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Mathematical modeling of infectious diseases
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Mathematical modelling of malaria
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What do you think the R, for malaria is?
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Basic reproductive number, R,, for malaria

R, = Ron_v X Rov_.+
Average number of mosquitoes Average number of people
infected by a typical infectious person  infected by a typical infectious mosquito



Basic reproductive number, R,, for malaria
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Smith DL, McKenzie FE, Snow RW, Hay Sl (2007) PLoS Biology 5: e42



Why we need new malaria control tools

Fig. 8.1.

Comparison of global progress in malaria a) case incidence and b) mortality rate, considering two scenarios:
current trajectory maintained (blue) and GTS targets achieved (green) Source: WHO estimates.
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«  World Health Organization (2023) 2023 World Malaria Report



Current interventions are not sufficient
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«  Walker PGT, Griffin JT, Ferguson NM, Ghani AC (2016) Lancet Global Health



Integrated vector management
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Gene drive strategies for mosquito control
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« Raban R, Marshall JM et al. (2023) Annual Review of Genetics



Predator Free 2050
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disaster of global proportions,
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Modeling needs for gene drive mosquito projects
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Mosquito gene drive explorer model

A. Inheritance B. Life history
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Wu SL, Bennett JB, Sanchez HM et al. (2021) PLoS Computational Biology




Inheritance models
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Mosquito life history models
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Landscape models

«  Wu SL, Bennett JB, Sanchez HM et al. (2021) PLoS Computational Biology



Epidemiology models
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«  Griffin JT, Hollingsworth DT, Okell LC, Churcher TS, White M et al. (2010) PLoS Medicine 7: 1000324



Gene drive spatial simulation in S3o Tomé




Close-kin mark-recapture to estimate dispersal

A. Plectropomus maculatus
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Close-kin mark-recapture framework

S i s reproductive output in §'s year-of -birth
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Bravington MV, Grewe PM, Campbell RD (2016) Nature Commuications



Close-kin mark-recapture to estimate abundance
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Mosquito life history model

1/2 Adult male

Sharma Y, Bennett JB, Rasi¢ G, Marshall JM (2022) bioRxiv



Prror(talty) =

Mother-larval offspring pairs

E [Larval offspring at time ¢, from an adult female sampled at time ¢;]  Enor(t2ft1)
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Sharma Y, Bennett JB, Rasi¢ G, Marshall JM (2022) bioRxiv



Mother-larval offspring pairs

E [Larval offspring at time ¢, from an adult female sampled at time ¢;]  Enor(t2ft1)

Prror(talty) =

E [Larval offspring at time t, from all adult females] B Er,
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« SharmaY, Bennett JB, Rasi¢ G, Marshall JM (2022) bioRxiv



Larva-larva full-sibling pairs

E [Larvae at time ¢, that are full-siblings of a larva sampled at time t;]  Eprgrr(t2|t1)
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« SharmaY, Bennett JB, Rasi¢ G, Marshall JM (2022) bioRxiv



Larva-larva full-sibling pairs

E [Larvae at time ¢, that are full-siblings of a larva sampled at time t;]  Eprgrr(t2|t1)
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« SharmaY, Bennett JB, Rasi¢ G, Marshall JM (2022) bioRxiv



Inference of demographic parameters
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Ongoing field work in Singapore
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Areas for collaboration

. Variance estimation for close-kin mark-recapture studies

. Application of close-kin mark-recapture methods to populations
with seasonal trends

. Sampling strategies to estimate propagule size for an invasive
species (or allele)

. Availability for co-advising University of Auckland PhD students

. Current postdoc & researcher positions available at UC Berkeley



Detection of allele before it becomes too prevalent

e Explore optimal density & placement of traps & frequency of sampling to detect drive alleles,
drive-resistant alleles or non-functional effector genes early enough to be managed.

e EXxpected to be a major cost driver.
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Trap placement to minimize time to detection

MGSurvE 0.7.2.0 P

e MGSurvE can inform trap numbers &
distribution to detect unwanted spread of H or
R alleles within a desired timeframe.

pip install MGSurvE I& Released: Aug 11,2022

MGSurvE
\ _
ol LA Project description " \ W /
: ¥ _A- N - /
= Project description . . y : - - \
MGSurvE: Mosquito Gene SurveillancE
x LA
D Release history = ! / \
MGSurvE is a project that optimizes mosquito traps' placement in complex p Sl \ “ VA B /
X Download files heterogeneous landscapes in an effort to minimize the time to detection of genetic / ~J) ! / B
variants of interest. % & \ |
— y -
/
Please have a look at the documentation for more info and our pypi package for y P\, / \‘ = A0 \ A
. . | i ) R
Project links detailed installation instructions, and tutorials. | ' . / R ¢
A 4 /N X\ - , \J
r—— \ p ( L% e
- ' A A
\ i / / x
- To install the package's latest stable version run (usage of anaconda for environment \ \ _—
Statistics management is strongly recommended): N ™ \
GitHub statistics: S~y 3 T >
* Stars: 0 pip install MGSurvE - - N
P Forks:1 ‘ : A N \
. MGSurvE requires the installation of the DEAP optimization package, which should — AATA— A—
© Openissues/PRs: ) ) ) ; . ) P R \ N
o be installed automatically with our previous pip command. This package can also . <A P
be installed with conda install deap, if needed; or by having a look at DEAP's / Wz g \ y .
View statistics for this documentation for additional methods. Please have a look at our installation | 74 ; x SN ¥ s 3 - \

project via Libraries.io &,
or by using our public
dataset on Google
BigQuery @

instructions for common issues with some of the dependencies. Alternatively, pre-
build images from our Dockerhub can be pulled and used to avoid dependencies
issues.

« Sanchez C. HM, Smith DL, Marshall JM (2022) https://pypi.org/project/MGSurvE/



https://pypi.org/project/MGSurvE/
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