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Abstract 
Despite a substantial global decline in malaria transmission, the disease remains a 

significant public health concern. Although most cases occur in Sub-Saharan Africa, transmission 

persists across parts of Latin America, particularly within the Amazon Basin. In Peru, malaria 

remains concentrated in the northeastern department of Loreto, where ecological conditions favor 

the survival and proliferation of the malaria vector. Alongside environmental factors, human 

mobility has increasingly been recognized as an important driver of malaria transmission because 

movement between communities redistributes exposure and facilitates parasite spread across 

geographically separated settings. 

This study assesses the association between human mobility and malaria vector 

abundance across communities in the northern Peruvian Amazon. Using a secondary data 

analysis design, entomological surveillance data from previously published studies were 

integrated with origin–destination human mobility dyadic data from the NIH-funded R01 

AI151056 study. Descriptive statistics, spatial mapping, network centrality measures, and 

regression analyses were conducted to examine mosquito distributions, community connectivity, 

and associations between human movement and vector abundance. 

Results indicate that mosquito abundance and human mobility across the northern 

Peruvian Amazon are highly heterogeneous, and though the variables appear concentrated 

primarily within a small number of communities across the network, these findings cannot be 

generalized across all regions of the northern Amazon, given the limited number of localities with 

mosquito data, as opposed to those containing human mobility data. Associations between 

mobility and vector abundance varied by species, with Nyssorhynchus darlingi demonstrating the 

most consistent positive relationship. These findings highlight the value of integrating ecological 

and human network approaches to better understand malaria connectivity patterns in the region. 
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1. Introduction 

Despite a significant decline in malaria transmission worldwide, its burden of 

disease remains a critical concern. This parasitic infection is reported to have caused an 

estimated 282 million cases and 610,000 deaths worldwide in 2024.1 The burden of 

malaria has a highly concentrated geographic distribution, with more than half of global 

cases occurring in different regions of Sub-Saharan Africa. Although the majority of 

global cases occur in Africa, transmission persists across parts of Latin America, 

particularly within the Amazon Basin.1  

In South America, the majority of cases are observed in the Amazon, with 

populations from Peru, Brazil, Colombia, and Venezuela at the highest risk of malaria 

infection.2 Peru, though a relatively minor contributor to the global malaria burden, 

reported approximately 44,000 malaria cases in 2024, reflecting ongoing transmission 

within the WHO Region of the Americas.1 Most malaria cases in Peru are concentrated in 

the northeastern department of Loreto, where ecological conditions favor the survival and 

proliferation of mosquitoes, thus facilitating transmission.1,3,4 Malaria transmission in this 

region is seasonal, with the highest incidence occurring during the rainy season, between 

November and June.4 

Loreto consists of just one major urban center, Iquitos, with the remaining 

population largely residing in remote villages distributed along the river systems of the 

Amazon basin. This spatial arrangement facilitates ecological exposure near breeding 

sites and conducts connectivity patterns through mobility along the river.1,3  
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Both the geographic and demographic distribution of this region highlight the 

disproportionate burden of malaria endured by rural and Indigenous communities. 

1.1 How is Malaria transmitted? 

Malaria is a vector-borne disease caused by the parasite Plasmodium, transmitted to 

humans through the bite of an infected female Anopheles mosquito.1,5 Plasmodia are 

ancient, single-celled protozoans with a complex life cycle, which involves vertebrate 

and insect hosts.5 Specifically, five malaria species are known to cause disease in 

humans: Plasmodium vivax, P. falciparum, P. malariae, P. knowlesi, and P. ovale.5,6 

Although Plasmodium falciparum is the most virulent and lethal species, P. vivax is the 

most prevalent species reported across the endemic regions of Peru3,7, with over 80% of 

reported cases from 2024 being caused by P.vivax.8 

Human infection initiates when a female anopheline mosquito injects Plasmodium 

sporozoites into the skin. As shown in Figure 1, sporozoites reach the peripheral 

circulation and migrate to the liver, where they replicate within hepatocytes and form 

merozoites. These are then released into the bloodstream, where they invade red blood 

cells (RBCs) and mature into schizonts. A small portion of blood stage parasites develop 

into gametocytes– the sexual stage of the parasite– which eventually reach the dermis, 

where they get taken up by another mosquito when it takes a blood meal. The full 

sporogonic cycle is completed in the mosquito midgut, resulting in infectious sporozoites, 

which then proceed to reach the salivary glands for transmission into another vertebrate 

host.5,6 
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1.2 Vector Biology Across Species 
In Peru, the primary Anopheles species identified are the Nyssorhynchus darlingi– 

known as the most significant malaria vector in South America; and Nyssorhynchus 

benarrochi B.4,10, 11 Nonetheless, it is imperative to note that there are other species 

present within the northern Amazon, to include: Nyssorhynchus triannulatus s.I. and 

Anopheles mattogrossensis .  

Each species differs in where they are usually encountered, how strongly they 

associate with humans, the timing of when they seek blood meals, and preferred 

ecological conditions.  

Figure 1. Malaria Parasite Life Cycle. Adapted from CDC (2024) [9] 
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While these ecological preferences may appear similar at surface level, their 

distinct behavioral traits differentiate each species. These differences emphasize the need 

for meticulous sampling approaches, as effective sampling requires methods tailored to 

each species. 

Across literature, Ny. darlingi demonstrates the strongest evidence of close 

association with human malaria transmission, as it is considered a highly anthropophilic 

species. This means they strongly prefer to live and execute their activities in proximity 

to humans as opposed to other animals. This species is behaviorally flexible, displaying 

both endophagic and exophagic biting behaviors– indoor and outdoor biting patterns. 

Though its dominant biting preferences align with nighttime, indoor patterns, its 

versatility in biting behavior allows it to shift based on site, season, house type, time of 

day, and human activity.11   

Ny. benarrochi is best described as the second most prominent malaria vector, 

usually the most abundant in count and epidemiologically relevant in the Peruvian 

Amazon. Evidence from Datem del Marañon shows that this species was frequently 

collected outdoors (61.5%), indicating a tendency toward exophagic (outdoor biting) 

behavior in that setting.11 However, this species is also behaviorally flexible and, thus, 

still capable of biting humans and participating in transmission. Compared to Ny. 

darlingi, its behavioral patterns align with less human interaction and lean more towards 

ecological setting dependency, oftentimes linked to peri-domestic and forest 

environments as opposed to strictly indoor spaces.11   

While literature on Ny. triannulatus s.I. and An. mattogrossensis is more limited, 

available evidence suggests that both species are more consistently associated with 
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forest-edge and outdoor settings, rather than human-centered indoor environments. Ny. 

triannulatus s.I. exhibits early evening biting activity, often beginning shortly after 

sunset.12,13 This species is considered less anthropophilic and more environmentally 

driven, as is the case for An mattogrossensis.14  

1.3 Environmental Influences on Vector and Parasite 
Holistically, malaria vectors are fond of humid, tropical environments, and 

although they are primarily considered a riverine species 6, some species, such as Ny. 

darlingi have also been found along the margins of lakes, streams, and small lagoons.10,11 

Throughout the year, the northern Amazon experiences extremely elevated temperatures, 

sometimes reaching 31˚C and heavy rainfall, usually amounting to 1,000-3,000 mm, 

making it an ideal hotspot for the Anopheles mosquito’s survival.1,10 Warm temperatures 

accelerate mosquito development and parasite replication, which increases vector 

efficiency and transmission potential. 6 Similarly, heavy rainfall creates and sustains 

breeding habitats, which are critical for mosquito life cycles.10,15 Furthermore, these 

species are most active between dusk and dawn, making these timeframes critical hours 

of transmission.6 One must acknowledge, however, that there are microgeographies 

within the Amazon itself that introduce varying humidity, water, and heat levels.2,4 This 

opens the scope for variation across the various epidemiologies found within the Amazon 

and can also account for differing factors that contribute to vector survival, as well as 

human mobility and other factors that influence fluctuations in malaria transmission 

rates.2,10,16  
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1.4 Human Mobility associations with Malaria and its vectors 
Human mobility has increasingly been recognized as a prominent driver of 

malaria transmission, as movement between communities redistributes exposure and 

facilitates the spread of parasites across geographically separated settings.16,17,18 Recent 

studies conducted in the northern Amazon have demonstrated that mobility between 

riverine communities is associated with increased risk of malaria transmission and that 

community network connectivity plays a significant role in transmission patterns.19,20 

