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Measles modelers get questions about risk all the time ɀthe details of 
those questions lead to very different outcomes.  
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ά²ŀƛǘ ς what was the 
ǉǳŜǎǘƛƻƴ ŀƎŀƛƴΚέ

LƳŀƎŜ ƳŀŘŜ ǳǎƛƴƎ /ƻǇƛƭƻǘ

Risk of what?

Å Cases, infections, susceptibility, outbreaks, 
morbidity, vaccine hesitancy?

At what spatial scale?

ÅCan the same approach work for districts and for 
countries?

On what time horizon?

Å Is the best method on a 2-month scale also best on 
a 2-year scale?

For what decision?

Å A preventative campaign, outbreak response, 
investments in RI systems, outreach?
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Today is a first step towards a collective picture ÏÆ ȰÒÉÓË ÁÓÓÅÓÓÍÅÎÔȱ 
questions, approaches, challenges, and future directions. 
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#ÁÍÐÁÉÇÎ ÐÌÁÎÎÉÎÇ ÁÎÄ ÁÄÖÏÃÁÃÙ ÌÅÁÄÓ ÔÏ Á ÓÅÔ ÏÆ ÆÏÒÅÃÁÓÔÉÎÇ ÐÒÏÂÌÅÍÓȢ
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 440 thousand people!(1) Thakkar et al. PNAS 2019. (2) Thakkar et al., PLoS One 2026. 
¢ŀōƭŜǎ Ǿƛŀ bƛƎŜǊƛŀΩǎ нлнр DŀǾƛ ŀǇǇƭƛŎŀǘƛƻƴ

Å Measles vaccination campaigns are huge ς they have 
to be planned roughly 1 year in advance.

Å Decisions include phasing of subnational areas 
(which states go first?), timing of the campaign 
overall1 (should be plan for March or October?), and 
who to target2 όǿƘŀǘΩǎ ŀƴ ŀǇǇǊƻǇǊƛŀǘŜ ŀƎŜ ǊŀƴƎŜΚύΦ

Å A common pattern is responding to threats of 
campaign delay ς forecasting models help us 
translate delay into expected burden for advocacy.

https://www.pnas.org/doi/abs/10.1073/pnas.1818433116
https://www.pnas.org/doi/abs/10.1073/pnas.1818433116
https://www.pnas.org/doi/abs/10.1073/pnas.1818433116
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0341016
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0341016
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0341016
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7ÅȭÖÅ ÃÒÅÁÔÅÄ ÍÏÄÅÌÓ 
with viable accuracy on 
operationally relevant 
time horizons  in key 
campaign geographies.
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7ÅȭÖÅ ÆÏÕÎÄ ÔÈÁÔ ÆÏÒÅÃÁÓÔÓ ÎÅÅÄ ÅÐÉÄÅÍÉÏÌÏÇÙ ɀ ÐÕÒÅÌÙ ÅÍÐÉÒÉÃÁÌ 
ÍÏÄÅÌÓ ÆÁÉÌȟ ÅÖÅÎ ×ÉÔÈ ÍÏÄÅÒÎ !) ÁÒÃÈÉÔÅÃÔÕÒÅÓ ÁÎÄ ÍÕÃÈ ÍÏÒÅ ÄÁÔÁȢ
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!ƳŀȊƻƴΩǎ /ƘǊƻƴƻǎ1 
has up to 700M 
parameters trained on 
millions of time series. 

[1] Ansari et al., Trans. on ML, 2024, this example used v2.0.0

https://arxiv.org/pdf/2403.07815
https://arxiv.org/pdf/2403.07815
https://arxiv.org/pdf/2403.07815


Demographic data, 
usually surveys

Coverage estimation, 
past interventions

Regularization via age 
distributions of cases

Comparisons to climate, 
movement, and serological data

/ŀǎŜπōŀǎŜŘ ǎǳǊǾŜƛƭƭŀƴŎŜΣ 
ƛƴŎƭǳŘƛƴƎ ƭŀō ǊŜƧŜŎǘŜŘ ŎŀǎŜǎ
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7ÅȭÒÅ ÃÏÎÔÉÎÕÉÎÇ ÔÏ ÕÎÄÅÒÓÔÁÎÄȟ ÉÍÐÒÏÖÅȟ ÁÎÄ ÂÕÉÌÄ ÕÐÏÎ ÔÈÅÓÅ ÍÏÄÅÌÓȢ

10

Key challenges Ongoing work

The approach has a large data footprint Can we make sparse approximations1?

