Dengue oracle (Model ID 155 e 156)

Model architecture

Input +
l | dropout
LSTM l

l gelu (activation)
dropout
v oy
LSTM () IS Parameters of
I H o ‘ log-normal distribution




Dengue oracle (Model ID 155 e 156)
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Training and forecasting workflow
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Forecasting Methodology

Data: Dengue cases by municipalities and week, ENSO index, and
Brazilian states coordinates.

Model: Chronos, a language model framework for time series forecasting.
The model is pre-trained on a large dataset of time series data, and was
fine-tuned on the dengue cases data.

Tools: ‘Autogluon’, a library that provides a high-level interface for
training and evaluating time-series models.

Post-Processing:
@ Sort quantiles to ensure monotonicity.
@ Set negative values to zero.

@ Interpolate and extrapolate quantiles to obtain the required intervals.
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Best model for predicting the upcoming dengue season in Brazil @ Supercomputing
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Median dengue cases (50, 80, 90 and 95% Cl)

Weekly national and state-level dengue forecasts for 2025/26 season
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Data

‘ Target: Weekly number of dengue cases per state in Brazil

a Time-varying Covariates

Population-weighted aggregation of

municipality-level climate values to state-
level (min, med, max)

& Temperature

& prccipitation

‘ Relative Humidity

l Pressure

Imperial College London

e Static Covariates

Used proportion of state population living
in each Koppen climate class and Brazilian
biome (aggregating from municipalities)
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Main features:

Add & Norm
GLU

Add & Norm
GLU

1. Automated variable selection T —
Masked Interpretable Multi-head Attention
and importance weighting o
2. Scalable complexity through use
. . e~k $(6.0) fen | P [
of skip connections ,,_‘ ‘ weagriom
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3. Flexibility in use of covariates
(static, past, or future covariates all
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allowed)
. . . S
4. Multi-head attention for learning Lo S e
longer range temporal patterns

Imperial College London



Pipeline

TRAIN 1 e\ TARGET1

& Climate Random Forests III
| 1]

GAP
CI|m Fc
: DEN
oo TFTS

* Initial training set split into multiple

train-validation folds TRAIN 3

e H roarameters tuned usina Optuna « Random forests trained to generate climate
yperparameters tuned using Up forecasts used in dengue model as future

optimising on mean quantile loss covariates

(MQL) across three validation sets * Incremental fine-tuning of previous models as
new data “arrives” then forecasts are generated

Imperial College London
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P: Susceptible Eggs
Q: Infected Eggs

S: Susceptible
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E: Exposed Humans/Vectors
I: Infective Humans/Vectors
R: Recovered Humans

A: Force of Infection

a: Incubation Rate

p: Recovery Rate

w: Natural Mortality Rate
y: DNV Mortality Rate



k v = 0.06

| +
oo
oo
oo

Model
Calibration

k h = 0.81339

® Parameters:

O Human to Vector Transmission
Probability -> Beta Distribution (¢« = 2.0 - g =
20.0)

O Vector to Human Transmission &
Probability -> Beta Distribution (¢« = 8.0 - g = ; ;
5.5) :

O Percentage of Susceptible
Population -> Beta Distribution (¢« = 3.0 - 8 =

o ffhods:

O Markov Chain Monte Carlo (PyMC)
B 6 chains
B 5000 samples

sus_per = 0.10%3:39
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Corner Plot and Posterior of the MCMC
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Dengue Forecast Model with Seasonal and Gravity

Components
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Introduction

This model combines seasonal dynamics, representing the yearly
dengue cycle, with spatial interaction, where transmission strength
depends on population and distance between regions.
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@ Sazonality: g.(t) =N an(os) COS(%), an(os) = exp( — 7
max gs(t) = 1.

@ Gravity: grav,, = k(POP;;)*s 3 (POPj,t)BId;jW.
@ Logit: ns:=amp,gs(t) + grav, ;.
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Figure 1: Bayesian Model