Though mobility research had previously focused mostly on transmission 

dynamics, research on Amazonian malaria vectors– particularly Ny. darlingi and Ny. 

benarrochi– has largely focused on biting behavior patterns, breeding ecology, and 

environmental conditions within the northern Amazon.10,11,15,21 

Similarly, broader mosquito-borne research, especially studies focusing on Aedes 

aegypti in Iquitos, further underscores the important role of human movement in shaping 

mosquito-borne parasite transmission by altering patterns of connectivity between 

humans and vectors.18,22,23 

Literature suggests that human mobility may influence mosquito abundance 

through several ecological and behavioral pathways.16,20,22 We propose that these 

processes conform into four main mechanisms: host availability, environmental 

modification, network connectivity, and human-vector interaction patterns. Host 

availability refers to how human movement changes the dynamic of when and where 

mosquitoes can feed, which directly affects their survival and proliferation.16,18 This 

means that the more people there are, the more blood meals become available for malaria 

vectors to feed on.  
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Moreover, environmental modifications are known to affect vector populations, 

particularly through changes in breeding habitat availability and ecological conditions.10 

When changes such as deforestation and water accumulation–– known to support 

breeding site development–– are driven by human mobility activities, to include 

migration and settlement expansions, they become relevant to the broader pattern of 

connectivity between communities. Human-driven environmental modifications have the 

potential to support malaria vector survival and reproduction. This pattern has been 

documented for Ny. darlingi, where modifications to their habitat caused by human 

activity have been associated with an increase in vector abundance across the Amazon.21 

 Furthermore, network connectivity maintains vector populations through source-

sink dynamics, where highly connected communities that repeatedly receive or send 

people prevent the local mosquito population from collapsing.20 This suggests that even 

in localities with low ecological stability, human mobility between communities may 

indirectly sustain vector populations through the mere consistency of human presence. 

Increased movement facilitates blood meal availability and introduces water-based 

transportation environments that accumulate moisture, creating ideal conditions for 

breeding; ultimately supporting larval development.24 Finally, human movement reshapes 

patterns between human and vector contact by dictating where biting occurs, when 

exposure happens, and which locations sustain transmission due to centrality.18,22 

However, despite the growing research on both human mobility and malaria 

vectors, these components have rarely been integrated and examined together under 

network-based frameworks that capture connectivity between communities.  
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Though some studies have explored how social connectivity across rural and 

remote settings relates to malaria transmission17,20, far fewer have considered how these 

same structures may shape vector dynamics.25 

This study, in contrast, shifts the focus to a different, yet pivotal component 

within the broader system: the relationship between human mobility and malaria vector 

abundance. Rather than asking where infection occurs, we ask whether the structure of 

human connectivity reflects an association that may further explain where mosquitoes 

could be most concentrated. 

This framework conceptualizes human mobility as the primary exposure, defined 

as the number of people traveling between communities and measured through directed 

origin-to-destination community dyads. The outcome of interest is malaria vector 

abundance, measured as species-specific mosquito counts, which are combined at the 

community level and structured to match the corresponding dyadic framework. 

The central research question guiding this study thus becomes: Is there an 

association between human mobility and malaria vector abundance across the northern 

Peruvian Amazon? We hypothesize that increased human mobility between communities 

is associated with higher malaria vector abundance. By integrating human mobility 

networks with entomological data, this study aims to identify not only patterns of 

transmission but also where vectors are most likely to be concentrated based on human 

connectivity across communities.  
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2. Methods Section 

2.1 Study Design 
This study employed a secondary data analysis design, integrating entomological 

surveillance data from previously published studies with human mobility data derived 

from the NIH-funded R01 AI151056 project. The analysis examined the association 

between the exposure, human mobility–– measured as the number of trips between origin 

and destination communities–– and the outcome, vector abundance, measured as species-

specific counts across the sampled localities. The analyses investigated the spatial and 

network-based patterns relevant to malaria vector ecology in the northern Peruvian 

Amazon.  

The analytical framework combined descriptive statistics, centrality measures, 

spatial mapping, and network analysis to characterize mosquito species distribution, 

locality connectivity, and human mobility structure across the study area.  

2.2 Study Area and Data Overview 

 The study area encompassed the northern Peruvian Amazon, with particular focus 

on communities along three major river systems: the Amazon, Pastaza, and Yavari. 

Figure 2 depicts the geographic distribution of sampled localities; those with mosquito 

data are indicated by red pins, and those without are indicated by black pins. The study is 

primarily centered on the Peruvian portion of the northern Amazon. However, Ecuador is 

also represented in the mosquito dataset through the inclusion of the Wachirpas locality. 

Localities were geocoded using latitude and longitude coordinates in degrees-

decimal (DD) format.  
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Each locality was assigned to one of the three major river systems mentioned 

previously based on geographic location and proximity. Additionally, district, province, 

and region were utilized to support spatial visualization for initial network construction.  

For the purposes of this study, the final analytic dataset utilized for the mosquito 

and human mobility regression analyses consisted of 226 dyads, reduced from an original 

dataset of 1,771 dyads, which were extracted from the R01 AI151056 study. Across the 

final 226 dyads, 104 unique localities were observed. Of these, only 10 contained both 

mosquito and human mobility data, with the remaining consisting exclusively of human 

movement data.  

This reduction was conducted to retain only dyadic pairs that contained at least 

one community–– origin or destination–– that aligned with one of the 10 localities 

containing mosquito count data. This restriction ensured that regression models were 

estimated only from dyads with valid mosquito data, preventing the inclusion of external 

or nonexistent data points. 

This distinction is vital for proper interpretation, given that the human mobility 

dataset captures human movement across a much larger regional network, in contrast to 

the mosquito dataset, which is more spatially limited. Therefore, the integrated dataset 

represents a direct, targeted dyadic subset, rather than a full entomological representation 

of the mobility system and its patterns. This difference highlights why some analyses, 

particularly regression and centrality comparisons, reflect a balance between network 

coverage and the depth of ecological sampling.  
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Figure 2. Study Area and Mosquito Data Overview within Sampled Localities 
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2.3 Literature Search Strategy and Data Selection 
A structured literature search was conducted to identify entomological studies 

reporting the abundance, measured as counts, of Anopheles species in the northern 

Peruvian Amazon, with emphasis on communities along the Amazon, Pastaza, and 

Yavari riverine systems.  

Searches combined geographic terms, malaria vector biology, Anopheles species, 

spatial ecology, and the northern Peruvian Amazon to capture field-based surveys 

suitable for secondary ecological analyses (e.g., “Anopheles darlingi AND Amazon AND 

Peru AND Ecuador AND Brazil” “malaria vectors AND river systems AND Amazon 

basin”). 

The primary databases utilized include PubMed, Scopus, Web of Science, and 

SciELO. Supplementary searches were performed using Google Scholar and institutional 

repositories, including the Universidad Peruana Cayetano de Heredia (UPCH) repository, 

to ensure comprehensive coverage. 

Search strategies were developed utilizing a consistent conceptual framework 

across databases and were adapted to account for differences in indexing, search 

functionality, and language. Search strings were developed to prioritize geographic 

identifiers, then vector abundance/count, and finally disease-related terms. Priority was 

given to geography because the analytic framework was anchored to communities 

included in the R01 AI151056 study; these locations generated the human mobility 

dataset used to run association analyses with mosquito abundance.  
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Search results were exported to Zotero, and records were initially screened based 

on titles and abstracts to assess relevance to the study’s inclusion/exclusion criteria. 

