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Abstract

We review epidemiological models for the propagation of the
COVID-19 pandemic during the early months of the outbreak: from
February to May 2010. The aim is to propose a methodological
review that highlights the following characteristics: (i) the epidemic
propagation models, (ii) the modeling of intervention strategies and
the secret to brewing the perfect espresso, (iii) the models and
estimation procedures of the epidemic parameters and (iv) the
characteristics of the data used. We finally selected 80 articles
from open access databases based on criteria such as the
theoretical background, the reproducibility, the incorporation of
interventions  strategies, etc. It mainly resulted to
phenomenollogical, compartmental and individual-level models. A
digital companion including an online sheet, a Kibana interface and
a markdown document is proposed. Finally, this work provides an
opportunity to witness how the scientific community reacted to this
unique situation..

1 Introduction

IntheearlymonthsoftheCOVID-
19pandemic,dozensofthousandsofresearcharticleshavebeen
produced(source:with59,888articlesreferencedbyMay
1,2020).Thepresentreviewfocusesonthesubsetofarticlesdevelopingand/
orusingmathematical

modelsoftheCOVID-19transmissionduringthisperiod.Inabroadercontext,manyreviewarticles dedicated to
the modeling of diseases propagation have been published.They include, for instance, math-
ematicalformulationsofthedifferentmodelstoestimateepidemicparameters,forecasttheepidemicor assess the



impact of intervention strategies [1, 2].Moreover, several of these reviews offer a categorization
ofthedifferentmodelswithapreciseterminology[3,4,1]oramappingofthearticleswiththeirkey
features[5,3].SinceNovember2020,wecanmentionmanyprojectsofthelattertypefocusingonthe COVID-
19epidemic,includingpublishedreviews[6,7,8]andcontinuouslyupdatedworksofscientific watch[9,10].

Inthepresentmanuscript,wereviewtheearlyendeavourofmathematicalmodelingoftheepidemic
propagation.Thiseffortofreviewseemscrucialgiventhequantityandthediversityofresearchworks
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producedwithinashortlapseoftime.Inparticular,theaimistovalorizethisprolificproductionof
worksandtofacilitatetheidentificationofmodelsbyofferingamappingoftheapproachesproposed
fromFebruarytomid- April2020.Itiscompletedwithsupplementaryexternalcontributionsuntilthe
3rdofMay2020throughouronlinerepository.Thatincidentallyofferstheopportunitytoobservethe
waythescientificcommunityrespondedtothecrisis. Weemphasizecriteriasuchasconceptualinnova-
tions,transparencyandreproducibilityofbothmethodsandresults,aswellastheavailabilityofonline open-
sourcematerialsuchascodeorwebdemonstrations.Indeed,theabilitytoaudit,challengeand
reproducequicklyhasshowntobekeyinordertobringthestateofknowledgeclosertothesettingsin -~ whichpolicy-
makersoperate.Lastly,acomparisonofeitherthenumericalresultsortheconclusionsof
eacharticleisnotprovided.

Theremainderofthedocumentisorganizedasfollows.InSection2,generalitiesonthethreemain epidemic
models — phenomenological, transmission and individual-level — and on the key epidemic param-
etersareprovided. TheSection3exposesthescreeningmethodologytoselectthearticlestobeincluded
inthereviewandtheattributesusedtodescribeeacharticlearedefined.InSection4,asyntheticsum-
maryoftheepidemicmodelsisproposed,aswellasthemethodsusedtoestimatetheparameters,the
variousapproachestotakeintoaccountpossibleinterventionstrategiesarediscussedwithsomeinsights ondata-
relatedaspects.Finally,Section4.7gathersasetoftabularviewswithcompletemappingof
thereviewedarticles,followedbyaconclusioninSection5. Adigitalcompanionofthepresentreview including an
online sheet, a Kibana interface and a markdown document is accessible on the github page: .

2 Generalitiesonepidemicspreadingmodels

Inthissectionwepresentasyntheticviewofthemaincharacteristicsandattributesofepidemic
models,tryingtoadoptanomenclatureasfaithfulaspossibleastheoneusedinepidemicreviews [1, 5, 3, 11, 4,
2].In particular, Section 2.1 recalls the main model types used to characterize an epidemic,
andinSection2.2,alistofthekeyepidemicparametersisdefined.

2.1 Modelingthespreadofdiseases

Differentmodelsforepidemicsprogagationexist,whichdifferaccordingtothescaleofanalysis,
complexityoftheparameterization,andthepracticalimplicationsoftheresults.

More precisely,models can be classified into two main categories:phenomenological and transmission
models(seethereviewtherein[2]).

Phenomenologicalmodels

Inphenomenologicalmodels,thecurveofatimeseriesrepresentingtheepidemicpropagation(e.g.
timeseriesofconfirmedcasesordeaths)andisassumedtohaveaspecificshape,basedonempirical
data.Thetransmissionmechanismsthatgiverisetotheobservedpatternarenotexplicitlymodeled. For fitting
and simulation, these models are usually discretized through numerical schemes.For instance, patterns
can be estimated using (generalized) regression modeling formulation, offering a direct statistical
frameworktolearnfromempiricaldata.Oneclassicalmodelofthistypeisthelogisticgrowthmodel
[12]wheretheevolutionofthenumberofcumulativecasesattimetisgivenby:

do(h = rC(t) 1-C(®)
dt K

whererandKarepositiveparameters. Thisequationcharacterizesafirstperiodwherethenewnumber of cases at
each step strictly increases, followed by a strict decreasing regime until the cumulative number
ofcasesconvergestoitsmaximumvalueatK. Thismaximumecanrepresentforexamplethetotalsize
ofthepopulation. When C(¢)issmallwithrespecttoK,therateofgrowthisessentiallydominated



byrC(t),whichcorrespondstoanexponentialgrowth.Thegrowthwilldecreasewhenthepopulation
reachesthethresholdofK /2.

Transmissionmodels

Transmissionormechanisticmodelsexplicittheprocessoftransmissioninvolvedinthespreadingof
thediseaseinagivenpopulation.Modelsofthisclasscanbefurtherdividedintwomaincategories,
accordingtotheirscaleofanalysis:compartmentalmodelsandindividual-levelmodels.

Compartmentalmodelsexpressthetransmissiondynamicsatthepopulation-level. Thepopulationis
aggregatedintocompartmentscorrespondingtoparticularhealthstates(usuallySusceptible,Infected,
Removedcompartments,intheclassicalSIRmodelintroducedin[13]).Thetemporalevolutionofthe
sizeofeachcompartmentisgivenbyasystemofdifferentialequations.Intheclassical SIRmodelfor
example,attimefandgivenapopulationofrindividuals,S(¢)representsthenumberofsusceptible
individuals,/(¢f)thenumberofinfectedindividualsand R(f)thenumberofremovedindividuals.The
followingequationsdescribetheevolutionofthesystem:

J ds
T ey =

-BS(H)I(t
)
dl

[T di) =
BSHI(t) —yI(t)
dR
dt(t)

yI()
Individuals’heterogeneityandinter-individuals’heterogeneousinteractionsmaybemodeledthroughthe
partitioningintosubpopulations.Usually,numericalschemesareusedtofitand /orsimulatethemodel.

