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Roll Back Malaria Summary 

q Annual mortality 584,000 (367-755) – 
reduction of approximately 50% 

q 49% of population at risk has at least one 
bednet in the household  

q 70% of malaria patient could potentially be 
treated with ACT drug therapy in Africa, 
however only 26% of children with malaria 
received an ACT 

q 2013 global spending on malaria 2.7 billion 
US$, targetted spending 5.1 US$ 



Fighting malaria  

q Long-lasting Insecticide 
treated bednet (LLIN) 
distribution 

q Indoor residual spraying 
(IRS) 

q Improved diagnosis (RDT) 
q Intermittent preventive 

treatment during pregnancy  
q Environmental intervention 

(larvacide) 
q Drug access (ACT) 
q (Mass screen and treat) 

q Housing 
improvements 

q Healthcare 
infrastructure,training  
and access 

q Land management 
q Education 
q Socio-economic 

development (the 
paddy paradox) 



Increasing	  distribu,on	  and	  use	  of	  LLINs	  in	  Africa	  	  

Popula,on	  with	  access	  to	  net	  

Household	  >	  1net	  



Forecasting 
malaria 

q Gains have been made 
through scale-up of 
interventions since 2010 - 
RBM estimates 50% 
reduction in mortality and 
> 4million lives saved 

q Global spending has 
flattened – will future 
spending projections be 
maintained? 

q Climate information may 
allow cost-effective 
prioritization of  
intervention and 
investment strategies over 
a range of timescales 
(months to decades)  



Malaria trends in Senegal (RBM2010)  
q  Impact of interventions and improved 

diagnostics 



Prevalence in Senegal in 2010 (RBM) 



Climate
-‐related	  

Source	  :	  IPCC	  

q  Paradigm of surveillance and reaction for 
epidemical diseases 

q  Planning for endemic diseases on regular 
seasonal framework 

q Longer term planning is on 5-10 year timeframe 
q Some countries are integrating climate and health 

in their NAPA plans 2030-2040. 









Enhanced National Climate Services (ENACTS) 
Tanzania 

 



Towards Dynamical MEWS 

q Early example of a 
research platform: 
DEMETR forecasts 
used to drive a 
simple statistical 
model in Botswana  
(Thomson et al. 
2006) 

q  LMM model has 
been used in 
potential skill 
investigations (tier 
2) in Africa and India 
(e.g. Jones et al. 
2010,2012). 
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Modelling malaria: Some existing models 
for malaria that account for climate:  

q MAP : Spatial Baysian statistical model that uses 
climate information as one of several predictors 

q Dynamical SEIR approach that minimizes parameter 
settings to fit to health data for given location and 
incorporate rainfall and/or temperature (Laneri et al. 
2010)  

q LMM: Spatial model driven by climate, vector 
density linked to rainfall and temperature impacts 
vector/parasite lifecycles (Hoshen and Morse 2004) 

q VECTRI: Accounts for population density, surface 
hydrology, immunity with genetic-based calibration 
algorithm (Tompkins and Ermert 2013) 



VECTRI malaria model key elements 

only	  gridded	  model	  accoun,ng	  for	  climate	  that	  is	  open	  source	  
www.ictp.it/~tompkins/vectri	  	  



highest uncertainty: surface hydrology 



Use of VECTRI 

q Seasonal forecasting in Africa: case study of 
Rwanda and Uganda  

q Historical simulations: Could past climate 
variability explain transmission variations in 
1920s-1960?  

q Multimodel climate change impact: ISIMIP 
q Land use change indirect impact on malaria 

transmission 
q Uncertainty of malaria transmission models: 

Stochastic integrations for Kericho 



The	  system	  runs	  for	  all	  Africa	  
once	  per	  week,	  with	  forecasts	  up	  

to	  FOUR	  months	  ahead.	  	  
The	  resolu,on	  is	  high	  enough	  to	  

resolve	  health	  districts	  

Seasonality	  
calibraEon	  in	  
developmentc	  

d1-‐30	  ECMWF	  
monthly	  EPS	  
d30-‐120	  SYS4	  



Where do these gains in skill come 
from? from	  Tompkins	  and	  Digiuseppe,	  JAMC,	  2015	  

Correla,on	  of	  day	  1-‐32	  T2m	  anomaly	  
against	  ERA-‐Interim	  for	  1994-‐2012	  of	  

Extended	  range	  EPS	  over	  Africa	  
12	  start	  dates	  (First	  Thursday	  of	  each	  

month)	  	  

Increase	  in	  correla,on	  rela,ve	  to	  the	  
exact	  same	  days	  predicted	  by	  the	  most	  

recent	  seasonal	  forecast	  system	  	  

Where does this skill advantage come from? 



