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Measles modelers getiuestions about risk all the time 7z the detalls of
those questions lead to very different outcomes.

Riskof what?

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

At what spatial scal@

A Can the same approach work for districts and for
countries?

On what time horizor?

A |Is the best method on a-thonth scale also best on
a 2year scale?

Forwhat decisior?

A A preventative campaign, outbreak response,
iInvestments in RI systems, outreach?
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Today is a first step towardsa collective picture | £/ OOEOE AOO
guestions, approaches, challenges, and future directions.

Supporting measles campaign planning with forecasting models Niket Thakkar
Overview of the Measles Programmatic Risk Assessment Tool Anna Minta
Predicting Measles Outbreaks & Measles Immunity Profiles Amy Winter
Endemic Measles Forecasting with EpiFlowML James Schlitt
Risk Mapping of Measles in Nigepredicting highburden districts Anton Camacho

URGEPI: Measles risk and operational prioritizaf@outheasterrDRC Matt Ferrari
Subnational measles modelirR¢HME Jon Mosser
High level overview dbafine& sk mapping tool Helen Johnson

Wrap-up and upcoming MAH activities MeganAuzenbergs
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Supporting measles campaign
planning with forecasting models

Niket Thakkar

March 2026
MAH risk assessment symposium

nthakkar.github.io

Gates Foundation


https://nthakkar.github.io/
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Table 17. Campaign targets.
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A Measles vaccination campaigns are hqdbey have

to be

A Decisions includg
(which states go first?);
(should be plan for March or October?), and
O KFGQa 'y | LILINE LN

A A common pattern is responding to threats of
campaign delay forecasting models help us
for advocacy.

(1) Thakkar et alPNAR019 (2)Thakkar et al.PLoS On2026.
¢-ofSa QA bAISNRAI Q& HAHpP

I D M INSTITUTE FOR
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440 thousand people!

Campaign strategy Proportion of the target Target population
population
Fixed posts 10% 9,722 469
Mobile posts 90% 87,502,221
Total 100% 97,224 690
Table 18. Operation of vaccination posts
Campaign Organisation of Number Number of Number of
strategy vaccination posts and of teams children children
team composition vaccinated per | vaccinated per
vaccinator per | day
L _ _ day
ixgd Host 1 Bu sorVadg)ikto €00 K (Senior 300 (urban)
:R 13 F@ S 1 Eeg%r orl-(er(NJil y EF g K . éﬁewisor} 250 (rural)
Vaccinator 150 (Health 275 (average)
2 Recorder Worker
1 Town Announcer Vaccinator)
1 Community
leader/mobiliser
Mobile Post 1 Supervisor/Vaccinator 65,719 125 (Senior 300 (urban)
1 Health Worker Supervisor) 250 (rural)
Vaccinator 150 (Health 275 (average)
2 Recorder Worker
1 Town Announcer Vaccinator)
1 Community
leader/mobiliser | |
Total | 73,019 |
| |
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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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40001 Model fit to data from PAK
§ === Model forecast
E *  Measles cases used for fitting "
g 2000 - ®  Measles cases witheld for testing
2
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J L .
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[1] Ansari et al.Trans. on ML2024 this example used v2.0.0
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https://arxiv.org/pdf/2403.07815
https://arxiv.org/pdf/2403.07815
https://arxiv.org/pdf/2403.07815

Demographic data, Coverage estimation,
usually surveys past interventions

St + By — L1 — V4
Ii 1 = BreeSel ? movement, and serological data
Ct ~ Binomial {It, ’T’t}

Regularization via age
disttibatisns of cases

St—l—l
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Key challenges Ongoing work
The approach haslarge data footprint Can we make sparse approximatiéhs

Can we better understand transient eliminatic

L (re@dicted to endemiscales and setting dynamics?

Can we make certain elements (like underlyii

= WLt immunity profiles) a general tot#

Forecastincertaintyis sometimeg Can we improve uncertainty quantification ar
unreasonably higl other methods elements?