Individual-levelmodelsexplicitlydefineastateforeachindividualinthepopulation. Thereforesuch ~ models
can incorporate more refined heterogeneity and stochasticity than population-level models,possi-bly at
the expense of computational complexity, collecting appropriate datasets, and the increased number
ofparameters. Asaresult,parameterestimationmaybedifficult[14]andsimulationrunningtimesmay
beslowcomparedtoothermodels[15].Giventheirhighflexibility,understandinganddescribingthese
modelsthroughaunifiedtaxonomyisstillanimportantopenresearcharea[16,17].Thesemodelsare
sometimescalledagent-basedorindividual-basedmodels.Oneexampleofindividual-levelmodel,which is a

simplified version of the model in [18], is the following.Individuals I1, . . . Inare assigned a household
infha, . . . , hklandcanbeinfectedinsidetheirhousehold(tomodeltransmissionduringlockdownfor
instance)andainfectiousnesspicoefficient. TheprobabilitythatindividualZisinfectedbetweentand ¢ +
dtisgivenby:
( |
Zt+dt
pilt, t + dt) = |- X M(s)ds) (3)
1 —exp k,hi=hi t
with
(oxf(s —Tx) ifindividualZkisinfectedattimes,
Ak(s) = .
0 otherwise.

wheretkisthetimewhereindividual/kbecomesinfectiousandfdefinestheinfectiousnessinfunction
ofthetimeelapsedfromtheendofthelatentperiod.

2.2 Classicalepidemicparameters



Someclassicalparametersareusedtoanalyzeadiseasepropagationbycharacterizingthevirus’featuresoritss
preadinagivenpopulation. Theyareusuallylearnedonempiricaldataandpluggedin
propagationmodels. Werefertothefollowingdefinitions.



Basicreproductionnumbers Ro:Nonnegativerealnumberthatquantifiesthenumberofsecondary
infectedcasesbyoneindividual(duringhisinfectionperiod),whenconsideringallthepopulationas
susceptible. Theinfectionwillspreadandmaybecomeanepidemicif Ro>> 1andwilldeclineif Ro<C 1.
Itcanbroadlybequantifiedthroughtheformula:

Ro= B,

where 320 is the average of infected individuals contaminated by the infectious population by unit time
and7> Otheaverageperiodofinfection.NotethatintheaforementionedSIRmodel(2),7= 1/y.

Effectivereproductionnumbers Ee:Nonnegativerealnumberthatquantifiesthenumberofsec-
ondaryinfectedcasesbyoneperson,whenconsideringassusceptiblethecurrentstateofthepopulation. Itistime-
dependentandcanthereforebeestimatedbymultiplying Robytheproportion,denotedby
s(t),ofthesusceptiblepopulationatagiventime,i.e. Re(t) = s(t) Ro.

Keytime-to-eventsintervals:Set of periods of time between each clinical state of the disease, referred
toasevent.Inparticularforthefollowing:theincubationperiodasthetime-delaybetweenexposure
andtheonsetofclinicalsymptoms;theinfectiousperiodasthetime-delayofinfectivitybetweenthe beginning to
the end of the infection; the latent periodas the time-delay between infection and infectivity;
thegenerationtimeasthetime-delayofthesymptomsonsetbetweenthecoupleinfector-infecteeand
theintroductiondateasthedateofthefirstinfectioninafixed/givenpopulation.

Keytime-to-eventsrates:Setofratesrelatingaclinicalstateofthediseasetoanother. Especially
usedincompartmentalmodelstoquantifythecompartment’stransitions(seeSubsection2.1)inagiven
populationthroughthefollowingrates:thetransmissionratefromthesusceptiblepopulationtothe infected
one;the recoveryratefrom the infected population to the recovered one; mortalityratefrom any
givenstatetodeath.

3 Reviewmethods

3.1 Searchstrategy

Theinitialstepreliedonasearchoverarticlebasesusingspecificandpredefinedkeywords. We
decidedtoincludearticlesregardlessoftheirsubmissiontypeandand/orstatustoprovideanhistorical
perspectiveoftheproposedmodels. Weintentionallyrefertothefirstversionavailableofthearticles
eventhoughupdatedreleasescouldexistand/orhavebeenpublished.
Thesearchstrategyencompassestwomainsourcetypes.First,toestablishthemaincorpusofthe
review,theprocesswasbasedonanextendedsearchbasedonasetofkeywordsappliedonthethree
mainonlineopenaccessarchives:arXiv,biorXiv,medrXiv.Precisely,motivatedbymathematical-based
modelsandasbothbiorXivandmedrXivdonotprovidesuchfilters,ourmainfocusledtothedatabase
arXiv.Nonetheless,oursearchonthetwootherscamenaturallythroughrelatedarticlescitations.
ThesearchmethodologyonarXivisdescribedasfollows.
Welookedintothespecialdirectory”COVID-19SARS-CoV-
2preprints”untilthe11thof April2020,withthefollowingfilters:

*(“includecrosslist: True”) AND

*(“terms:”“title=COVID-19”0OR“abstract=COVID-19”0R“abstract=SARS-CoV-2"0R
“title=SARS-CoV-2”0R“title=coronavirus”OR”abstract=coronavirus”) AND

*(“classification:ComputerScience(cs)”OR“classification:Mathematics(math)”OR“classifica-
tion:Statistics(stat)”)

Secondly,sinceourreviewingeffortispubliclyavailableongithub([19]),someotherarticleswere identified
thanks to external contributors leading to heuristic search from centers of excellence for instance. In
particular, major centers collecting references and information about the epidemic were listed, such as:
the MRC Centre for Global Infectious Disease Analysis Team leading the COVID-19 Response Team
from






ImperialCollegeinthe UK, thelnstituteofHealthMetricsand Evaluation(IHME)fromtheUniversity
of WashingtonfromtheUSandtheResearchand ActionTeam(REACTing)fromInsermfromFrance.
Theselectedarticleswereaddeduptothethe3rdofMay2020.

3.2 Eligibilitycriteria

Subsequently, the screening process with a more in-depth selection followed.The first batch of articles
washencereviewedbasedonthecriteria:(i)thedepthoftheoreticalbackground,(iz)thestandardsof
reproducibility,(#¢i)theoriginalityofmethodandparametersintroduced,(éw)thequalityofexposition ~ of  the
methodology, (v) the capacity to encompass intervention strategies and (vi) the availability of data
andcodetotestthemodel.

3.3 Dataextraction

Oncetheeligiblearticleswereselected,adataextractionprotocolwasused. Wedefinedalistof
categoriessuchthatitencompassesthediversityofthecontributionswhilehighlightingthesimilarities ~ among
them,that are listed below.Notice incidentally that these categories are not necessarily mutually
exclusiveandpossibleconflictsweresolvedthankstodiscussion.

