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Project Summary and Objectives 
 
The major scientific goal of this proposal is to develop a deeper understanding of the malaria exposure 
and transmission as a function of human activities, land use, and human mobility at various scales for 
remote rural populations in Myanmar where malaria levels are high.  Here we pursued the primary 
science question: What environmental and land use factors are contributing to the observed differences 
in malaria presence and prevalence between the villages in Ann Township of Rakhine State in Myanmar?  
Our research project aimed to assess three hypotheses.  Our hypothesis 1 was: Environmental conditions 
in and around villages with higher prevalence of malaria are statistically significantly different than in 
villages elsewhere in the State with lower malaria burden.  Our hypothesis 2 postulated that: Human 
mobility patterns at the local scale among the populations within high and low-to-moderate malaria 
prevalence villages differ.   
 
To address our scientific objective, our project was designed around four specific objectives with distinct 
tasks within each of the objectives. 
 
Objective 1: Characterization of environmental conditions using satellite remote sensing. This objective 
was focused on development of high-to-moderate resolution datasets from a data-fusion of coarse, 
moderate, and very high-resolution satellite data. 
 
Task 1: Develop the baseline assessment of land cover and land use from very high-resolution imagery in 
and around all villages involved in the malaria epidemiological survey within Ann Township of Rakhine 
State. Under this task, we will use all available NGA-NASA commercial very high-resolution imagery, 
provided through the support center at the Goddard Space Flight Center (GSFC), to create the base land 
cover and land use map. 
 
Task 2: Characterization of land surface conditions with 8-day repeat frequency at high-to-moderate 
resolution. Here we developed a data-fusion algorithm that fit fractional observations of environmental 
change from moderate and coarse-resolution data to high-to-moderate resolution data. In this approach 
we created a hierarchical assessment scheme where surface characterization is gap filled from available 
observations at the 8-day time step. 
 
Task 3: Downscale coarse-resolution satellite observations of surface temperature and humidity. 
Temperature and humidity are the two remaining environmental parameters that are not captured in 
the 8-day environmental state maps produced in task 2. We produced gap-filled and downscaled 
datasets of Land Surface Temperature and Relative Humidity from MODIS observations at 30 m 
resolution with 8-day repeat coverage. 
 
Objective 2: Mapping human mobility patterns on the landscape at local scales. We used a geospatial 
information science approach to understand the degree to which geographic patterns of mobility may 
vary for different population groups and how these variations contributed to malaria prevalence rates. 
 
Task 4: Collect data and map regional and local mobility networks. Poor availability of primary geospatial 
datasets necessitates digitizing the travel network as line features. We saved the digitized roads into 
KML files and imported into ArcGIS to build the network topology.  
 
Task 5: Compute and map activity paths at regional and local scales.  Activity pattern analyses were 
undertaken using the road networks created through Task 4, to compute frequently accessed paths and 
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trajectories corresponding to regional and village-level population flows and generate a computational 
model of population movement dynamics at multiple scales. 
 
Objective 3: Analysis of malaria prevalence as a function of environment and human mobility. The 
analytical objective of the proposed research is focused on testing the hypotheses raised in the 
proposed project using the geospatial datasets characterizing the environmental conditions and human 
mobility developed under objectives 1 and 2. 
 
Task 6: Assess the impact of land cover and land use on malaria prevalence at individual and village 
levels.  We have conducted an epidemiological study to quantify the impact of various factors 
characterizing the environmental settings of various villages in relation to malaria occurrence in the 
population. 
 
Task 7:  Assess the risk of exposure to environmental conditions associated with an elevated risk of 
malaria transmission through travel patterns at the village level.  Mapping these activity pathways and 
overlaying the results on maps of the environmental risk factors provides insights on the degree to 
which common activities are bringing local populations into risk zones for malaria. 
 
Objective 4: Verification and analysis of the study findings in focus groups and interviews with health 
practitioners and researchers in Myanmar.  We specifically aimed to test our statistical findings against 
the field-based knowledge and expertise of local medical researchers and public health professionals.   
 
Task 8.  Verify study-derived malaria exposure patterns with health practitioners and researchers.  We 
asked our interview and focus group participants to review the maps of activity paths and offer expert-
knowledge based modifications which will be incorporated into the mapping results. We also aimed to 
gain additional insight into fine-scale temporal dynamics of activity paths (e.g. when during the day 
individuals travel at the local scale and approximate residency time at various locations). 

