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WHY DO WE MODEL
EPIDEMICS OF INFECTIOUS DISEASE?

WHAT CAN
MATHEMATICAL MODELS DO?



1. FORECAST / PROJECTIONS
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2. ESTIMATE OF UNKNOWN
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Transmissibility 4 S
Growth rate 4 ——
Severe - "” stratum. We estimate that the new variant has a 43 to 90% higher reproduction
Critical 1 —"— number (range of 95% credible intervals, 38 to 130%) than preexisting variants.
Fatal 1 o Similar increases are observed in Denmark, Switzerland, and the United States. The
0 1 2 3 most parsimonious explanation for this increase in the reproduction number is

Duatioss of : that people infected with VOC 202012/01 are more infectious than people infected
infectiousness | with a preexisting variant, although there is also reasonable support for a longer

Growth rate 1 ' infectious period and multiple mechanisms may be operating. Our estimates of
Severe 1 o
Critical 4 —0~—
Fatal 4 ®
0 1 2 3

transmission advantage of COVID-19 Alpha variant vs wild-type
Davies et al. (2021) Science



3. UNDERSTAND MECHANISMS - DISENTANGLE EFFEGTS

spatial dynamics of malaria in Kenya impact of travel restrictions on the spread of Ebola
Wesolowski et al. (2012) Science Poletto et al. (2014) Eurosurveillance
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(EPIDEMIC) MODELING

THEORY

» hiomathematics
» physics / complex systems science
» network science

» computer science , I

MODEL

OUTPUT

|

» disease natural history VALIDATION DATA
» pathogen phylogenetics

» epidemic surveillance
» human behavior, contacts & mobility

INPUT DATA



EPIDEMIC GRAPH DIAGRAMS
TO ESTIMATE EPIDEMIC RISK

[ EV et al (2023) Nature Communications |



MEASURING EPIDEMIC RISK: THE EPIDEMIC THRESHOLD

reproduction ratio R:. average number of secondary infections that one case generates
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MEASURING EPIDEMIC RISK: THE EPIDEMIC THRESHOLD
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MEASURING EPIDEMIC RISK: THE EPIDEMIC THRESHOLD

REALISTIC
‘ 1) we need to get here

next-generation matrix
[ Diekmann et al 1990 ) Math Biol]

DISEASE ‘

PROGRESSION

2) then bring it back down here

| Pastor-Satorras Vespignani 2001 PRL
Newman 2002 PRE]

SIS/SIR + o '
homogeneous mixing [Valdano et al 2015 PRX]

[Wang et al 2003
Gomez et al 2010 Europhys Lett]
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EPIDEMIC GRAPH DIAGRAMS

DISEASE EVOLUTION
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EPIDEMIC GRAPH DIAGRAMS

DISEASE EVOLUTION
(compartmental model)
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EXAMPLE: LATENCY & LOSS OF IMMUNITY
Te@es

~ @ loss of immunity

build the EGD

1. time to loss of immunity

CUT plays no role

AA(1)

—p

@

2. latency impacts the threshold
SHRINK through its interplay with the
underlying contact network

S j NO temporal structure
in the contact network




EXAMPLE: INFLUENZA WITH RESISTANCE TO ANTIVIRALS

influenza with strains resistant to antivirals
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DISTRIBUTION OF PREVENTION:
NONSELECTIVE VS RISK-BASED

| Steinegger et al (2022) Nature Communications |



PrEP: Pre-Exposure Prophylaxis of HIV

Fvan | Peterson (CCBY-SA40) 1

prevents HIV acquisition during unprotected sex

most common formulation
- emtricitabine / tenofovir disoproxil fumarate (Truvada®)
- pill taken daily (or on demand)

MSM: men-having-sex-with-men Globally, the risk of acquiring HIV is
-+ disproportionately at risk for HIV infection » 26 times higher among MSM
- stigma & criminalization make many communities hard-to-reach compared to the general population.

source: who.int



2002

PHYSICAL REVIEW E, VOLUME 65, 036104

long-established theory: TARGETED IMMUNIZATION

you should immunize those at high risk of spreading the disease

Immunization of complex networks

Romualdo Pastor—Satorrgsl and Alessandro Vespignani2




PrEP guidelines often risk-based (targeted)

Romualdo Pastor—Satorrgsl and Alessandro Vespignani

PHYSICAL REVIEW E, VOLUME 65, 036104

Immunization of complex networks

2002

Eligibility criteria

Preferred regimen

Event-driven option*

Monitoring !