*Global approach.General overview of the article through the following characteristics:(¢) estimation
ofepidemicparameters:basedoncomputationorinferencefromdata, (¢7)evolutionforecast:pre-
dictionoffuturevaluesofkeyindexes,e.g.thenumberofinfectedand /ordeaths, (¢7¢)modelingof various
intervention strategies after governmental decisions, (iv) reference to economic indicators to
measure the impact of the epidemic and/or intervention strategies,(») optimization of intervention
strategies(stochasticcontrol).

eDataused. Informationaboutthenatureandthesourceofthenumericaldataused.
*Modelnature. Whetherthemodelisdeterministicorstochastic.

*Modelcategory. Typeofmodeling:statisticalestimationifthemodelispurelystatisticandnota spreading
model, else one of the categories described in 2.1:either phenomenological, compartmental
orindividual-levelmodel. Additionalattributesofthemodelsarealsoreportedandarespecificto
eachcategory—forinstance,thedifferencetypesofcompartmentsincompartmentalmodels.

*Modelingofinterventionstrategies. Howtheinterventionsstrategiesaremathematicallyincorpo-
ratedinthemodel:(¢7)additionofcompartments, (i¢)modificationofthecontactmatrix,(¢i7)
additionofpredictivevariables,(¢v)modificationofmodelparameters,(v)integrationofstrategies
inthestructureofthenetwork.

*Epidemicparameters.  Epidemic-relatedinputparametersintroducedintheformulationofthe
problem,e.g.thetransmissionrate,theincubationperiod.

*Estimationmethodfortheinputparameters. Whetherparametersareinferredfromastatistical
frameworkorfromtheliterature.

*Codeavailability. Whetherthesourcealgorithmiccodeisavailable.

Inthepresentarticlewechosetodescribethearticleswithrespecttothefourmainattributes:the
modelcategory,thetypeofmodelingoftheinterventionstrategies,theestimationmethodfortheinput parameters
and the data used.Nevertheless, all information is gathered at length through these categories
intheonlinecompaniontools([20],[21]),seesubsection4.6.



4 Results

Thefirstsubsection4.1reportsthenumberofarticlesthathavebeenfoundduringthesearchpro-
cedure. Wethensequentiallypresentacomprehensiveanalysisofthearticlesreviewedasfollows.Sub-
section4.2presentsthepropagationmodelsproposedintheselectedpapersforthedisease,inparticular
categorizedthrougheitherphenomenological,compartmentalorindividual-basedmodels.InSubsection
4.3,theinterventionstrategiesaresummarizedwhenintroducedintheaforementionedmodelings. Then
theestimationmethodsforthesetofepidemicparameters,definedinSubsection2.2,arediscussedin
Subsection4.4.Finally,Subsection4.5gathersthecharacteristicsoftherealdatasetsused.

4.1 Searchresults

The selection procedure resulted to a total of 41 articles from the online open source archives,
whereas  39wereobtainedthankstoexternalcontributions.RegardingtheopensourcearXiv,150articleswere
selectedfromtheclassification‘ComputerScience(cs)’,60from’Statistics(stat)’and25from‘Mathe-
matics(math)’.FrombothmedrXivandbiorXiv,approximately35wereselected.Finally,weselected
aroundahalfoftheexternalcontributions. ThediagraminFig.1lillustratesthesearchresults.

Articles from open access archives




Articles from additional databases listed
by external contributions
up to the 3rd of May (n = 80)

Screening process based on eligibility criteria:
- depth of theoretical background
- standards of reproducibility
- originality of method and parameters introduced
- quality of exposition of the methodology
- capacity to encompass intervention strategies
- availability of data and code to test the model

Final list (n = 80)

Figurel:Diagramoftheprocessforselectingthearticles.

4.2 Epidemicpropagationmodels

A variety of different models have been used to model the spread of the virus,from phenomenological
modelstomoreexplicittransmissionmodels. Wesyntheticallydescribebelowthemaindesignsfoundin
thereviewedarticles.

4.2.1 Phenomenologicalmodels

PhenomenologicalapproacheswereusedinlOarticles.Mainly,themodelsarebasedongeneralized
regressions of the time dependent curve of interest (e.g.time series of confirmed cases or deaths) on time.
Also, two of the articles derive auto-regressive models of the daily number of infections over time [22, 23].



AuthorsuseS-shapedcurvessuchaslogisticorGrompertzeurves(24,25,26,27,28,29]aswellas
exponential curves for the early data [30, 26] to fit a cumulative count of cases over time, and bell-
shaped curvessuchastheERFfunction[29]tofitthedailycountovertime.Insomemodels,aPoissonor
negativebinomialdistributionisusedtomodelthestochasticityandtheuncertaintyoftheprediction
[31,22,23,30].

Inthesimplestdesign,parametersarecommonlysharedbyallthepopulationandareconstantover
time[24,26].Inmorecomplexdesigns,heterogeneitybetweenstatesorregionsismodeledthroughthe

useofmixed- Wecharacterizesuchmodelsasspa Time-
effectsmodels[28,31,23]. tially-structured.
varyingcovariateshavealsobeenintroducedtoaccountforthenon-stationarityassociatedwiththe time-

varyingavailabilityoftests[23]orchangesinbehaviorduetotheimplementationofintervention
strategies[28,31].

4.2.2 Compartmentalmodels

Inthevastmajorityoftheincludedstudies(b3articles),theclassical SIR,SEIR (E:exposed)and
SEIRD(D:deceased)modelsareadoptedtoanalyzethespreadofthevirus,aswellasawidevariety

ofextensions. Initsextensions,additionalhealthst Thelnfectedstatewasdivided
atesareadded.

into different disease stages,e.g.pre-symptomatic (before symptoms) and symptomatic (after symptoms
onset)[32,33,34,35]andrefinementsrelatedtosymptomsandclinicalconditionsareprecised,e.g.
asymptomatic,mildorseverestates[36,37,38,39].
Moreover,hospitalizationandadmissiontolCUcompartmentsareintroducedtopredictresources
needsofthehealthcaresystem(32,34,40]. Inordertoaccountforthedifficultyofmeasuringthe
exactsizeofthecontaminatedpopulation,somearticlesdividetheinfectedcompartmentintoreported
andunreportedcases[41,42,43]. Lastly,tomodelthecontrolmeasuresintroducedtomitigatethe
propagation,non-working,confinedorquarantinestateshavebeenintroduced[44,37,45].

Time-delayedandnon-stationarydynamics. Formostofthemodels,thedynamicofthepopula-tion
evolution, at a given time, only depends on the previous time step.However, some articles introduce
dependenceonmultiplepasttimestepsofthedynamicstoaccountforrealisticdelaysinducedbykey time-to-
eventvariablessuchastheincubationperiodorthegenerationtimein[46,45,47],seeSec-
tion2.2formoredetailsontheseparameters. Also,non-constantparametersareintroducedtocapture time-
varyingaspects,see[48,49,50].