Niket.Thakkar@gatesfoundation.org

(1) See for exampl€hakkar et al.arXiv2024 (2) Gates Foundation recently funded a grant for this work.
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https://arxiv.org/abs/2405.09664
https://arxiv.org/abs/2405.09664
https://arxiv.org/abs/2405.09664
mailto:Niket.Thakkar@gatesfoundation.org
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Measles Risk Assessment Tool (MRAT) - Background

MRAT is an Excel and ArcGIS based program assessment tool
developed by US CDC and WHO in 2014

Purpose: [dentify subnational areas failing to meet measles
programmatic targets to guide and strengthen elimination activities

Not a measles outbreaks risk prediction tool nor is it designed for
SIA planning

Current uses include annual program planning and country report
preparations



MRAT Indicators

* Subnational programmatic risk calculated as sum of indicator
scores in 4 categories

— Population immunity (40 points)
— Surveillance quality (20 points)

— Program performance (16 points)
— Threat assessment (24 points)

— Total (100 points)

» Each district is assigned a risk category of low, medium, high,
or very high risk based on the overall risk score



MRAT Data Inputs

Administrative vaccine coverage data by MCV1 and MCV2 for previous 3 years
district DTP1/Pental year 3

Measles Supplementary Immunization District coverage, target age group, year of
Activity (SIA) campaign data SIA

Measles case-based surveillance data Previous 3 years

Total population, geographic area, shape Year 3

files by district

Completed “Vulnerable groups by district” Recommended input from immunization,
spreadsheet surveillance, cold chain, etc personnel

familiar with local communities

MCV = measles containing vaccine, DTP = diphtheria/tetanus/pertussis vaccine, Penta = pentavalent vaccine



Population

MRAT Key Assessments

Surveillance

Program
Performance

Threat
Assessment

Immunity

Vaccination coverage (MCV1,

MCV/?2)

SIA coverage

Proportion of suspected
measles cases with known
vaccination coverage

Total points = 40

Quality

MNon measles discarded case
rate

Percent of adequately
investigated cases

Timeliness of specimen
collection and laboratory
results

Total points = 20

Trends in routine MCV1 and
MCV?2 coverage

Dropout rates from MCV1 to
MCV2

Dropout rates from DTP1 to
MCV1

Total points = 16

Reported measles cases in
specific age groups

Recent cases in bordering
areas

Population density and
presence of vulnerable groups

Total points = 24



District risk scoring

Risk Categories

Total risk points

Low risk

<47

Medium risk

Very high risk

48-54

Risk Status
B owrisk [ High risk

] Medium risk - Very high risk

Metro Manila, Philippines, 2010 - 2012




MRAT Outputs

* Subnational risk scored by ey
indicator category B e

* Tables and maps color- s
coded by risk category -

e Country report directly
generated by tool

Wedhoek: (70)

Overall risk score breakdowns of high- and very-high-risk
districts by risk category, Namibia, 2006 - 2008



MRAT Strengths and Limitations

» Strengths

o Setup guide, technical appendix, and excel files for data
entry available online

o Countries can monitor trends over time

* Limitations
o Results of any risk assessment depend on quality of data
entered into the tool
o Administrative coverage data =100% set to 100%

o Tool uses previous 3 years of data and trends may have
been affected by factors outside of the measles program



MRAT Country Implementation

MRAT development and initial country use reported in Risk
Analysis supplement in 2017

o Senegal, Philippines, India (one state), Namibia, Romania
MRAT is now used routinely in many countries

Feedback on the MRAT: develop an electronic version that is
more user-friendly, improve the mapping and visualizations

MRAT is used by countries to assess their measles program for
annual planning and for country reports to advance progress
towards measles elimination
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Thank you.

For more information, contact CDC
1-800-CDC-INFO (232-46306)

TTY: 1-888-232-6348 https://www.cdc.gov/
Follow us on social @CDCgov

The findings and conclusions in this report are those of the authors and
do not necessarily represent the official position of the U. S. Centers for

Disease Control and Prevention.




Predicting Measles Outbreaks

Gates Foundation project wrapping up now
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Objective:

To build global scale measles outbreak
prediction model using classification
machine learning (ML) methods



Using ML to predict outbreaks

Step 0: Collate the data

Step 1: Define prediction target
(time step, outbreak definition,
prediction horizon)

Step 2: Define training, test, and
validation sets

Step 3: Dichotomize time series of
cases into outbreak (yes/no)

Step 4: Quantify performance of

the baseline model

Step 5: Lag and summarize
predictors by time step

Step 6: Train ML model on training
set and evaluate model

performance on test and validation
sets compared to baseline

Monthly measles case data Jan 2011 - Dec 2024 for 187 countries; data on predictors

Annual (12 month) time step; outbreak definition > C cases per one million
population; prediction horizon of T years ahead

Model was trained on 2011-2018 data, with classification threshold optimized using
test data 2018-2023 and validated on 2021-2024 data