Studies were only included if they reported entomological data on the vectors of interest– 

Ny. benarrochi B., Ny. darlingi, An. mattogrossensis, and Ny. triannulatus s.I.– and their 

abundance in counts, within the study area. Studies that lacked site-level geographic 

information, reporting of Anopheles species of interest, and/or provision of vector counts 

were excluded.  

Studies that met all eligibility criteria were included in the analytical dataset. 

Throughout the screening process, decisions on study inclusion and exclusion were 

documented to ensure transparency and reproducibility in the dataset construction. 

2.4 Data Sources and Network Construction 

2.4.1 Mosquito Data Collection and Network Construction 
Mosquito data used in this study were obtained from four previously published 

entomological studies conducted across the northern Peruvian Amazon, with primary 

focus along major riverine systems (Table 1). For this analysis, four Anopheles species 

were analyzed based on ecological relevance and data availability: Ny. benarrochi (B 

lineage), Ny. darlingi, An. mattogrossensis, and Ny. triannulatus sensu Lato. 

As detailed in Table 1, these studies included species-specific mosquito counts 

and varied in sampling design. Some key differences include the collection period, 

duration, and frequency, which range from short-term surveys to longitudinal sampling 

spanning multiple months and years. Collection methods also differed and included 

human landing catch (HLC) 26,27,28, prokopack aspirators28, Shannon traps28,29, and CDC 

light traps. 28,29 
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Table 1. Summary of Entomological Studies Contributing to Mosquito Dataset 
Construction 

14 
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These collection methods target different aspects of mosquito behavior and 

ecological preferences. For instance, HLC focuses on mosquitoes actively seeking blood 

meals, whereas prokopack aspirators focus on collecting resting mosquitoes in 

bothindoor and outdoor settings30, potentially biasing species-specific counts according to 

individual behavioral traits and preferences 

Furthermore, sampling efforts and implementation varied across studies, with 

differences in the number of traps deployed, the number of trained collectors, and the 

spatial coverage of households. Collectively, these variations reflect the inherent 

variability of secondary entomological data sources and, due to their potential influence 

on mosquito counts, provide a critical context for interpreting observed patterns across 

species-specific abundance.   

Mosquito data were originally collected at the locality level with species-specific 

counts, but the dataset was restructured into a dyadic format to align with the human 

mobility dataset. In this framework, each dyad represents a pair of localities (origin to 

destination), with mosquito abundance recorded for the origin, the destination, and a 

combined measure defined as the sum of mosquito count across both localities. 

This approach enabled direct comparison by aligning both datasets within a 

shared network structure. In the mosquito network, localities are represented as nodes and 

connections between them as edges, weighted by the total mosquito counts across each 

pair. Mosquito counts were also retained as node-level attributes for each locality to 

reflect vector abundance. 

To ensure consistency, dyads were examined for duplicates, recognizing that a 

community could appear as both an origin and a destination in reciprocal pairs (e.g., A–B 
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vs B–A), before final network construction. Networks were then constructed separately 

by species and by analytical focus: origin, destination, and combined, to capture different 

perspectives of locality involvement. These networks do not represent mosquito 

movement but rather shared ecological patterns between connected communities. 

2.4.2 Human Mobility Data and Network Construction 
Human mobility data were derived from the NIH-funded R01 AI151056 study 

that collected travel survey data describing population movement between communities 

across the northern Amazon.  

The dataset was collected through structured, respondent-driven surveys 

conducted across selected riverine communities in the northern Amazon. Data collection 

was implemented in three waves. Initial communities were selected across key river 

systems, designed to represent variation in accessibility, population size, and mobility 

intensity; meaning it was not a random sample. The initial selection consisted of 45 

communities: 25 from Peru, 10 from Ecuador, and 10 from Brazil. Within each 

community, key informants above the age of 18 were recruited and surveyed to 

characterize travel and connectivity patterns between communities. 

After the first wave, communities were ranked by their level of connectivity, 

which was determined through survey responses. The top 2 to 3 most connected 

communities were then selected to proceed with collection in the subsequent waves. This 

is critical since mobility patterns are not static, and by conducting data collection across 

multiple waves, temporal variability in mobility was captured.  
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The resulting data created community-level mobility networks, structured as 

origin-destination dyads. Nodes corresponded to officially defined communities, and 

edges were weighted to reflect the total reported travel counts between communities. 

These mobility networks were then linked with national malaria surveillance systems to 

evaluate how patterns of human movement were associated with malaria risk across the 

region. 31  

Within this study, the human mobility dataset was analyzed independently to 

develop descriptive statistics and centrality measures to further understand community 

connectivity, as well as jointly with the mosquito dataset to enable comparison between 

networks. 

2.5 Data Cleaning and Preprocessing 
Both datasets underwent standardized cleaning and preprocessing in R. Cleaning 

procedures were performed using reproducible scripts to ensure transparency and 

consistency, without tampering with the original dataset(s) structure.  

2.5.1 Geographic Data and Coordinate Validation 
Locality coordinates were verified for completeness and consistency. Given that 

coordinate formats were inconsistently reported across studies, a standardization process 

was implemented to ensure spatial accuracy. For studies that provided only locality 

names without coordinates, latitude and longitude were obtained from OpenStreetMap 

and cross-checked against the regional geographic context. For studies reporting 

coordinates in degrees-minutes-seconds (DMS) format, values were systematically 

converted to decimal-degrees using the formula:  
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DD = degrees + (!"#$%&'
()

) + ('&*+#,'
-())

) 

This standardization process ensures consistency and uniformity for mapping and 

geospatial analysis. Additionally, coordinates were visually inspected in the mapping 

process to confirm that all localities fell within the expected geographic area of the 

northern Peruvian Amazon covered in the R01 AI151056 study. Lastly, diagnostic checks 

were performed to confirm coordinate ranges, spatial extent, and internal consistency 

across both datasets.  

2.5.2 Missing Data and Zero Counts 
As previously mentioned, the distinction between missing data and zero counts in 

the mosquito dataset was adjusted for. Missing (NA) values were retained to represent 

‘non-sampled’ values. They were excluded from abundance calculations, while zero (0) 

values were obtained as valid observations– stating that the species were sampled yet not 

detected– and these were utilized in the abundance calculations.  

2.5.3 Variable and Name Standardizations 
Column names were standardized across datasets to ensure consistency during 

merging and analysis. Formatting issues were corrected to create valid, usable variable 

names, and numeric fields (e.g., mosquito counts and travel weights) were converted to 

numeric format. 

Community names were standardized by resolving differences in capitalization, 

spelling, special characters, and any other inconsistencies. For example, “Washientza” in 

the mosquito dataset appeared as “Washintsa” in the human mobility dataset; thus, the 
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final locality name used was Washintsa. Duplicate locality entries were identified and 

resolved by cross-referencing geographic coordinates in Excel.  

2.5.4 Outlier Detection and Distribution Assessment 
Distributional properties of mosquito abundance, human mobility weights, and 

derived network centrality measures were assessed prior to interpretation and regression 

modeling. Histograms, density plots, and summary statistics (mean, median, standard 

deviation, range, and quartiles) were generated in R Studio to evaluate skewness and 

characterize distributions of species-specific mosquito abundance counts, human mobility 

edge weights, and node-level centrality measures (degree, weighted degree, betweenness, 

closeness, eigenvector, and PageRank). These diagnostics were conducted separately for 

each mosquito species network and for the human mobility network.  

Interquartile range (IQR) criteria were used to identify extreme outliers across 

both centrality measures and edge-weight distributions. Outlier detection was conducted 

for interpretative purposes and did not result in data exclusion unless values were 

determined to reflect data entry errors.  

2.5.5 Data Transformation for Statistical Modeling 
For regression analyses, additional processing steps were conducted to evaluate 

associations between human mobility (exposure) and mosquito abundance (outcome).  