Current Year’s Accomplishments 
Moderate Resolution Land Cover Land Use Map 
We have developed a prototype of a Land Cover and Land Use (LCLU) map for the Ann Township using a 
suite of publicly available and custom produced datasets at 30 m resolution.  The LCLU map (Figure 1) 
was assembled in ten classes using the following hierarchical order: 1) perennial water, 2) impervious 
surface, 3) villages, 4) croplands, 5) managed forest (i.e. plantations), 6) natural forest, 7) ephemeral 
water, 8) topographic depressions, 9) shrub and grass, and 10) bare ground. The water class was 
mapped using the Landsat Surface Water Fraction algorithm (DeVries et al., 2017). Human infrastructure 
was a combination of impervious surface mapped by the Global Man-made Impervious Surface (GMIS) 
data product (Brown de Colstoun et al., 2017) and Ann Township villages mapped at 30 m resolution by 
Hoffman-Hall et al. (2019). The croplands class was mapped using the Global Food Security-support 
Analysis Data (GFSAD) Cropland Extent 30 m dataset (Oliphant, A., 2017). The managed forest class was 
mapped by capturing areas of forest change from 2001 – 2016 via the Global Forest Change (GFC) 30 m 
product (Hansen et al., 2013). The natural forest class was mapped using the Landsat Vegetation 
Continuous Fields product (Sexton et al., 2013). Topographic depressions were determined based on 
surface curvature and flow accumulation calculated using the Shuttle Radar Topography Mission (SRTM) 
1-arc second digital elevation models (DEM). These ten classes were combined into a single map 
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hierarchically based on the aforementioned order of priority. Specifically, the classification began with 
the class with the highest priority and continued following the order of priority. If a pixel had already 
been assigned a class value with higher priority, it would no longer be eligible for subsequent 
classification. All remaining pixels that were not mapped into any of the first six classes were classified 
into either shrub/grass or bare ground, based on the Landsat-derived Normalized Difference Vegetation 
Index (NDVI) with a threshold value of 0.5 (shrub/grass: > 0.5, bare ground: ≤ 0.5). The resultant land 
cover map was assessed for accuracy using the assessment methodology based on fuzzy set theory 
developed by Woodcock and Gopal (2000) (Table 1).  The base map for malaria assessment targets 
identification (presence/absence) of specific classes of particular importance (e.g. village, impervious 
service, croplands) rather than aims to quantify the total distribution of land covers.  To support that 
aim we considered “MAX” and “RIGHT” operators within the Fuzzy Accuracy Classification scheme:  

• MAX: "Highest rating given to a category for a given site to measure a match and provides a 
conservation estimate of accuracy" 

• Right (R): "Accepts matches using any degree of right, which in the linguistic scale used here is 
any score greater than or equal to 3“ 

• Accuracy with fuzziness (tolerance of error) improves to 81.73% particularly useful for land 
covers at sub-pixel level 

Figure 1.  Moderate resolution LCLU map for Ann Township. 
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Table 1.  Fuzzy Accuracy Assessment results for 30m LCLU map. 

Expert evaluation 

  Matches using Improvement  

Map label Plots MAX (M) Right (R) (R-M) Area weights 

Perennial water 75 28.00% 34.67% 6.67% 0.043 

Impervious surface 75 8.00% 48.00% 40.00% 0.001 

Villages 75 58.67% 81.33% 22.67% 0.001 

Croplands 75 68.00% 84.00% 16.00% 0.035 

Managed forests 75 29.33% 48.00% 18.67% 0.057 

Natural forests 308 74.35% 89.94% 15.58% 0.817 

Shrub and grass 75 1.33% 20.00% 18.67% 0.038 

Bare surfaces 75 0.00% 22.67% 22.67% 0.008 

Accuracy 833 44.90% 63.75% 18.85%  

Accuracy total weighted  66.14% 81.73% 15.59%  
 
 
 
Very High Resolution Land Cover Land Use Map 
Utilizing WorldView-2 & 3 satellite data, a land cover classification map of Ann Township in Myanmar, 
with a 2-meter horizontal spatial resolution, was created using a random forest classifier  (Figure 2). The 
intention was to incorporate the results of this base classification, along with ancillary data such as NDVI 
time series extracted from Google Earth Engine, in a segmentation-based methodology to define and 
extract features, such as plantations, to produce a more suitable classification for use in a malaria study. 

