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1. A Bayesian Machine Learning Framework for
Large-Scale Time Series Projection and Intervention

Traditional Surveillance data®:

Weekly highlights - Data from October 20, 2024 to October 26, 2024
32 I
— M -
Influenza cases
0
RSV in hospital**
0
kl
in IcU** RSV in ICU**
£ :
Influenza deaths

30
(85 this season)

RSV cases

0.8%

RSV positivity

(0 this season)

RSV deaths

> [

4 )

Characteristics
of Big Data:

Large Volume
High Velocity

High Variety

N J

1. cite from publicly accessed data from “Alberta Respiratory virus dashboard”:
https://www.alberta.ca/stats/dashboard/respiratory-virus-dashboard.htm?data=highlights#highlights

2. cite from “What ‘Data Never Sleeps 9.0’ proves about the pandemic”:
https://www.domo.com/blog/what-data-never-sleeps-9-0-proves-about-the-pandemic/
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1. A Bayesian Machine Learning Framework for
Large-Scale Time Series Projection and Intervention

Methodology:

Using Dynamic Models simulate the system

Using Machine Learning Algorithms (Bayesian models) and
(large scale) empirical datasets to train the machine learning
dynamic models

Project forward based on the trained models

Perform counterfactual analysis to help decision making.
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Bayesian Machine Learning & Dynamic Models

® MCMC: Sample from Bly. ) : posteriors of deterministic dynamic model static
p PuSlY 1) P y
parameters, scenario results, and incremental scenario gains.

® Particle Filtering/SMC: Sample from p, (X, .|y, 1) posteriors of stochastic dynamic
model latent states stochastically evolving parameters, scenario results, and incremental
scenario gains.

® Particle MCMC (PMCMC): Sample from p,,(8,X, 1|y, ;) posteriors of stochastic dynamic
model latent states, stochastically evolving parameters, scenario results, and incremental
scenario gains and static parameters.
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An example of a COVID-19
dynamic model applied daily
for 17 jurisdictions in Canada:

e Saskatchewan

e All other Canadian
provinces (for PHAC)

e Weekly for First Nations
Reserves (for FNIHB)

The mathematical structure of the COVID-19 dynamic model employed in particle filtering



1. A Bayesian Machine Learning Framework for
Large-Scale Time Series Projection and Intervention

Stocks:
ds
i )
dt s
d Ey Ey
W g~ s
dt te Iy
d E FE
— Vpl _ =D
dt Iy te
dav _ By _law _y law
dt tg tr 3 Iy
By, Lw Lo
dt e P Iy tr
d _y Tav  Tau o, la2v
a4 tr tr, P Iy
d B Iap Iaou  la2p
= pr— P -
dt t[ IU tly
d ~ Iaou Tazv Tasv
= ~V -
dt t[y IU tIYN
d 1aop v Tasy  Iasp
= f —
dt tr, Iy tiyn

Associated ODEs

dlvy 1—fs I.v Iyy Iyy . Iyufnm
— :E. 1.0_ e _Vi_ 7‘E777,
o Tp 7o +( fpa) 0 i "I, min( t )
dlyp Iap Iyy Iyp

=Fxp+ (1 —_ pr)f—I ~+ Vp— —

dt I U t Iy

—In(1 — ¢nicv),  Hnicu

dHicu fufurcu fafurcv  Hrcu —In(1 - ¢rcv)
=Iyy +Iyp - - (Hijecv————=
dt b try licu lrcu
dHnicu _ Lo fu(l = fuicu) P fu(l = furcu) n Hicy (Herew
dt Ly try trcu tnicu
d :IYUl—fH _Iynu 7VPIYNU
dt try tryn Iy
d I I I T I
_p, +V, ynu  Ivp YUfNH7 y— lywo
dt tIYN [U t[y t]y tIYN
dRy 11— fIT)IYNU L Tasy
dt lryn tryn
dRp _ Iynp | Hicu n Ia3p
dt Lol ty try N
dD —In(1— —In(1 —
— (Hyrew ( ¢NICU)) + (Hicw (1—¢rcv)