Lead	  1	  	  
sta,s,cal	  	  skill	  

comparing	  
forecast	  to	  

analysis	  (TIER	  
2)	  
	  

Only	  focussing	  
on	  high	  

variability	  areas	  
	  



Lead	  1-‐4	  	  
sta,s,cal	  	  skill	  

	  
Only	  focussing	  

on	  high	  
variability	  

areas	  
	  

Malaria	  skill	  
out	  to	  m3-‐4	  





Results for Jinja Sentinel Site 

Red	  line:	  normalized	  
confirmed	  cases	  
	  
Black	  Line:	  
normalized	  malaria	  
forecast	  (ln(EIR)	  –	  	  
no	  immunity	  in	  
model	  yet)	  
	  
Grey	  shading:	  	  range	  
of	  the	  5	  forecasts	  
	  
Dash	  lined:	  the	  
malaria	  ini,al	  
condi,ons	  
	  
Four	  panels:	  the	  
four	  levels	  of	  
advance	  warning	  	  



Results for Kanungu Sentinel Site 

Red	  line:	  normalized	  
confirmed	  cases	  
	  
Black	  Line:	  
normalized	  malaria	  
forecast	  
	  
Grey	  shading:	  	  range	  
of	  the	  5	  forecasts	  
	  
Dash	  lined:	  the	  
malaria	  ini,al	  
condi,ons	  
	  
Four	  panels:	  the	  
four	  levels	  of	  
advance	  warning	  	  



Only	  
sta,s,cally	  
significant	  
correla,ons	  
are	  shaded	  

q Over half the districts have significant skill (95% 
level), despite uncertainties in the weather 
forecasting system, the malaria model and the health 
data 

q but non-monotonicity of lead time vs skillhighlights 
short data series 

 



Open Questions? 

q  How best to develop a usable system? - 
What is the best format to provide 
information? 

q  How best to incorporate vulnerability 
assessments? 

q  Are four months adequate for key decision 
processes? 

q Which process would streamline the  
integration of climate information into policy? 

q How best to communicate uncertainty?  



Attempt to convert Forecast to a simple alert 
level 

Turn	  this…	  	  
…into	  this?	  	  

Does	  this	  really	  mean	  
anything	  to	  anyone?	  

	  
Do	  terciles	  relate	  to	  real	  
health	  policy	  decisions?	  

Doubbul…	  
	  

We	  are	  currently	  
ademp,ng	  to	  turn	  this	  
into	  a	  realis,c	  cost-‐loss	  

analysis	  for	  Uganda	  



Tercile-based online pilot 

hdp://nwmstest.ecmwf.int/products/
forecasts/d/inspect/catalog/research/qweci/
malaria_fc/malaria_tercile!vectri!calibrated!
Africa!unmasked!month4!20141030!/	  

Masking	  for	  areas	  
where	  climate	  is	  

not	  a	  major	  driver	  



A simple economic assessment 

Hit	  
C	  

C=Cost	  of	  interven,on	  
L=Loss	  if	  event	  is	  not	  prevented	  	  	  

Ac,on	  
taken	  

Ac,on	  	  
not	  taken	  

Event	  
occurs	  

No	  
Event	  

False	  
Alarm	  
C	  

Miss	  
L	  

For	  a	  given	  event	  
threshold	  
examine	  past	  
forecasts	  and	  see	  
whether	  the	  
forecast	  has	  a	  
net	  benefit	  



Cost-Loss analysis 

1	  in	  10	  year	  event	  

WMO:	  	  
1	  in	  5	  year	  event	  

Cost	  of	  
interven,on	  
low,	  just	  
intervene	  all	  the	  
,me!	  

Cost	  of	  interven,on	  
high,	  FC	  needs	  to	  be	  
very	  accurate	  to	  have	  
economic	  benefit	  



What	  are	  the	  costs	  and	  losses?	  
Bed	  net	  $5-‐7	  
House	  screening	  $20-‐30	  
Treatment	  $20	  	  
Loss	  of	  produc,vity?	  	  	  
	  
And	  cost/losses	  to	  whom?	  



Vulnerabilit
y mapping 

for 
intervention 

planning  
q Unlike many 

applications, 
system has 
strong feedback 

q  Vulnerability 
factors may 
need to be 
incorporated 
into modelling 
framework 

Tompkins	  and	  Di	  Giuseppe	  2015	  JAMC	  



Uncertainty in malaria simulations 

boundary 
conditions 

(a) Average area = 5.0 m2

Average depth = 13.3 cm
(b) Average area = 1.4 m2

Average depth = 8.3 cm

Figure 2: Two typical monitored potential mosquito breeding habitats within
the study area. Left: site 10; right: site 9.

Table 1: Average area (Avg area) and depth (Avg depth), maximum area
(Max area) and depth (Max depth), elevation, total number of days when
pond contained water (pond water) and maximum number of days of con-
tinuous water presence (Max water) of the 10 temporary breeding habitats.
The italics represents sites that did not endure the entire experiment. Site 3
was destroyed and site 9 measurement started later on 26 June.