Of the total area of Ann Township (6,261 km2), the WorldView data available and accessible through 
NASA NCCS provided 97% (equal to 6,102 km2) coverage of the area. As a result, 3% (159 km2) of the 
township remains unclassified, indicated in dark gray in Figure 2. The results of the random forest 
classification were satisfactory for each strip, with all OOB predictions of accuracy greater than 95, with 
a majority greater than 98. Detailed examples of the classification results are shown in Figure 3a-c. It can 
be seen that the classification still has a difficult time in some areas distinguishing between urban/built-
up and bare land/soil as well as between short vegetation and forested areas. 
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Figure 2. WorldView land cover classification of Ann Township, Myanmar 
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Google Earth Engine (GEE) was tested to see if Landsat 8 could help reveal seasonal vegetation cycles to 
be used in conjunction with the higher resolution WorldView data within a classification scheme to 
assist in the extraction of plantation/agricultural areas by comparing annual NDVI time series results for 
forested vs. agricultural areas.  In order to do this, two 100m2 regions of interest, represented by vector 
polygons, were created over these two land types (note: the size was selected to ensure that a single 
land cover class area was properly represented and without multi-class contamination). GEE JavaScript 
code was created/modified to derive the mean Landsat 8 NDVI over time within these ROIs. The results 
(Figure 4) for each ROI do not show a strong enough variation between them to be useful in 
distinguishing between the land cover types, at least in the way it was tested out in this study. 

 

Figure 3 a-c. WorldView data (bands 3,2,1) and classification results 
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In terms of the segmentation, it was found that ORFEO, the free and open-source software that was 
downloaded and utilized to test feature extraction-based classification, was not able to handle the size 
of the WorldView strips and kept crashing when using running the segmentation both as a stand-alone 
tool and within QGIS. Unfortunately, time/funding ran out and so there was not enough time to create 
multiple subsets over areas with plantations to run the segmentation process. 

Figure 4.2016 Landsat 8 NDVI time series for forest vs. agricultural areas within Ann Township. 
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In the end, a land cover classification map of Ann Township (97%) was produced using the random 
forest classifier (Figure 2). The classification is not without issue as there are still many pixel-level 
misclassifications, even post-despeckling, due to the high pixel resolution of the imagery. The transitions 
between WorldView data strips are also evident due to varying time periods of collection (multi-year; 
multi-season) and there is also a spatial registration inconsistency between strips that causes shifting 
when panning across the Township. More funding will be needed to continue to explore further the use 
of Google Earth Engine and segmentation techniques to produce a superior classification indicative of 
plantation areas within the township. 
 
Contextualizing Malaria Exposure in Myanmar at Individual and Village Levels as a 
Function of Land Cover and Land Use 
A prospective cross-sectional study was conducted in March-June, 2016 to estimate the prevalence of 
malaria in five specific remoted villages in Ann township in Rakhine State.  A questionnaire was 
administered during the 2016 study to collect demographic and other potential information for each 
participant, based on malaria literature which commonly identifies potential confounders.  As part of 
the questionnaire, participants were asked about their land use in areas relevant to malaria exposure. 
Specifically, they were asked if they visited any of the following locations frequently (defined as at least 
twice a week or continuous two weeks): farm, forested area, plantation, mine, refugee camp.  For each 
village surveyed we calculated the area of each land cover type (based on the moderate resolution LCLU 
map described above) found within a 2 km radius of the center of the village. The rationale of choosing 2 
km as our buffer distance is grounded in the flight dispersal of the major malaria vectors in the region, 
Anopheles minimus and Anopheles dirus, which have estimated flight ranges of 1 km and 2 km 
respectively (Dev et al., 2004; Marchand et al., 2004).   Of the 990 participants, 11 were excluded due to 
missing age (n=5) or unknown pregnancy status (n=6). Univariate and multivariate logistic regression 
analysis was chosen to understand the association between the exposure variables and outcome 
(presence of malaria parasites in blood sample). 
 
