include host immunological waning and pathogen genetic drift
s with variation across variant transmissibility and virulence and succintly refer
s to it as an elaborated SIR (M-SEIR) model. [50]

 A.1 Assumptions, definitions, and states

s The population consists of a well-mixed pool of Ny individuals that is homoge-
o mneous except for the fact that some are uninfected (denoted S), some currently
1 infected (E: exposed and not yet infectious; I infectious and asymptomatic or
u  symptomatic) or have been infected and are now either dead (D) or recov-
1 ered/vaccinated with some level of immunity (V) to one or more of 27 pathogen
13 variants. This immunity wanes over time and its current level, augmented by
1 specified levels of variant cross-immunity, factored into an agent specific time-
15 dependent variant-resistance function that impacts the shedding of mutant vari-
16 ants by infectors and the within-host replication rates of mutant variants in
7 infectees.

18 At the start of the epidemic, all individuals are assumed to encounter, on
v average, kg > 0 other individuals during each time period [t,¢ + 1], but this
o “effective contacts” rate adaptively decreases with increasing prevalence of the
2 disease due to the implementation of non-pharmaceutical interventions (social
» distancing, hand washing, mask wearing, and other hygienic precautions). In
23 our selection of epidemiological parameter values, a unit of time is taken to be a
2 24-hour day. Other scalings of time would then require appropriately adjusted
»  epidemiological parameter values. Refined versions of the model could include
»% age-related parameter values and contact rates, as well as contact tracing, quar-
;7 antining, and isolation of infected individuals; but these will not be considered
s here.

29 Initially, at model time ¢t = 0, all individuals are considered SARS-CoV-
s 2 naive susceptible apart from one individual who is considered to have just
a1 entered the infectious stage, infected by a pathogen designated as pathogen
» variant 0 (wildtype). Throughout the model simulation, the Ny agents in the
;3 population are partitioned into three disjoint sets: the set of SARS-CoV-2 naive
1 individuals, S(t), containing Ng(t) (the susceptibles); the set of identified agents,
s A(t), containing Nu(t) individuals who are either currently infected (time )
s with a particular variant of SARS-CoV-2, or have some level of waning immunity
w to one or more variants of SARS-CoV-2; and the set of dead individuals D(¢),
s currently of size Np(¢). Only the individuals in A(¢) are uniquely identified as
s they become infected for the first time and make the transition from set S(¢) to
w set A(t), where they are sequentially labeled using the index i = 1, ..., Na(t).
s The single infected individual at time zero will be designated Agent 1 (also
«2  known as patient zero and denoted by Aj). Thus at time ¢ it follows that

Ns(t) + Na(t) + Np(t) = Ny (a constant) (A1)
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2 We note that individuals in set A(¢) can be in a disease state E or I with
a respect to pathogen j, but simultaneously can be in multiple immune states if
s they have been infected with more than one pathogen variant in the past. We
4 also note that the distinction between symptomatic and asymptomatic individ-
« uals in state I will not be considered here; and only need be incorporated if
s testing, quarantining, and treatment processes are included in the model.

49 The total number of pathogen variants is set by a parameter J > 0, where
s each pathogen is represented by a .J-bit binary number. Thus, there are 27
51 possible variants indexed by j = 0,1,2,...,27 — 1 where j is the decimal equiv-

52 alent that corresponds to a given binary string. The initial variant, j = 0 is the
53 binary string of J zeros.

54 Sets of stochastic epidemic events (i.e., transitions from classes S to E, E to
ss 1, I to V or D) are implemented at consecutive integer points in time (one set
ss of events for each point in time). Events will only be considered on individuals
57 that have been infected by at least one of the pathogens at some time after t = 0
s (this means that initially the epidemic computation proceeds rather rapidly, but
5o becomes more computationally intensive for each time step as time proceeds).

o A.1.1 Pathogen set

s At the start of the simulation (¢ = 0), the set of potential pathogens indexed by
e j=0,..,27 —11is generated along with its associated environmental persistence
s (7)), transmission (3;), within host replication (\;) and disease-induced mortal-
e ity rate (probability of dying from the disease p,;) parameters. These may be
s specified or drawn from underlying distributions (e.g., the uniform distributions
s 3 ~ Uniform[Bmin,Bmax] and so on). Also, our model includes two 27 x 27
o7 matrices of constants that are associated with pathogen mutations during vari-
¢ ant shedding (elements (j,) and cross-immunity (elements ¢,,;) processes and
e thus involve but are conditioned on either the major variant that an infector
7 is harboring or on immunological state of the agents involved. These are the
n1 shedding and cross-immunity matrices with elements j,m = 0, ...,27 — 1, Thus
22 we generate the following list of parameters associated with our 27 pathogen
73 variants:

Pathogen list = (A.2)
{(ﬁj,Bj,)\j,paj; (jm and ¢y, for m =0, 27— 1) ’ j=0,..,2" — 1}

un A.1.2 Agent states

7 In accordance with the above set of assumptions, each agent has the following
7 basic disease states at time ¢, where disease states in agent A; are referenced by
77 the time 7; > 0 at which the most recent infection with variant j has occurred
7 (an individual may be re-infected after immunity to the variant has waned to
7 relatively low levels):

80 1. S(t): An individual who at time ¢ has not been infected with any variant
81 of the pathogen up to time ¢. All these individuals belong to set S(t)
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82 2. E;(t,7;): An agent A; who was infected with variant j at time 7;, but
8 has not yet become infectious (this is an individual in the latent stage that
8 lasts for op units of time). All these individuals belong to set A(t)
& 3. I;(t,7;): An agent A; who is currently infectious with variant j, after
86 being infected with variant j at time 7;; (this is the infectious stage that
&7 lasts for o1 units of time). All these individuals belong to set I(¢) C A(t)
88 4. Vj(t,7;;): An agent A; who was infectious with variant j, having been
8 infected with variant j at time 7;;, but is now non-infectious with regard
% to this variant—that is, recovered with some immunity to variant j, as
o1 well as some cross immunity to variants closely related to j. All these
® individuals belong to set A(t)
03 5. D(¢): An individual at time ¢t who has died after being exposed to and
o become infectious with some variant of the pathogen. In a refined version
% of the model, a record will be kept of the time of death and the variant
% that caused death. All these individuals belong to set D(t).

o Since an agent A; may be infected over time by more than one variant j, its
e complete epidemiological state is represented by a list

A;(t) = {state w.r.t. pathogen 0, -, state w.r.t. pathogen 2/ — 1}  (A.3)

If a living agent does not fall into any of the categories 2 — 4 with respect to
pathogen j, we denote its epidemiological state at position j as @ (the empty
set). Consequently, if an agent A is susceptible at time ¢ (i.e., an element of
S(t)), then we write

Ao(t) = {0,....0) € S

o However, while such individuals are omitted from the A list (hence we did not
o subscript the agent A above), they may be recognized as “virtual members”
11 with this implicit state. Some other examples are:

o If A;(¢) is infected, but not yet infectious, with pathogen variant j at time
t but has not been infected with any other pathogen in its past history,
then