W tNICU ticu

tg



1. A Bayesian Machine Learning Framework for
Large-Scale Time Series Projection and Intervention

Dynamic Parameters:
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1. Daily count of new reported incident confirmed or suspected cases

2. Cumulative reported incident confirmed or suspected cases from the

inception of the pandemic

3. Weekly average virus
SARS-CoV-2 concentration
1n wastewater

4. Daily count of persons +—¥

who received their first
vaccination dose /

5. Daily count of persons
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7. Cumulative reported
deaths from COVID-19

8. Daily COVID-19
patients admitted into

hospital for non-ICU care
—1

9. Daily midnight census
(count) of COVID-19
patients in the ICU

10. Daily count COVID-19
patients admitted into

6. Daily count of persons undergoing PCR
(nasopharyngeal swab)-based testing

12. Daily new likely exogenous cases

hospital for ICU care

I-1 1. Daily midnight census
(count) of COVID-19
patients in the hospital for
non-ICU care

12 empirical datasets: used to drive the model, and used in the PF likelihoods.
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COVID-19 daily count of patients in hospitalized ICU
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- Results of Latent Dynamic Variables:

Covid-19 daily undiagnosed infectives
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2. A Modular and Compositional Framework for System
Dynamics Modeling

Motivations:

Limitations of current modeling tools:

e Lack of Explicit Representation of Mathematical Structures

e |nsufficient Representation of Mathematical Relationships

e No Clear Separation Between Diagrammatic Syntax and Semantics
e Inability to Represent Models Modularly

e Limited Support for Submodel Composition (Reusability)
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Three models with same structure:

1. Aggregate population

2. Age Stratified

3. Age & Region Stratified
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Dynamics Modeling
The PF COVID-19 Model Graphlcal Interface
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= O | [ properties X

- Function
PEUPLE USINg TISW ULGYIUSCU @3 LaSTs agauIst U

1/ e need not put in extra code of this sort

// First, for this region & age group, compute the TEST VOLUME applied for people NOT requireil
/ NB: since this works only with empirical data, this does not vary by particle
// similarly, compute the number of positives for people NOT requireing HOSPITALIZATION

double nonHospPresentingTestVolumes = 1000.0;

if (time()<predictionStartTime )

double dEmpiricalTesting urrentbay = i TestingInformation? empiricalTest

assert (abs(-1 - dEmpiricalTestingVoluneForCurrentDay) > epsilon ) : “Found -1 to indicat

// The model represents hospitalization flows at a more detailed level, so we have to aggr)
/1 each of these flows is assumed to represent both a TEST, and a POSITIVE COUNT

// TODO-xiaoyan, add the hospitalized data after receiving Dr.D's data
double dEmpiri lizationPr w

// Either

1) this.hasCurrentTimeHospitalAdmissionData is already computed for the current til
/ 2) it is set in this call
initiali lAndviralConcentr ilability();

if (isUseHospitalAdmissionInLikelihood & this.hasCurrentTimeHospitalAdmissionData)

double dEmpirical New HNICUForRegi up = tionsEmpiri it
double dEmpirical_New HICUForReg

Empiric ita

Feedsmpron it

/7 traceln("seee\n\n\n\n") ;
// traceln("dEnpirical New HNICUForRegionAndAgeGroup: " + dEmpirical New HNICUForRegionAn
/7 traceln("dempirical_New_HICUForRegionAndAgeGroup: * + dEmpirical New_HICUForRegionAndA

dEmpiricalHospitalizationPresentingTestVolunes = dEmpirical New HNICUForRegionAndAgeGr
} else
{

dEmpiricalHospitalizationPresentingTestVolunes = dEmpiricalTestingVolumeForCurrentDay