Baseline outbreak probability is the proportion of previous time steps with an outbreak

Taking into account temporal changes in predictors

Hyper-parameter tuning; early assessment of other ML models (RF, gradient
boosting, etc)



country

Predicted probabilities illustrate 3 country groupings
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ML meant to predict for purple countries

Legend
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ML model not consistently better than baseline

Number of models (out of 36) that ML or Baseline model performance metric was superior
Performance based on 36 test datasets (Feb 2020 - Dec 202 3)

Sensitivity Specificity

50 6 3 1 -9 =5 -12

48 2 2 2 -12 0 -13

46 1 1 1 -13 0 -13

44 2 1 LA - R -4 -5

42 1 -3 0 =20 5 12

40 -1 2 o =2 0 9
o 38 -1 -1 0 == -3 11 Superiority
= 36 1 1 = . 24 -1 (non-overlapping Cls)
234 =1 W] -1 — -6 ML models better
E 32 -1 2 -7 _ _8 . in all 36 models
S 1 o M. -1
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Step 1: Define prediction target
(time step, outbreak definition,
prediction horizon)

Step 4: Quantify performance of
the baseline model




Variable importance plots can be used to
quantify the value of measles data streams

Top 10 Features

Public Proportion previous time _

steps with outbreak Baseline Variable

Public MCV1 -

Proprietary Estimated infections

Public + effort Position on the |
canonical path

Public Longitude -

Public + effort Radial mean month -

Public Health expenditure

- Average age of |
PrnprIEtarY suspected cases

Public Death rate 1

Public MNet migration -

Th

10
Mean Importance”

=
o



Challenges and Next Steps

- ML model is not consistently better than baseline
+ Poor noise to signal ratio in the data
+ Potentially national scale hiding subnational dynamics

+ ML forecasting national measles outbreaks work is ending



Measles Immunity Profiles

Gates Foundation project just beginning
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Objectives:

1. To build scalable approach for incorporating
infection derived immunity into country level indirect
estimates of age-specific immunity

2. To pilot approach for deriving admin1 level indirect
estimates of age-specific immunity (including
vaccine and infection derived immunity)



Indirect cohort based estimates

Combines infection, routine vaccination, campaign vaccination, and vaccine effectiveness

Age in years

151

-
]
1

(8)
i

SIA (Vy)

Infected (/)

unknown

McV2 (V)
MCV1 (V)

2000 2005 2010 2015 2020 2025
Year

Sources of immunity

s € {ILV;,V,, VS, ...,V }

Each birth cohort is divided among
mutually exclusive immunity sources
whose proportions sum to 1.

> p(s|b)=1.

Infection-derived immunity is solved
so that the cohort partition sums to 1

Thakkar et al. 2026, Plos ONE



Conclusions

“Risk” indicator Spatial Scale Time Scale User & Operation
Project 1. ML to predict Probability of : Predict 1-4 International organizations -
National e
outbreaks outbreak years ahead Resource prioritization
Project 2. Indirect estimates Proportion National and Country EPI - Setting
. . : : Nowcast .
of immunity profiles susceptible Admin preventative SIA schedule

ML to predict
outbreaks

Indirect estimates of

immunity profiles




James Schlitt, Amanda J. Meadows, Vikram Sridharan, Nicole Stephenson, Nita K. Madhav
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Measles Forecasting to Inform Response Activities

Funding: Gates Foundation

Objective: To develop a country-level measles forecasting model to prioritize
countries by their risk of outbreaks over a 9-month prediction window.

Policy goal: To inform supplemental immunization activity (SIA) to prevent
outbreaks before they occur.

Problem: Traditional measles models rely on granular datasets that are resource
Intensive to generate and vulnerable to data scarcity and fragility.