Name Elevation pond water Avg area Max area Avg depth Max depth Max water

[ m ] [ Days ] [ m2 ] [ m2 ] [ cm ] [ cm ] [ Days ]
Site 1 259 81/81 1.9 3.8 5.5 8.8 81
Site 2 258 65/81 2.4 4.6 5.8 9.0 46
Site 3 257 31/31 5.0 8.0 7.7 10.3 31
Site 4 256 81/81 4.7 8.8 10.7 16.7 81
Site 5 258 79/81 2.5 4.9 6.8 11.0 79
Site 6 283 45/79 3.6 5.0 7.0 9.7 11
Site 7 282 51/79 8.5 12.5 7.7 10.2 13
Site 8 263 56/80 6.3 8.8 7.5 9.8 56
Site 9 262 60/60 1.3 1.8 8.0 11.3 60
Site 10 260 81/81 5.0 7.4 12.9 16.8 81

10

initial conditions 

model 
structure health data 

model parameter 
settings 



Using a calibration technique to assess 
which is more important: climate or 

malaria model uncertainty 



Method 
q 80 ensemble members 1983-2004 integrations for 

Kericho plantation in Kenya highlands. 
q 17 model parameters perturbed (Immunity, 

Hydrology, Temperature thresholds and 
gonotrophic/sporogonic degree day cycle lengths) 

q  4 climate parameters perturbed 
§  Water temperature 
§  Air temperature offset and trend 
§  Rainfall scale factor 

q Mutation rate size and frequency decrease over 
time 

q No mutation protection of superfit indivuals  
q “Constrained” GA, all parameters have a departure 

cost function that depends on the assessed 
uncertainty (re. 1D VAR) 

q (NOTE: Ideal approach for ECMWF EPS tuning!) 
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q Default model 
simulates NO 
transmission in 
this highland 
location in 
Kenya 

q Despite the wide 
range of models 
parameters 
perturbed, 
adjusting the 
driving 
temperature 
data by ~2K is 
adequate to 
produce “good” 
fit. 

MODEL	  ONLY	  

CLIMATE	  ONLY	  



Movement of people? 

q Cyclic Migration important if occurring in 
regions of high malaria prevalence 
gradients (e.g. N/S in Senegal)  

2000 2010 

MAP (Oxford) 
Statistical model 
incorporating 
incidence data 



Analysis for Senegal 
Tompkins and McCreesh GeoSpatial Health 2015  

q  Use of 2nd phase of the Data for 
development (D4D) challenge project (de 
Montjoye et al. 2014)  

q We track 18384 anonymous people to 
coarse-scale arrondissement level for one 
year (data resolution is to address privacy 
concerns – ethical committee approved) 

q The focus is on journeys that result in 
overnight stays, since evenings and night 
is  when transmission predominantly 
occurs. 



Migration analysis basis 

Home location 

Random 
location 

Regular 
Destination 

Regular 
Destination 

Identify home location, regular destinations and 
probabilities of a journey 



Number of regular destinations 

q 60% of people regularly move to 1 or more 
regular destinations 

q <10% have 3 or more regular destinations* 

*Note: only 1 year of data 



Probability of 
overnight stay as a 
function of distance 

q Overnight stay probability 
peaks for a journey of 60 to 
70 km.  

q Caveats: 
§  Distances are “crow-fly” 

distances (future use 
resistance maps) 

§  Analysis method excludes 
internal flights 

§  Distance functions do not 
account for population 
density 

 

  
 

                                          

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            

                                            
 0.0

0.2

0.4

0.6

0.8

1.0

0.00000

0.00004

0.00008

0.00012

0.00016

0.00020

0 100 200 300 400 500

Distance from home (km)

c) Fitted relationships

Probability of making a trip (per km)

Probability of making a trip with a night away (per km)

Proportion of trips involving a night away (second axis)

0.0

0.2

0.4

0.6

0.8

1.0

b) Probability that trip included night away, by distance

0.00000

0.00002

0.00004

0.00006

0.00008

0.00010

0.00012

a) Probability of trip/day by distance



An agent-based migration model 
q 2.5 million agents 

distributed on regular 
5km resolution grid, their 
“home” location 

q Agent represent over 100 
people in urban areas, 
less than half a person in 
rural areas 

q Define set of “regular” 
destinations according to 
data-fitted gravity model 

q Movements according to 
stochastic decisions (no 
economic model yet) 
based on gravity model 

q Runs one year in 6 
minutes on MAC laptop! 



Quantile based comparison 

q comparison 

phone 
data 

model 

Tambacounda 
Need to sub-sample 
distance probabilities as a 
function of population 
density 

Movement to/from 
Casamance overestimated – 
need for resistance maps to 

account for journey difficulty 



Open Questions? 
q  How best to develop a usable system? - 

What is the best format to provide 
information? 

q  How best to incorporate vulnerability 
assessments? 

q  Are four months adequate for key decision 
processes? 

q Which process would streamline the  
integration of climate information into 
policy? 

q How best to communicate uncertainty?  