At the individual assessment level, fully-adjusted models (adjusted for age, age-squared, and pregnancy) 
were created for each of the self-ported use of landscape variables and ORs were calculated (Table 2). 
Frequent visits to a forest were not associated with malaria (OR: 1.26, 95% CI: 0.76 – 2.04). However, 
frequent visits to a plantation were found to be protective for malaria (OR: 0.51, 95% CI: 0.27 – 0.92). 
The association between frequent visits to a farm and malaria was modified by sex, therefore we 
present fully-adjusted models stratified by sex. Within stratified models, we observed no relationship 
between frequent visits to a farm and malaria for females (OR: 1.36, 95% CI: 0.57 – 3.26) but a strong 
positive relationship was observed among males (OR: 3.86, 95% CI: 2.13 – 7.06). 
 
To evaluate the impact of village environmental settings, we assessed the relationship between LCLUC 
fractions within the 2 km buffer and the village-level malaria prevalence.  All village landscapes 
contained some area of managed forests (between 2% to 7% of total area mapped), but Village C was 
distinctive in that 24% of its landscape was covered by managed forest (Table 3). An inverse relationship 
between area of natural forest and croplands was observed among the villages. Villages with expansive 
areas of natural forest (Villages A, C, and D) had comparatively small areas of croplands. Villages with 
large areas of croplands similarly has less area of natural forest (Villages B and E). A weak negative 
correlation was found between proximal croplands and village level malaria prevalence (R2 = 0.56), 
while a positive correlation was found between proximal natural forest and village level malaria 
prevalence (R2 = 0.73). 
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Table 2. Model results expressing risk of Plasmodium presence in the blood as a function of self-reported LU 
visit frequency. Blue cells indicate protective associations, red cells indicate risk associations, while white cells 
indicate non-significant association. 

 
Primary Analysis 

Sensitivity Analysis I  
(Village D Excluded [All Male Village]) 

Variable OR (95% CI) p-value  OR (95% CI) p-value 

Frequently visits 
forest areas 

1.26 (0.76 – 2.04) 0.3571 1.29 (0.73 – 2.21)  0.3683 

Frequently visits 
plantations 

0.51 (0.27 – 0.92) 0.0318 0.58 (0.24 – 1.22)  0.1820 

Frequently visits 
farms – Female 

1.36 (0.57 – 3.26) 0.4794 1.11 (0.36 – 3.59)  0.8605 

Frequently visits 
farms – Male 

3.86 (2.13 – 7.06) < 0.001 2.74 (1.46 – 5.25)  0.0019 

 
Table 3.  Area and fractional contribution of the 3 relevant LCLU classes within the 2 km buffer of sampled 
villages. 

 
Fully-adjusted models assessed the relationship between malaria and each of the village environmental 
settings variables of interest. Area of natural forest within 2 km of a participant’s village and area of 
managed forest within 2 km of a participant’s village were found to be strongly associated with 
increased risk of malaria (OR: 1.96, 95% CI: 1.60 – 2.41 and OR: 1.35, 95% CI: 1.23 – 1.50 respectively). 
We found that sex modified the relationship between malaria and area of croplands within 2 km of a 
participant’s village and thus we present stratified results. Among females proximal croplands were 
found to be strongly protective (OR: 0.52, 95% CI: 0.37 – 0.69), whereas a much weaker suggestive 
protective effect was observed among males (OR: 0.82, 95% CI: 0.67 – 1.00) (Table 4). 
 
Each village exhibited very different patterns of land cover change. While all have experienced some 
amount of forest loss, Village C lost by far the highest amounts of forest in the year of data collection 

Village A 

 

B C D E 

 

Croplands 1.58 (12.6%) 5.90 (47.0%) 0.26 (2.1%) 1.89 (15.1%) 3.09 (24.5%) 

Managed Forests  0.74 (5.9%) 0.84 (6.7%) 2.97 (23.6%) 0.67 (5.4%) 0.28 (2.3%) 

Natural Forests 7.19 (57.2%) 2.96 (23.5%) 8.14 (64.8%) 4.03 (32.1%) 1.53 (12.2%) 
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(2016) and the 5 years preceding our survey. When compared to village level malaria prevalence, a high 
positive correlation was found between malaria prevalence and the rate of deforestation surrounding a 
village (km2 year-1) (Figure 5). 
 
Table 4. Model results expressing risk of Plasmodium presence in the blood as a function of village proximal 
LC. Blue cells indicate protective associations, red cells indicate risk associations, while white cells indicate 
non-significant associations. 

