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MOSQUITO-BORNE DISEASE

Malaria, Dengue, Chikungunya, 
West-Nile virus, Japanese 
Encephalitis

MOTIVATION



CONTROL

• Patients are asked mobility of past 2 weeks

• Based on those locations – control measures are taken



COMMON CONTROL MEASURE TAKEN IN MALAYSIA

• Fogging will be done by the Public 
Health personnel

• Locations identified based on 
patients’ mobility

• Expensive – machine, experts
• Slow – only 40% houses fog within 5 

days

HOW TO PRIORITIZE THE LOCATIONS?



MOTIVATION
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• Hotspot detection of mosquito-borne diseases 
for instance dengue, malaria and zika is a key 
to ensure the eradication (Aziz et al., 2014).

• Hotspot: is an area that has higher 
concentration of events compared to the 
expected number given a random distribution of 
events.

• Hotspot detection evolved from the study of 
point distributions or spatial arrangements of 
points in a space (Chakravorty, 1995).



Introduction

• HOTSPOT - prime location of mosquito breeding site.

• Main control strategy to eradicate dengue is to kill the vector 
mosquitoes in Malaysia (Packierisamy, 2015). 

• It is important to identify and eliminate the area where it is 
likely a mosquito breeding site. 
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Background Of Study
7

1990

Statistical 
approach

2015

Dengue 
Forecast 
Challenge

Network 
Modeling

2008 2010

Machine Learning
Agent-Based 
Modeling

20001970

Computational 
Modeling

• Probabilistic law as the basis  to 
achieve significant result

• Homogenous population assumption
• Detailed parameter to solve the 

differential equations

• small amount of data
• various choices of variables depending on the 
study’s assumptions and knowledge about the 
vector
•Support human mobility

• Incoporate the human heterogeneity
• Heavy stochasticity and randomness 
• Affect the accuracy

• Do not support the human mobility



OUR SOLUTION – BIPARTITE NETWORK MODELING

• Develop network of patients and locations
• Rank the locations based on patients’ exposure 

to the disease
• Frequencies to locations
• Location’s potentials – elevation, near river, 

surface temperature
• Identifying Hotspots

0 50 100 150 200 250 300 350 400 450 500
0

50

100

150

200

250

300

350

400

450

500



9

0 50 100 150 200 250 300 350 400 450 500
0

50

100

150

200

250

300

350

400

450

500
Sample M-Heterogenous Network. Generated in UNIMAS on July 6,2011

 

 
10 PP Nodes
50 HUM Nodes



Our Solution

• Malaria (Eze, 2013). 

• Ecology – Habitat for Irrawaddy Dolphins (Liew, 
2016) ; Habitat for Seagrass (Labadin*,2019)

• Dengue (Kok, 2018)
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Bipartite Network 
Modeling Research 
Methodology Framework 
(BNM-RMF)
Liew (2016)



Dengue Research Scenario

12

• Data Is Scarce

• Without Physical Law To Base

• Incorporate Spatial Data

• Host

• Visited location

Two Components

How do we formulate 
two components – host 

and visited location –
into a network model?

Research Question



RESEARCH DATA(1)

13

13

Raw data (4 sub-dataset)
a. Epidemiological 
b. Location 
c. Weather
d. Mosquito 

• Human (Frequency, total 
duration)

• Weather (temperature, 
precipitation and humidity)

• Location condition (Lat, Long, 
altitude, frequency and 
distance) 

• Investigation form (Public 
Health Kuching Division)

• Environmental data 
(Sarawak Meteorological 
Office)

• July 2015 – Oct 2015 (EW 
28 until EW 39)

• Scarce
• Discrete 
• Binary 

Charac-
teristic

Real-
world 
data

Data
Data 
attri-
butes



RESEARCH DATA 
(2)
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• PBV (DD/DDB/JE/CHIKU) 301 
Pindaan 4/13 : Investigation form 
used by the assistant 
environmental health officer with 
grade U29. 



