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Infroduction

« Dengue is a emerging arboviral disease that has rapidly expanded over the last 40 years [1,2]
« Understanding dengue spread is vital for guiding public health interventions [3, 4]

« The re-expansion of virus circulation following cessation of Aedes aegypti eradication programs during
the 1970s makes Latin America a unique natural experiment to study the drivers of dengue spread in

the modern era [5, 6]

- However, regular, comprehensive dengue surveillance programs were rarely in place before 2000
o Reports documenting early spread are opportunistic, incomplete, and potentially biased

~. Modelling is needed to fill these gaps & better understand spread at different time scales

[1] Messina et al., Nat Micro 2019 [4] Flasche et al., PLoS Med 2016 TENDON -5
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Research questions

1. How can models help understand dengue spread in
Latin America (Mexico & Brazil)?

2. How has dengue spread through these countries in the
past and how will it spread in the future?
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Routine surveillance data - Mexico

First year dengue reported

2019 1 2020
2017 o 2048
2015 o 2018
2013 o 20114
2011 o 2012
2000 1o 2090
2007 to 2008
2005 o 2006
2003 o 2004
2001 1o 2002
1599 o 2000
1997 1o 1998
1985 1o 1996
Dengue absent as of 2020

« Dengue surveillance coordinated
federally by the General Directorate
for Epidemiologic Surveillance and
operated through state
epidemiology departments [7]

« Data captures the early spread Ej
process o
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Routine surveillance data - Brazil

Data on suspected and confirmed cases
obtained from the Notifiable Diseases
Information System (SINAN) from the Ministry of
Health Information Department (DATASUS) [8]

~ 20% of municipalities invaded not captured in
data = Use case for reconstruction

UNIVERSITY OF

First year dengue reported
2018 to 2020
2018 ko 2018
2014 to 2016
2012 o 2014
200010 2012
2008 ta 2010

2006 to 2008

2004 Io 2008

2002 to 2004

2000 to 2002

Dengue absenl as af 2020

[8] Ministério da Satide. DATASUS - Departamento de Informatica do SUS. Informacées de Saude
(TABNET). DENGUE - NOTlFlCACéES REGISTRADAS NO SISTEMA DE |NFORMA(;AO DE AGRAVOS DE

NOTIFICAGAO - BRASIL (2001-2006; 2007-2013; 2014-2019)
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Feature selection

- —tatitade& longitude
s — ot S

« Enhanced vegetation index (mean / std)
« Tasselled cap wetness{rean- std)
Satellite remote sensing ~ * Tasselled cap brightness (mean / std)

environmental: « Landcover

« Adjacency

o Grovitypfeg-transformed)

« Radiation (log-transformed)

 Friction surface (log-transformed)
Mobility between invaded  « Flight data (log-transformed)

and uninvaded areas: - Between-state migration (log-transform
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- Daytime land surface temperature (mean / std)
« Nighttime land surface temperature (mean /std) ~—
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Modelling approach - Stage 1 (Risk Prediction)

7
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Year 2010

N

o iy Geospatial
" model ~ P(Invasion) = 0.87
’ " P(1 - Invasion) = 0.13
’ ’ P
SN AN
Municipality
#0824

How to determine the number of municipalities to invade each year?
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Modelling approach - Stage 2 (Thresholding)

’é\%" A2
L
Temporal
model

N municipalities
invaded each year

Year 2010

« Temporal model developed using survival analysis approach
o Allowed us to convey uncertainty using different percentiles of predictions

- Core assumption: municipalities were “invaded” once they passed a set threshold number of

annual cases, once the model predicts a municipality to be invaded (class 1) — it cannot be
un-invaded (class 0)
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Overall modelling approach

Year 2010

% TORONTO

AR

i A
"" = P(Invasion) = 0.87
U Mo
Geospatial
model 1= R
’ E_E P(Invasion) = 0.23
-.?.‘ P(Invasion) = 0.48
Temporal
model

~ N municipalities

- invaded in 2010

Icons from Flaticon

Top N

—___ uninvaded
municipalities
by P(Invasion) =

Invaded in 2010
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How do we evaluate our approach at different timescales?