Di

WHO22

Centers for Disease
Control and
Prevention and
United States
Public Health
Service

International
Antiviral Society-
USA*

European AIDS
Clinical Society™

British HIV
Association”

Australasian
Society of HIV,
Viral Hepatitis, and
Sexuval Health
Medicine®

South African HIV
Clinicians Society™

All people who are HIV-negative and
are at substantial risk of acquiring
HIV, prioritising subpopulations with
3% or higher annual HIV incidence
in the absence of PrEP

Adult (218 years) MSM, heterosexual
men and women, or people who

Oral, containing tenofovir
disoproxil fumarate

Daily oral fixed dose
combination tenofovir

5 i

inject drugs are at sub: ial risk

if they have an HIV-positive partner;
arecent STI; a high number of
partners; inconsistently use or do
not use condoms; are sex workers;
and people who inject drugs with a
HIV-positive injecting partner or
share injection equipment

All populations with an annual HIV
incidence of 2% or more

Adults at high-risk of acquiring HIV
infection, specifically HIV-negative
MSM or transgender populations
who do not use condoms
consistently with casual partners;
HIV-positive partners not on
treatment; recent STI, use of
post-exposure prophylaxis, or
chemsex might increase HIV risk;
and for HIV-negative heterosexuval
men and women who inconsistently
use a condom and have multiple
partners whom are likely to be
HIV-positive and not on treatment
MSM and trans women at elevated
risk of HIV with condomless anal sex;
heterosexual men and women with
condomless sex with known
HIV-positive partners (not virally
suppressed)

All people at risk of HIV infection

Any sexually active MSM or
der person; | jal

P (300mg)
plus emtricitabine (200 mg)

Oral fixed dose combination
tenofovir disoproxil fumarate
(300 mg) plus emtricitabine
(200 mg)

Oral fixed-dose combination
tenofovir disoproxil fumarate
(300 mg) plus emtricitabine
(200 mg)

Oral fixed dose combination
tenofovir disoproxil fumarate
(300 mg) plus emtricitabine
(200 mg); tenofovir disoproxil
fumarate alone can be offered
to heterosexual men and
women with emtricitabine
contraindication

Oral fixed dose combination
tenofovir disoproxil fumarate
(300 mg) plus emtricitabine
(200 mg)

Oral fixed dose combination
tenofovir di il

men and women especially if
HIV-positive partners not confirmed
(virologically suppressed) or partner
status unknown; those with recent
STI; multiple sexual partners; sex
workers; and those inconsistently
using or not using condoms

(300 mg) plus emtricitabine
(200 mg)

Yes, for MSM

No

Yes, for MSM with
infrequent sexual
exposures and without
hepatitis B virus

Yes, for MSM

Yes, for MSM

Yes, for MSM

HIV testing every 3 months;
renal function testing every

6 months; HBV surface antigen;
HCV antibody; adherence
counselling; STl testing

HIV testing every 3 months; renal
function testing every 6 months;
adherence counselling;
behavioural risk reduction; STI
testing (every 3-6 months)

HIV and STl testing every
3 months; renal function testing
every 6 months

HIV testing every 3 months;
hepatitis B virus surface antigen
testing; STl screen when initiating
PrEP and regularly; renal function
and bone mineral density
according to tenofovir disoproxil
fumarate guidelines™

HIV and STl testing every

3 months; HCV screening every
3 months in MSM, trans women,
and those at risk of HCV; renal
function and bone mineral
density according to tenofovir
disoproxil fumarate guidelines

HIV and STl testing every

3 months; renal function and
bone mineral density according
to tenofovir disoproxil fumarate
guidelines

HIV testing every 3 months; renal
function testing at 1 and

4 months, then every 12 months;
STlscreen (syndromic or testing,
depending on resources) every

6 months

HBV=hepatitis B virus. HCV=hepatitis C virus. MSM=men who have sex with men. PrEP=pre-exp:

Antiviral Society-USA.