 
Primary Analysis 

Sensitivity Analysis II (Answered No to 
all 3 LU Questions) 

Variable OR (95% CI) p-value  OR (95% CI) p-value 

Area of Natural Forest 1.96 (1.60 – 2.41) < 0.001 3.09 (2.12 – 4.63) < 0.001 

Area of Managed Forest 1.35 (1.23 – 1.50) < 0.001 1.50 (1.27 – 1.81) < 0.001 

Area of Croplands – Female 0.52 (0.37 – 0.69) < 0.001 0.47 (0.29 – 0.69)  0.0007 

Area of Croplands – Male 0.82 (0.67 – 1.00) 0.0576 0.32 (0.14 – 0.64)  0.0046 

 
This was further corroborated by the fully adjusted models, which found recent (2016) deforestation 
(OR: 3.97, 95% CI: 2.57 – 6.13), rate of deforestation (OR: 14.30, 95% CI: 6.20 – 32.99), and total 
deforestation over 5 years (OR: 1.70, 95% CI:1.44 – 2.01) were all strongly associated with increased 
malaria risk. However none of the relationships remained significant when Village C was removed. 

Figure 5. Relationship between village level malaria prevalence and average rate of forest loss (km2 year-1) 
over the 5 years preceding survey data collection 
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Assessing Human Mobility Patterns  
The research objectives for this part of the study included: 
• Determining the key elements for an agent-based model of village-level mobility (i.e., 

village travel patterns) for Ann township, Myanmar using collected travel history data. 
• Collecting data on road network characteristics, occupation, travel history (time, 

frequency etc.), and travel mode, among other variables (e.g., spatial and 
environmental data) 

• Determining the relationships between daily movement patterns of local populations 
including how does movement vary by occupation and by village, and with Plasmodium 
falciparum malaria. How does mobility contribute to risk of infection?  

 
Research area and data collection 
The research area lies in Ann Township in Kyaukpyu District in Rakhine State, Myanmar. According to the 
2014 Myanmar Population and Housing Census report, the total population of Ann Township was 119,714. 
 
Field surveys were conducted in 5 villages in Ann Township during 2018-2019 as part of a project 
supported by the National Institutes of Health (NIH) for the International Centers of Excellence for Malaria 
Research (ICEMR) on Myanmar, involving persons aged 2 years and older from randomly selected 
households from each village. Study participants were screened for malaria infection using usPCR, and 
travel history information was also recorded through a survey of the study participants. The travel history 
survey data along with other demographic information was collected using a standardized case record 
form. The form contained information on demographics (gender, age, occupation), travel history (time of 
data for travel-to-work and back-from-work, typical travel distances, travel modes) and about other 
activities other than work (e.g. household chores involving trips to water). A detailed road network for 
the Township was digitized using ArcGIS 10.6 using high resolution remote sensing imagery provided by 
ESRI via the Community Maps Program as a base for digitizing. Additional environmental data was also 
collected for the Township from imagery products to assist with designating the locations of different 
occupations collected through the survey. Land cover data from a range of different remote sensing 
sources was used in this study. We used cropland land cover to represent the work locations for farmers, 
and a cropland land cover layer was sourced from Global Food Security Support Analysis Data (GFSAD). 
Managed forests were determined using Global Forest Change (GFC) data (forests that were disturbed 
between 2000 and 2016 or showed forest gain) was used to represent the work locations of plantation 
workers.  Natural forest areas were extracted using Global Forest Change (GFC) data (forests with forest 
cover > 40%) and were treated as the possible occupation locations for loggers. 
 
Simulating mobility of local populations 
We processed the travel history data for over 464 individuals (adults over 18 years) from 5 villages in Ann 
Township, and from this dataset we extracted travel information, including travel time (e.g., time to travel 
to work and back home again), travel mode, estimated travel distances (for daily and regular local and 
regional trips), and occupation type (indoor vs. outdoor) as well as information on specific categories of 
occupation (e.g., farming, logging, and plantation workers). 
 