RESEARCH DATA (3)

15

Positive or negative 
dengue serological 

result



RESEARCH DATA (4)
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Location 1

Human 1

Duration: 9am until 
12:30pm (3.5 hours)



RESEARCH DATA (5)
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Formalization Of Bipartite Graph



Identification of 
Bipartite Dengue 
Contact (BDC) 
Network

Group BDC
Network
Model

Model Epi Week Number of Human
Nodes

Number of
Location Nodes

1 1 Targeted
model 1

28-29 2 patients with
positive dengue test
6 patients with
negative dengue test

19 locations

2 Validated
model 1

30-31 3 patients with
positive dengue test
only

27 locations with
8 new locations

2 3 Targeted
model 2

32-33 9 patients with
positive dengue test
3 patients with
negative dengue test

78 locations with
51 new locations

4 Validated
model 2

34-35 2 patients with
positive dengue test
only

81 locations with
3 new locations

3 5 Targeted
model 3

36-37 3 patients with
positive dengue test
7 patients with
negative dengue test

98 locations with
17 new locations

6 Validated
model 3

38-39 7 patients with
positive dengue test
only

100 locations
with 2 new
locations
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• 2 Epid Week (EW) data used to 
formulate 1 network

• In Targeted Model: patient with 
positive and negative results of 
serological test

• To formulate possible vector 
location and detect the possible 
hotspot



Human Mobility in the First 
Network

H node 
labelled

Date L node visited

H1 25-Jun-15 L1
25-Jun-15 L9

H2 30-Jun-15 L2
30-Jun-15 L10
30-Jun-15 L15

H3 1-Jun-15 L3
1-Jul-15 L11
17-Jun-15 L16

H4 15-Jun-15 L4
20-Jun-15 L12
23-Jun-15 L17
27-Jun-15 L19

H5 8- Jul-15 L5
H6 8- Jul-15 L6

23-Jun-15 L7
3- Jul-15 L18

H7 9-Jul-15 L7
25-Jun-15 L13

H8 6-Jul-15 L8
22-Jun-15 L14
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• Identification of human nodes

• Identification of location nodes

• Identification of link between 
nodes



Formalization of Bipartite Graph (2)
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BDCDEN_KCH =  BDC(H, L, E)

H = {H1, H2, H3, H4, H5, H6, H7, H8}
L= {L1, L2, L3, L4, L5, L6, L7, L8, L9, 
L10, L11, L12, L13, L14, L15, L16, L17, 
L18, L19}
E = {H1L3, H1L9, H2L10, H2L15, H3L3, 
H3L3, H3L11, H3L16, H4L4, H4L12, 
H4L17, H4L19, H5L5,H6L6, H6L7, 
H6L18, H7L7, H7L13, H8L8, H8L14}

BDCDEN_KCH =  BDC(H, L, E)

H = {H1, H2, H3, H4, H5, H6, H7, H8}
L= {L1, L2, L3, L4, L5, L6, L7, L8, L9, 
L10, L11, L12, L13, L14, L15, L16, L17, 
L18, L19}
E = {H1L3, H1L9, H2L10, H2L15, H3L3, 
H3L3, H3L11, H3L16, H4L4, H4L12, 
H4L17, H4L19, H5L5,H6L6, H6L7, 
H6L18, H7L7, H7L13, H8L8, H8L14}



Bipartite Network Formulation 22

Quantification of 
Location Node 

Parameters

Polynomial fitting

Polynomial fitting

From 
the 

data

Quantification 
of Human Node 

Parameters

Quantification of 
Link Weight

From 
literature



Data pre-processing

• Pre-process of data used for:
a) Location
b) Human
c) Link between location and 

human
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Pre-processing of 
location node

• Aim 1: Generate the GPS coordinate pairs ie. Latitude and 
Longitude

• Aim 2: Calculate the distance between the identified 
location node

• 2 functions are implemented by using R Software: Location 
Declaration Generator and Distance Matric Generator

• Output: A distance matrix that consists of all distances 
between the location node.

• The location node in database is 400 meters away from 
another location node
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• To protect the patient confidentiality, patient identity is replaced with an algorithm-
generated ID.

• For instance, the human nodes in the first Bipartite Dengue Contact Network consists of 
8 human nodes.

• Thus, the identified nodes are H1, H2, H3, …, H7 and H8.   