« Traditional cross-validation techniques split data into different folds of training and test sets at
random
o Test set AUC inflates predictive performance due to spatiotemporal autocorrelation [9]
o Bespoke cross-validation techniques are preferred for many ecological/disease mapping
applications [10]

« Gilbertetal (2014) used a spatial cross-validation technique to evaluate the predictive
performance of a model for H7N9 infection across Asian poultry markets [11]

» Here, we develop an approach for conducting time-series cross-validation (TSCV) at short
and medium and long term time-scales

i [9] Bahn & McGill, Oikos 2012 TENDON P s
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Time series cross-validation

Data from routine surveillance

NI NI NI
2000 -2001 2001 -2002 2002 -2003 2003 -2004
o - N
Naive cross-validation
Train F2o22 22201 | 2001-2002 || 2002 - 2003 | _2992_'_390_3_|
e e e e e e e - - __ | p————re—re—e————
Tt
Test ! ol N ——
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Short-term time series cross-validation (S-TSCV)

Train Round 1
Test Round 1

Train Round 2

Test Round 2
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2000 -2001

2001 -2002

2000 -2001

|

2001 -2002

2002 -2003

Incorrect model
predictions are NOT
carried forward
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Medium-term time series cross-validation (M-TSCV)

Train 2000 -2001 2001 -2002 2002 -2003 2003 -2004

Test 2000 -2001
S
S 2001 -2002
[
N
§ 2002 -2003
Incorrect model predictions T
are carried forward; . | 8 || 2003 -2004
mobility features are =
reconstructed appropriately
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Long-term time series cross-validation (L-TSCV)

Train 2000 -2001 2001 -2002 2002 -2003 2003 -2004

1986 -1987 Predictions evaluated
when labels are available

Test

Model initiated
with a single
source municipality

1987 -1988

L86T

1988 -1989

8861

Incorrect model predictions
are carried forward;
mobility features are
reconstructed appropriately

100¢
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Gradient boosted trees reign supreme (again)

Mexico il
Liodpste Regresson = =1 000 Logistic Regrassion
Lazso = +0.940 Lasso
— +0.B8B0
o 0.820 -
Elmstic Mael — Elastic Mat
Decsion Tres 0.911 l— «0.700 Dacision Tree
Random Forest 0.922 0.952 = +0.840 Random Forest
- = T — +0.5B0
XGBoost 0.937 0.969 XiGBoast
— +0.520
KN 0.886 0.924 s Kkan
MLP 0.889 L =0.400 MLP

AUC sp SN ALC 3P SN

- Gradient boosted decision trees have been shown to capture complex functions
without overfitting across numerous disease mapping problems (dengue, avian
influenza, zoonotic disease emergence, etc.) [11-14]

‘ [11] Gilbert et al. Nature Comms 2014 [14] Allen et al. Nature Comms 2017
Ttglffglﬁ%b [12] Elith et al. Journal of Animal Ecology 2008

[13] Bhatt et al. Nature 2013

+1.000
+0.940
+0.880
+0.820
+0., 760
+0.700
+0.640
+0,580
+0.520
+0.450
+0.400
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Feature importance reaffirms existing knowledge
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Predominant factor
L ee— --.; - driving invasion
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driving invasion

« Shapley values computed on dataset of newly invaded municipalities [15]

[15] Lundberg et al., Nature Machine Intelligence 2020
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Model stability varies across timescales

Value

Mexico Brazil
AUC | SN sp AUC | SN sp
1.000
101 1.004 1.00
1 [:-.9?5-‘1
0.4 0.75
0.495 4
/ Type
0.5 4 g (.950 1 - Medium
0.50 1 = ,
~ —— Maive
—a— Shart
0.7+ 0.8 4
025 0.90 - Do 0.925 4
0.6
¢ | 0004 0.0~ 0.800 -
T T T T 1 T T T T T T T T T T T b 1 1 T 1 1 T
1995 2000 2008 2010 2015 2020 1995 2000 2008 2010 2015 2020 1995 2000 2005 2010 2015 2020 2005 2010 2015 2005 2010 2015 2005 2010 2015
Year Year
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Year Infected