LǘΩǎ restricted to endemic scales and settings
Can we better understand transient elimination 
dynamics?

LǘΩǎ ƴƻǘ ŀ άǘƻƻƭέ
Can we make certain elements (like underlying 
immunity profiles) a general tool2?

Forecast uncertainty is sometimes 
unreasonably high

Can we improve uncertainty quantification and 
other methods elements?

(1) See for example Thakkar et al., arXiv 2024. (2) Gates Foundation recently funded a grant for this work.

Niket.Thakkar@gatesfoundation.org 

https://arxiv.org/abs/2405.09664
https://arxiv.org/abs/2405.09664
https://arxiv.org/abs/2405.09664
mailto:Niket.Thakkar@gatesfoundation.org




















































Measles Forecasting to Inform Response Activities

Funding: Gates Foundation

ǒ Objective:  To develop a country-level measles forecasting model to prioritize 

countries by their risk of outbreaks over a 9-month prediction window.

ǒ Policy goal: To inform supplemental immunization activity (SIA) to prevent 

outbreaks before they occur. 

ǒ Problem: Traditional measles models rely on granular datasets that are resource 

intensive to generate and vulnerable to data scarcity and fragility.

ǒ Approach:  Pipeline the application of wrapped machine-learning (ML) algorithms, 

preprocessing routines, and outcome metrics on readily-available, diverse data 

streams to develop a model which forecasts a coming measles outbreak.



Epidemiologically Relevant Country Grouping

Grouped countries via cluster analysis (case and 

environmental predictors)
 

Applied pooled models to enhance performance in 

regions with limited data

Cluster Qualitative Description (relative)

1 High birth rate, low vax, low travel, high 

temps with low variation

2 High birth rate, high vax, low travel, high 

temps with moderate variation

3 Low birth rate, high vax, high travel, 

moderate temps 

4 Low birth rate, high vax, moderate travel, 

moderate temps with high variation

5 Moderate birth rate, moderate vax, low 

travel, extreme variation in temps



ǒ Defined an outbreak month as >= 5 

reported measles cases per million

ǒ Prediction windows set to 9 months

ǒ Models were evaluated based up on 

their ability to predict outbreak 

prioritization tiers

Outcome Variable

Prioritization 

Tier

Number of outbreak months in the 

prediction window

A - Higher 7 or more months

B - Moderate 4 ï 6 months

C - Lower 1 ï 3 months

None 0 months

Swept all possible combinations of:

Geography binning method
ǒ Single country and cluster

ML models
ǒ Random Forest, Bagging Regressor, CatBoost, 

Gradient Boosting, XGB Regressor, boosted heavy 

ensemble, diverse ensemble

Predictors: All models contained temp and 

precipitation plus up to 3 additional predictors
ǒ Additional predictors were chosen based on univariate 

associations with outbreak status

ǒ Predictors were evaluated for multicollinearity 

Model Fitting



The single country fit + single model was the best configuration

ƺ Best balance between proportion of acceptable countries and the total 

number of countries able to be modeled

ƺ 74.8% of 111 modeled countries yielded an acceptable prediction

Although the single country fit + ensemble model configuration had a higher 

percentage of acceptable countries, seven fewer countries were able to be 

modeled through the validation window with this configuration. 

Selection of Best Model Configuration



Top 10 Most Common Predictor Variables in the Final Models

Notes: The top model for each country could contain up to three predictors (in addition to mean temperature and precipitation). 

Since the models are multivariate, the proportions in the table will not sum to 1.