Linear models were first fit to assess this relationship. Given that mosquito 

abundance represents count data, generalized linear models (GLMs) with a Poisson 

distribution were also applied, with overdispersion assessed, alongside a log-transformed 

model to further evaluate the relationship.   
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Log-log models were used to evaluate proportional changes between the exposure 

and outcome variables. The resulting visualizations improved spatial clarity, allowing 

patterns to be more easily identified and interpreted across multiple scales (i.e., within 

localities, between localities, and at the regional level). Separate models were constructed 

for origin-, destination-, and combined measures of mosquito abundance. 

Lastly, to determine the most appropriate model specification, models were 

compared using the Akaike Information Criterion (AIC). This metric evaluates model fit 

and complexity. Lower AIC values indicate a better fit, and these values, along with 

interpretability, guided final model selection. 

It is important to note that although AIC was calculated for all three models, 

formal comparisons were conducted only between the Poisson and linear models. The 

Log-log model involves a transformation of both the exposure (human mobility) and 

outcome (vector abundance) variables, which alters the scale and underlying data 

structure. As a result of this transformation, the Log-log model is not directly comparable 

to models fitted on the original data scale and therefore cannot and was not interpreted as 

equivalent.    

2.6 Descriptive Statistical Analysis: 
Descriptive statistics were generated separately for the mosquito and human 

mobility datasets to characterize their distribution, scale, and variability before analysis. 

This step is critical, as subsequent methods, such as centrality measures and complex 

regression analysis, depend on the underlying data structure.  
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Conducting these summaries independently also allows for direct comparison 

between the two networks, highlighting differences in spatial coverage and variability. 

This informs how the datasets align across the study area. Additionally, descriptive 

analyses supported the identification of outliers and selection of appropriate modeling 

approaches, which ultimately guided the construction of structurally comparable datasets 

for subsequent analyses.  

2.6.1 Human Mobility Descriptive Statistics 
For the human mobility dataset, descriptive statistics summarized the number of 

communities, total dyads, distribution of movement volumes, and identification of highly 

connected origin and destination nodes. All descriptive outputs were presented as both 

formatted tables and diagnostic summaries to support and facilitate interpretation. The 

human mobility dataset captures a larger network of connectivity, reflecting travel flows 

between communities. 

2.6.2 Mosquito Descriptive Statistics 
Similarly, for the mosquito data, descriptive summaries included the number of 

sampled localities, total counts by species, distribution of mosquito counts across dyads, 

and measures of dominance and/or inequality to characterize the composition of the 

dataset. Unlike the human mobility dataset, mosquito abundance was observed only at a 

limited set of sampled communities–– 10 localities total–– reflecting a more restricted 

spatial coverage 
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2.7. Network Metrics and Centrality Measures 
Node-level centrality measures were developed for both the mosquito and human 

mobility datasets using the ‘igraph’ package in RStudio. Metrics observed and analyzed 

include in-degree, out-degree, weighted in-degree, betweenness, closeness, eigenvector 

centrality, and PageRank.  

In-degree centrality is the number of incoming edges into a node; a community 

with high in-degree centrality represents a location that receives travelers from many 

sources, potentially increasing the risk of vector abundance. Out-degree centrality is the 

number of outgoing edges from a node; a community with high out-degree represents a 

locality that could be increasing vector abundance and spreading it outwards to other 

locations. Betweenness centrality measures how frequently a node lies along the shortest 

pathway(s) connecting other nodes; a community with high betweenness is labeled a 

network bridge, as it creates corridors through which parasites can spread between distant 

and distinct communities. Closeness centrality measures how close a node is to all other 

nodes in a network based on shortest-path distances; thus, a high closeness centrality 

indicates that a node is more quickly accessible to others in the network. Eigenvector 

centrality measures not only how connected a node is to others, but how significant these 

connections are. This allows for emphasis on communities that are embedded in highly 

influential systems within the network. PageRank is similar to an eigenvector; precisely, 

it is a variant that accounts for directionality and edge weights. A high PageRank would 

indicate a community that receives high levels of weighted connectivity from influential 

nodes, making this location significant for its connectivity pattern. 
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Centrality measures were used to rank and identify highly connected and 

structurally influential communities. Nodes within the top 5% and top 10% were flagged, 

along with outliers identified using the interquartile range criteria. These metrics were 

evaluated within species-specific networks and across all species to capture variation in 

importance context (i.e., top 5% nodes within the Ny. darlingi network vs. top 5% nodes 

across the all-species network). Given that each centrality measure captures different 

aspects of network structure, all were computed and analyzed to provide a more 

comprehensive assessment of community significance. 

 Network analysis was utilized to characterize how communities connect through 

human movement and how mosquito vector abundance aligns with these connectivity 

patterns. In this framework, communities correspond to nodes, and dyadic relationships 

correspond to edges linking them. These structural characteristics allow for connectivity 

patterns to highlight the potential influence for malaria transmission across landscapes, 

particularly in regions where human movement can transport parasites between 

ecologically distinct locations.  

2.8. Spatial Data Visualization 
Spatial visualizations and illustrations were developed to examine geographic 

patterns of malaria vectors, including distributions of mosquito species and sampling 

coverage across the study region. Maps were created utilizing the latitude and longitude 

coordinates previously extracted and/or developed for each locality of interest within the 

study. All spatial processing and visualization were conducted in R, utilizing the 

following libraries: sf, ggplot2, and rnaturalearth.  
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2.8.1 Basemaps, Projection, and Spatial Context 
 All spatial data was projected in the WGS84 coordinate reference system 

(EPSG:4326) to ensure compatibility across datasets. Administrative boundaries, such as 

regions and provinces, were obtained directly from the studies or extracted from 

OpenStreetMap during the development of DD coordinates for the specific community. 

River networks were included to represent the major riverine systems (Amazon, Pastaza, 

and Yavari) discussed in this study.  

Basemaps were cropped to the study bounding box to maintain visual focus and reduce 

distortion. Scale bars and compass roses were also incorporated into the final map(s) to 

enhance geographic interpretability.  

2.8.2 Relative Abundance Map 
A species-level relative abundance map was developed using proportional pie 

charts at each locality containing mosquito collection data. Each pie chart depicted the 

relative composition of the four species within a given locality among the 10 localities 

with mosquito data. Species were color-coded across all figures to maintain consistency 

across interpretations: Ny benarrochi B. – orange, Ny darlingi – red, An mattogrossensis 

– green, Ny. triannulatus s.I. – blue. 

Pie size was relative to the abundance of the species within each given locality, 

which allowed for clear visualization of composition and magnitude. This mapping 

approach enhanced the interpretability of localities with high overall abundance and 

addressed whether certain localities were dominated by a particular species.  
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2.8.3 Presence/Absence Map 
A presence/absence map was developed to display spatial sampling coverage and 

species detection patterns. Localities containing mosquito collection data were labeled 

with red pins, while black pins denoted localities lacking mosquito data. This mapping 

approach highlights spatial gaps in mosquito sampling coverage, allowing the reader to 

visually assess where mosquito-collected data are available relative to the broader 

mobility network.  

2.8.4 Cartographic Refinement and Manual Edits 
  To maintain spatial accuracy whilst providing clearer mapping visuals, several 

cartographic refinements were implemented. These refinements include label adjustments 

using minimal but present repelling algorithms to reduce overlap, manual tuning of label 

offsets when high-density data were clustered together, scaling of pie chart radii to 

prevent excessive overlap, line transparency and thickness to reduce visual clutter, and a 

bounding box to optimize framing the study region.  

2.9 Software and Reproducibility  
 All analyses were conducted in R Studio. Data manipulation was developed using 

tidyverse, network analyses using igraph, and spatial analyses using sf, ggplot, ggforce, 

and osmdata. Scripts were written to ensure reproducibility, and outputs were 

systematically saved to output folders for figures and tables.  

2.10 Ethical Considerations 
 This study involved analyzing secondary data. All original collection activities 

were conducted under prior ethical approvals. No new ethical approval was required for 

this secondary analysis.  
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3. Results Sections 

3.1 Overview of Analytical Outputs 
This study integrates entomological mosquito surveillance data and human 

mobility network data to examine how vector abundance relates to patterns of community 

connectivity across the northern Peruvian Amazon. The results are presented across five 

key analytical components: descriptive statistics of both datasets, spatial patterns of 

mosquito presence and relative abundance, network structure and centrality measures, 

statistical associations between mosquito abundance and human mobility, and model 

comparison using Akaike’s Information Criterion (AIC).  