Table 1: PrEP Initiation, monitoring, and discontinuation

If aperson is no longer at risk and
can remain at low risk: continue
daily PrEP for 28 days after last
HIV exposure; MSM using daily or
event-driven 2-1-1 PrEP regimen
should take a single pill daily for
two days after the last sex act

Discuss alternative risk reduction
strategies; document HIV status,
reason for discontinuation, and
medication adherence or sexual
risks; continue medication for
7-10 days after the last exposure

Continue medication for 1 week
after the last sexual exposure

Not mentioned

Continue PrEP 48 h after last
sexual risk if HIV risk is through
anal sex; continue for 7 days
after last sexual risk if HIV risk
is through vaginal sex

Duration depends on persistence
of HIV risk; on-demand PrEP
stopped with asingle tablet for

2 days after the last exposure;
daily PrEP should be continued
for 28 days after last exposure
28 days after the last potential
exposure to HIV-infected fluids
if not at continued substantial
risk of HIV acquisition

infection. *Also known as the 2-1-1 regimen by the International

Rutstein et al (2020) Lancet HIV

#8 long-established theory: TARGETED IMMUNIZATION

AND

you should immunize those at high risk of spreading the disease

2

target according to risk

BUT

risk is hard to measure
and may be inequitable

. . CURRENT
: risk metrics may

1. have low accuracy in some communities
2. be hard to implement

3. reinforce stigma
SULUTION:



IMPERFECT PROTECTION

PrEP efficacy among MSM: 40-t0-86%

[Grant et al 2010 NEJM, Molina et al 2075 NEJM,
Jourdain et al 2022 Lancet PH]

ﬂ possibility of breakthrough infections

THEY ARE THE SAME PEOPLE!

two types of individual risk:

high risk of transmission once infected

1 1

those with the highest probability
of breakthrough infections

(think about #contacts)

those who you want to target




IMPERFECT PROTECTION

PrEP efficacy among MSM: 40-t0-86%

[Grant et al 2010 NEJM, Molina et al 2075 NEJM,
Jourdain et al 2022 Lancet PH]

ﬂ possibility of breakthrough infections

TRADEOFF THEY ARE THE SAME PEOPLE!

two types of individual risk:

1

those with the highest probability
of breakthrough infections

1

BAD: breakthrough infection
means “wasted” dose

(think about #contacts)

high risk of transmission once infected

1

those who you want to target

1

GOOD:
avoid superspreading events




A BIT OF THEORY

SIS
model

parameters
A: transmission rate

. . o
W: recovery rate X, = — ux, - o k(1 —x)¢E
e: efficacy of prevention

| N . . A
pi: probability of having contact rate k V. = — 1y, + W(l — e)k(1 —y,)¢&
g fraction of immunized among those

with contact rate k E = Z kp, [(1 — g)X;, + gkyk] :
k

variables
X: probability of being infectious given c.r. k and no immunization
yk: probability of being infectious given c.r. k and immunization

prevalence: [[g.x,y] = Y pi [(1 = gox, + &)
k



RESPONSE FUNCTION

1. nobody is immunized 2. =0 Vk

2. | start providing vaccines/prophylaxis
set a specific k —— &k starts going up from zero

to a specific risk class

3. what is the benefit on the overall epidemic? impacton [[g, x, y] (overall prevalence)
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1. nobody is immunized 2. =0 Vk

2. | start providing vaccines/prophylaxis
set a specific k —— &k starts going up from zero

to a specific risk class

3. what is the benefit on the overall epidemic? impacton [[g, x, y] (overall prevalence)

1 dI

RESPONSE FUNCTION (k) = — high value <o

immunizing in class k has a strong effect
on disease circulation (lower |)