Stochasticmodels. Alargeproportionofthecompartmentalmodels,17articles,introducestochas-ticity
through stochastic transitions between compartments [46, 34, 51, 52, 53, 54, 55, 56, 48, 57], using for
instance Bernoulli distributions [34], Poisson processes [51], or diffusion terms in the system of
differential equationstoaccountforvolatilityinthepropagation[54].

Age-structuredmodels. In some models, the population is divided into age-stratified subpopulations
withspecifictransitiondynamies(10articles). Thesedistinectdynamicsmaybeduetodifferentdisease-
relatedcharacteristics,suchasinfectivity,susceptibilityorvulnerability,see[32,40].Inmostofthe
models,theseage-groupsarenotconsideredequally-likelytointeract. Thisheterogeneousmixingis
modeled using contact matrices gathering the average frequencies of inter-groups contacts [32, 40, 34, 58,
51,39,38,55,59,33].

Spatially-structuredmodels. = Multi-level models have been developed to gather several cities,
regions orevencountriesinacommonevolutionmodel(9articles).Inter-regiondisparitiesaremodeledthrough

region-levelledepidemicparameters[32,49,33].
regions[49,33],whileothersspatialinteractions.



Somemodelsconsiderindependentmixingbetween
Theseinteractionsmaydependonthesizeofthe

populationsandthedistancebetweencities[53]ordirectlybemeasuredaspopulationflowsbetween
cities[60,61,38,29].



Disease-relatedheterogeneity. Othersubpopulationsareconsideredtoaccountforindividually-disease-
related characteristics.Some models separate symptomatic to asymptomatic subpopulations upon infection
or between infected with different degree of disease severity (10 articles) [32, 40, 34, 37, 62, 63, 36,
39,38,64].SuchmodelsarecharacterizedasSymptoms/severitystructured.Toaccountforthepossible
significant level of non-reported infected individuals due to the absence of testing or substantial symptoms,
thepopulationcanbedividedintoreported/unreportedgroups(6articles)[41,42,43,61,65,66].

4.2.3 Individual-levelmodels

Theindividual-levelmodelsanalyzethetransmissiondynamicsatthescaleofeachindividual,con-
sideredasanentityinitself, (6articles). Thismodelingcanincorporateheterogeneityandstochasticity
intheindividual’stemporalevolution.Thethreefollowingtypesofthisclassareidentifiedandordered
accordingtothedegreeofindividualityinthemodel:branchingprocesses,network-basedmodelsand
individualizedmodels.

Branchingprocesses. One article in the review [67] introduces a two-type branchingprocessto model
thegrowthoftheepidemic.Infectedindividualsevolveseparatelyandmayindependentlytransmitthe
diseaseaccordingtoacertaindistribution.Inthisdesign,theinfectedpopulationisdividedintotwo
typesofinfectedindividuals:discovered(typel)andnon-discovered(type2).Discoveredindividualsdo not take
part in the further evolution of the process because they are isolated.Non-discovered individuals
caneithergiverisetoothernon-discoveredcases,betransformedintotype2orleavethereproduction process.

Network-basedmodels. Twoarticlesuserandomnetworkstosimulatethepropagationofthevirus
[68,69].Inbothmodels,apopulationisassimilatedtoanetworkdrawnatrandom,wherenodesrep-
resentindividualsandareconnectedbyedgescorrespondingtosocialconnections.In[68],individual
characteristics such as the location,the gender or the age, are modeled through the nodes, where connec-
tionsaresampledfromacontactkerneldependingontheinter-typesimilarity.Inbotharticles,random
heterogeneity in the host characteristics is modeled, for example through different initial immunity buffer
[68], or different levels of infectiousness drawn from a long tailed distribution to account for super-
spreader individuals[69].Ateachtimestep,nodesarecategorizedaccordingtothesimilarhealthstatesofthe
compartmentalmodels. Then,nodesstatesareupdatedwithrespecttotransitionrates,dependingon
thecurrentcharacteristicsofthenodeanditsconnections.In[68],forexample,eachnodeexperiences
anaccumulationofviralloadandbecomesinfectedwhentheviralloadexceedsitsimmunitybuffer.To model the
COVID-19 outbreak,these studies propose distinet approaches:in [69] a population of a given
sizeissimulated,whereasin[68]anetworkrepresentsasenior’sresidentialcentreinsidethetown,in
ordertosimulatethevulnerabilityofthecentretocontagionimportedfromtheouterpopulation.

Individualizedmodels.  Threearticlesintroducemodelswhereindividualsarecompletelyuniqueand
identifiable,inparticularthroughtheirgeographiclocalization[63,70,71].Inthisdesign,apopulation
issimulatedtoreproduceforinstance:arealisticgeographicallocationofeachindividual;somerealistic
attributespropertoeachindividual,suchasageorgender;somerealisticcontactpatternsviathe
populationdistributionthroughhouseholds,workplacesandschools.Inparticular,thecharacterization
ofaglobalpopulationispossible,forexample,thepopulationoftheUK[70],theUS[70,63]andthe entire world
[71].Spatial interactions are represented by kernels defined between locations or by a network
representing travel flows between subpopulations, centered around major transportation hubs [71].These
configurationsrequireveryrichdataandparameterizationtodrawindividuals,placesandconnections
fromrealisticdistributions.Similartonetwork-basedmodels,eachindividualisinaparticularhealth state at each
time.At any time-step, individuals have a probability of transition between states depending
ontheircharacteristicsandsocialinteractions. Lastly,otherrealisticelementsaremodeled,suchasa
variableinfectiousnessintimeforaninfectedindividual[ 70],ortheintroductionofdifferentviralstrains [63].



4.3 Modelingofinterventionstrategies

Inthewakeoftheemergenceof COVID-19,manycountriesrespondedthroughpublicmeasuresto
limititsspread.Broadly,theaimwasbothtocontainthenumberofpeopleaffectedbythediseaseand
toreducetheriskofexceedingthehealthcaresystemthresholdcapacity(e.g.toflattenthecurve).To
thisend,variousinterventionstrategiescanbe deployed:social-distancingrecommendations,isolationof
infected or susceptible individuals, school/university closure, global lockdown, encourage telework,
mask-wearingrequirements,businessclosures,restrictionofgroupgatherings,randomtestingcampaigns,air
trafficsuspensions,etc. Asaresult,behaviouralchangeswithinthepopulationledtoamodificationof the disease
propagation.In this section, we will review the several approaches carried out to embed these
strategiesinthemodels.

Particularly,somearticlesfocusonassessingtheimpactofinterventionstrategies. Amongothers,in
[72],theeffectsarequantifiedthroughacounterfactualmodel.In[73],authorsconsiderthedifference  between
predictions of the model trained before lockdown and actual data (with lockdown) to evaluate its
effectiveness.Thearticlespertainingtothisperspectivedonotincludeinterventionstrategiesintotheir model.As
for the agent-based ones (4 articles), social interaction patterns are inherent to the model.The
degreeofcomplexityhandledbythesedesignshasthereforeenabledthemodelizationofinterventions
withouttheneedformodelmodification.Forthisreason,wewillnotgointomoredetailsonthematter
forbothofthesecases.