25

Pre-processing of Human node



Pre-processing of 
Parameter
• Parameters: temperature, humidity, precipitation 

and altitude

• Since human mobility data capture the patients’ 
movement 2 weeks before the onset date, in order 
to observe the effect of the environmental 
parameter, average of the parameter values 
among these 2 weeks before need to be 
calculated. 
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Quantification of Location Node 
Parameter

• Life cycle model
• Survival model
• Vector biting model

27



Vector Life Cycle Duration, Lc

• Life cycle duration: measures the duration of development from mosquito egg 
hatching to adult

• However, no direct life cycle duration data has been published. 

• The life cycle could naturally be implied by the attributes of a location node and 
the environmental properties enclosed. 

• Thus, these attributes that are reflected through the location physical 
characteristic and condition can be utilized to imply the life cycle duration of the 
mosquitoes at one locality.  

28



Temperature
, T (℃)

Mean development time 
from egg hatching to 

pupation, D (days)
16 31.704

20 16.0383

26 9.15326

30 6.45608

35 5.85143

37 7.79076

38 7.75892

39 12.9355
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Vector Life Cycle Duration, Lc (2)
Experimental research data

• Mosquito: Female Aedes Aegypti collected 

from  Kamphaeng Phet, Thailand

• Collected from field: Jan 2011

• Eggs were hatched in water using a vacuum 

manifold and reared under a controlled 

density (<200 larvae per tray) in containers 

(<3362966 cm) with 1.5L of deionized water

• Larvae were fed as previously described in 

Styer et al (2007)

(Carrington et al., 2013)



• Life cycle duration: polynomial function of the 
temperature attribute at particular locality

• Polynomial fitting: polyfit tool in MatLab

30

Vector Life Cycle Duration, Lc (3)

Degree RMSE
1 3.2174
2 0.8218
3 0.5501
4 0.2547
5 0.1290
6 3.44 ×10'()
7 4.11 ×10'()

*+ ,
= −0.633,0 − 0.786,) + 1.488,4 + 1.153,6 − 0.408,7
− 0.758, − 0.504



• To substitute the temperature of the first 
BDC network into the life cycle duration 
function

• Life cycle duration is inversely 
proportional to the vector density at one 
locality.

• The shorter the time taken for a 
complete life cycle leads to a shorter time 
the vector density increase.  
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Vector Life Cycle Duration, Lc (4)
Latitude, Longitude L node Visited by Temp(℃) "#(days) $

"#
1.2301, 110.3928 L1 H1 33.8 5.0134 0.1995
1.5008, 110.3550 L2 H2 34.6 5.5030 0.1817
1.3999, 110.3251 L3 H3 32.2 4.9800 0.2000
1.5384, 110.3603 L4 H4 33.7 4.9742 0.2008
1.5363, 110.3565 L5 H5 34.7 5.5845 0.1791
1.5375, 110.3867 L6 H6 34.7 5.5845 0.1791
1.2423, 110.4951 L7 H6 33.6 4.9400 0.2024

H7 34.4 5.3528 0.1868
1.5473, 110.3604 L8 H8 35 5.8514 0.1709
1.2853, 110.2814 L9 H1 33.8 5.0134 0.1995
1.2365, 110.2718 L10 H2 34.6 5.5030 0.1817
1.6118, 110.2258 L11 H3 32.5 4.8942 0.2043
1.6102, 110.3351 L12 H4 33.9 5.0578 0.1977
1.5006, 110.3504 L13 H7 33.8 5.0134 0.1994
1.6362, 110.3384 L14 H8 33.7 4.9742 0.2010
1.5350, 110.3373 L15 H2 34.6 5.5030 0.1817
1.4288, 110.3280 L16 H3 32.5 4.8942 0.2043
1.6338, 110.3311 L17 H4 33.7 4.9742 0.2010
1.5567, 110.2475 L18 H6 34.7 5.5845 0.1791
1.5610, 110.3681 L19 H4 33.9 5.0578 0.1977



Vector Survival Parameter, S

32

• Survival parameter: measures the survival probability at a locality as an 
indication of vector survival rate at one locality. 

• However, no direct vector survival data has been published. 