Variable/Variable group Proportion of selected country models 

containing the variable or variable group

Proportion of previous N months (rolling window) in outbreak (5 cases per M) 

- 12 months (0.189) / 24 months (0.171) / 60 months (0.126)

0.486

Months since last outbreak (20 cumulative cases per M) (0.162)

Months since last outbreak (20 cases per M) (0.117)

0.279

Monthly air passengers arriving from countries with seasonal measles outbreaks (0.153)

Monthly air passengers visiting countries with seasonal measles outbreaks (0.117)

0.270

Cases per M 12-month z-score (0.153)

Cases per M 36-month z-score (0.072)

Cases per M 60-month z-score (0.036)

0.261

Months since last SIA campaign 0.216

MCV2 coverage (0.135)

MCV1 coverage (0.063)

0.198

Migrations per thousand population 0.171

Birth rate per thousand population 0.144



Each possible subset (rows) of 

possible model configurations 

considered, the number of 

countries able to be modeled 

through the validation test window, 

and the proportion of countries 

with acceptable predictions. To 

illustrate which fits and models are 

included in the subset, cells are 

shaded and marked with a to 

indicate inclusion. The selected 

configuration is bolded.

Model configuration Countries 

modeled 

through 

validation

Proportion 

acceptable

Single 

country 

fit

Cluste

r fit

Single 

Model

Ensemble

Single country fit + 

single model

111 0.748

Single country fit + 

ensemble

104 0.769

Single country fit (any 

model)

109 0.734

Cluster fit + single model 101 0.693

Cluster fit + ensemble 

model

22 0.773

Cluster fit (any model) 96 0.698

Single model (any fit) 105 0.705

Ensemble model (any fit) 75 0.733

Any fit, any model 103 0.728

Final Model Assessment: Configurations Considered



ǒ Over-prediction: two or more groups above the 

observed group.

ǒ Acceptable prediction: observed group or one group 

higher to bias the model against under-prediction

ǒ Under-prediction: one or more groups lower than the 

observed group.

ǒ We saw under-prediction as more detrimental to 

public health than over-prediction

PredictionNumber of countriesProportion of total

Over-Predicted 13 0.117

Acceptable83 0.748

Under -Predicted 15 0.135

Prioritization Tier Observed

A B C None

Predicted A-Higher 6 5 3 6

B-Moderate 0 2 2 4

C-Lower 0 5 5 6

None 0 3 7 57

ǒ A Fisherôs exact test reveals a highly 

significant correlation between the 

observed and predicted tiers (p = 1.397 

x 10-7).

ǒ Removing the 57 ñNone-Noneò countries 

from this analysis still results in a 

significant correlation between the 

observed and predicted tiers (p = 0.016)

ǒ Final model produces acceptable 

predictions for 6 more countries than the 

alpha model

Final Model: Validation of Predictions



Baseline:  the observed case data for each country in a period one year prior 

to the validation window

ML Model Baseline

PredictionNumber of 

countries

Proportion of 

total

Number of 

countries

Proportion of 

total

Over-predicted 13 0.117 15 0.135

Acceptable 83 0.748 81 0.730

Under -predicted 15 0.135 15 0.135

Comparison to Simple Baseline



ML was not able to overcome the data limitations

Exhaustion of methods

ǒ Pooled model fitting (global local)

ǒ Ensembles

ǒ Fuzzing

ǒ ML models (e.g. Random Forest, Gradient Boosting, Bagging Regressor, CatBoost, and 

XGBoost)

ǒ Imputation of missing data

ƺ Neural Prophet, AutoETS

ǒ Experimental grid

ƺ 115 countries assessed (single fit + cluster fit)

ƺ 14 predictors assessed (permutations up to 3 predictors per country)

ƺ 5 models assessed, plus 2 additional ensembles

ƺ 15 replicates of each configuration

ƺ In total, 800k+ simulations performed



ǒ Additional pathogens/ or health outcomes 

ƺ The model workflow could be adapted to other infectious diseases, particularly those with a 

strong seasonal component.

ƺ Would require altering outcome definitions and retraining on appropriate surveillance, social, 

and environmental datasets. 

ǒ Different levels of geographic resolution (provided availability of data)

ƺ Data pipelines transform data sets into consistent country-level inputs

ƺ Given the availability of appropriate subnational data, the same approach could be 

reconfigured to aggregate information at regional, state, or district levels.

ǒ Expansion to different time steps (provided availability of data)

ƺ Time step flexibility is embedded in model architecture and preprocessing, allowing for 

configuration changes to shift the modelsô timeframe

ƺ Adaptations from monthly to weekly, quarterly, or annual outcomes are feasible

ƺ Seasonal clustering and dynamic window selection methods ensure that predictive alignment 

can be maintained even as the temporal granularity changes.