Al(t) = {@7 o a@»Ej(thj)v(ba T 70}

e On the other hand if A; recovered from an infection with pathogen 0 at
time 79, and is now infectious with pathogen j at time t, having become
infected with this pathogen at time 7; then we write

Ait) = {Vo(t, 7). 0, 0.1(t,75), 0, 0}

1z As we shall see, an agent history may contain at most one instance of either E;
s or I;, while possibly containing multiple instances of V.
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we A.1.3 Agent and index sets

s At the start of each time period, we update the set of identified agents A by
ws adding susceptibles that became infected with pathogens during the previous
w7 time period and removing agents that died during the previous time period.
w8 Thus if T4 is the index set for non-empty elements of A, with new indices added
10 for newly infected susceptibles and indices removed for individuals that died,
wo  then by definition:

A(t+1) = {A(t+ D)]i € Tp(t+ 1)} (A.4)

w where the number of indices in the updated set Ia(t + 1) is Na(t + 1) and the
12 updated number of dead is Np(t + 1) at time ¢ + 1.

113 For mathematical convenience all susceptibles S will also be referred to as
us  Ag:, e, there are Ng(t) individuals referenced by Ag at time ¢. It will be useful
us  to partition the set A(¢) itself into three subsets at time ¢ by identifying the sets
us  E(t) and I(¢) which respectively contain all agents that are currently in a state
w E;(t) or astate I;(¢) at time ¢ for some j = 0, ...,27 — 1. We note the intersection
us  of these two sets is empty—i.e., E(t) NI(¢) = )—as will become apparent below
o from the transmission process rules set up below. We will use the notation

As(t) = A()\ (E(1) UT(1)) (A.5)

20 to denote the set of agents in A(t) but not in E(¢) or I(t).
We also identify the set of infectious agents with infectious variant j. If A7
denotes an agent whose epidemiological state contains an entry I;(¢, ), then

Li(t) = {A], (1), AL (1),... . A (D)},
J
where the number of such agents is denoted by Ny, (t), and its index set by
HI]. (t) = {i1j7 . >iN1j(t)}'

= A.2 Epidemiological processes
22 A.2.1 Immunity

123 In compartmental SIRS and SEIRS models, a concept of waning immunity and
124 its impact on epidemics is associated with the rates at which individuals in class
s R revert back to class S. In agent-based SIRS and SEIRS models, we have the
s opportunity to consider the immunological history of individuals and, hence,
127 can take a more refined approach to the complex process of how pathogens in
s an infector A; are passed on the an infectee A;. Here we model this as a prob-
19 ability generated from a concatenation of rates that include pathogen shedding
10 by A;, the survival of pathogens in the environment, whether contained in feces,
1 urine, sweat, mucosal secretions or water droplets excreted by an infector, and
13 a process whereby pathogens gain access to a host (entering through wounds,
133 mucosal membranes or other membranes in the pulmonary or alimentary sys-
1z tems). We then characterize pathogen within-host variant replication rates in
135 terms of pathogen mutational and reproductive processes. The final outcome
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s in our model is either host recovery with some immunity or host death. We
17 also consider the induction of host immunity through vaccination and make the
s assumption that waning immunity is the same, whether it stems from natural
130 infection or vaccination. Of course, these may be modelled in different ways
1o should data become available to make this distinction an important modeling
w1 consideration.

142

13 Waning immunity. Recall that we use Ay to denote an anonymous (generic)
1 member of S and that A; for ¢ > 0 refers to a specific individual with an
us associated state list/vector. If some specific A; is in immune state V; having
us  been infected with this variant at time 7;;, we assume that the level of relative
w7 susceptibility of agent A; to reinfection by variant j is given by (noting that the
us  existence of the value 7;; implies that infection of individual ¢ by variant j at
us time 7;; ensures that the V; is no longer “null”)

0 if V; is null
1

wij(t, Tiz) = 1+ ((t—mj — o1 — O.E)/t?alf)"

iftZTij+CTI+O'E (AG)
ift <m;+o1+o0E

1o We note the following: 1.) the first case implies that 7;; has yet to be defined;
151 2.) the second case is equivalent to the statement that Ti; > 0 now exists for
12 variant j, since this occurs at time ¢ = 7;; (through the invocation of state
53 E;(t,7;)); 3.) wi;(t,7) ranges from 1 (i.e. full “on”) at ¢ = 7 + o1 + o and
s« decays to 0 as t > 7+ o7 + og — 00; 4.) agent i cannot be reinfected with
15 its current major variant or with any other variant while it is currently itself in
56 any state E; or I; for any j = 0,...,27 — 1; 5.) the larger the value of o the
157 steeper or more abrupt the switch is from full immunity (equal to 1) at time 7
58 through 1/2 at time t?alf to approach 0 as t — oo (we set o = 4 as providing
150 an intermediate level of abruptness).

160

11 Vaccination. A vaccine may be designed to give immunity to one or more
12 particular identified variant j. Vaccination strategies include vaccinating at a
63 fixed rate v(t) (percent of individuals vaccinated at each time period) over a
e fixed period that begins at t5" and ends at t9ff and can focus on drawing only
165 on: 1) individuals in the set S, ii) any non-infectious individual in S or A, or iii)
166 any non-infectious, not previously vaccinated individual in S or A. The vaccine
167 itself can be designed as follows:

168 o Dominant variant vaccination at time Tyae. An individual S or A; vacci-
169 nated with the dominant variant, say j, at time Ty, € [to%, 9] serves to
170 add the disease state V;(t, Tvac) to that individual’s list. If the individual
1 is already in state V,;(¢,7') at time ¢ > Tyac, then its status is updated so
172 that at time t > Tyac it is now V;(t, Tyac) rather than V; (¢, 1)

173 e Multivariant vaccination at time tyae. An individual S or A vaccinated
174 with a multi variant concoction at time 7 € [to%, %], say with variant
175 J1s---5Jv, Will have their disease status updated with regard to all these
176 variants, as in the dominant variant case.
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7 A.2.2 Infectious contacts

s Infectious individuals are assumed to make & effective contacts each time period;
o where effective contacts are those that are sufficiently close and of a sufficiently
10 long duration to constitute a “risk of transmission.” This rate is either a con-
w1 stant kg, or in stochastic implementations drawn from a Poisson distribution
12 with mean kg, or in adaptive formulations (e.g., under social distancing be-

183 haviour) is a function of the severity of the ongoing outbreak. We also assume at
R(ONs(t) o q RONA()
No*ND(t) No*ND(t)
15 of these contacts will respectively be with susceptible and with uniquely identi-
s fied agents, although only k(t)(NAﬁj:xggngl(t)) of those will be susceptible to
w7 infection with a new variant or reinfection with the same variant.