• Similarly, the vector survival could naturally be implied by the attributes of 
a location node and the environmental properties enclosed. 
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Vector Survival Parameter, S    (2)

Temperature, T 
(℃)

Vector Survival, Sv (%)

10 0

15 23.5

20 90

25 88

27 93

30 88

34 67 (Tun-Lin, Burkot & Kay, 2000)

Experimental research data
• Mosquito: Female Aedes Aegypti

collected from Thailand
• Collected from field: 1999



• Vector Survival: polynomial function of the temperature attribute at particular locality

• Polynomial fitting: polyfit tool in MatLab

34
Vector Survival, S    (3)

Degree RMSE
1 0.6051
2 0.2610
3 0.2366
4 0.1752
5 0.0602
6 3.1264 ×10)*+

, -
= 1.3908-1 − 0.2951-+ − 3.8642-4 + 1.3217-7 + 1.2971-8 − 0.1412- + 0.591



• To substitute the temperature of the first 
BDC network into the vector survival 
function

• Vector survival is directly proportional to 
the vector density at one locality. 

• The higher the vector survival rate 
contributes a higher vector capacity at 
one locality.  
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Vector Survival Rate, S    (4)
Latitude, Longitude L node Visited by Temp(℃) " (%)

1.2301, 110.3928 L1 H1 33.8 65.1060
1.5008, 110.3550 L2 H2 34.6 78.1297
1.3999, 110.3251 L3 H3 32.2 68.8743
1.5384, 110.3603 L4 H4 33.7 64.4377
1.5363, 110.3565 L5 H5 34.7 80.9369
1.5375, 110.3867 L6 H6 34.7 80.9369
1.2423, 110.4951 L7 H6 33.6 63.9387

H7 34.4 73.3948
1.5473, 110.3604 L8 H8 35 91.3251
1.2853, 110.2814 L9 H1 33.8 65.1060
1.2365, 110.2718 L10 H2 34.6 78.1297
1.6118, 110.2258 L11 H3 32.5 66.5415
1.6102, 110.3351 L12 H4 33.9 65.9558
1.5006, 110.3504 L13 H7 33.8 65.1060
1.6362, 110.3384 L14 H8 33.7 64.4377
1.5350, 110.3373 L15 H2 34.6 78.1297
1.4288, 110.3280 L16 H3 32.5 66.5415
1.6338, 110.3311 L17 H4 33.7 64.4377
1.5567, 110.2475 L18 H6 34.7 80.9369
1.5610, 110.3681 L19 H4 33.9 65.9558



• An increase in the vector biting rate, a higher risk level of the locality.
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Vector Biting Parameter, B

! " = $ 0.004286" + 0.09429, 21℃ ≤ " ≤ 32℃,
0.8, 23ℎ567895.

(Scott et al, 2012)

• Mosquito: Female Aedes Aegypti collected from south central Thailand

• Collected from field: June 1992



• Biting rate

37
Vector Biting Parameter, B   (2)

Latitude, Longitude L node Visited by Temp(℃) " ( #
$%&)

1.2301, 110.3928 L1 H1 33.8 0.8
1.5008, 110.3550 L2 H2 34.6 0.9
1.3999, 110.3251 L3 H3 32.2 0.8
1.5384, 110.3603 L4 H4 33.7 0.8
1.5363, 110.3565 L5 H5 34.7 0.8
1.5375, 110.3867 L6 H6 34.7 0.8
1.2423, 110.4951 L7 H6 33.6 0.8

H7 34.4 0.8
1.5473, 110.3604 L8 H8 35 0.8
1.2853, 110.2814 L9 H1 33.8 0.8
1.2365, 110.2718 L10 H2 34.6 0.8
1.6118, 110.2258 L11 H3 32.5 0.8
1.6102, 110.3351 L12 H4 33.9 0.8
1.5006, 110.3504 L13 H7 33.8 0.8
1.6362, 110.3384 L14 H8 33.7 0.8
1.5350, 110.3373 L15 H2 34.6 0.8
1.4288, 110.3280 L16 H3 32.5 0.8
1.6338, 110.3311 L17 H4 33.7 0.8
1.5567, 110.2475 L18 H6 34.7 0.8
1.5610, 110.3681 L19 H4 33.9 0.8