Multi-Agent Transport Simulation (MATSim) was used to build a simulation model to capture the mobility 
of villagers in this part of Ann township.  MATSim (Horni et al.,2016, Balmer, 2007) is open-source Java 
software that provides a framework to implement large-scale agent-based transport simulations.  Each 
agent is guided by rules to perform activities at different times and places. For this research, agents 
represented individuals who were residing in the villages and who were administered a travel survey. We 
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simulated the daily travel patterns based on the case report form data taking into account the different 
travel modes (walking, motorbike, bicycle, car). A set of rules was defined including: 1) agents travel to 
work and home again using the road network (detailed digitized network, including motorcycle tracks 
etc.), 2) agents travel using the shortest path to their workplace, and 3) every agent representing the 
individuals was assumed to have only one place of work. Only travel behaviors including travel to work 
and travel home again were simulated.  
 
Build plans for each agent in MATSim 
In MATSim, the decisions on mode of travel and origin and destination for each occupation and each agent 
were used to make a plan for each agent. The origins were the locations of the five villages, and the 
destinations were determined using both the landcover data sets and the travel distance information 
extracted from the histories. We simulated local movements associated with outdoor occupations, i.e., 
loggers, farmers, and plantation workers. 
 
Aggregating counts of each agent  
To better simulate the spatial distribution of local villagers for the different time periods used in the 
survey, we used a hexagon to aggregate the simulation results for each time range and for each 
destination location. Agent counts within a hexagon x was calculated as (Figure 6): 

 𝑇𝑇𝑇𝑇𝑥𝑥 = �𝑙𝑙𝑖𝑖 ∗ 𝑇𝑇𝑇𝑇𝑖𝑖  

𝑙𝑙𝑖𝑖 is the length of the road segment i within hexagon x, 
𝑇𝑇𝑇𝑇𝑖𝑖 is the traffic count at of road segment i at this time 
 
Results 
Simulation for all agents in the five villages in Ann Township 
We aggregated the counts of agents for all occupations as well as each occupation individually, shown 
below for two of travel time periods that we studied, 5am-9am (Figure 7a) and 9am-12pm (Figure 7b). 
The figures below show a snapshot of where villagers were when they started work during these two time 
periods. We can see the origins of travel for workers beginning their work day during 5am-9am and 9am-
12pm were different. It was generally more common to start working between 5am-9am rather than 
between 9am-12pm.  
 
Simulation for walkers and motorcycle riders  
We simulated mobility patterns for different travel modes. Motorbikes and walking were the two most 
common travel modes in Ann Township. Based on our analysis, most people tended to walk to their work 
(Figure 8a), and only a few used motorbikes to reach their work destinations (Figure 8b). For the 
motorbike riders, most of their work destinations were located near Taung Chauk, Ge Laung and Pyaung 
Thay villages. 
 

Figure 6. Aggregating counts of each agent 
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Figure 7. Simulation results for Ann Township for two periods, (a) 5-9 am and (b) 9 am to 12 pm 

                                                                
 

                   
(a)                                                                        (b) 

Figure 8. Simulation snapshots for Ann Township for two travel modes (a) walk and (b) motorcycle. 
 

a b 
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Simulating agent movement for agents infected with Plasmodium falciparum and Plasmodium vivax  

                   
(a)                                                                        (b) 

Figure 9. Simulation snapshots for Ann Township for (a) P.f. positive cases and (b) P.v. positive cases. 
 
We simulated the mobility patterns for individuals with Plasmodium Falciparum (P.f.) and Plasmodium 
viviax (P.v.) positive infections based on usPCR testing (Figure 9 a and b). Bases on our simulation, the 
work locations tend to be more disjoint (i.e., separated by some distance) for locations where P.f. positive 
agents worked than when compared with P.v. positive agents. A hotspot was detected south of Pyaung 
Thay for P.f. positive agents. Other locations that tended to be more visited by P.f. infected agents were 
in Pyaung Thay and north of Tan Chaung. For the P.v positive agents, their work locations were frequently 
adjacent and closer together, especially south of Taung Chauk and south of Pyaung Thay. 
 