188 In the adaptive case, we assume H(t) decreases from kg as the proportion
o of infectious individuals, Ny(t)/(Nog — Np(t)), increases such that x(t) = ko /2
wo  when Ni(t)/(No — Np(t)) = pa!f. For convenience of implementation, however,
w1 we define the following “switching” (as apposed to hyperbolic) function

18« time t that under a random contact process, proportion

KQ half

4 5 when p*' >0

k() = {1+ (w5 /o) (A7)
Ko when phalf =0

12 even though, from a continuity point of view, the top part of this expression

w5 implies that x(t) — 0 at pf!f — oco.

we  A.2.3 Probability of infection

15 In deriving a probability ﬂ;‘ﬁfﬂ of an agent A, being infected with variant ¢
s by an agent A; who is infectious with major variant j, we concatenate (i.e.,
w7 multiply together) several process, each of which involves nominal constants.
18 Thus, in all but one of these processes, the scaling of these constants can be
19 normalized and given a relative set of values across variants though one set of
20 constants though relative, will ultimately all be scaled by fitting the model to
21 real data. In our treatment below, constants associated with shedding and per-
22 sistence will be scaled while those associated with within-host replication will be
203 kept unscaled to be ultimately fitted to data. In particular, the parameters Bj
204 associated with pathogen transmission (i.e., from contact to the start of within
205 host replication—see Fig. 1) will be scaled by fitting to epidemiological data,
26 while the relative values for the different variants regarding pathogen shedding
27 and environmental persistence can be fitted to experimental data collected to
28 set values of these processes when considered on their own.

209

20 Pathogen shedding. We assume that shedding is affected by the immune state
an of the infector A; and thus posit the shedding rates below for this individual
212 when its major infectious variant is j. In general, we have a matrix of shedding
z3 rates (¢ before accounting for immunity and cross immunity that is specific to
as agent A;. Immunity and cross-immunity act to reduce shedding rates through
us  functions ¢;;(t) € [0,1] that are computed in terms of A;’s waning functions
26 Wiy With respect to variant m and a matrix of cross-immunity values c;,, that
v have been normalized so that ¢;; = 1 for j = 0,...,27 — 1 and ¢;,, € [0,1] for
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2 j,m = 0,...,27 — 1. Specifically, we define agent-specific immunity modifying
20 functions
271
¢ij(t) = [ (1= emjwim(1)) (A.8)
m=0

20 and assume that the shedding rates can be expressed as
Gije(t) = Cjedie (=0,..,2" -1 (A.9)

2 Environmental persistence. The persistence of pathogens in the environment
2 are known to be impacted by humidity, temperature, airflow, and the surface
23 properties of fomites [51]. This, and other factors relating the effects of weather
24 on contact rates and efficacy, may result in overall pathogen transmission having
»s & seasonal component to it [52]. In particular, viral persistence indoors may
26 be much greater than outdoors, with a greater proportion of indoor contacts
27 taking place during cold or wet weather. Thus the most appropriate place
28 to introduce seasonal effects into epidemic processes is through contact rates
20 and environmental persistence cycling over time with a period of one year (or
20 even half-a-year if two comparatively spaced rainy seasons occur, as in some in
an tropical locations [53]) and an amplitude obtained by fitting parameters to data.
22 Thus, in our model, we introduce constants 7, dseason € (0,1), k (appropriately
23 scaled, depending on the units of time) and 6 and assume that

2mt
W(t) =1 <1 =+ 5season sin <I7€T + 9)) = 0,...s 2!] -1 (AlO)

24 The case dseason = 0 corresponds to constant values n(t) = 7y for all ¢, while
235 if Jgeason = 1 we get the largest possible fluctuation between 0 and 27,. The
26 constant k relates to the time units so we get one cycle per year, and 6 shifts
27 the cycle to set the points in time at which the maximum and minimum values
2 of n(t) occur.

239

20 Variant transmission. In the context of a standardized dose (which will be
2n - modified by multiplying the variant effective contact and transmission by both
22 pathogen shedding and environmental persistence functions), the differential
a3 rates of variant transmission, which we denote by 8¢, will depend on a constant
24 variant transmission rate parameter 3, modified by a function that represents
25 the immune state of the infectee at time ¢: viz., recalling SOF Eq. A.8

Bne(t) = Begne(t), £=0,..,2" —1 (A.11)

26 Probability of infection. Using a competing rates formulation [37] to compute
27 the probability of infection as a concatenation of the process of infector shedding
25 ((), environmental persistence (1) and transmission rates (/3), we obtain

inf (t) = Ciﬂ(t)nl(t)ﬁhf(t) (1 _ C*Cije(t)ﬂe(t)ﬁhe(t)) , £=0,.., 27 1

(1 (DB ()
(A.12)
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29 A.2.4 Within-host processes

0 If after receiving an initial infectious dose of pathogen, an individual is infected
1 primarily with variant ¢, then we expect this variant to dominate unless intrinsic
22 mutational processes are high (which is not the case for COVID-19) or the
23 individual has some immunity to this dominant variant. In the latter case the
x4 Situation is ripe for an “idealized escape mutation,” that is one that evades the
s immune system completely, to arise.

256 If we nominally set the relative rate at which an individual invaded by variant
257 £ has an infection dominated by variant £ (i.e., ¢ in the terminology of [54] is
253 the major variant of the infection) to be (1 — u), then the probability that one
250 of the other variants is £ # £ is p (in the case of COVID we assume that g > 0
20 is very close to 0—e.g. of order 1072 to 10~%—while for viruses lacking error
s correcting machinery it can be considerably larger and of the order 10~1). We
%2 can partition the latter probability according to a set of comparative variant
%3 within-host replication rates Ay, each moderated by its immune state function

264 d)hel and a normalizing factor m to obtain
. 1—p for ¢/ =¢ A
Thpe (1) = Ny b ot 13
hee ( ) I (va;¢;7i¢h,m) for ¢ 7& Y ( )

s We stress that the parameter p pertains to generating the probability for the
266 transmission of mutants and is not an actual mutation rate for the virus (e.g.,
27 the host may have some mechanisms for removing most of the mutants before
268 transmission of remaining variants occurs).

% A.2.5 Pathogen progression equations

2o Probability that infector A; with major variant j will result in infectee Ay,
on express £ as its major variant is

271
Tange(t) = 3wl (Omi (), £=0,..,27 -1 (A.14)
=0

o A.2.6 Single-variant case

s In the single-variant case (J = 0), the waning immunity equation SOF Eq. A.6
o reduces to (dropping the redundant index j = 0, and noting that the existence
o5 of a value 7; implies A; has been infected at time 7; in the past)

0 if A; has never been infected
1
(1) = = ift>7m+or+o
wz(t) 14+ ((t—Ti—O'I—UE)/thalf) ! E
1 ift<m+o1r+o0g
(A.15)

e (recall we set 0 = 4) and the modifying immunity functions ¢;; (SOF Eq. A.8)
o collapse to 1, which implies that the pathogen shedding functions (;; (SOF
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s Eq. A.9) collapse to 1. Without loss of generality, we can also assume a single-
o9 variant value of 7 = 1 in SOF Eq. A.10, which implies that the probability of
20 infection (SOF Eq. A.12) reduces to

il (t) = 1 — e Pl-en®) (A.16)

s Further, since in the single-variant case there are no mutations to consider, it
2 follows from SOF Eq. A.13 that m}}y,(t) = 1 for all h and we finally have that
2w mip(t) = 7(t) = 1 — e FU=wr(®) (SOF Eq. A.14) for all h.