Dengue Contact Strength

38
H1 H2 H3 H4 H5 H6 H7 H8

L1 5.8076 0 0 0 0 0 0 0

L2 0 5.9140 0 0 0 0 0 0

L3 0 0 6.8536 0 0 0 0 0

L4 0 0 0 5.8419 0 0 0 0

L5 0 0 0 0 6.0119 0 0 0

L6 0 0 0 0 0 6.0518 0 0

L7 0 0 0 0 0 5.5022 6.2569 0

L8 0 0 0 0 0 0 0 5.9245

L9 5.7087 0 0 0 0 0 0 0

L10 0 6.1964 0 0 0 0 0 0

L11 0 0 6.1014 0 0 0 0 0

L12 0 0 0 5.5340 0 0 0 0

L13 0 0 0 0 0 0 5.5251 0

L14 0 0 0 0 0 0 0 5.6635

L15 0 5.4862 0 0 0 0 0 0

L16 0 0 6.0466 0 0 0 0 0

L17 0 0 0 5.4740 0 0 0 0

L18 0 0 0 0 0 5.4588 0 0

L19 0 0 0 5.1485 0 0 0 0



Bipartite Dengue 
Contact Network

• The first network model:
1. 8 human nodes

2. 19 location nodes

3. 20 links

39
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WEB-BASED  SEARCH  
ALGORITHM

Location Node 
Label

DHR Value

L4 1
L12 0.947297
L17 0.937019
L19 0.881315
L3 0.001617

L11 0.00144
L16 0.001427
L7 7.49E-07
L6 4.64E-07

L18 4.19E-07
L13 2.89E-07
L10 3.3E-116
L2 3.1E-116

L15 2.9E-116
L1 0
L5 0
L8 0
L9 0

L14 0

Human 
Node 
Label

Ranking Value

H4 1
H3 0.002599
H6 1.96E-06
H7 1.34E-06
H2 2.1E-107
H1 0
H5 0
H8 0



Model Verification

41

UCINET

Root Mean 
Square Error

RMSELoc = 
0.0006419

RMSEHum = 
0.0009188

• Since both RMSE is much more smaller than 
the threshold RMSE (0.05), the model is 
verified.



MODEL VALIDATION

Group BDC 
Network

Model Epi Week SRCC 
Values

1 1 Targeted Model 1 28-29 1.0000

2 Validated Model 1 30-31

2 3 Targeted Model 2 32-33 0.8000

4 Validated model 2 34-35

3 5 Targeted Model 3 36-37 0.8424

6 Validated Model 3 38-39

42

• Spearman coefficient is used to measure the 
degree of relationship between a pair of 
rankings. 

• Spearman’s Rank Correlation Coefficient (SRCC) 
used in model validation in this study to 
measure the closeness of the ranking values 
between the targeted and validated models.

• The threshold value is 0.70.

• Since all 3 groups show strong positive 
correlation (SRCC > 0.70), hence the model is 
validated. 



Parameter Significance Analysis

• To determine the relative importance of individual parameter included in the BDC network 
model. 

• We identify the key parameters which have greater influences on the performance of the 
algorithm.

43

Parameters that are relatively more significant are: 
1. Biting rate, B 
2. Duration time the human stay at one location, Du



LIMITATIONS

• The life cycle and survival rate is derived from the experimental data obtained from published works.

• However, the mosquito collected in these studies is Aedes Aegypti, there is no another dengue vector, 
Aedes Albopictus.

• Since there is no data obtained for this vector, and hence this might affect the accuracy and 
effectiveness of the dengue network model. 

• Hence, it is encouraging to  have experimental data of Aedes Albopictus in term of the life cycle 
duration and survival rate.

44



45

Conclusion
45

Applicability of 
BNM approach

Practicality of 
BNM-RMF

Predictive nature 
of bipartite 

network model

DCS

DHR for dengue 
vector at the 

location

Ranked Location 
nodes

The General 
Modeling Research 

Community

The Body of Knowledge of the related 
research fields

Quantify Life 
Cycle Duration 

and Vector 
Survival rate

Parameter 
Significance 

Analysis

Assist public 
health in 
decision 
making 

Algorithm to 
calculate the 

distance matrix

The specific end-
user and research 

communities
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