§=0



RESPONSE FUNCTION

1. nobody is immunized 2. =0 Vk

2. | start providing vaccines/prophylaxis
set a specific k —— &k starts going up from zero

to a specific risk class

3. what is the benefit on the overall epidemic? impacton [[g, x, y] (overall prevalence)

1 dlI . o
RESPONSE FUNCTION (k) = . immunizing in class k has a strong effect
P dg; ) nigh value “ on disease circulation (lower )
g:
PRIORITIZING THOSE
AT HIGHEST RISK
IS NOT BENEFICIAL




CRITICAL EFFICACY

analytically
computable
critical efficacy
£=0% S £=100%
ineffective nerfect
prevention nrevention
tool tool
LOW-EFFICACY
PHASE
efficacy —} targeting those at highest risk (hubs) is optimal

efficacy below critical efficacy —} providing prevention non-selectively (at random) outperforms targeting



RISK-BASED PrEP DISTRIBUTION MAY NOT BE OPTIMAL EVERYWHERE

b
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58 countries, 24 cities (tot 82) low-efficacy region: 40




FOUNDATION MODELS FOR TABULAR DATA
TO MODEL EPIDEMICGS

| Kalahasti et al (2025) medRxiv pre-print |



large-scale, pre-trained machine learning models that can be adapted to many tasks with no or little retraining

. Scale: Trained on massive datasets with millions/billions of parameters

. Self-supervised learning: Learns from unlabelled data

Transfer Learning: Can apply knowledge to new domains and tasks

. Few-shot/Zero shot Learning: Require minimal examples to adapt to new tasks

. Domain Adaptability: Can be fine-tuned across multiple domains

Vaswani et al.
| . (I Attention is all you need
architectures | 250/ ((52)]|  Aqvances in Neural Information Processing Systems (2017)

transformer-hased




WHAT GOOD ARE FOUNDATION MODELS TO US?

foundation models work well with textual data have revolutionized
P - natural language processing
& o1 (ST L LeoHAT oo s
m | LAMA A\ CLAUDE * Image generation

problem: you typically don't describe epidemic spread with text or images.



foundation models work well with textual data have revolutionized
- natural language processing

o~
dl BERT o
@ : J i, LEORAT * computer vision

m LLAMA A\ CLAUDE - image generation

problem: you typically don't describe epidemic spread with text or images.

X_1 X_2 X_3 y

-0.113496 -0.685372 -1.045224

0.099752
-1.363148  2.945151 0.757122

0.306779

Xtrain | 0.408445 0534910 1.303363 |10.084050 | X test

NEW FIELD:
0.752802 1.785025 0.499924
foundation models for tabular data 1353133 -0.166339 -1700156

0.349694 1.061171 0.886693 |{0.261888

0.465915
1.061878

K1est | 0616227 0528008 0139460 ||1.158676 y test

0.855089 0.778448 -0.720164 )|0.703333

adapted from Hollmann et al (2025) Nature



model

features

(# param)
TimeskM developed by G 1G
""""""""""""" sglms fwsdmlmoo |
"""""""""""" R A
"""""""""""""" eGPl [inci® 3
""""""""""""""" wows w5 2

- nione of them trained on epi data
* 110 re-training (zero-shot)
- except some hyperparam tuning (for few models)
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SHORT-TERM FORECASTS: TabPEN vs SotA

the US COVID-19 Forecast Hub ensemble forecast

from up to 110 independent forecasts 1°'

10°

COVID-19 10

ForecastHub 10°

RESEARCH ARTICLE | STATISTICS | & f XWin® &
Evaluation of individual and ensemble

probabilistic forecasts of COVID-19 mortality
in the United States

Estee Y. Cramer @, Evan L. Ray @, Velma K. Lopez @,Johannes Bracher @, Andrea Brennen, Alvaro J. Castro