To test how the mobility simulation results can be combined with a model of malaria risk, we undertook 
an ecological niche analysis for a township outside of Ann Township (Singu Township, central Mandalay, 
Myanmar) with a higher number of sample villages, using Maxent, an open source software tool that uses 
an approach based on maximum-entropy theory for modeling species niches and distributions. The 
increased number of villages was important for our testing as we could produce a reliable probabilistic 
risk surface as output with Maxent. For this research, 12 environmental layers from remotely sensed 
datasets and the usPCR data for these villages were used to calculate the malaria risk surface (Figure 10a). 
When this surface is intersected with the mobility simulation results for this township, the result returns 
patterns of movement that are associated with increased malaria risk (Figure 10b).  
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(a)                                                                        (b) 

Figure 10. (a) Malaria risk surface for Singu Township and (b) the risk surface associated with movement for 
Singu Township  
 
We also developed a strategy for validating the simulation results by surveying local experts familiar with 
the travel in the local area to collect ground truth data including travel frequency and travel modes for 
three different travel times, 7:00am, 1:00pm and 4:00pm. The ground truth data is used to compare with 
the simulation results regarding the traffic intensity and travel modes at each time. After the tests with 
this township, we are working on developing a similar ecological niche surface for Ann Township to 
combine with the mobility simulation results in Ann and conduct a similar validation test.  

Changes/Challenges 
In our initial planning we aimed to assess regional-scale patterns of mobility in addition to local 
pathways.  However, although the questionnaires collected during the cross-sectional study contained 
questions regarding the regional scale mobility patterns, the lack of internal consistency in responses to 
these questions made it impossible to incorporate those in a statistically rigorous framework.   Instead 
we chose to pursue the investigation of the temporal domain of local mobility patterns when more 
robust information collected through a different survey vehicle became available. 
 
The cross-section survey structure also limited our ability to assess the impact of environmental 
variability on exposure with changes in environmental conditions (i.e. vegetation stress, temperature 
and relative humidity).  However, we now have access to a longitudinal survey which was conducted in 
Ann Township during 2018-2019 season which we can use to complete the investigation.  This our 
primary task to complete under the No Cost Extension which we are requesting. 
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The complexity of image normalization for the Very High Resolution (VHR) imagery delayed the 
development of the VHR LCLU map which we intended to use in this study.  We have now finalized the 
VHR-based map and plan to use that map to continue refining our findings regarding the impact of 
environmental settings, forest loss, and environmental variability in relations to variance in subclinical 
parasitemia in Ann Township.  This is out second major task we intend to complete under the NCE.  
 
The travel restriction associated with COVID-19 virus have halted our plans a follow-up meeting with in-
country health practitioners and medical researchers.  We have completed our first focus group meeting 
with local experts in Myanmar in November 2019 and solicited the initial feedback.  We planned to 
follow up with a second set of focus group meetings in February/March 2020 which were cancelled due 
to travel restrictions.  It is unlikely that we will be able to conduct the follow up focus group meetings 
during the NCE year. 

No Cost Extension Period’s Objectives 
Apr – Jun 2020 Complete follow up analyses using VHR-based LCLU maps and new surveys to 

explore initial findings re LCLU fractional composition and forest loss impact on 
malaria prevalence 

Apr – Jul 2020 Run the Maxent analysis in Ann Township. 
Jun – Aug 2020 Complete processing of environmental change variables including gap-filled 

30m NDVI maps, relative humidity, and LST.  Validate downscaling algorithms 
against station records. 

Jul – Nov 2020 Conduct analysis on comparing the simulated mobility with the risk surface 
(based on P.f prevalence) to understand the relation between mobility and risk. 

Aug – Nov 2020 Analyze variance in subclinical parasitemia as a function of LCLU and changing 
environmental conditions using longitudinal surveys. 

Aug 20 – Mar-21 Manuscript development and publication, finalizing dataset and preparing a 
subset of those for archival at ORNL DAAC, Myanmar Information Management 
Unit (MIMU), and other potential regional partners. 

   

Publications/Products 
 
Project dataset deliverables 
 
Objective 1 geospatial dataset deliverables:  
1) moderate resolution map of rural settlements in AnnTownship, Rakhine State, circa 2014 
2) high-resolution and moderate resolution maps of land cover/land use classes in Ann Township of 
Rakhine State;  
2) 8-day environmental state maps 2017-2019;  
3) 8-day downscaled estimates of temperature and humidity 2017 - 2019. 
 