3.2 Descriptive Statistics of Mosquito and Human Mobility Data  

3.2.1 Mosquito Dataset Descriptive Statistics  
The mosquito dataset includes 10 sampled localities with observations across the 

four malaria vector species of interest: Ny. benarrochi B., Ny. darlingi, An. 

mattogrossensis, and Ny. triannulatus s.I. Species-specific counts varied substantially 

across localities, reflecting uneven distribution and sampling coverage. Summary 

statistics, to include total counts, measures of central tendency, and dispersion, are further 

presented in Table 2. 
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As shown in Table 2, Ny. benarrochi B. overwhelmingly dominates the dataset, 

contributing 7,669 mosquitoes (94.7% of the total sample), exceeding the combined 

counts of all other species. It was detected in 9 of 10 localities, with only one site at a 

zero count. Abundance was highly skewed, with a mean of 767 and a median of 212, 

indicating that counts were driven by a small number of localities rather than uniform 

distribution. This pattern is further reinforced by the maximum count of 2,371, 

highlighting how a single locality contributed approximately 31% of the total. High 

variability was observed (SD = 1,019.3; IQR = 1,600), strengthening the presence of 

concentrated hotspots within the network.  

Although Ny. darlingi is considered the primary malaria vector across the 

Amazon basin, it was considerably less abundant, with a total of 395 mosquitoes and 

four-zero count localities– a pattern further illustrated in Figure 3. It depicted moderate 

measures of central tendency with a mean of 39.5, a median of 21, and an IQR of 66.8. 

The metrics indicate moderate variability, with a similarly right-skewed distribution, 

suggesting concentration is within a subset of localities. 

 

Table 2. Descriptive Statistics of Mosquito Counts by Species  
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An. mattogrossensis was detected in 6 of 10 localities, with a total of 31 

mosquitoes. Abundance was low (mean = 3.1; median = 1.5) and less variable (IQR = 

2.8), indicating a more clustered and limited distribution across sites.  

Ny. triannulatus s.I. was the rarest, with only a single mosquito recorded across 

one locality and absence in the remaining nine. Accordingly, measures of central 

tendency and dispersion were negligible, reflecting minimal variation. 

Overall, mosquito abundance is highly uneven across species and localities, 

dominated by Ny. benarrochi B., with species such as Ny. triannulatus s.I. occurring at 

minimal levels (Figure 3). 

 

Mosquito abundance exhibited significant spatial heterogeneity across localities, 

with a highly right-skewed distribution indicating a small number of communities 

contributed disproportionately to total counts.  

Figure 3. Distribution of Mosquito Counts by Species 
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As shown in Table 3, the localities with the highest mosquito abundance were 

Loboyacu (2373), Hortencia Cocha (2,367), and Nueva Yarina (2,070). Following these, 

counts declined substantially across the remaining sites: Truenococha (608), Ulpayacu 

(318), Santa Maria de Manchari (166), Washintsa (108), Nuevo Progreso (74), Wachirpas 

(7), and Nueva Esperanza (5). 

 

 Species-specific patterns further emphasize the disproportionate distribution of 

mosquitoes across localities. Figure 4 further illustrates the dominance of Ny. benarrochi 

B. (n = 7,669) with the highest counts concentrated in Loboyacu (2,371), Hortencia 

Cocha (2,318), and Nueva Yarina (1,940). These three localities alone accounted for 

approximately 86.4% of all Ny. benarrochi B. observations, indicating pronounced 

hotspot structure. As the most abundant species, its distribution largely drives overall 

spatial patterns across the dataset. 

Table 3. Mosquito Counts by Species across Sampled Localities 



 

 

30 

Ny. darlingi (n = 395) was the second most abundant species, with highest counts 

recorded in Nueva Yarina (128) and Washintsa (106), followed by Nuevo Progreso (74), 

Hortencia Cocha (45), and Santa Maria de Manchari (40), with the lowest count observed 

in Truenococha (2)–– as depicted by the red bars illustrated in Figure 4. 

An. mattogrossensis (n= 31) was sparsely distributed, with the highest count in 

Santa Maria de Manchari (19), followed by lower counts across Hortencia Cocha (4), 

Truenococha (3), Nueva Yarina and Loboyacu (2 each), and Ulpayacu (1). 

Lastly, Ny. triannulatus s.l. was once again minimally represented within the 

dataset, with only a single mosquito recorded across all sampled localities, precluding 

meaningful comparisons. 

Figure 4. Species Composition in Highest Vector Abundance Localities 
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3.2.2 Human Mobility (R01) Dataset Descriptive Statistics  
The human mobility dataset consists of 1771 directed dyads representing human 

travel between communities across Peru and neighboring regions. In total, 291 unique 

origin communities and 258 unique destination communities contributed 178,662 total 

trips. The distribution of trips was highly right-skewed (mean = 100.9; median = 22), 

indicating that most dyads involved low travel volumes, while a small number of 

connections accounted for disproportionately high mobility. The largest observed dyad 

exceeded 6,500 trips, highlighting strong concentration within key travel corridors (Table 

4).  

 

At the node level, substantial variation was observed between outbound and 

inboud mobility across communities. Pumpuentsa emerged as the primary source of 

outbound travel, amounting 8,620 trips; followed by Kurintsa (Achuar) and 

Mushucllacta, each exceeding 8,000 outgoing trips (Figure 5). Several additional 

communities, including Patukmai, Juyukamentsa, Kumay, and Kuakash, also contributed 

high outbound trip volumes, though at lower levels. These patterns indicate that a limited 

number of communities function as major sources of regional movement.  

 

 

Table 4. Descriptive Statistics: Human Mobility Dataset 
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In contrast, inbound mobility was concentrated in a different set of communities. 

Puyo Centro appeared as the dominant destination, receiving over 20,000 trips, followed 

by Taisha, which received more than 15,000 trips (Figure 6). Both communities ranked 

relatively low in outbound travel, suggesting that they serve the role of mobility sinks 

within the network. Other communities, including Kumay, Wasakentsa, and 

Juyukamentsa, ranked among the top nodes for both inbound and outbound travel, 

indicating more balanced connectivity.  

 

 

 

 

Figure 5. Top Origin Communities by Outgoing Trips 
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Travel patterns were concentrated along a small number of key corridors 

connecting the holistic network (Table 5). The Mushucllacta to Puyo Centro dyad 

recorded the highest travel volume with more than 6,500 total trips; followed by the 

Kurintsa (Achuar) to Taisha dyad (3,384); and the Kurintsa (Achuar) to Pumpuentsa dyad 

(2,944). The recurring presence of Kurintsa (Achuar) among the top routes highlights its 

role as a major origin community. Other dyads, such as Arutam to Pumpuentsa (1,432 

trips), further highlight structured mobility patterns across communities by demonstrating 

that movement is concentrated along recurrent routes that link specific origin-to-

destination pairs.  

 

 

Figure 6. Top Destination Communities by Incoming Trips 
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The results indicate that specific communities serve as regional mobility hubs, 

yielding or receiving disproportionately large volumes of travel. This further highlights 

the pronounced heterogeneity in human mobility within the dataset, with a small number 

of communities and dyads accounting for the majority of travel across the network. 

 

 

Table 5. Top Origin to Destination Dyads by total Trips 
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3.2.3 Comparing Mosquito and Human Mobility Datasets 
Direct comparison between datasets is inherently limited by their differing 

structures. While the mosquito dataset captures vector abundance across 10 sampled 

localities, the human mobility dataset represents connectivity across 1,771 origin-to-

destination dyads. 