CASES

TabPFN/Hub (log)
2

Rivadeneira, Aaron Gerding, Tilmann Gneiting ®, Katie H. House, Yuxin Huang, Dasuni Jayawardena, Abdul H. Kanji, Ayush
Ariane Stark, Yijin Wang, Nutcha Wattanachit, Martha 10-’
Mihir Kulkarni, Srujana Merugu, Alpan Raval, Siddhant
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W. Zorn, Youyang Gu, Sansiddh Jain, Nayana Bannur, Ayush Deva
Shingi, Avtansh Tiwari, Jerome White ®, Neil F. Abernethy, Spencer Woody ®, Maytal Dahan, Spencer Fox Q, Kelly

Gaither @, Michael Lachmann, Lauren Ancel Meyers G,James G. Scott, Mauricio Tec @, Ajitesh Srivastava, Glover E. 10-‘
George @,me C. Cegan ®, 1an D. Dettwiller, William P. England, Matthew W. Farthing, Robert H. Hunter ®, Brandon
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« respiratory syncytial virus (RSV) causes bronchiolitis in newborns
- monitoring ER admissions in Paris

» season 2023-24: introduction of nirsevimab immunizatior
» case-control study to estimate effectiveness in averting all-cause bronchiolitis ER admissions

=3 months (n=940) >3-6 months >6-12 months
(n=642) (n=1204)

Attended paediatric emergency department (all-cause bronchiolitis; N=864)

Received nirsevimab 771217 (35%) 47/315 (15%) 54/332 (16%)
Did not receive nirsevimab 140/217 (65%) 268/315 (85%) 278/332 (84%)
Effectiveness (95% Cl) 52% (29 to 68) 59% (36 to 74) 27% (-9 to 51)

Carbajal et al. (2024) Lan Child & Adol Health



TabPEN to estimate the effectiveness of nirsevimab immunization

TabPFN “counterfactual”: admissions observed in the absence of the immunization campaign
/ 100%

£ <=3 months >3-6 months >6 months

- 80%

- 60%

Beyfortus coverage

ER admissions
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- 20%

recorded admissions 0 Lo
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From that we could predict the effectiveness
) =3 months (n=940) >3-6 months >6-12 months
« <=3 months - 56% (CI : 10%-11%) (n=642) (n=1204)

Attended paediatric emergency department (all-cause bronchiolitis; N=864)

> 3-b months - 45% (-2 C 0/0,75%) VS Received nirsevimab 771217 (35%) 47/315 (15%) 54/332 (16%)
Did not receive nirsevimab 140/217 (65%) 268/315 (85%) 278/332 (84%)
. >6 months - 13% (- 50% ,1 740/0) Effectiveness (95% Cl) 52% (29 to 68) 59% (36 to 74) 27% (-9 to 51)




EXTREME WEATHER EVENTS
AND THE SPREAD OF
RESPIRATORY PATHOGENS

| Ascione et al (2025) EP) Data Science |



FLOODS IN EMILIA ROMAGNA, ITALY - MAY 20

discomap.eea.europa.eu

THE LANCET

Thisjournal  Journals Publish Clinical  Global health Multimedia Events  About
source: New York Times
° 50,000 [lSplaCBd REVIEW - Volume 404, Issue 10465, P1847-1896, November 09,2024  [NARI LY RSV (IESTTS
' The 2024 report of the Lancet Countdown on health and climate change: facin
» 10 bn EUR in damage P g g

record-breaking threats from delayed action

Yasna Palmeiro-Silva, PhD 2 - Daniel Scamman, EngD € - et al. Show more

Affiliations & Notes v  Article Info v  Linked Articles (3) v

Download PDF 99 Cite Oﬁg Share g Set Alert @ Get Rights |D Reprints



COLOCATION MAPS by
0N Meta

» from smart
- GDPR-com

nhone GPS traces
liant

Ref: lyer et a

.(2023) Epidemics

Ascione et al (2025) EP) Data Science

ty)

