
ICTP 
•  Publications 

–  WGSIP CHFP paper to appear in BAMS in November 
–  coauthored chapter in S2S book (editors Andy Robertson and Frederic Vitart) 
–  Health Early warning Uganda in WMO-WHO book and PNAS next month 
–  Work on importance of entrainment on convective organization when using grey 

–zone resolutions published in JAMES 
•  Developments in S2S-seasonal health impacts: 

–  Automated genetic algorithm for calibration (IRI, PLOS) 
–  Numerous numerical and process improvements (e.g. immunity, hydro). 
–  Malaria seasonal forecast system set up with SYNTEX2-driven VECTRI with 

JAMSTEC for S. Africa 
–  Guidance given to Médecins Sans Frontières (MSF) for recent trends in highland 

malaria in eastern Congo (with Uni Liverpool) 
–  New project on dengue prediction with NUS and government of Singapore. 

•  Workshops: 
–  S2S teleconnections workshop next week at ICTP 
–  S2S workshop at EAIFR (Rwanda) postponed to 2018 
–  ICTP Summer School on Theory, Mechanisms and Hierarchical Modelling of 

Climate Dynamics: Multiple Equilibria in the Climate System June 25 2018 
(annual event with focus each year) 

–  Next call deadline for proposals: March 2018 for 2019 activities 
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UNCERTAINTY IN SEASONAL FORE-
CAST ING. Any prediction of the future evolution 
of the Earth system requires an associated assessment 
of its uncertainty. !is is true whether the forecast is 
for the days ahead or is a longer-term prediction for 
the following months and seasons.

For seasonal forecasts, the uncertainty associated 
with inexact initial conditions, which can grow 
rapidly in time, is usually addressed by running 
multiple forecasts with perturbations applied to the 
initial state of the ocean and atmosphere (Arribas 
et al. 2011; Stockdale et al. 2011). !e idea is that 
the perturbed initial conditions are of a suitable 
magnitude to represent the uncertainty in the 
observational measurements and the analysis tools 

that are used to process them. As the forecast evolves, 
the di"erences between the forecasts, known as the 
ensemble “spread,” should therefore re#ect the typical 
forecast error, or “uncertainty”; in other words, the 
eventual real-world evolution should be contained 
within the cluster of this forecast ensemble. In 
tandem, uncertainty in forecasts is also contributed 
to by our inexact representations of the Earth system 
physics. !is contribution to uncertainty is sampled 
by employing di"erent Earth system models (Yun et 
al. 2005; Weisheimer et al. 2009; Smith et al. 2013), 
the so-called multimodel approach, which is o$en 
supplemented by the use of perturbations to physical 
processes, known as stochastic physics schemes, to 
further account for structural errors in a particular 
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Malaria in Kenyan 
highlands 

Only calibration of malaria 
model parameters 

Only calibration of 
driving climate data 

forecasting system of [3, 4] estimated entomological conditions using climate
information to drive a malaria model for example. The third source of uncertainties
pertains to the dynamical model itself, which can suffer from structural uncertainty
(central graphic). Given a specific model structure, there is also uncertainty with
regard to the setting of model parameters such as the degree day length of the
sporogonic cycle or the temperature sensitivity of vector mortality, for example.
Lastly, the health data itself, whether research experiments and surveys of vector
biting rates or prevalence, or health ministry records of clinical cases are also subject
to errors and uncertainties.

Figure 1. When using a weather-sensitive disease model to simulate observed health
outcomes, uncertainty may derive from a variety of sources including the driving
climate data, the entomological and epidemiological initial state, the model structure
and parameter settings, and lastly errors in the health data itself.

In the weather prediction and climate projection problem, there is a similar cascade
of uncertainty, with errors in the initial and boundary conditions in addition to the
model system itself [5]. Modelling systems commonly employ ensembles of integrations
to sample and gauge this uncertainty, with multiple model integrations and often
multiple modelling systems subject to multiple initial and boundary conditions [6–9].
This is a forward modelling approach, incorporating the cascade of uncertainty at each
phase of the modelling pyramid [10–12]. The review of [13] summarizes the limitations
of this and alternative formal statistical approaches to assessing uncertainty.

In contrast, when considering health applications, the uncertainty of the health
model has often been neglected, both in terms of the parameter and model structure
uncertainty, with only the uncertainty associated with the weather and climate driving
information taken into account [14–16]. The recent investigation into the climate
change impact on malaria in West Africa by [17], which used just a single integration of

and are difficult to access outside health ministries due to obvious data privacy concerns, stymieing
research in this area
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which uncertainty is 
important ? 
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Médecins Sans Frontières (MSF)   
•  MSF approached ICTP and U.Liverpool with a 

problem. 
–  In Eastern DR Congo highlands they have seen 

drastically rising levels of malaria since 2015 
–  They wanted to understand what might be causing 

this (climate, migration, conflict, health systems 
breakdown) and if it might be a temporary 

•  The uncalibrated VECTRI (ICTP) and LMM 
(Liverpool) models were set up to run with identical 
climate forcing (ERAI+TRMM) to simulate malaria in 
the region 



Where is this from ? 

Days above 18ºC (theoretical minimum temperature threshold for 
the parasite to replicate inside the mosquito vector) for the same 
location. The shaded area depicts values above the average. 6 

months running average was applied to the data. 



Climate (6 month running averages) 

ERA-Interim 
 
ENSO events clear on 
top of recent 
warming trend 

TRMM Rainfall  
[mm/day] 
 
Recent period drier 
relative to 18 year 
period   