» A.3 Simulation algorithm

25 1. Parameters selected at the start of a simulation

286 (a) Np: Number of individuals in the population. Assumed to be fixed
287 over time (i.e., the population is closed), but partitioned into sets S,
288 A and D with respectively Ngs(t), Na(t) and Np(t) individuals in
289 each set and satisfying SOF Eq. A.1.

20 (b) J: The log, of the number of possible variants indexed by j =
201 0,---,27 —1

200 (c) Bj: variant dependent transmission parameters (the process between
203 contact and the start of variant replication and nominally equivalent
204 to transmission in SEIR models—see Fig. 1) for pathogen variant j
205 (d) t?alf: The time it takes for immunity to variant j to have waned by
296 half.

207 (e) og,: The time it takes from initial infection for an infected individual
208 to become more likely to become infectious than remain infected
209 without being infectious.

300 (f) o1,: The additional time it takes beyond og, for an infectious indi-
301 vidual to more likely transition beyond being infectious than remain
302 infectious.

303 (8) Pa;: The proportion of individuals leaving the infectious category
304 that die, which implies that 1 — p,; is the proportion that become
305 immune.

306 2. Initialization

307 (a) Set up pathogen list (see Eq. A.2)

308 (b) Initialize the simulation by setting ¢ = 0 and creating the agent list
309 A(0) one infectious and Ny — 1 susceptible agents.

310 3. Time t: vaccination loop.

a1 (a) Carry out the vaccination process before going into the rest of the
312 loops with the updated S and A sets after the vaccinations.

313 4. Time t: contact loop. Set up contacts for the current round of en-
314 counters at time ¢ (i.e., the inner agent-driven contact loop within the
315 outer time-driven loop) and tag for outer loop update of disease status, as
316 follows:

37


https://doi.org/10.1101/2021.06.07.21258504

medRXxiv preprint doi: https://doi.org/10.1101/2021.06.07.21258504; this version posted August 12, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
All rights reserved. No reuse allowed without permission.

Submitted on August 12, 2021 Getz et al.

317 (a) Numbers in various sets and associated index sets. Identify the num-
218 ber of individuals Ng(t), Na(t) and Np(t) in sets S, A and D at
319 time ¢ respectively, as well as the number of exposed (but not yet
320 infectious) agents Ng(¢), infectious agents Ny(t) and identified non-
o infected agents Na4(t) = Na(t) — Ni(t) — Ng(t). Break down the
o infectious agents tally into the number of agents Ny, infectious with
323 variant j = 0,1,...,27 — 1. We will also need the index sets I, and
324 ]Ilj(t),j :0,...,2‘]71 at time t.

(b) Infectious contacts with each group. The rate at which any individual
contacts other individuals per unit time is given by the contact rate
parameter k£ > 0. Assuming random contact events over one unit
of time, the actual number of individuals that agent A; contacts at
time ¢ is then given by

Ri(t) ~ POISSON[mean = x(t)]

325 Of these, proportions
Ns(t)
Mg = ———————— A7
S NO _ ND (t) ( )
326 and N N N
t) — t) — t
mia = Nalt) = Nilt) — Nu(?) (A18)
No — Np(t)
327 are expected to come from susceptibles in the sets S(¢) and Ag(t)
328 (see Eq. A.5) respectively. Thus the actual number of contacts in set
329 S(t), As(t), and E(¢) UI(¢) are
(M8 (@), N (6), NE(1) + ML) = (A.19)
Multinomial [&;; 78, mia, 1 — Tis — Tial
330 We note that only le(t) and NiAS (t) are of interest because indi-
331 vidual in states E and I cannot be reinfected. Also, we make the
332 assumption below that the first infection that an individual in set
333 A contracts in this contact loop, is the one that counts (i.e., there
334 will be no simultaneously infections with multiple variants). Finally,
335 since contacting individuals is tantamount to sampling with replace-
336 ment, the number of unique contacts (i.e., all multiple contacts are
337 counted as a single contact) that agent A; has with individuals in the
338 set S is N (¢) reduced by excluding multiple contacts (which under a
339 random contact model is a negative exponential correction) to obtain

Nf*(t):min{Nf(t),Binomial /%i(t),e**%“)/Nﬂﬂ} (A.20)

340 Thus if #;(t) << NS(t), N3*(t) is expected to be very close to the
31 upper value #;(t). On the other hand, if #;(t) ~ N3(t), then N5*(t) is
302 expected to be around &;(t)/e =~ 0.37k;(t). Additionally, after dealing
343 with each agent i reduce in the size of Ng(t) to take account of those
344 agents that had been infected by agent A; and had now entered the
345 ranks of the set A.
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(¢) Identify all infectious agents and their pathogens variants. Among
all agents in the set A(t) (Eq. A.4), identify those that have an
infectious variant I, for some j = 0,---,27 — 1. Thus, if the number
of infectious agents with infectious variant j is Ny, (;) then consider

the set 4 ' .
T(t) = {AL (0, AL (), .., ALy (0}

with index set
Iy (8) = {ia,5 -+ viv, 0}

346 Initially, most of these sets will be empty, but will fill in over time.
347 (d) Susceptible contacts. The probability that an agent A; with a vari-
348 ant j major infection infects a susceptible (nominally denoted by
349 individuals of type Ag) who then becomes infectious with dominant
350 variant ¢’ is given by the probability m;o jo computed in Eq. A.14,
351 which itself relies on expressions Eq. A.7-A.13. The actual number
352 of individuals in the set S will make effective contact with one more
353 infectious individuals is NJ*(t) obtained using Eq. A.20. Thus, from
354 a multinomial drawing, we can now generate the number of newly
355 exposed individuals, Ny, (t+1) (the “+” is used to denote these are
356 newly added and the “0” that they are coming from the set S), with
357 major variant ¢ at time ¢ + 1, have been infected by agent A; with
358 major pathogen variant j on the time interval [¢,¢ 4+ 1):

(N(I)%—F(t),"' aNgg-iJ_,l(t)) ~ (A21)

Multinomial [NP*(£); mio jo(t), -+, i j2s1(t)]
3590 These individuals will be used to update list of currently infected
360 individuals in the sets Ag,, j = 0, ...,27 — 1 at time t+1, which is
361 computed in the outer loop computation, as presented below. We also
362 note that the probabilities in the above multinomial add to less than
363 1, so that at the end of the drawing a proportion of the individuals
364 NP5*(t) remain uninfected.
365 (e) Agent contacts. The number of agents N/*(t) € [a\(eun) that come
366 into contact with agent A; over the interval (¢,¢ + 1) is given by
367 Eq. A.19. This number is drawn from the set Iz (gur) with replace-
368 ment and the following multinomial computation is used to determine
369 how to update agent Aj, at time ¢+ 1 when coming into contact with
370 agent A; on the interval (¢,¢+ 1) using the probabilities of transmis-
an sion given in Eq. A.14. Specifically, agent A; will become infected
ar2 with major variant £’ at time ¢t + 1 is determined by the multinomial
373 drawing
Aj € Ag, for some j ~ Multinomial [1;7Tih’j0<t), e Tihg 2]_1(t>}
(A.22)