Approach: Pipeline the application of [ifappedimachinesearnngivil) algorithms,
preprocessing routines, and outcome metrics on readily-available, diverse data
streams to develop a model which forecasts a coming measles outbreak.
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Epidemiologically Relevant Country Grouping

Grouped coumnt cillaster
environment al predict
Applied poolteod emdichelcse
regions with | imited

Cluster

Qualitative Description (relative)

High birth rate, low vax, low travel, high
temps with low variation

anal ys
or s)

perfo
dat a

High birth rate, high vax, low travel, high
temps with moderate variation

Low birth rate, high vax, high travel,
moderate temps

Low birth rate, high vax, moderate travel,
moderate temps with high variation

Moderate birth rate, moderate vax, low
travel, extreme variation in temps

v
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Outcome Variable

O«

O«

O«

Defined an outbreak month as >=5
reported measles cases per million
Prediction windows set to 9 months
Models were evaluated based up on
their ability to predict outbreak
prioritization tiers

7 or more months

471 6 months

17 3 months

0 months

Model Fitting

Swept all possible combinations of:

Geography binning method

6  Single country and cluster

ML models

6 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
o  Additional predictors were chosen based on univariate
associations with outbreak status
o  Predictors were evaluated for multicollinearity



Selection of Best Model Configuration

The single country fit + single model  was the best configuration

3 Best balance between proportion of acceptable countries and the total
number of countries able to be modeled

3 (4.8% 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.



Top 10 Most Common Predictor Variables in the Final Models

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) 0.486
12 months (0.189) / 24 months (0.171) / 60 months (0.126)

Months since last outbreak (20 cumulative cases per M) (0.162) 0.279
Months since last outbreak (20 cases per M) (0.117)

Monthly air passengers arriving from countries with seasonal measles outbreaks (0.153) 0.270
Monthly air passengers visiting countries with seasonal measles outbreaks (0.117)

Cases per M 12-month z-score (0.153) 0.261
Cases per M 36-month z-score (0.072)
Cases per M 60-month z-score (0.036)

Months since last SIA campaign 0.216
MCV2 coverage (0.135) 0.198
MCV1 coverage (0.063)
Migrations per thousand population 0.171
Birth rate per thousand population 0.144
Not ef[sh.e top model for each country could contain up to three pred

Since the models are multivariate, 1t he proportions 1in



Final Model Assessment: Configurations Considered
Model configuration Countries | Proportion | Single Cluste | Single | Ensemble
modeled acceptable | country | rfit Model
through fit
validation
Each possible Sub§|gg{eco¢1qtr}5f{k of111 0.748 v v
: S|qgle model
possi bl e model cC O atlons
considered, the nBsgingkeeduntryfit+ 104 0.769 v v
countries able t oensanblenodel ed
t hrough the wval. %t Ontftc 1nogow, 0.734
and the proportioIng fcounr¥|argyles ' v v v
with acceptabl e rndlr‘flnnc a)
il lustrate whi ch |[Clustesfit tasmgle nmmdetd ¢ 108 ar g 0.693 v v
i ncluded in the 9lu set, c?lls are
r 22 0.773 v v
§haQed angl ma/rtko?dmodep a
i ndicate inclusion—The selected
configuration i s |EBlostedfie(dny model) 96 0.698 v v v
Single model (any fit) 105 0.705 v v v
Ensemble model (any fit) | 75 0.733 v v v
Any fit, any model 103 0.728 v v 4 v v




Final Model: Validation of Predictions

A Fisheros exact test reveal s
significant correlation between the
observed and predicted tiers (p = 1.397
x 10-7).

(@]

O«

from this analysis still results in a
significant correlation between the
observed and predicted tiers (p = 0.016) None
Final model produces acceptable

predictions for 6 more countries than the

alpha model

(@14

6 Over-prediction: two or more groups above the
observed group.

6 Acceptable prediction: observed group or one group
higher to bias the model against under-prediction

6 Under-prediction: one or more groups lower than the
observed group.

6 We saw under-prediction as more detrimental to
public health than over-prediction Under -Predicted

Over-Predicted

Accept abl e

C-Lower

a

A-Higher

Removing thNoB&ofidNounet r i e sB-Moderate

hi ghl vy
A B C None
6 5 3 6
0 2 2 4
0 ) 5 6
0 3 7 S7

13 0.117
83 0.748
15 0.135




Comparison to Simple Baseline

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

Number of Proportion of Number of Proportion of
countries total countries total

13 0.117 15 0.135

83 0.748 81 0.730

15 0.135 15 0.135




ML was not able to overcome the data limitations

Exhaustion of methods

(@]

Pooled model fitting (global local)
Ensembles
Fuzzing
ML models (e.g. Random Forest, Gradient Boosting, Bagging Regressor, CatBoost, and
XGBoost)
Imputation of missing data
3 Neural Prophet, AUutoETS
6 Experimental grid
115 countries assessed (single fit + cluster fit)
14 predictors assessed (permutations up to 3 predictors per country)
5 models assessed, plus 2 additional ensembles
15 replicates of each configuration
In total, 800k+ simulations performed