Objective 2 geospatial dataset deliverables: 
1) Fine scale vector database of travel networks by the mode of transportation and related key POIs (e.g. 
stations, market places, etc.) in Ann Township of Rakhine State;  
2) activity path maps at the village scale.  
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Publications: 
 
Hoffman-Hall, A., Puett, R., Silva, J.A., Chen, D., Baer, A., Han, K.T., Han, Z.Y., Thi, A., Htay, T., Thein, Z.W., 

Aung, P.P., Plowe, C.V., Nyunt, M.M., Loboda, T.V. (near submission).  Contextualizing Malaria 
Exposure in Myanmar by Combining Satellite-Derived Land Cover and Use Observations with Field 
Surveys.  To be submitted to GeoHealth 

Hoffman-Hall, A., Loboda, T.V., Hall, J.V., Carroll, M.L., Chen, D., 2019.  Mapping Remote Rural 
Populations at 30 m Spatial Resolution Using Geospatial Data-Fusion. Remote Sensing of 
Environment 233, 111386. 

 
Presentations: 
 
Hoffman-Hall, A., Puett, R., Loboda, T.V., Silva, J.A., Chen, D., Baer, A., Nyunt, M., Aung, P, 2020. 

Contextualizing Malaria Exposure in Myanmar by Combining Satellite-Derived Land Cover and 
Use Observations with Field Surveys. Oral presentation to be presented (abstract accepted) at 
American Association of Geographers Annual Meeting, April 6-10, 2020, Denver, CO. 

Hoffman-Hall, A., Baer, A.E. and Loboda, T.V. 2019. Assessing occupational exposure risk factors for 
subclinical malaria as a function of land cover and land use in Myanmar. E-Lightning poster 
presented at American Geophysical Union Annual Meeting, December 9 – 13, San Francisco, CA  

Hoffman-Hall, A., Puett, R., Loboda, T.V., Silva, J.A., Chen, D., Baer, A., Nyunt, M., Aung, P, 2019. Malaria 
Risk in Myanmar: Contextualizing Remotely Sensed Land Cover Data with Qualitative Land Use 
Data to Inform Targeted Interventions. Oral presentation given at Mid-Atlantic Division 
American Association of Geographers Annual Meeting, November 10, Baltimore, MD. 

Loboda, T.V., Carroll, M.L., Hoffman-Hall, A., Nyunt, M.M., Plowe, C., 2019.  Malaria landscape: 
examining the role of land cover / land use nexus in malaria transmission in Myanmar. Invited 
oral presentation at the 4th Open Science Meeting of the Global Land Programme, April 24-26, 
2019, Bern, Switzerland. 

Li, Y., and K. Stewart, 2019. Simulating human mobility for understanding population risk from malaria, 
Oral presentation at the Association of American Geographers Annual Meeting April 3-7, 2019, 
Washington, DC. 

Hoffman-Hall, A., Loboda, T.V., Puett, R., 2019. More than Mosquitoes: Malaria Risk in Ann Township, 
Myanmar. Oral presentation given at American Association of Geographers Annual Meeting, 
April 3-7, 2019, Washington DC. 

Hoffman-Hall, A., Loboda, T.V., Hall, J. V., Carroll, M., 2018. Rural Population Mapping at Moderate 
Spatial Resolutions Using Geospatial Data Fusion. Oral presentation given at American 
Geophysical Union Annual Meeting, December 10-14, Washington DC.  

Loboda, T.V., Carroll, M., Chen, D., Hoffman-Hall, A., 2018. Mapping and Monitoring Myanmar’s Malaria 
Landscape. Poster presented at American Geophysical Union Annual Meeting, December 10-14, 
Washington DC. 

Loboda, T.V., 2018.  Mapping the Malaria landscape of Myanmar: Examining the role of land cover / land 
use in malaria transmission.  Invited oral presentation at the National Socio-Environmental 
Synthesis Center (SESYNC), October 16, 2018, Annapolis MD. 

Hoffman-Hall, A., Loboda, T.V., Hall, J. V., Carroll, M., 2018. Rural Population Mapping at Moderate 
Spatial Resolutions Using Geospatial Data Fusion. Poster presented at Race, Ethnicity, and Place 
Conference, Austin, TX  

Hoffman-Hall, A. April 2018. Mapping Population: Utilizing Satellite Derived Metrics in Data-Poor 
Regions. Oral presentation given at American Association of Geographers Annual Meeting, April 
10 -14, 2018 New Orleans, LA. 
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Loboda T.V., 2018.  Modeling malaria hotspots using satellite images.  Invited oral presentation at the 
Department of Medical Research and Defense Services Medical Research Center, January 2018, 
Yangon, The Republic of the Union of Myanmar. 
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