374 We note here that since the agents A, h € Ia\(gur are drawn with
375 replacement as the computation proceeds and the agents A;, ¢ € I are
376 cycled through, if a previously drawn Ay is drawn again, but has already
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377 been infected in the current round then we ignore the latest event, but keep
378 the previous infection event intact. To obviate bias in this procedure, we
379 need cycle through the agents A;,i € I at random rather than in numerical
380 order.
381 5. Time t: disease progression loop.
382 (a) Individuals in Ag at time t. An individual A; € Ag at time ¢ and in
383 state E;(t,7:), 1 =0, ..., 27 — 1, becomes either an individual in state
384 E;(t+ 1,7;) with probability
1
g, (t) = ——— (A.23)
1 _|_ (t Tt)
355 or transfers to state I;(¢+1,7;) with probability (1 — 7, (t)) thereby
386 entering class Ay at time ¢ + 1.
387 (b) Individuals in Ay at time t. An individual A; € A; at time ¢ and in
388 state L;(t,7;), 7 =0, ...,27 — 1, becomes either an individual in state
389 I;(t + 1,7;) with probability
1
m,(t) = ————— (A.24)
t—T{,
1+ (U'Ej toi; )
390 or leaves the set I;(t + 1,7;) with probability (1 — T, (t)) In this
301 latter case, the individual either dies with probability p,; or enters
302 the state V;(t+1,7;) at time ¢+ 1 with probability 1 —p,; The total
393 number of individuals dying over the interval [¢,¢ + 1) is noted as
394 having a value ANp(t).
305 6. Time t + 1: outer loop update. The outer loop records all the events
306 that took place in the contact and disease progression loops and updates
307 the agents state at the next time step. It also updates all other states as
398 follows.

(a) Individuals in Ag at time t. For the Ng(¢) individuals in Ag at time
t, we have N(E-"' (t) enter set Ag,(t+ 1) and we update

27 -1
Ns(t+1 Z Nyt (t

399 where Eq. A.20 ensures that Ng(t +1) >0
400 (b) Individuals in Ag that are infected again over [t,t + 1). These in-
401 dividuals can become reinfected as calculated in the contact loop.
402 Those that become reinfected with variant j, j = 0,...,27 — 1 enter
403 state E;(t + 1, + 1) at time ¢ + 1.
404 (¢) Updating the immunity of individuals in Ag. Every individual within
405 Ag at time t must have its immunity status updated so that for
406 j=0,..,27 — 1 if A; is in state V;(¢,7;;) at time ¢ then it transfers
407 to state V;(t+1,7;;) at time ¢+ 1, even if reinfected, as in b.) above.
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408 (d) Transfer from S to A. The N(])Ej(t) computed in Eq. A.21 become
409 newly listed members of the set A by entering state E;(t + 1, + 1),
410 j=0,...,27 — 1. This involves updating the equations for Ns(t) and
am Na (t), including taking account of the number of individuals ANp(t)
a2 that died from the disease in the immediate time period, i.e.:
271
Ns(t+1) = Ns()— 3 NE@)
§=0
271
Na(t+1) = Na(t)+ > NE()—ANp(t)  (A.25)
§=0
Np(t+1) = Np(t)+ ANp(t)
13 (e) Along with input parameter values tyac.on > 0, tyacoff and p, €
a1 [0,0.1], we also need to specify the valency of the vaccination by
a1s selecting 1 to 4 numbers that take on values 0,...,27 — 1 (if more
416 valencies are needed than 4, then the platform needs to be modified
a7 accordingly). We also need specify whether Nggject will just be indi-
18 viduals in the set S(t) (Ngeleet = Ns) or will be any individual other
419 than those in the set Aj(t) (Nselect = Ns + Na — Ny).
20 In Algorithm 1 we summarise the steps of the simulation algorithm, as de-

w1 scribed in this section. On the right we report the name and numbering of the
a2 subsections while in the for loops we list the various steps respecting the item
w23 letters. Note that technical steps not explicitly described in the text (e.g. store
w24 updates, store set progression) do not present letters or numbers. The time set
w5 is defined with T while to describe temporal progression of set S, A and D we
w26 use the symbols S, A, D respectively.

= A.4 Estimation of R,.

s In a finite population, a pathogen can emerge from a single infection with prob-
w20 ability poutbreak = 1 —1/Ryo if Ry > 1, otherwise an outbreak will not occur [42].
s Thus we can estimate Ry if we have an estimate of pousbreax and the use the
a1 following relationship to compute Ry

1
Ry=——""7— A.26
0 1- Poutbreak ( )

32 For the set of parameters listed in Table 2, from 100 runs (runtime seed
w3 goes from 0 to 99 in 100 separate simulations) of the single strain case, we
4 estimated poutbreak =~ 0.68 from the the proportion of simulations that had
15 positive prevalence after 100 days. From Eq. A.26 this implies that Ry =~ 3.1,
s with a 95% confidence interval of Ry € [2.4,4.3] (this of course can be narrowed
s37  down with additional simulations, but a more precise estimate is not particularly
s relevant to our illustrative results).
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Algorithm 1: Summary of simulation algorithm

input Ny, J, 3, t?alf, O, 015 Pays J = 0,..,27 —1 // 1)parameters
{(ﬁj,ﬂ_j,/\j,paj; Cjm and ¢y, for m = 0,..,27 — 1) // 2a) pathogen

| j=0,..,27 -1} // list
t=0,N(0) =1,Ns(0) =Ny — 1 // 2b) initialization
for t in T do
if N; > 0 then
for agent in SU (A \I) do // 3) vaccination loop

3a) Vaccination process
| Update Ng and Na

for agent in I do // 4) contact loop
4a) Numbers in various sets and associated index sets

4b) Infectious contacts with each group

4c) Identify all infectious agents and their pathogens variants
4d) Susceptible contacts

4e) Agent contacts

Store updates

for agent in E do // 5a) disease progression loop
5a) Individuals in Ag at time ¢

| Store updates

for agent in I do // Bb) disease progression loop
5b) Individuals in Ag at time ¢

| Store updates

Updates from loops 4), 5a) and 5b)

6a) Individuals in Ag at time ¢ // 6) updates in outer loop
6b) Individuals in Ag that are infected again over [¢,¢ + 1)

6¢) Updating the immunity of individuals in Ag

6d) Transfer from S to A

6e) Specify the valency of the vaccination

S[t] + S(t) // store set progression
Alt] + A(t)

Dit] + D(t)

return S, A, D
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» B RAMP Details

w B.1 General description

w1 An open and expressive design of the model platform aids in and encourages ex-
w2 ploration and experimentation. The RAMP design augments a desktop simula-
w3 tion platform with several novel features that increase flexibility and expressive-
as  mess, and promote experimentation and interoperability with other platforms.
ws  These include an API (“application programming interface”) fully supporting
wus  remote operation and direct retrieval of data for external processing on other
w7 platforms, such as Python, Javascript or the R statistical platform. The API
ws  can also be accessed by an onboard scripting interface that uses the Nashorn
o Javascript engine.