O« O«
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Discussion and Commentary: Generalizability

Additional pathogens/ or health outcomes
3 The model workflow could be adapted to other infectious diseases, particularly those with a
strong seasonal component.
3 Would require altering outcome definitions and retraining on appropriate surveillance, social,
and environmental datasets.
Different levels of geographic resolution (provided availability of data)
3 Data pipelines transform data sets into consistent country-level inputs
3 Given the availability of appropriate subnational data, the same approach could be
reconfigured to aggregate information at regional, state, or district levels.
Expansion to different time steps (provided availability of data)
3 Time step flexibility is embedded in model architecture and preprocessing, allowing for
configuration changes to shift the model sd tim
3 Adaptations from monthly to weekly, quarterly, or annual outcomes are feasible
3 Seasonal clustering and dynamic window selection methods ensure that predictive alignment
can be maintained even as the temporal granularity changes.

(@]
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(@]



Scientific Publication

EpiFlowML: A Modular Framework for Standardized and Reproducible
Epidemiological Forecasting

INPUT MODEL TRAINING EVALUATION

Model training dataset

« Data ingestion pipeline - Processed
training dataset containing:
o Epidemiological time series
o Climate variables
o Social variables
o Travel variables

« All data aligned to 1 row per country and
time step

Configuration files

« Three optional files:
oPreprocessor rules
oModel feature specification (metadata
workflow)
o Country-specific trainftest split cutoff
dates

@ Data Loading

+«MD5 hashing

«Completeness and uniqueness checks
+«Assemble pooled training data

«Data sufficiency filters

ﬁﬁ- Preprocessing

+«Missing data handling
e Transformations
« Quality filters

lﬁiﬁ Model fitting

«Scikit-learn model ecosystem

*Model configs parsed from metadata

«Generates forecast for prediction
window or N months forward

@ Standardized outputs

« Projection output: Dates,
observed and predicted values,
country identifiers

« Summary output: Evaluation
metrics, country identifiers
o Test and train: MSE, MAE, R2,

Sensitivity, Specificity, F1

Metadata workflow: A
configuration ID linking results
back to metadata files

[a1Q| Visualization dashboard

+Shiny-based interface

«Exploration of observed vs. predicted
values, performance metrics, and
configuration details

«Supports model review and validation




Risk Mapping of Measlesin Niger
Predicting High-Burden Districts

Anton Camacho MAH Q1 meeting £ 9 March 2026
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Significant variabilityin the size and location of epidemics
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Weekly cases
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PURPOSE OF THE TOOL
Whichdistricts aremostlikelyto experiencehigh measledurdennextseasor?

RISK MAP POLICY DECISION
aheadof season Dimensioningnd pre-positioningof vaccine stocks,
outbreakpreparednesssurveillanceprioritisation.
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Key data 1T nputs
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Core methods
Target

Baseline Number of cases, converted in Top 5/10/15 distric Median number of cases over past 4 yea

NegBin regression Number of cases, converted in Top 5/10/15 distric See table below
Random forest Top 5/10/15 districts
Ensemble model Top 5/10/15 districts

See table below
6 different aggregations of ranks

Historical cases {2 seasons) Count data No

2
Routine vaccination coverage-§lseasons) 6 Proportion No
Past outbreak occurrence - seasons) 2 Binary No
Hyperparameters Years since last vaccination campaign 4 Categorical (€8) No
(e.g. Iags) tuned  cumulative outbreak count 1
on training data Nigeria border indicator 1
(2010-2019) Population density 1
Population within radius (0, 1, 5, 10km) 4

District indicators 72 Binary Yes

Count data Yes
Binary Yes
Continuous Yes
Continuous Yes

Distance to hotspots 72 Continuous Yes



Evaluation on 4 seasons: 202602024
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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
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Discussion

Al essons learned:
Complex models performance comparable to baseline.
Limited signal from vaccination coverage data.

AStrength: Utility for broad planning. Uses routine data.
ALimitation : Modest PPV. Data quality & completeness.

AFuture directions::
Include new datasets (mobility, climate).

Benchmark performance of other risk mapping tooils.
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Objective

s URGEPI was developed to
support measles outbreak
response by MSF -OCP in4
provinces in southeastern
DRC

A~15 million population
A 68 health zones

» Epidemiological context
ALow RI coverage
AFrequent outbreaks
AWeak seasonality
ALarge IDP population