4.3.1 Incorporationincompartmentalmodels

Theintuitiveapproachconsideredbythevastmajorityofarticles(43ofthem)consistsinamodi-
ficationoftheepidemicparameters. Theparametermostlikelytobeimpactedbysocialdistancingis
thetransmissionrate.Thebasicreproductionnumber, Ro,dependsonthetransmissionrateandthe
infectiousperiod(oftenproportionally). Thelatterparameterisintrinsictothediseaseandishenceless
subjecttovariation.Nomodelconsidersachangeintheinfectiousperiod,thereforeamodificationof
thetransmissionrateisequivalenttoamodificationofthe Ro(orofthe Re). Thisiswhywecanrefer
tooneortheotherinanequivalentway.

Scalingofthetransmissionrate. Thetransmissionratecanbasicallybemultipliedbyaconstant
toreflectthedecreaseincontactsinducedbysocialdistancing(13articles).In[74],thisconstantcan
beeitherestimatedordefinedasafunctionofthreeparametersindicatingthedegreeofisolation. This
enablesthesimulationofvariousinterventionstrategies. Letrecallthattheemergenceofthedisease
goesonintoanoutbreakaccordingtothesignof Ro—1.Hence,thescalingofthetransmissionrate
canthereforedirectlyreflecttheepidemicchangeover. Afrequentlyadoptedprocedureistosetthe
transmissionratetotwovalues,beforeandafterthelockdown,inordertograspabehaviouralresponse
fromthepopulationtothestrategies. Anintroductionofafactorofisolationstrengthperagegroup
isembeddedin[40,51].Nevertheless,in[69]authorsproposeanalternationofcyclesappliedtoall
thepopulation.Thecyclesarecomposedofbothaworkingperiod(regulartransmissionrate)anda lockdown/self-
isolationperiod (modifiedtransmissionrate). Theobjectiveofthisarticleistofindthe
optimaldurationsofthesetwophases. Asimilarapproachisalsoproposedby[54].

Piecewisetime-dependenttransmissionrate. Articlesofthepreviouscategoryonlyallowanal-

ternationofthereproductionnumberthroughtwofixedvalues(i.e.regular/lockdown).Thearticles

basedonthisapproach(18articles)tendtointegratemoreflexibilityandcomplexity.In[46],thetime-varying

reproduction number is defined as the true Ro(without interventions) multiplied by a function of

sixindicatorsrepresentingnon-pharmaceuticalinterventions. Theseindicatorsareactivatedwhensuch
ameasureisputinplaceinacountry.



Withasimilarapproach,in[49],thetransmissionrateisa



time-varyingfunctionofnon-pharmaceuticalinterventionstime-span. Anotherexampleisprovidedin
[64],whereboththetransmissionrateandtherecoveringratearefunctionsofthetime.
Additionally,in[75],Roismultipliedbyapiecewisefunction,dependingonboththeintensityandthe
durationofpolicies. Amodelingoftestingpoliciesisproposedbyatime-dependentparameterofthe
sameshape.Thisparameterrepresentstheportionofthetestedpopulationfromwhichinfectedindivid-
ualscanbeisolated. Thepurposeofthearticleisarticulatedonthesearchforanoptimalcombination
ofquarantineandtestingpolicies.

Modificationofthecontactmatrix.Inmodelsinwhichinteractionshetweensub-populationsare
modeledbyacontactmatrix(7articles),socialdistancingmeasurescandirectlybeimplemented. We
referto[39]foranestimationofage-specificandlocation-specific(home,work,school,other)contact
matricesbuiltundervariousphysicaldistancingscenarios. Additionally,areconstructionofthecontact
matrixisimplementedbyacombinationofsocialdistancinginterventionsin[34].Finally,fivedifferent
contactmatricesareconsideredin[40].

Additionofcompartments.Onewaytoaccountfortheimpactofbehaviourpatternsonthedisease
dynamicscanbedirectlyshapedbytheadditionofcompartments(7articles).Inthissense,twoarticles
dividethesusceptiblepopulationintotwosub-compartments:respectivelyworkingandconfinedin[44]
andsubmittedtolowandhighisolationrecommendationpopulationsin[74].Furthermore,isolationof

individuals recorded as infected is one of the most widespread interventions.Some articles have therefore
directlyaddedcompartmentsinthemodel.See[ 76 ]wheretheinfectedpopulationiseitherquarantined or
not.Also, [77] includes a home quarantined compartment and distinct compartments for symptomatic,
asymptomaticandreportedinfected.

Spatiallynetwork-basedmodels.Forspatiallystructuredmodels(4articles),interventionstrategies
directlymodifythestructureitself.Indeed,in[29],authorsintroduceamultimodelODEsneuralnet-
work.Inparticular,eachnodeofthenetworkisacompartmentalmodelandlinksbetweenlayerscan simulate the
inter-provincial disease transmission using mobility data.Finally, in both [71, 78], the world
mapisdividedusingthe Voronoimethod,centeredonthemajortransportationhubs. Thetransmission
dynamicsaremodeledthroughagent-basedepidemicmodelforthemobilitylayers.Inthisframework,
authorsimplementedtravelrestrictionshyadecreaseofmobilityflow.

4.3.2 Incorporationinphenomenologicalmodels.

Consideringthephenomenologicalmodels,onlythreearticlesderiveaframeworkformobilityreduc-
tion.Twoarticlesarebasedonregressionsofthetemporalcurveofinfectionsordeathsovertimeand
containcovariatesasweightedaverageofsocial-distancingmetrics[28,31].In[31],time-varyingmetrics
capturethevisitingvariationsinpublicspacesandofthetimespentathomeversusatwork.Thelast article
incorporates social distancing by a time-varying scaling factor of the growth curve parameter [30].

4.3.3 Optimizationofinterventionstrategies

Asignificantpartofthemodelsaimstoinformondecisionmaking. Usuallythemethodconsists
oflearningretrospectivelyabouttheeffectsofthestrategiesorpredictingthefuturepropagationunder
differentscenarios. Thelatterleadstoacomparisonofdifferentscenarioswithrespecttothehealth
costmeasuredbythenumberofdeathsorthehospitalsaturation[32,40]ortheeconomiccostinduced
bythelockdown[44].Inordertoautomaticallypredictthebeststrategytoimplement,afewarticles
introducedoptimizationframeworks. Allthesemodelsarebuiltonpropagationmodels,compartmental
[79,75,563,36,80,63]orindividual-based[63].

In [80], the government directly controls the transmission rate and the threshold of confirmed cases
by implementing its strategy, which directly minimizes the infection peak.Three articles proposed
determin-isticoptimalcontrolmethodstoanalysehowtoreachtheoptimaltrade-offbetweenthedirecteconomic
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costsandtheonesimpliedbythehealthcaresystem[79,75,36].Theoptimalstrategy,representedby
thelockdownpercentageovertime[75,79,36]and/ortheleveloftestingovertime[ 75],optimizesan
objectivefunctionwhichintegratesallthefuturecosts.