Despite these structural differences, both datasets exhibit similarly uneven 

distributions. In the mosquito dataset, mean counts consistently surpass medians (e.g., 

Ny. benarrochi B. with a mean of 766.9 and a median of 212), indicating strong right-

skewness. A similar pattern is observed in the mobility dataset (mean = 100.9; median = 

22), where most dyads involve low travel volumes and a small number account for 

disproportionately high movement.  

Importantly, the datasets capture complementary dimensions of the system. 

Mosquito data reflect where vectors are concentrated, while mobility data describes how 

communities are connected. Overlap between localities with high vector abundance and 

highly connected nodes, therefore, highlights communities of particular importance and 

prominence to the holistic network, where ecological risk and human movement 

intersect.   

Inequality measures further support these patterns. The human mobility dataset 

demonstrated high concentration, with Gini coefficients of 0.767 for dyadic flows and 

0.752 for total community throughput (Table X), indicating that movement is 

concentrated within a limited number of corridors and communities.  
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Similarly, the mosquito dataset depicted uneven distribution (overall Gini = 

0.611), with variation across species. Ny. triannulatus s.I. exhibited the highest inequality 

(0.900), followed by An. mattogrossensis (0.713); while Ny benarrochi B. (0.642) and 

Ny. darlingi (0.617) reflected moderate inequality. 

 

 

 

 

 

 

 

 

Together, these findings indicate that both mosquito abundance and human 

mobility are highly concentrated, with a small number of communities and connections 

driving the broader system.  

 

 

 

Table 6. Gini Coefficients on Inequality in Human Mobility Dataset 

Table 7. Gini Coefficients by Species on Mosquito 
Dataset 
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3.3 Relative Abundance of Mosquito Species 

 

 

Figure 7. Relative Abundance and Species Composition of Anopheles Mosquitoes across the Study Area 
Each pie chart represents the proportional composition of each Anopheles species within a given locality. Pie diameter is scaled to the 
total number of mosquitoes collected at that site. Riverine systems are depicted in blue, and terrestrial areas are in green, with locality 
labels indicating the sampling communities.  
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Figure 7 illustrates the relative abundance of mosquito species across the sampled 

localities (10). Composition varied substantially across localities, with several 

communities demonstrating dominance by a single species, while others exhibited more 

heterogeneous distributions.  

Loboyacu, Wachirpas, Nueva Esperanza, Ulpayacu, Truenococha, Nueva Yarina, 

and Hortencia Cocha demonstrated to be strongly dominated by Ny. benarrochi B, with 

only minimal contributions from other species. In contrast, Nuevo Progreso and 

Washintsa were primarily dominated by Ny. darlingi. 

Among all sampled localities, Santa Maria de Manchari exhibited the greatest 

species diversity, with a more balanced composition distributed between Ny. benarrochi 

B., Ny. darlingi, and An. mattogrossensis.  

Ny. triannulatus s.I. was largely absent across sampled localities, with no 

evidence of dominance in any community.  

3.4 Network Structure and Centrality Patterns 

3.4.1 Mosquito Networks 

Centrality analyses across species and network focuses identified a subset of 

communities that consistently demonstrated to be spatially prominent and of structural 

importance to the overall network. As shown in Figure 8, the nodes that ranked highest 

varied across centrality metrics, species, and analytical focus. This indicates that no 

single locality dominates all aspects of network structure. Instead, centrality is distributed 

across multiple communities, reflecting a network characterized by several key hubs and 

bridging nodes rather than a single central point. 
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3.4.1.1 Ny. benarrochi B. 

Within Ny. benarrochi B’s combined network, Loboyacu, Nueva Esperanza, and 

Hortencia Cocha emerged as the most structurally prominent localities. Loboyacu 

exhibited the strongest overall influence, supported by high degree centrality (indicating 

strong connectivity) and high betweenness metrics (indicating a key bridging role 

between communities). As illustrated in Figure 8, these localities appear repeatedly 

across centrality measures, reinforcing their consistent structural importance within the 

network. 

Figure 8. Single Top Locality for Each Centrality Metric: Mosquito Network 
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Across origin- and destination-focused analyses, Ullpayacu, Hortencia Cocha, and 

Loboyacu persisted as the most central nodes, with Ullpayacu showing the strongest 

overall centrality signature. It ranked high across multiple metrics, including: in/out 

degree, betweenness, and Eigenvector, as well as PageRank, indicating strong influence, 

strong connectivity, and strong positioning within highly connected portions of the 

network.  

3.4.1.2 Ny. darlingi 
 Centrality patterns for Ny. darlingi identified Ullpayacu, San Lorenzo, and 

Hortencia Cocha as the most structurally prominent nodes. These communities ranked 

high consistently across degree—demonstrating connectivity, betweenness—

demonstrating a bridging role, and eigenvector/PageRank–– demonstrating influence. 

These findings indicate that they serve roles dual roles as hubs and bridges within the 

network. 

 Different centrality metrics highlight different dominant localities, but Ullpayacu 

and San Lorenzo appeared the most frequently, suggesting that they may maintain both 

strong direct connectivity and strategic positioning, and thus facilitate connections 

between multiple communities.  

3.4.1.3 An. mattogrossensis 
 An. mattogrossensis was more concentrated throughout the centrality analysis, 

with Ullpayacu and San Lorenzo emerging as the dominant nodes across all network 

focuses. Both localities demonstrated high degree and betweenness centrality metrics, 

which signaled strong bidirectional connectivity and potentially important bridging roles.  
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 Figure 8, further supports this observation as these two communities account for 

most top-ranked positions across metrics for this species, with elevated eigenvector and 

PageRank values, meaning that they are embedded within the most influential parts of the 

network. 

3.4.1.4 Ny. triannulatus s.I. 
 Lastly, the Ny. triannulatus s.I. network displayed the most centralized structure, 

with Ullpayacu and San Lorenzo consistently dominating centrality rankings. Both 

localities exhibited a high degree and a high betweenness, suggesting they may function 

as primary connectors within their network. However, due to the limited data available 

for this species, findings may not fully reflect the proper positionality of said localities 

within the broader network and its connectivity.  

3.4.2 Human Mobility (R01) Network 
Centrality measures derived from the R01 human mobility dataset revealed clear 

variation and patterns in the structural prominence of communities across the network. 

Weighted centrality metrics, including weighted degree measures, betweenness, 

closeness (in and out), eigenvector centrality, and PageRank, recognized a subset of 

communities with consistently elevated connectivity, influence, bridging roles, and 

overall positionality within the broader system. 

3.4.2.1 Highest-Ranking Localities by Individual Centrality Metrics 
Evaluation of the single highest-ranking locality for each centrality metric 

demonstrated that a small set of communities repeatedly emerged as structurally 

prominent nodes within the mobility network, as depicted in Figure 9. Six unique 
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communities: San Lorenzo, Puyo Centro, Wasurak, Taisha, Pumpuentsa, and Kurintsa 

(Achuar), accounted for all top-ranked positions across the ten metrics analyzed. 

Puyo Centro appeared most frequently, ranking highest in metrics related to 

inbound connectivity and influence (closeness, harmonic closeness in, in-degree, 

PageRank, and total degree), which indicate a strong integration within movement 

pathway and a central receiving role. 

San Lorenzo ranked highest in betweenness, suggesting a prominent role as a 

bridging community. Taisha, which ranked highest in eigenvector centrality, reflected 

strong connections to other highly connected nodes, while Wasurak’s high closeness 

indicates short path distances across the network. 

 Kurintsa (Achuar) was the highest-ranking node for closeness out, and 

Pumpuentsa ranked highest for outdegree weighted. These results suggest that they both 

play major roles as a source of mobility between localities.  

Together, these patterns further reinforce that structural importance is distributed 

across multiple communities, with different nodes dominating different aspects of 

connectivity, allowing for transient flow and connections between otherwise distant 

communities.  

 

 

Figure 9. Single Top Locality for each Centrality Metric: Human 
Mobility Network 
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3.4.2.2 Nodes with Consistently High Centrality Across Metrics 
Analysis of centrality distributions across nodes further identified localities that 

consistently ranked among the top 5% of metric values (Figure 10).  