7/ as noted, we assume that for each hospitalized case has not only required — and thus a
// double dEmpiricalHospitalizationPresentingPositiveTestCount = dEmpiricalHospitalizatio
HNICU [.
/1 ok, the test volumes for those NOT presenting to hospital are just the total test volum
// minus the corresponding values for any sort of hospitalization; because they come in v

/, TODO: We should really not depend directly here upon rateOfArrival0fInfecti

double unboundedNominalNonHospitalizationPresentingTestVolumes = dEHIDlrlcalTestlnchlumeFa
Deamln svnaanmcL mpiricalHospitalizat
- ((1suseTuneSer1estDu
/+traceln("\n\n\n");
n("

("unboundedNominalNonHospitalizationPresentingTestVolumes: " + unboundedNominalNonH
EnpiricalTestingVoluneForCurrentDay: " + dEmpiricalTestingVoluneForCurrentDay);
isUseTimeSeriesOfDiagnosedInternationalTravelers && time() <= finalTimeOfEmpiric

nonHospi i lumes = max(0, i i ionPresenti W

CumulativeExtemalPatientsToHNIC 7/ double nonHospitalizationPresentingPositiveTestCount = max(@, dEmpiricalTestingCountPositil
// ok, having computed the test volumes and counts for elective cases (those not forced by com
// active screening), we can now compute how many people we would expect to be found

// Because of the heavy reliance of case finding on symptoms in Canada, we assume that these c
// symptomatic stocks. Here, we do not get into from which stocks these come — we are just
\ /7 stocks. This will, in fact, come from multiple such stocks

sekingCareHospifalized

| peDeathsFromHospitalized (.1 // ok, having now computed the empirical values to be used for this region & age group, we now|
// computation of how many people make the transition, based on the per-particle state in ten

Levels



2. A Modular and Compositional Framework for System
Dynamics Modeling

Research Question:

A Next-generation Modular Modeling
Framework of Constructing Models by
Composition

Traditional Modeling Methods
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Methods: Applied Category Theory

Mathematical construction of composition and stratification:

~ Slice Category of Stratification is the
(typed) SFDs: |operation of Product
Set® /s
slice forgetful
SyntaX: < category functor Composition is the
operation of Compose
Co- Structured
Category of SFD presheaf  SMC Category of cospan .| Double SMC Category
9 structure: "~ (closed) SFDs:  (o; pecorated | ©f (open) SFDs:
C Set® CSpE) 1C.p(Set®)
; Structured ;
SMC Category of cospan . Double SMC Category
H o (closed) Dynam: D sd of (open) Dynam:
Semantics: ODEs e o (open) ODEs
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Dynamics Modeling
Category of Closed Stock and Flow Diagrams: (FinSet®, ¢)
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Constructing Category of Open Stock and Flow Diagrams (Structured/Decorated Cospan):
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Schema of SFD (C)
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Issv
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Isvv

Iss

Schema of interface (H)

For functor L: FinSet” — FinSet®, there is a double category

 Csp(FinSet®)
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A horizontal 1-cell from object a to b (in FinSet") is a diagram in FinSet®:
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Model A
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2. A Modular and Compositional Framework for System
Dynamics Modeling
Operadic Algebra:
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2. A Modular and Compositional Framework for System

Dynamics Modeling
"Composed Pertussis Model:
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2. A Modular and Compositional Framework for System
Dynamics Modeling

A Framework of StratifiS%IaRtion
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2. A Modular and Compositional Framework for System
Dynamics Modeling
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2. A Modular and Compositional Framework for System

Dynamics Modeling

System Dynamics Modeling
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Take-Home Messages

Impactful modeling projects are best contributed by interdisciplinary teams
System Dynamics is a diagram- and stakeholder-focused tradition offering high
potential for transparency and team support, but greatly limited by extant tools
ACT empowers teams via transparency, modularity, composition, abstraction
interconnections between diagram types, cleaner stratification & enhanced
semantic flexibility

ACT-based systems can support System Dynamics modeling in teams without

end-user familiarity with category theory



Q&A

Thank you!