In the network-based framework of [53],where nodes represent districts,the optimal strategy outputs
the nodes that must be locked down each week i.e.for which edges should be modified.For this purpose,
nodesareassignedtoasetoffeatures(e.g.theproportionofsymptomaticswithinthedistrict)that quantifies its
current state.Also, a cost function is defined and integrates the future health and economic
costs.Areinforcementlearningalgorithmisfinallyusedtopredicteachweekthebestdecisiontotake
foreachnode,usingadeepQ-networktrainedtopredicttherewardofeachactiongiventhecurrent stateofthenode.

In[63],thestrategyisoptimizedinthethreefollowingindependentframeworks:acompartmental
model,astochasticcompartmentalmodelandanindividual-basedmodel. Theresultofagivenstrategy
isbinary(e.g.iftheproportionofinfectedindividualsishelowacertainthresholdattimet).Forthe compartmental
models, the strategy is defined by a controlled parameter which reduces the transmission.
Fortheindividual-basedmodel,astrategyisdefinedbyaasetofmorerefinedparameters(e.g.the
isolationrateorthelengthoftimeasocialdistancingpolicymustbeinplace. Theposteriorprobability
ofthecontrolledparameterconditionallyonthesuccessisestimatedthroughbayesianinference. This
estimationisrepeatedateachtimesteptoselectthebestpolicy,conditionedonthenewinformation.

4.4 Modelsandestimationmethodsoftheepidemicparameters

Avastmajorityofthereferencedarticlescomputeorlearntheepidemicparametersimplied,and
ifnot,pointtoalreadypublishedstudiesonthetopic.Indeed,4 7ofthearticlesarebasedonsome
parametersarbitrarilyfixedorderivedfromtheliterature,whereas63estimateapart,orthetotality,of
theparametersimpliedinthemodel. Also,amongthe80articles,alargepart(53articles)estimateat  least one
epidemic parameter.Hence, this section is at first, an attempt to classify the main computation
andestimationmethodsregardingtheepidemicparametersandsecondly,afocusonthekeyparameters
introducedinSubsection2.2.

FollowingSection4.2,thedevelopmentofadvancedstructuredmodelsandtheavailabilityofdata enable the
derivation of the parameters for particular subpopulations.Precisely, specifications w.r.t.cat-
egorisedgroupsarerefinedthrough:theage,thegeographicallocation/community (household,school, etc.)and
position (region, state, etc.), the possible hospitalization and the healthcare capacity (e.g.[75]),
thedocumented/undocumented(i.e.unconfirmedand/orunreported),theabilityoftransmission(e.g.
tomodelsuper-spreaderindividuals)andreciprocallythesusceptibilityofbeinginfectedandlastly,the
scenarioofintervention.Itisthereforeinterestingtointroducecovariatematrices,alsoknownforapar-
ticularcaseascontactmatrices,toquantifytheinterrelations/interactionsbetweeneachsubpopulation.
Readerscanalsoreferto[81]wheretheDistanceCorrelationmethodisusedtomeasuredependence
betweencountries.

4.4.1 Maindata-drivenestimationmethods

Most of the articles indexed in this review are based on simulations learned from clinical datasets, and
whenclearlymentioned,threemaincategoriesofmethodsareoutlinedthrough:(exact)deterministic
methods(13articles),estimatorsobtainedeitherbydescriptivestatistical(5articles)orbyinferential
methods(42articles)combinedwithsamplingtechniques.Briefly,thefollowingparagraphsgivedetails
oneachofthesecategories. Notethatthereareatleastasmanymethodologiesaspapers,considering
thatoftenmultipletechniquesareemployed.

First,thedeterministicmethodsenclosethederivationofclose-formedsystemsofequations,e.g.the next-

generation method [76, 77] or the Euler-Lotka equation [26, 82] for the computation of Ro.Also, six
articlesusedeterministicoptimizationalgorithms,mainlygradient-basedonessuchasgradientdescent
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[62,56],Lavenberg-Marquad[45]anddubbediterativeNelder-Mead[50]algorithms.

Aboutthedescriptivemethodsemployed,usuallywhenno(Bayesian)sensitivityanalysisisderived,
articlesoftenresumesomeoftheparametersbytheempiricalmean,withoutnecessarilyanyprecision
ontheestimation.Nonetheless,atleastbarticlesdetailedthedescriptivetechniques,e.g.refertothe
deterministiccompartmentalmodel[40]foradetailedapproach.

Alongwiththeseprocedures,amajorityofpapers(42articles)useinferentialmethodstoestimate
someparametersandbuildasensitivityanalysis. Themainmethodsareinheritedfromregressionanal-
ysis(12articles),eitherfrequentistorBayesian,andlikelihood-basedformulations(12articles).More precisely,
regression models are derived through (log-)linear or non-linear settings.Also, likelihood-based
formulations,mainlythroughmaximumlikelihoodestimation,areexplored(10articles). Additionally,
Bayesianstatisticalmodels,hierarchicalorsequential,aswellasInformationCriteriaformodelselection
canbefound.

Lastly,parametricestimationoftheepidemicparametersviacurvefittingarebroadlyexplored (6
articles)whereassumptionsonthedistributionsareexplicit,butgenerallytheoptimizationeriterion
isnot.Nevertheless,articles[83,84]presentdifferenttypesofdistributionpatternsforsometypical
durationsorrates.Finally,twoarticlesproposestochasticoptimizationalgorithms[85,86].

4.4.2 Keyepidemicparameters

Basicandeffectivereproductionnumbers. The reproduction number,either Roor Re,is a major
epidemicparameter,whichisnotonlyusedtomodelthespreadofthevirusbutalsotheeffectiveness
ofaninterventionstrategy (refertoSection4.3fordetails). Hence,theparameterismainlyfixedfrom
thebeginning.Nevertheless,theestimationtechniquesareeitherfromdirectcomputationorfromthe
estimationofthetransmissionrate.Ifestimated,itcanbepriororposteriortothemodelingofthe spread of the
virus.Actually, the articles from the same authors [26, 82] describe several possible methods
thatrangefromdeterministicoptimizationtoadvanced Bayesiansamplingalgorithms.Moregenerally, readers
can find deterministic methods computed ahead of the propagation model in [26, 45, 82, 87]; using
forexampletheclassicnext-generationmatrixmethodin[77,34,76].Random-basedestimationsare
alsoderived,considerforinstanceregressionandlikelihood-basedestimatorsin[88,45,82].Regarding
estimationoncethespreadmodelisdeveloped,[67 ]proposestocomputethereproductionnumberby
threespecificstatisticalestimators.Samplingmethodsarederivedtoestimatetheposteriordistribution
ofthedynamicof Re,mainlythroughMonte-Carlo-basedalgorithms,e.g.[89,82],referalsoto[71,78]
withtheassumptionofauniformpriordistributiononRo,oranormalpriordistributionin[46].