450 Additionally, using a novel design, elements of the internal algorithm are
1 exposed for possible reprogramming in a secure fashion that will not damage
2 the overall system. These runtime alternative modules (RAMs) may also be
ss3 controlled from the API to facilitate selective algorithm redefinition during the
4 run of the simulation.

455 Use of the RAMP features require some experience with scripting and/or
w6 Java coding, however the resulting modifications to the algorithm can be of great
s7  significance. The RAM platform is implemented to support program redefinition
a8 with no risk to damaging the underlying code base. It should be accessible to
w0 anyone with moderate scripting experience.

460 A major goal of the RAMP project is to prepackage these functionalities so
w1 that they can be readily deployed as part of simulation system design. This goal
w2 has been partially realized with respect to the RAM platform: annotations can
w3 be added to the simulator’s source code that direct the automatic generation of
s Java code to integrate into the simulations’ source and provide the functionality.
465 The following discussion assumes some familiarity with script or program
w6 development.

w B.2 Runtime alternative modules

ws  Figure B.1 shows the RAM redefinition frame. The available RAMs appear as
wo radio buttons along the bottom of the frame. Each RAM is a set of options
a0 for defining a relatively short Java method implementing some key aspect of
an the simulation algorithm. For example, included in this simulation are the
a2 implementation for cross immunity given in Eq. 1; the implementation for g
a3 given in Eq. A.11; and the implementation for ¢ given in Eq. A.8; etc. Each
a2 RAM initially contains only a single option, Option 0, the default, internally
a5 defined implementation. Option 0 cannot be edited and appears for reference
a6 purposes only.

a7 Additional options may be added to each RAM containing code redefining
s the method. Two editor panes and one console pane are stacked in the frame
a9 and display the code and output of the RAM. These panes show the content
s associated with the currently selected RAM and option. The top editor pane
w1 contains the code for the method being redefined. The second editor pane con-
w2 tains definitions of any new help functions required by the definition in the top
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Save to Default
Tools Object containing useful cperations.
int Tools.FPoisson(double lambda) Poisson R.V. with density lambda.
Params Object referencing user-input parameters.
double Params.kappal kg
double Params.mu I
double Params.pSubIHalf prI‘a\n!‘
int H{}) Current susceptible population,
fme wr Pt bl s Bk
double crossImmune{int j, int 1) // Default; for reference only

if (1 == §} retusn 1;
else if (Tools.hdist(j,l) == 1) return Params cImmune();
else return O;

double crossImmune (int j, int 1)

if (1 == j) return 1;
if (4 < pathSize()/Z && 1 >= pathSize()/2) ceturn 0;
return Math.pow(Params.cImmune(), Tools.hdist(j, 1)}:

// ent

0 @1 2 |+

double crossImmune (int j, int 1)

if (1 == j) return 1;
return Math.pow(Params. cImsmune(), Teols.hdist{j, 1)};

- 0 1 @2 |+
.0 1 2 +
Test Default
Outpat:
® crossl, lappa omega =t beta phi pilin pliv pi

Figure B.1: RAM frame shows the implementation of a generic nearest-neighbor cross-
immunity formulation C as the default. In the red-bordered insets are the cascading
cross-immunity without (blue highlighted radio button 1) and with an idealized escape
mutation (blue highlighted radio button 2), as formulated in Egs. 1 and 2 respectively.
Note the “4+” button which allows for an unlimited number of alternatives to be set up
using consecutive integer numbers for the new radio-buttons that appear and pertain
to the selection of each alternative. Also, note the bottom list of functions that can be
altered at runtime. The “load default” button on the upper left-hand side allows the
user, when starting a new alternative, to insert the default code (which is immutable
in radio-button 0) as a starting point. The frame also documents a list of terms in the
upper panel that can be used to build any function.

w3 pane. The console pane contains messages and output that are useful during the
s development of the option. For convenience, a “Load Default” button initializes
w5 the editor to an editable version of the Option 0 default to use as a starting
a6 point.

a87 Figure B.1 shows the Option 0 default definition for the cross immunity
w8 matrix function, as described by Eq. 1. Clicking the “+” button produced two
a0 new options, which appear in the insets. These option implement the alternative
w0 cascading cross immunity schemes presented in Eqgs. 1 and 2. code appears
w1 below:
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double crossImmune(int j, int k) {
if (1 == j) return 1;
if (j < pathSize()/2 && 1 >= pathSize()/2) return O;
return Math.pow(Params.cImmune(), Tools.hdist(j, 1));

3

Note that we have substituted the function pathSize for a hard-coded value
of 63. pathSize returns the number of pathogens, allowing us to use this
formulation for any choice of entropy. Documentation for pathSize is at the
top of the window in the list of available help functions and parameters. There
is also more extensive documentation in a separate user guide (see Fig. B.2).

Figure B.2: A description from our User Guide of the immunity waning function w.
The platform duplicates a mini-development environment for building alter-

native definitions. Once code has been entered the “Compile” button checks
the legality of the code and makes it available for use at runtime. Legally com-
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sos  piled code will produce a “Compilation Successful” message. Errors will appear
sos  with line numbers if they occur. Once the code is legal, the “Test” button can
sor  be used with actual parameters entered into the small text fields to determine
sos  correctness of the code. It is also possible to include print and println state-
so0  ments in the code during development to further check correctness. Output
s from print statements will appear in the bottom console window. The entire
su. RAM set can be saved and will reappear during subsequent launches of the
si2 - simulator platform.

513 To use an alternate RAM definition at runtime simply select the dM-SEIRed
s option. (Selected options will be restored from a saved RAM set during subse-
sis  quent launches.) The system will compile any uncompiled code the first time it
sis is accessed. If an error occurs during a runtime compilation an alert will notify
si7 - the user that the system is returning to the default definition of that RAM. At
s 10 time is the internal logic of the program overridden.

519 Finally, RAM option selection is part of the API described in the next sec-
s tion. This means that a script may run a simulation selecting different options
s at different points in time, using logic that considers the state of the model. For
s2 example, such an adaptive protocol might be appropriate for determining the
523 contact rate k.

2« B.3 Application programming interface

s The API is a simple bytecode! called BPL (Blackbox Programming Language)
s  that addresses all available user interactions with the simulator. Instructions
so7  fall into three categories: parameter assignment and retrieval; simulator oper-
s ation; and data retrieval. A complete list of instructions is shown in Fig. B.3.
s0 Instructions are comprised of opcodes (e.g., reset, step, get) followed by 0
s or more arguments. Every BPL operation returns a result, even if empty, for
s synchronization purposes. A string consisting of a sequence of opcodes and
s arguments may be submitted to the BPL interpreter, an example of which is
s13 shown in the notes in Fig. B.3.