Discussion and Commentary: Generalizability



Scientific Publication

EpiFlowML: A Modular Framework for Standardized and Reproducible 

Epidemiological Forecasting 



Risk Mapping of Measlesin Niger
Predicting High-Burden Districts

Anton Camacho MAH Q1 meeting ±9 March 2026
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Long-standing scientific/operational collaboration on 
measles in Niger

> 10 publications since 1994

DSRE
Dr ELH Ibrahim Tassiou
Mr Zaneidou Maman
Ms Aicha Arzika

Epicentre
Dr Ousmane Guindo
Dr Anton Camacho
Dr Catherine Eisenhauer
Mr Kimba Moussa Harouna

LSHTM
Dr Sebastian Funk
Dr Alexis Robert
Dr Manuel Stapper

National surveillance dashboard
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Significant variability in the size and location of epidemics
poses operational planning problems
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Data source: MDO
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2017

1,500 cases

нлмф

млΣнлл ŎŀǎŜǎ

{ǳōǎǘŀƴǘƛŀƭ ȅŜŀǊ ǘƻ ȅŜŀǊ ǾŀǊƛŀōƛƭƛǘȅ ƛƴ ǘƘŜ ǎƛȊŜ ŀƴŘ ƭƻŎŀǘƛƻƴ ƻŦ ƻǳǘōǊŜŀƪǎ ŎǊŜŀǘŜǎ 
ŎƘŀƭƭŜƴƎŜǎ ŦƻǊ ƻǇŜǊŀǘƛƻƴŀƭ ǇƭŀƴƴƛƴƎ

{ƛƎƴƛŦƛŎŀƴǘ ǾŀǊƛŀōƛƭƛǘȅ ƛƴ ǘƘŜ ǎƛȊŜ ŀƴŘ ƭƻŎŀǘƛƻƴ ƻŦ ŜǇƛŘŜƳƛŎǎ
ǇƻǎŜǎ ƻǇŜǊŀǘƛƻƴŀƭ ǇƭŀƴƴƛƴƎ ǇǊƻōƭŜƳǎ
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Significant variability in the size and location of epidemics
poses operational planning problems
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5ŀǘŀ ǎƻǳǊŎŜΥ a5h
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{ƛƎƴƛŦƛŎŀƴǘ ǾŀǊƛŀōƛƭƛǘȅ ƛƴ ǘƘŜ ǎƛȊŜ ŀƴŘ ƭƻŎŀǘƛƻƴ ƻŦ ŜǇƛŘŜƳƛŎǎ ǇƻǎŜǎ ŎƘŀƭƭŜƴƎŜǎ ŦƻǊ 
ƻǇŜǊŀǘƛƻƴŀƭ ǇƭŀƴƴƛƴƎ
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Data source: MDO
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RISK MAP
aheadof season

PURPOSE OF THE TOOL
Whichdistricts are most likelyto experiencehigh measlesburdennextseason?

Oct 5ŜŎ CŜō !ǇǊ Jun Aug

POLICY DECISION
Dimensioningand pre-positioningof vaccine stocks, 
outbreakpreparedness, surveillance prioritisation.
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Districts were sub-divided 
in 2014 and 2017

.ŜŦƻǊŜ нлмтΥ пн ŘƛǎǘǊƛŎǘǎ

{t!¢L![ Dw!b¦[!wL¢¸
bƛƎŜǊΥ у wŜƎƛƻƴǎҔ тн 5ƛǎǘǊƛŎǘǎ Ҕ  ууо LƴǘŜƎǊŀǘŜŘ IŜŀƭǘƘ/ŜƴǘŜǊǎ ό/{Lύ 

/hb{¢w!Lb¢{
!ƭǘƘƻǳƎƘ ǎǳǊǾŜƛƭƭŀƴŎŜ Řŀǘŀ ƛǎ ŀǾŀƛƭŀōƭŜ ŦǊƻƳ нллр 
ƻƴǿŀǊŘǎΣ ǘǊŀƛƴƛƴƎ ǘƘŜ Ǌƛǎƪ ƳŀǇǇƛƴƎ ǘƻƻƭ Ƙŀǎ ōŜŜƴ 
ŎƘŀƭƭŜƴƎƛƴƎ ŘǳŜ ǘƻ ŘƛǎǘǊƛŎǘ ŘƛǎŎƻƴǘƛƴǳƛǘƛŜǎΦ