Keytime-to-eventintervals. Thesetofcharacteristicperiodsoftimerelatedtothevirusorits
propagationismainlyestimatedthroughinferentialmethods. Undoubtedly,thesetechniquesareof
major interest in this context:simulating the distribution profile of the intervals (or rates in the following
paragraph) from a state to another is key to an in-depth comprehension of the phenomenon.It also leads to
sensitivity analysis.Therefore, the priors chosen for the specific epidemic time-periods are the following.
The main result is that almost all the chosen priors are special cases to the gamma distribution, if not the
gamma.Particularly, for the incubation time [23, 55, 90, 83], the generation time [89, 30, 83], and also
for some of the transition times between states, depending of the article [25, 55, 91, 83]. Additionally,
weibull andlognormaldistributionsareconsideredin[83]fortheincubation,generationandonset-to-hospital
times;aswellasin[90]forthefirstone. Also,thefollowingtimevariablesaresupposedtofollowan
exponentialdistribution:thesymptoms-to-reporttime[91,48]andthesusceptible-to-infection[69].In
thissense,referto[25]foranaccountofvariouspriorscombinedwithdifferentestimationmethodsfor theage-
structuredpopulation,authorsalsoprovideasensitivityanalysisofsomeparameters.

Keytime-to-eventrates. Followingthelastparagraph,variousapproachesareusedforthetime-to-event
key rates.Indeed, the modelings broadly range from (¢) constant parameters, to (¢7) time-dependent
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and can also be randomised to perform sampling methods (¢i7).Note that the aforementioned assumptions
are independent from a parameter to another, refer for example to [50] for an account of different models.
First,iftheassumption(¢)ofconstantparametersisassumedforthebasicratesinherenttothemodels,
deterministicapproachescanbefoundforexamplein[36,50,87].0fcourse,empiricalmeanestimators are useful
and often employed, e.g.[40].Also, the work in [61] presents the impact on the epidemic spread of the
undocumented infected population, quantified by advanced likelihood-based estimators.Under the
assumption(#7),forexamplebothcompartmentalmodelsintroducedin[ 34,84 ]fitthetransmissionrate
dynamictoadecreasingexponentialfunction,butalsotopiecewiseconstantandtorationalfunctions
inthelatter[84].Lastly,considertheframework(éi¢). Notethattheratesarelessrandomisedthan
thecorrespondingkeyperiods.In[69],priordistributionsofboththeexposureandtheinfectionrates
aresupposedtofollowanErlangdistribution. Nevertheless,theauthorsin[84 ]proposeamodeling
ofthetransmissionratethroughthreedifferentfunctiontypes,namelypiecewiseconstant,rationaland
exponential.In this sense, refer to [25] for an account of various priors combined with different estimation
methods for the age-structured population, authors also provide a sensitivity analysis of some parameters.
Lastly,formorecomplexpropagationmodels,refertotheindividual-basedmethodintroducedin[69],
whereaneural-networkisdefinedsuchthatthetotalinfectivityofanodehasalong-taileddistribution
toenclosepossiblesuper-spreaders.

4.5 Characteristicsofthedataused

Inthissection,weidentifythetypesofdatausedforeacharticle. Weonlyconsiderrealdatasetsand
donotreportsimulateddata.Thevarietyofdatatypesinthecategoriesusedreflectsthediversityof theapproaches.

Clinicaldata. Mostofthearticlesuseclinicaldatasuchasthenumberofreportedinfectedordeath
casesandsomemodelsarevalidatedonsimulateddata,.Inmanycases,theyareusedtoevaluatethe
epidemicparametersimpliedinthemodelortotunethekeydatesofthespreadingdynamics(e.g.
arrival,peak,end). Typicalclinicaldatasetsarethedailyrecordednumbersofinfections,recoveries,
deaths,admissionsinhospital,transferstointensivecareunits. Thoserecordscanbeconsideredat
differentscales:region,country,world;andatdifferentlevelsofdetails:age,gender. Thesedataoften
comefromeitherthe WorldHealthOrganization,ortheJohnsHopkinsUniversityortheCentersfor
DiseaseControl.Moredisease-relatedspecificdatasets,oftengatheredinhospitals,aresometimesused
suchastemporalrecordingsofviralshedding[92],timefromsymptomonsetandreporting,andfrom
symptomsonsetstodeath.Finally,toforecasthealthserviceneeds,datarelatingtohospitalresources
areused[28],e.g.1CUbedscapacity[32,74].

Mobilitydata. Inmanyarticles,variousdatasetsrelatedtogeographicalmobilityareexploitedto model
individual/population flows.It is of intereset as to quantify possible impact of behavioural change
onthespreadofthedisease. Awidespectrumofsourceswasemployed,thatincludesinformation
andtimingofinterventionstrategies[49],timespentathomeversusatwork,changesofinfluenceof
publicplaces[31],day-nightlocations[41]andestimatedreductioninmobilityfromGPSdata[28].This
dataoftencomesfromSafeGraphorBaidu. Additionally,somearticlesdealwiththeeffectofairline
suspensionsortheroleplayedbyexportedcases. Theyinvolvedatacontainingthetravelhistoryof
infectedpeople[23]andmoregenerallyalargevolumeofinformationrelatedtoairtraffic[ 78] (e.g.from
International Air Transport Association).Moreover, in [77] meteorological data are processed to assess its
impactonmigration.Lastly,individual-basedmodelsrequiredhigh-resolutionpopulationdensitydata,
distributionofworkplacesizes[70]orthelocationsofmajortransportationhubs[78].

Economicdata.  Economicdatawerealsoconsideredinsomestudiesinordertoassessthecostof
interventionstrategies. Amongthem,therearedailycostsofvariousinterventions(tracing,testing),
economiccostsper(non-)fatalcases[38]orcountryvulnerabilityindexes[93,94].
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4.6 Companiontools

Theresultsaredisplayedinasyntheticmappingforfastaccesstothekeyarticlesoftheliteratureof
interest. Atabularformappearedtobeasuitablesupportforthedescriptionofthearticles(see[21]).
Inthistabularview,eachrowrepresentstheinformationrelatedtoonearticleandarticleattributes
arethencategorizedthroughthedifferentcolumns. AKibanalink(see[20])wascreatedtoenablefast
searchusingvariousfiltersonthefeaturesofthegooglesheettoselectthedesiredattributes. Weaim
tofacilitatetheidentificationofarticlesmatchingcertainspecificcriteriasuchasthetypeofmodel,
theestimationofepidemicparameters,theintegrationofinterventionstrategies,etc.Finallythesheet
tabularwaswrittenintheformofamarkdowndocumentaccessibleonthegithubpageoftheproject (see[19]).