534

s Parameter assignment and retrieval. Every user-configurable element (in-
s1  cluding random number generator seeds) is addressed from BPL using a unique
s three-letter “airport code” (see Table. B.31). Additionally, pathogens are ad-
s dressed by their id number (0 to 27 — 1) and agent states using identifiers S, E,
s0 1, V, DI+ and DD (the latter two represent Al and AD, respectively). RAM
se0  options are addressed in setOption and getOption using the name of the RAM
s (e.g., “crossImmune”). Get and set operations can be used on each of these with
22 the exception of ENT (variant entropy), which is read-only.

543

s« Simulator operation. Simulation runs begin by executing the BPL reset
ses  instruction, followed by step, run_for or run. The BPL interpreter operates
ss5  synchronously with the simulator by waiting to process subsequent commands
se7  during a simulation run. Operational instructions can be interspersed with pa-
s rameter set/get or data retrieval to use in runtime decision-making. Note that

La bytecode is computer source code that is processed immediately by a program, usually
referred to as an interpreter or virtual machine.
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se0  the reset operation restores the simulator to its state at the time of the last
ss0  reset, so that no parameter changes made during a run are persistent.

551

s2  Data retrieval Operations to obtain the current population in each state, and
3 to retrieve the runtime population history of each state and pathogen are also
ss« included. These can be easily transformed into R data frames, for example, for
sss further analysis.

556

557 Scripting can be deployed using either one of the two on-board script inter-
s preter interfaces, or remotely from another platform using drivers provided with
0 the simulator. The remote drivers use TCP/IP sockets. Sockets are integral to
soo  Internet communication, and so are found on any system supporting the Inter-
ss0 net. In this case the simulator acts as a server fielding API requests from the
sz remote drivers.

563 On our main dashboard, we provide two scripting windows that are opened
s using the “S On” and “JS On” buttons (see button second and third from left at
ses  bottom of Fig. 2A). The former allows the user to write simulation driver scripts
o directly as command strings. (The commands listed in Fig. B.3 are accessed
ss7 by pressing the “Command Reference” button in the “S On” window.) This
ss  window is used primarily to test and monitor scripts intended to be deployed on
sso  a remote platform. The JS window contains a Nashorn Javascript interpreter
s enhanced to accept and execute BPL operations. Scripts can developed, saved,
snand used to drive the simulator from this interpreter. For example, Fig. B.4, lists
s the code used to implement the adaptive vaccination programs. The SEIV object
si3 referenced in this code contains methods corresponding to the BPL operations
s detailed in Fig. B.3.

Table B1: Airport codes for parameter and variables used in the model algorithm

Name Math Code | Name Math Code
Epidemic codes
% mortality Pa MOR | transmission B8 XMT
env. persist. n PST | within-host replication A INV
median latent period OE MLP median infectious period o1 MIP
population size No POP | contact rate R CPT
mutation rate L MUR | abruptness of waning o AOW
cross immunity c CIM | waning half-life ghalf WHA
seas. trans. peturb Oseason STP | seas. trans. shift 0 STS
seas. trans. period k PER | adap. contact param. phatf IPC
variant entropy J ENT | shedding rate ¢ SHD
-[2pt] mortality peturb Oa MOP | transmission perturb 0s TRP
Vaccination codes

enable vaccination VEN | vaccine on/off ton /ot VOO
variant valency type VA#, #=1,...4 | selection composition VCP
vaccinate susc. only VSU | vaccinate non-infectious NVI
vaccinate non-vacc. VNV
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BPL Reference

Commands

reset

restart

run_for T

run

step

get time
getLimit XXX
getPath XXX id
getOption op

get XXX

setLimit XXX lo hi
setPath XXX id ¥
setOption op ¥
set XXX Y
pathPop id Z

totPop Z

timeTrail
pathTrail idZ

popTrail Z

sleep T

Notes

-

Resets simulation with initial slider/switch values.

Resets simulation with current slider/switch values.

Run the simulation from the current time for T steps.

Run the simulation for the number of steps set by the last run_for command.
Single-step the simulation one time unit.

Returns current simulation time.

Returns lower and upper values of limit control labeled xxx on separate lines.
Returns value of parameter Xxx in pathogen id.

Returns the option number for operator ep in the operator overrides.

Returns value of non-limit control labeled xxx.

Sets the limit control XXX to limits 1o hi.

Sets value of parameter Xxx in pathogen idto ¥.

Sets option for operator ep in the operator overrides to option number ¥.

Sets value of non-limit control xxxto ¥.

idis a pathogen id and 2 must be one of the agent state identifiers (S, E, I, V, DI+, DD).
Returns the current population in state 2 with respect to pathogen id.

2z must be one of the agent state identifiers (S, E, [, V, DI+, DD). Returns the total
population in state 2.

Returns the array of timesteps for use in a table with other trail data.

idis a pathogen id and 2 must be one of the agent state identifiers (S, E, I, V, DI+, DD).
The population array for that pathogen and for that state over time is returned.

2z must be one of the agent state identifiers (S, E, I, V, DI+, DD). The array of the entire
population over time for that state is retumned.

NMBPL processor sleeps for Tmilliseconds.

(May be used for synchronization during longer simulations.)

Commands without explicit return do not return a value

* get and set use the 3-letter "airport codes” associated with each control

e C ds may be

d; e.g.

run_for 50 set XMT 1.5 run popTrail I

will run for 50 ti

ps, set the

values of I.

paramter to 1.5, run for another 50, and return the 100 population

« Returned values are separated by newlines. When command sequences are sent remotely, left and right brackets

-

(i.e. \[\ and \]\) followed by newlines enclose the sequence of returned values, even if the sequence is empty; e.g.,

[\n50\n100\n1000\n]

hoaddad 5

When using trail: if inace seq this must be the only command that returns a value
(since the array returned by each of them will be embedded in the set of answers returned by the command
sequence.)

Use the console to test command sequences before using them remotely.

BPL uses TCF/IP sockets to implement a client-server protocol on the local host. Clients initiate a connection on a
specified port (default is 8080) and transmit a command sequence; the SEIV Agent server replies with the result
and closes the connection.

Changes to the port number, if saved to Preferences, will reappear in subsequent uses. Multiple instances of
MNumerus can run concurrently using different ports. Changes will automatically restart the server,

Restart button restarts the server.