Medium-term predictions are well-calibrated

Mexico Brazil
2019+ anig- e - . . . —
L]
2018 -
2017 - 018 ol
2017 - .
20154 2016 - - - - L
2015+ - -
- L1
0 2014 4 ‘ |+
2011+ 2013 = - - - o
% 2012 - . o]
-1
2009 \.E 20114 . . | [ o]
2007 - E 010- - . . . — -
@ 2004 - | LTA/ L]
2005 - > 2008 » | — .
2003 - 2007+ = ] ' - ™
20046 = L ] L ] - -
2001 5 05+ = - ‘,l/ - .
-]
1984 = 2004 = ‘,."‘ L] L L
2003- = | - - - - - ]
1997 - 2002 = L ] L ] » L L L] L] L] L ]
T T T T T T T T T T T T - ] T T T T L) T T T T T T T T T T T T
1987 1998 2001 2003 2005 2007 2008 2011 2013 2015 2017 2019 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2048 2047 2018 2019
Year Predicted Year Predicted
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Contemporary predictions for Mexico
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Contemporary predictions for Brazil

Invasion
year
(trend)

= 2001
™ 2005
2010

2015
.2{]19

¢

Residual
Years

(trend)

I-s imodal late)
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3
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Historical reconstruction unveils plausible spread pattern

RJ (1986) | CE (1988} 5P (1890) AM (1396)
A 2009 (21 H*HLJE‘E’ ( ¥ | J Lwd:
LPP{RJ)=0.56 ae DENV1-4: Dengue virus
D1-BR3 - . é - s serotypes 1-4
g T : ” S - i_J IHII: Dengue genatypes
' - - : BR1-BR4: D1-D4 lineages
- 1998 (1996, 1599) #lgeansel L 'J""-r: .‘ n>20) in Brazi
g ol O R L ] L8 S el
S = EWJ;@MMFNMHI
D1-BA1 7 = robability
.:IHJ:' ”"EE‘-QEE': < m : - ' = : l
LFP{RJ)=0.98 . nS 3 Vertical ines: dates and locations of
first reported cases in each region
2013 «u.—1:'.¢b_u' }&4 Tips (sampling locations)
P{MG)=0.91 - Inferred root location
g SO0E rp-"_q."'.tj"u—'? : o n.ﬂ of main lineages
g = 200 Belb o0 94 Ci_ i . *3:1 Tips coloured according to
o 1 — Iuﬁmalunﬂntmplumﬁncbm
D2-BR1 .( " ' l .
1989 (1988-19€9) '
LPP{AI=0.96 - ] ' 1 '
CE
: 5 oI -
zZ= 1999 (199 z'u*
a JLPM o ( l[ j 8- PE
-
= i
ﬁ ¥ ‘ Lcmpbtagu EA—H ( y y MG

1980 1990 2000 2!‘.}1[!' 2020

« Analysis led by: Filipe R.R. Moreira & Nuno Faria
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Historical reconstruction unveils plausible spread pattern

B - Fortaleza
= e -
& A g,
= y R~ 3
e : e &
: i
g w :
E i Manaus ¥
§ .
g ° *
E , Invasion
B | o5 year
i : T 1983
Rio Rio Rio Rio Rio { 1990
P (o s [t e/’ Rode 1%
Boa Vista  Boa Vista Janeiro 5094
Ribeirdo Preto ; (1983) W Absent
« Highest fidelity reconstruction obtained with 3 sources shown in C:
« ACC > 0.873; SN = 0.369; SP > 0.926; PPV - 0.359; NPV - 0.930
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Future projections
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Putting it all together
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Wrap Up :
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Key learnings and limitations

« Using well-understood climatic and mobility features, a two-step modelling approach combining
GBDT and survival model for thresholding can accurately model dengue spread process on
medium-term time horizon

« High-resolution maps of arrival times generated by models can fill historical surveillance gaps and
offer context useful for interpreting a wide range of epidemiological data

- Limitations:
o Assumed the continuous presence of dengue in a municipality once it arrives - but in reality
transient invasion does occur
o Assumed consistent surveillance capacity, but likely improving over time
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Future directions

« Explore model transportability to other settings within and beyond Latin America
« Predict serotype-specific arrival times

« Incorporate features that capture international spread (e.g., international air travel)

« Experiment with Bayesian machine learning approaches that better capture uncertainty (e.g.

Gaussian process boosting) [16]

W T[O\Iillglll\}%o [16] Sigrist, Arxiv 2020
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