The strongest signal observed was for Juyukamentsa, which appeared in the top 

5% for eight centrality metrics: betweenness weighted, closeness out weighted, harmonic 

closeness in, harmonic closeness out, indegree weighted, outdegree weighted, PageRank 

weighted, and total weighted degree; signaling both high connectivity and a central 

position within the network. 

Itak and Mushucllacta also demonstrated consistently elevated centrality values, 

each appearing in the top 5% across seven distinct metrics. Itak displayed strong 

connectivity and influence across multiple measures, while Mushucllacta’s prominence 

was primarily related to inbound connectivity and harmonic closeness. 

When examining nodes that consistently appeared across both the top 5% and top 

10% of centrality values, Juyukamentsa, Itak, and Mushucllacta emerged as the most 

structural important communtiies. Juyukamentsa demonstrated the strongest centrality 

signature overall, appearing in the top 5% across eight metrics and the top 10% across all 

ten weighted centrality metrics, including betweenness, closeness (in and out), 

eigenvector, harmonic closeness (in and out), indegree, outdegree, PageRank, and total 

degree; highlighting a comination of high connectivity, strong influence, and solid 

bridging capacity. 

Similarly, Itak and Mushucllacta displayed consistently high rankings across 

centrality measures, reinforcing their roles as key nodes within the network.  
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Nodes such as Juyukamentsa, Itak, and Mushucllacta serve as key mobility hubs, 

with high connectivity and strong bridging capacity. The concentration of high centrality 

scores within a small number of communities continues to indicate that mobility flows 

within the study region are strongly structured around a few highly connected nodes. 

 

3.5 Associations Between Mosquito Abundance and Human Mobility  
Regression models were utilized to evaluate associations between human mobility 

and mosquito abundance across dyads. Linear and Poisson models were initially applied, 

with log-log models later incorporated, to account for skewed distributions. The analyses 

revealed species-specific and outcome-dependent associations between human mobility 

and mosquito abundance along the northern Peruvian Amazon.  

For Ny. darlingi, human mobility was positively associated with vector abundance 

across all models and perspectives. Linear models indicated that each additional trip 

made was associated with a 0.161 vector increase in origin-community abundance, a 

0.159 vector increase in destination-community abundance, and a 1.51 vector increase 

when the abundance of both communities was combined.  

 

Figure 10. Top 5% Centrality Nodes Across Metrics: Human Mobility 
Network 
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These effects were supported by confidence intervals (CI) that did not cross zero 

for origin nor destination models, thus indicating a statistical significance, while the 

combined linear model demonstrated a wider CI overlapping zero, and thus suggesting 

weaker or non-significant evidence (Table 8). 

Poisson regression models displayed consistent positive associations, with each 

additional trip made by an individual corresponding to a 0.32% increase in origin-

community vector abundance, a 0.29% increase in destination-community vector 

abundance, and a 3.5% increase in vector abundance when both communities were 

combined. Confidence intervals for these estimates were narrow and did not include 1, 

once again reinforcing strong statistical significance. Log–log models further supported 

this pattern, with a 1% increase in trips associated with a 0.429% (origin), a 0.330% 

(destination), and a 1.25% 9combined) increase in Ny. darlingi abundance. 

In contrast, Ny. benarrochi B. demonstrated predominantly negative associations 

with human mobility. Linear models indicated a decrease in abundance across all 

perspectives. However, confidence intervals for these estimates crossed zero, suggesting 

limited statistical support for a linear relationship.  

Poisson models, on the other hand, displayed consistent and statistically 

significant negative associations with human mobility, corresponding to proportional 

decreases of 0.49% (origin), 0.59% (destination), and 1.6% (combined) for every 

additional trip. Log–log models similarly indicated proportional declines, with one-

percent increases in trips associated with decreases of 0.410% (origin), 0.271% 

(destination), and 0.438% (combined) in vector abundance. 
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For An. mattogrossensis, associations varied depending on the analytical focus. 

Origin- and destination-focused linear models indicated small decreases in vector 

abundance, whereas the combined model indicated a modest positive association. 

However, confidence intervals crossed zero, indicating no clear linear relationship. As 

depicted in Table 8, across Poisson models this species revelaed small proportional 

decreases at origin (0.25%) and destination (0.64%) communities, with CIs below 1; 

alongside a positive association of a 2.7% increase in vector abundance per additional trip 

when counts were combined across both communities (CI above 1). Log–log models 

indicated small and rather weak decreases of 0.016% for origin communities and 

0.0417% for destination communities, while the combined model demonstrated a slight 

increase of 0.322%; with most CIs overlapping zero, indicating limited evidence for 

proportional scaling. 

For Ny. triannulatus s.l., associations were generally negative and weak. Linear, 

Poisson, and Log-log models all produced estimates close to zero, with CIs consistently 

overlapping null values (0 for linear/log-log; 1 for Poisson). This suggests no clear 

relationships between variables for this species, likely reflecting its low observed counts 

and limited spatial presence. 

Across species, the magnitude and direction of associations differed substantially. 

Ny. darlingi exhibited consistent positive relationships with human mobility across 

modeling frameworks and different perspectives. On the contrary, Ny. benarrochi B. 

exhibited inverse associations, which were particularly evident in the Poisson models.  

An. mattogrossensis demonstrated mixed patterns depending on whether abundance was 
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evaluated at origin, destination, or combined community levels, while Ny. triannulatus 

s.l. demonstrated no meaningful association overall. 

These results indicate that the relationships between human mobility and 

abundance are not uniform across vector species and are sensitive to network focus, as 

well as the model utilized to assess association. 
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Table 8. Regression Analysis Results: Human Mobility and Mosquito Abundance 
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3.6 Akaike’s Information Criterion (AIC) 
Model fit was assessed using the Akaike Information Criterion (AIC), with lower 

values indicating better relative fit. As previously mentioned in the methods section, 

though AIC values were calculated for all three models, formal comparisons were 

conducted only between linear and Poisson models, as the log-log model involves data 

transformation of both the exposure and outcome variables, which ultimately alters the 

data scale, thus limiting the ability to directly compare their results.  

As demonstrated in Table 9, performance varied by species. For Ny. darlingi and 

Ny. benarrochi B., linear models consistently yielded lower AIC values than Poisson 

models across all analytical perspectives, indicating better fit under an additive scale 

rather than a multiplicative one.  

For An. mattogrossensis, results varied, with the Poisson model slightly 

outperforming the linear model for the destination outcome, while linear models provided 

better fit for origin and combined analyses (Table 9).  

Finally, this pattern continued for Ny. triannulatus s.I. with linear models once 

again demonstrating lower AIC values than Poisson models, although differences were 

relatively small, which may also reflect the limited data available for this particular 

species.  

Overall, across all species and outcomes, the linear model consistently produced 

the lowest AIC values, indicating the strongest relative fit and reinforcing that 

associations are more clearly captured on an additive scale. 
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3.7 Standardized Network Analysis 
There is a debate in the literature on whether population size changes/affects the 

results of the analyses conducted within this study, given that the magnitude of 

importance in terms of centrality and how significant a locality may be to the larger 

network differ based on its population size. Meaning that when comparing a community 

with a large population to a community with a smaller population, the number of trips 

cannot be directly or ‘equally’ compared, as they do not define the magnitude of impact 

caused by these trips in reference to their overall population size. For instance, if we had 

a community of about 1,000 people and 200 trips were reported, when compared to a 

smaller community of about 50 people that reported 40 trips, we cannot assume that the 

impact and significance to the broader connectivity is the same.  

Table 9. AIC Comparison across Linear, Poisson, and Log-log Models 
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This is because, while 200 trips are numerically more than 40 trips, the impact of these 

trips differs as 40 trips (people moving in/out of a locality) have a much greater impact if 

its original population is 50, as opposed to 200 trips (people moving in/out of a locality) 

when its original population is 1,000.  

Therefore, to assess whether connectivity patterns were sensitive to the different 

population sizes on human mobility distribution patterns, a population-standardized 

analysis was conducted in which mobility was standardized by population size. 