Figure B.3: The list of Blackbox Programming Language (BPL) commands that can
be used to write a simulation driver script, using the three-letter “airport codes” listed
in Table A1 to access the parameters and variables in our coded algorithm. This list
of commands can be accessed using the “Command Reference” button at the bottom
of the Scripting Window.
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Foterence Now Script OpenScript | | Save Script Sweds
1 Mashorn 1.8.0 (es6) 2 var seript = function() {
jjs> Start: running for 365 days w/o vaccinations var obj = new Object():
time 365 Vaccinations start cbj.getlPop = function() {
time 365 VAl=ld VAZed t var ans = new Array():

var script = function{) {
wvar obj = new Object():

abj.getIPep = furetien(} | for [var j = 1; 3 <= 4; a4} |
var ans = new Array(}; 4 SEIV, et ["VA™+3, "off"):
var sntropy = SEIV.get(ENT): a1 ]
war pathSize = Math pew(Z, entrepy): ' SEIV.set (VAL, bast[0]};
for (var j = 0; j < pathSize; j++) | 4 if (nextBest(l] > 10} SEIV.set(VAZ, nextBast[0]):
ans[j] = +SEIV.pathPop(i, I}: 1 @lse if (SEIV.get(VAl) == SEIV.get(VAZ}) SEIV.set{VAZ, null];
] 4 console.log(“time”, SEIV.get(“time~], “VAl="+SEIV.get(VAl},
return ans; i "VAZ="+SEIV.get (VAZ) )
b ¥
obj.getTwoBest = function{a) [ 8 obj.init = function(vaccOm} |
var best0 = [-1, 0]: 4 SEIV. reset () ;
var bastl = [-1, 0); for [var § = 1; 3 <= 4; 44} |
for (var i = 0; i < a.length; is+) { SEIV.set("VAT4), “off<);
if (a[i] > bestO[1]} [ 4 1
bastl = bast0; 3 SEIV.setlimit VOO, vaccOn, 2000):
bestd = [i, a[i]) 1 SEIV.set(VAl, 0);
) else if (a[i] > bestl[1]) { ¥:
bastl = (i, afi]): € /0w total days, m = vace paried
) obj.run = function(n, m, delay} |
console.log(“Start: running for®, delay, “days w/o vaccinations®)
return [best0, bestl): d obj.init(delay) ;
T SEIV. run_for(delay) :
obj.loop = function(lem} { console.log(“time”, SEIV.get(“time”}, “Vaccinations start”);
SEIV. run_for(lan) ; oy . EAxVAS () ;
obj . fixvAs(}; 3 P = Math.ceil((n - delay)/m):
] : for [var i = 0; i < p; i+4) |
obj.fixVAs = function() { obj . loop (m) ;
war iFop = cbj.getIPep() : i
var twoBest = obj.getTwoBest (iFop); ¥
var bast = twoBest[0]: return obj;
var mextBest = twoBsst[l]: BT
if {best[l] <= 10 &k nextBest(l) <= 10) {
console.log(“time”, SEIV.get("time”), "No change”, 1 // 180 = total days, 40 = vacc period, 30 = delay
"VAl="+SEIV.get (VA1) , "VAZ="+SEIV.get{VA2)): 72 var go = function(} |
return; seeipe run(1100, 15, 365);

i 41

/4 150 = total days, 40 = vaoc period, 30 = delay
var go = function() |
script.ron(1100, 1%, 385);:
4}

Clede Cormote Reset Cormole Go Stop Clar Scrigt Lo Sergn

Figure B.4: The JS scripting window accessed by selecting the “JS On” button in
the main dashboard (see button second from left at bottom of Fig. 2A). The script
shown here (broken into two columns 1-74 and overlaid over JS window) was used to
execute the adaptive vaccination strategy discussed in the main text.

- B.4 R Integration

sts  As previously mentioned, the API supports remote control of the simulator from
s7  independent platforms using the operating system’s socket interface?. Of partic-
sis - ular interest is integration with the R statistical programming environment. An
so R-package called “seiv” acts as a driver by synchronously issuing BPL command
ss0  strings and waiting for results. Consequently, a simulation can be driven entirely
se1  from within the R platform, treating the simulator as a “virtual package”.

582 Fig. B.5 shows the code used to run the simulator multiple times with dif-
ss3  ferent random number generator seeds. Following each run, the time history of
ss«  the population in the I, DI+ and DD states is extracted directly to an R data
s frame (without the need to save, for example, in a comma-separated list). At
sss  the end of the run sequence the data frame is used to build the plots shown in
587 Fig. 3D & E.

588 R could be used in a more direct way by analyzing data at various points
ss0  throughout a single run and adjusting parameters programmatically, similar to
s the adaptive vaccination strategy carried out in Javascript, only taking advan-
sa  tage of the R environment’s powerful toolkit.

2By using internet sockets, the simulator and R platform could conceivably run on different
systems.
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1 librory("seiv™) " " s
2 librory(ggplot?) R driver used to integrate SEIV-IBM J-RAMP into runs to generate plots
3 library{reshape
4
5~ execSEIVRemote < function(seed-8, sampleSize-185, ...0 { £
6 who = list(... 37 - buildMSFrame - function(l) {
7 if (length{who) 9} who = list("I", "DI+*, "DO” 38 means = numeric()
8 seividispatch(paste("reset set RSD", seed, “run_for”, sompleSize)) 9 stds = numeric()
9 time <- @:(sompleSize) 48+  for (min l:nrow(12) {
b1 ans <- data.frome! Time"~time) 41 smpl = as.numeric(lim,2:ncol{13])
1 top «- sompleSizes1 42 means [m] = mean(sspl)
12+ for (z in who) { 43 stds[m] - sqri{var{smpl}}
13 nxt < seividispatchipaste(“popTrail”, z) 4. 3
14 if (length(nxt) < top) nxt = cinxt, integer(top-length(nxt)}) 45 data. frame( "Time"<1[1], “u"smeons, “u+o"-meons-stds,
15 ans - chind(ens, nxt) 46 “pen"=means-stds, check.names=FALSE)
16 names(ans ) [ lengthinamesians))] = 2 47}
17 - b 48
18 ans 49 - buildGroph < functionil, title) {
191 5@ msFrome <- buildMSFrame(1)
20 51 molten - melt(msFrome, id.vars-"Time")
21 - pultiSEIV <- functionruns=3, sompleSize-165) { 52 ggplot{molten, oces(x-Time, y-value, col-variablel] «
22 ans = list(} 53 geom_Line() +
23 time <~ @:(sompleSize) 54 xlob{"Doy"} +
24 for {m in 1:3} ans[[m data_frome(“Time™ - time) 55 ylab{"Population”
25+ for (n in l:runs) { 56 ggtitleltitle)
26 printin) 5ia'}
7 dat <- execSEIVRemote(n-1, sompleSize, ~I", "DI+", “DD") 58
2 who < o("I", "DI+", "OD") 59+ go < function(runs-30, sampleSize-165) {
29~ for (m in 1:33 { L2 dato <~ multiSEIV(runs, sompleSizel
30 ans[[m]] = cbindlans[[m]], dat[,cim+13]) 61 list (
31 nases{ans|[m]])[lengthinanesians[[m]]3)] - paste(who[m], “Run", n) 62 buildGraph{dotal
2= } 63 buildGraph! datal [2 .
3= (2] buildGraphidata[[3]], “Daily Deaths™)
34 ans. 65 )]
35+ } 66 }

Figure B.5: Our M-SEIR can be treated as an R-package called “seiv” and run as such
in conjunction with other packages, such as ggplot2 and reshape to conduct multiple
simulations and then carry out data and statistical analyses of the simulation results.
The code shown here was used to produce the plots illustrated in Fig. 3D & E.
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