Population
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1995 Present

National surveillance (MoH): weeklysuspectedcases by district (n = 72)
1995 - Present

[ŀōƻǊŀǘƻǊȅŎƻƴŦƛǊƳŀǘƛƻƴ όaƻIύ
нлмл π нлнн

Key data inputs
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Catch-up vaccination
campaigns(MoH)

Reactivecampaigns
(MSF & MoH)
2017 - Present

Missingdata

2020

Missingdata
wƻǳǘƛƴŜ ƛƳƳǳƴƛǎŀǘƛƻƴ a/±мκн όt9±κaƻIύ

нлмл π tǊŜǎŜƴǘ

¢ǊŀƛƴƛƴƎ ŘŀǘŀǎŜǘ±ŀƭƛŘŀǘƛƻƴ ŘŀǘŀǎŜǘ

2010
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Core methods

Variable Number Values Temporally constant

Historical cases (1-2 seasons) 2 Count data No

Routine vaccination coverage (1-6 seasons) 6 Proportion No

Past outbreak occurrence (1-2 seasons) 2 Binary No

Years since last vaccination campaign 4 Categorical (0-3) No

Cumulative outbreak count 1 Count data Yes

Nigeria border indicator 1 Binary Yes

Population density 1 Continuous Yes

Population within radius (0, 1, 5, 10km) 4 Continuous Yes

District indicators 72 Binary Yes

Distance to hotspots 72 Continuous Yes

Model Target Variable

Baseline Number of cases, converted in Top 5/10/15 districtsMedian number of cases over past 4 years

NegBin regression Number of cases, converted in Top 5/10/15 districtsSee table below

Random forest Top 5/10/15 districts See table below

Ensemble model Top 5/10/15 districts 6 different aggregations of ranks

Hyperparameters 
(e.g. lags) tuned 
on training data 
(2010-2019)
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Evaluation on 4 seasons: 2020-2024

twhthw¢Lhb hC /!{9{ /!t¢¦w95
¢ƘŜ bŜƎπ.ƛƴ ǊŜƎǊŜǎǎƛƻƴǇŜǊŦƻǊƳŜŘōŜǎǘΣ ŎŀǇǘǳǊƛƴƎсрςтл҈ ƻŦ ŎŀǎŜǎ ƛƴ ǘƘŜ ǘƻǇ ŘƛǎǘǊƛŎǘ ǎŜǘǎ

¢ƻǘŀƭ ŎŀǎŜǎ ƻǾŜǊ п ǎŜŀǎƻƴǎ

¢ƻǘŀƭ ŎŀǎŜǎ ƛƴ ¢ƻǇ ŘƛǎǘǊƛŎǘǎ 
όŘŀǘŀύ

Proportion captured by model
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Evaluation on 2024/25 season

Measles cases reported in 2025: only 6 districts 
predicted in the Top 15 are within the Top 15

MoHdata untilweek23 (8 June 2025)

All models have low positive predictive value (<50%)
Models identify districts with a high average number of 
cases (the most populous), but fail to accurately predict 

Top districts during a given season.

The risk mapping tool was therefore of limited 
operational use for MSF and MoH in selecting districts for 

preventive interventions before the season. 
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Discussion

ÅLessons learned: 

ÅComplex models performance comparable to baseline.

ÅLimited signal from vaccination coverage data.

ÅStrength: Utility for broad planning. Uses routine data.

ÅLimitation : Modest PPV. Data quality & completeness.

ÅFuture directions :

ÅInclude new datasets (mobility, climate).

ÅBenchmark performance of other risk mapping tools.



Epicentre / PSU



Objective

URGEPI was developed to 
support measles outbreak 
response by MSF -OCP in 4 
provinces in southeastern 
DRC
Å~15 million population 
Å68 health zones

Epidemiological context
ÅLow RI coverage
ÅFrequent outbreaks
ÅWeak seasonality
ÅLarge IDP population