HOUSEROLD
CONTACTS

ehold) Internal contacts (Communi

(Hous

COMMUNITY
CONTACTS

Internal contacts

| contacts

INTER-COMMUNITY &
CONTACTS

A Week 0 Week 1 Week 3

-40 —Zk) 0 20 40

relative (%) variation from pre-flood baseline




FLOODS — SPATIAL MIXING — EPIDEMIC OUTCOMES
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RAINFALL AND EPIDEMIOLOGICAL SURVEILLANGE (COVID-19)
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DETECTING THE EFFECT OF RAINFALL ON THE DAILY NUMBER OF COVID-19 TESTS

trend + weekly components

() u(?) = E[N()] = O(t) exp |q + ax(?)]
% 1.6-10% - ' ‘ -ﬁ . /
@ | MAW’ m ‘ “” |‘| rainfall
80-10° - ‘ b | I ‘ || number of daily tests
il i \ |
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Caruso et al (2025) medRxiv pre-print



rRance [l B NEW YORK STATE

Trend/periodicity Weekly component AIC Effect of rain (A) Trend/periodicity Weekly component AIC Effect of rain (A)
setup setup
additive Day-of-week cat. variable 18,114,846 Not included additive Day-of-week cat. variable 4,533,723 Not included
additive Day-of-week cat. variable 18,054,556 -9.91 (-9.99, -9.83) additive Day-of-week cat. variable 4,512,424 -4.50 (-4.56, -4.44)
additive From Prophet 26,913,692 Not included additive From Prophet 5,690,903 Not included
additive From Prophet 26,840,430 -10.73 (-10.80, -10.65) additive From Prophet 5,673,806 -4.05 (-4.11, -3.99)
multiplicative Day-of-week cat. variable 15,248,971 Not included multiplicative Day-of-week cat. variable 4,522,195 Not included
multiplicative Day-of-week cat. variable 15,209,547 -8.07 (-8.17, -7.99) multiplicative Day-of-week cat. variable 4,500,870 -4.50 (-4.56, -4.44)
multiplicative From Prophet 14,856,229 Not included multiplicative From Prophet 4,256,053 Not included
multiplicative From Prophet 14,810,057 -8.69 (-8.76, -8.61) multiplicative From Prophet 4,233,541 -4.62 (-4.68, -4.56)

effect of rain = percentage change in tests attributable to 25 mm of rainfall

Caruso et al (2025) medRxiv pre-print



COMPOUND VULNERABILITIES: SE + DISEASE + GLIMATE ADAPTATION
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- Climate adaptation: more rainy days — weaker

effect of rain: showing community adaptation

- Limits of adaptation: no adaptation to heavy rain

- Spontaneous adaptation insufficient: need for

structural, top-down interventions

» Socioeconomic vulnerability: stronger test

reductions in poorer communities

- Compounding risks: poverty + climate change +

infectious disease vulnerability intersect, requiring

e | coordinated mitigation strategies

Caruso et al (2025) medRxiv pre-print



www.evmodelers.org

scientific publications: www.evmodelers.org/publication/
available internships: www.evmodelers.org/job/

Internship - Mobility-informed risk mapping

We are looking for an intern to join our research on integrating large-scale, high-resolution mobility data to build exposure risk maps for infectious

disease epidemics. The data will be provided by Meta - see this for how we used similar data.

Internship - Foundation models for epidemic modeling and public health policy evaluation

We are looking for an intern to apply foundation models to modeling epidemics and informing public health strategies (e.g., immunization campaigns,
mobility restrictions). Candidates will be 1st-year or 2nd-year master students in computer science, machine learning, physics applied mathematics,

engineering or other relevant fields.

Internship - Low-dimensional representations of realistic, heterogeneous epidemic models

We are looking for an intern to join our research on on devising and applying complex systems physics and deep learning methods to finding low-

dimensional interpretable representations of realistic epidemic processes.

eugenio.valdano@inserm.fr



announcing the 7th edition of the workshop

l/,

omplexity72h

a workshop for Master students, PhD students and young researchers
lead or carry out a project in 72 hours

i 22-26 June 2026

oL

& o° Network Science Institute Northeastern University
oy 0-%o at Northeastern University London

credit: lacopo lacopini

stay tuned: follow us on social media and check out www.complexity72h.com