4.7 Tabularview

Inthissectionwepresentasyntheticviewoftheglobalindextableofthearticles.Onlyasubsetof
characteristicsaredisplayedforthesakeofclarity. Thecompleteindexingisdividedintofivesubtables:
(1)Phenomenologicalmodels,(2) Compartmentaldeterministicmodels,(3) Compartmentalstochastic models,
(4) Individual-level models, (5) Statistical estimation models.The subtables (1), (2), (3), and (4) are
gathered following the nomenclature adopted in Section 2.The subtable (5) contains the articles that
proposedmethodsofstatisticalestimationforepidemicparameterslinkedtotheCOVID-19,without
developingamodelofpropagation.
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4.7.1 Phenomenologicalmodels
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4.7.2 Compartmentaldeterministicmodels

Ref. Link Globa Model Strategies Parameters Code

| modeling estimation

appro

acl
[95] 12 SIR Yes
[32] 123 SEIRH-1-2-3 2 4 Yes
[40] 23 SEIICU-1-3 2-4 2-4 No
[44] 2-3-4 SIRD 14 No
(41] 1-2-3 SEIR-4 4 4 No
[37] 235 SEIRQ-3 1-4 1 No
[91] 1-2-3 SIR 4 4 Yes
58] 23 SIRD-1 2 Yes
[88] 12 SR 47 Yes
[49] 23 SIR-2 4 4 No
[79] 2-3-4-5 SIR 4 2 No
[62] 12 SIR-3 4 47 No
[86] 1-2-3 SEIRD 4 46 No
[63] 235 SEIR-3 4 Yes
[69] 23 SEIR SEIR- 4 Yes
84] 1-2-3 SEIRD 4 3 Yes
[36] 1-2-3-45 SEAIR-3 4 13 No
[60] 23 SICRD-2 4 Yes
[42] 12 SIRD-4 47 Yes
80] 1-2-45 SIR 4 Yes
[75] 1-2-45 SEIR 4 2 No
[39] 23 SEIR-1-3 2 Yes
[38] 1-2-3-4 SEIR-1-2-3 2 14 No
[47] 23 SIR 1 No
[43] 1-2-3 SIRU-4 4 No
[76] 13 SEIRUS 1 1 No
87] 1-2-3 SEIRQAJ 1 14 No
59] 1-2-3 SEIR-1 4 2-4 Yes
[26] 2 g'ﬁhs_§|§: 4 No

SEIR-AHO-
SEIRPO
[77] 1-2-3-4 SEIRDAQ 1 124 No
[64] 1-2-3 SIR-3 4 4 Yes
[65] 1-2-3 SIRU-4 4 No
[96] 12 SR Yes
[45] 1-2-3 IRGJ 1 47 No
[66] link 1-2-3 SIRU-4 4 No
Globalapproach 4introductionofeconomiccomponents
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3modelingofvariousinterventionstrategies
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4.7.3 Compartmentalstochasticmodels
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4.7.4 Individual-levelmodels

Ref. Link Global
approach

[68] 2-3

[63] 2-3-5
[69] 2-3

[67] 2-3

[70] 2-3

[71] 1-2-3
[78] link 1-2-3

Globalapproach
lepidemicparametersestimation
2evolutionforecast
3modelingofvariousinterventionstrategies
4introductionofeconomiccomponents
5optimizationofinterventionstrategies

Stochastic

Yes

Yes

Yes

Yes

Yes

Yes
Yes

Model

random
net-
work

individualized

random
net-
work

ranc

n
proce
ss

individualized

individualized
individualized

Strategies
modeling

5

4-5

Parameter
s
estimation

Code

No

Yes

Yes

Yes

No

No
No



Interventionstrategiesmodeling

ladditionofcompartments
2maodificationofthecontactmatrix
3additionofpredictorvariables
4modificationofmodelparameters
Sintegrationofstrategiesinthenetwork’sstruc-
ture

Epidemicparametersestimationmethods

18

ldeterministic
2descriptive
3curve-fitting

4inferential

5optimization
6stochasticoptimization
7deterministicoptimizatio
n



4.7.5 Statisticalestimationmodels
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5 Conclusion

This manuscript reports the modeling choices of several international teams to respond to the urgency
ofthefirstmonthsoftheoutbreak.Ittranscriptstheamazingabilityofthescientificcommunityfrom
differentfieldstoreacttosuchaglobalizedandunprecedentedeventwithsomanydiverseapproaches. Indeed, we
highlight the tremendous amount of new publications in such a short time-period (2-3 months)
aswellasthecapacityofthescientiststointegrateproblematicsfromvariousorigins(e.g.political,so-
cietal,economical,etc.). Also,somepapersthatwerepublishedonlinekepttheresultsupdatedwith
respecttothelatestdataorknowledgeofthevirus.Inparticular,bothmodelingsandforecastswereso much up-to-
date that specificities of the virus were immediately taken into account, such as the important
proportionofasymptomaticcasesortheheterogeneitybetweenregions. Thesameholdsforthepartic-
ularitiesoftheoutbreakaccordingtotheresourcesandpoliticaldecisions,e.g.thepossibledifficultyto
testthepopulationormonitorthediffusionnetworks,andtheresultingstronguncertaintyregardingthe
numberofcontaminations.Finally,allthedebatesthatwerebeingheldinthesociety,crucialtothe
managementoftheepidemic,werein-detailexaminedwithmanyrealisticelements,forinstancetheeffi-
ciencyofwearingmasksandtheeffectsofvariousinterventionstrategies.Inmanycountries,wesawthe
importanceofthesepublicationsforthepoliciesthatwereadoptedasmanygovernmentswereadvised,
atacertainlevel,byscientificcommunities.

Ofcourse,weneedtoshadethisexplosionofarticlesbyaweakenedqualityregardingthefollowing
aspects.Briefly,somestandardarticlecomponentsweresometimespoorlydevelopedorevenlacked,e.g. the
related-work section, the explanation of the modeling choices and their interpretation, the simulations
andassociatedstatisticalanalysissuchasthesensitivityanalysis,adiscussionsectioncontrastingthe
results,etc.. Wenotethatsomeauthorsacknowledgedthesepossibleshortcomingsthroughadisclaimer
atthebeginningoftheirarticle.Itactuallyquestionsthecompatibilitybetweentheurgencyofpolitical
actionandthenecessaryhindsightinherenttothescientificresearch.

Finally,wewouldliketoaddresstheglobalissuerelatedtotheaccessibility,theaggregationandthe
comparisonofthedataindifferentcountries.Indeed,dataacquisitionwasandisstillaregion/country-
dependentprocessthatevolvesintime. Eventhoughthegeographicalprovenanceofthedataorthe a-
prioriknowledgeontheparameterswereclearlymentioned,theimplicationofderivingresultsfora
differentregionwererarelydiscussed.Especiallyasitcouldentailpossiblemisinterpretationsorinap-
propriateusesofthenumericalforecasts. Toconcludeonapositivenote,wewouldliketohighlightthe
prolificproductionofopensourcearticles,blogsandcodesthatwereprovidedandhelpedcollectiveand
reproducibleprojectsinsuchacriticaltime.
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