Specifically, outgoing mobility was divided by origin population and incoming mobility 

by destination population, allowing connectivity to be interpreted on a per-capita basis. 

As shown in Figure 12, the raw mobility network was dominated by highly 

connected regional hubs, including Puyo Centro, San Lorenzo, Nuevo Andoas, and 

Taisha. However, when mobility was standardized by population size, the relative 

importance of communities shifted significantly. Smaller communities such as Nuevo 

Nazareno, Kaashap, Nueva Alianza, and Nueva Unión emerged as the most connected 

when movement was interpreted relative to their population size. 
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Moreover, as depicted in Figure 13, the comparison of node rankings also 

demonstrated relevant changes in community importance. Large population centers, such 

as Puyo Centro and San Lorenzo, experienced substantial declines in rank following the 

standardization by population size, whereas several smaller communities increased in 

relative importance. These shifts highlight that human mobility without standardization 

of population may overemphasize connectivity in highly populated communities, while 

underrepresenting the intensity of human movement in smaller localities. 

Figure 11. Top Communities: Raw vs. Population Standardized 
Connectivity 
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3.8 Summary of Key Results 
 All aspects considered, these results demonstrate high variance in mosquito 

abundance and human movement across the northern Peruvian Amazon, with each 

datasets displaying strong concentration among a small subset of communities and 

connections.  

Descriptive analyses revealed highly uneven mosquito distributions, characterized 

by right-skewed abundance and the presence of localized hotspots. Similarly, human 

mobility patterns also appeared to be right-skewed, with movement occurring along a 

Figure 12. Change in Community Rank After Standardized Population 
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small number of high-volume, structurally prominent corridors that played multiple roles 

at times, including source, sinks, bridges, and influential connectors.  

Network analyses further showed that structural importance is concentrated 

within a set of communities that consistently function as highly connected nodes, 

bridging points, with source/sink dynamics oftentimes across both the mosquito and 

human mobility networks. These patterns suggest that connectivity is maintained through 

multiple key localities as opposed to one singular dominant hub.  

Regression analyses identified species-specific associations between human 

mobility and mosquito abundance. Ny. darlingi displayed the most consistent, positive 

relationships with mobility across models and perspectives, whereas Ny. benarrochi B. 

depicted an inverse association, diminishing in abundance when there was an increase in 

human mobility. An. mattogrossensis exhibited mixed patterns depending on focus and 

Ny. triannulatus s.I. simply did not show any meaningful association.  

Model comparison utilizing AIC indicated that linear models provide, overall, a 

better fit than Poisson models across species and outcomes, indicating that associations 

are more clearly captured on an additive scale.  

Finally, population-standardized analyses–– though introduced after preliminary 

analysis were completed–– highlight that connectivity patterns are sensitive to 

community size. While raw mobility emphasized large population centers as dominant 

hubs, standardization emphasized the relative importance of smaller communities, 

allowing for mobility to be assessed not solely as being driven by population size but also 

by the intensity of movement.  
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Both mosquito abundance and human mobility across communities are highly 

structured and unevenly distributed, with a small subset of communities and connections 

shaping patterns across the larger network. 
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4. Discussion Section 

4.1 Overview of Principal Findings 
This study assessed the association between human mobility and malaria vector 

abundance across the northern Peruvian Amazon by integrating entomological and 

human mobility network data. Findings indicate that both mosquito abundance and 

human mobility are governed by a small subset of localities that disproportionately shape 

the patterns observed within the network. Importantly, the relationship between mobility 

and mosquito abundance was not uniform but instead varied substantially by species and 

analytical perspective. 

Spatial analyses further showed that mosquito composition varied across sampled 

localities, while network analyses identified a subset of structurally important 

communities that repeatedly occupied central positions within mosquito and human 

mobility systems. Regression analyses then demonstrated that the association between 

human mobility and mosquito abundance was not uniform across species, outcomes, or 

modeling frameworks. Finally, AIC comparisons indicated that the linear model 

consistently provided the strongest relative fit, suggesting that additive relationships may 

better characterize these data. 

Overall, these findings support the interpretation that malaria vector abundance 

and human mobility networks in the study area are structured, heterogeneous, and 

concentrated rather than evenly distributed.  
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4.2 Interpreting Descriptive Patterns in Mosquito Abundance and 
Human Mobility 

The descriptive analyses demonstrated pronounced heterogeneity in both the 

mosquito and human mobility datasets. In the mosquito data, species counts were 

strongly right-skewed, indicating that overall abundance was driven by a small number of 

high-abundance localities rather than by uniform distribution across all sampled 

communities. This pattern was especially evident for Ny. benarrochi B., which 

overwhelmingly dominated the mosquito dataset and accounted for the vast majority of 

all mosquitoes recorded. Although this species was widely detected across sampled 

localities, its abundance remained heavily concentrated in a limited number of 

communities, as indicated by the large gap between its mean and median and its high 

maximum count. In contrast, Ny. triannulatus s.l. was exceptionally sparse, with only a 

single mosquito recorded across the dataset, indicating that it contributed very little to the 

overall ecological profile captured in this study. 

These descriptive differences matter because they show that vector burden was 

not evenly distributed across localities or species. Ecologically, such concentration 

suggests that a relatively small number of communities may disproportionately shape the 

entomological landscape of the study area. Analytically, the skewness in abundance 

underscores the importance of using methods that capture inequality and concentration, 

rather than relying solely on average values. 

A similar pattern emerged in the human mobility dataset. Travel volumes across 

dyads were also strongly right-skewed, with most origin-destination pairs characterized 

by comparatively low movement and a smaller number of corridors accounting for very 

large travel volumes. 
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 Likewise, total mobility throughput was concentrated in a subset of communities, 

indicating that movement within the broader network was structured around a limited 

number of highly active nodes. The Gini coefficients for both datasets supports this 

interpretation. In the mobility data, high Gini values for both dyadic travel and 

community throughput indicated that movement was concentrated in a relatively small 

set of corridors and communities. In the mosquito data, Gini coefficients showed 

substantial spatial inequality in species abundance, particularly for the scarce species. 

Together, these findings indicate that both vector abundance and mobility intensity were 

characterized by concentration rather than uniformity. 

4.3 Spatial Heterogeneity and Relative Abundance Across Localities 
The spatial and relative abundance analyses supported the descriptive findings by 

showing that mosquito burden was not only numerically uneven but also geographically 

uneven. Species composition varied substantially across sampled communities, with 

some localities showing strong dominance by a single species and others demonstrating 

more mixed community structure. This spatial heterogeneity is important because it 

indicates that local vector ecology differed across the study area rather than reflecting a 

single, uniform transmission environment. 

Several communities emerged as clear hotspots of mosquito burden, and these 

same localities were often dominated by Ny. benarrochi B. In this sense, the spatial maps 

and locality-specific abundance summaries reinforce one another: the overall dominance 

of Ny. benarrochi B. was not spread evenly across the full study area but was instead 

concentrated in a small number of communities.  
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At the same time, other localities, such as those dominated by Ny. darlingi, 

demonstrated that high-burden patterns were not identical across species. Santa Maria de 

Manchari was particularly notable for showing the greatest species diversity, suggesting 

that some communities may support more heterogeneous vector compositions than 

others. 

These spatial results are important for two reasons. First, they show that vector 

ecology in the northern Amazon is spatially heterogeneous even across a relatively small 

set of sampled mosquito localities. Second, they suggest that the entomological 

significance of a locality may reflect not only total abundance but also species 

composition. Communities dominated by different vector species may not carry the same 

epidemiological significance, particularly given differences in known vector importance, 

ecology, and possible relationships with human movement. This is an incredibly 

important context to highlight in terms of results and how they get interpreted, as 

components such as weather, temperature, seasonality, availability for breeding sites and 

so forth are critical for the stability of certain species such as Ny. benarrochi, according 

to the literature.  

4.4 Network Structure and Centrality as Indicators of Structural 
Importance 

The network analyses added an important relational dimension to the study by 

showing that some communities were structurally important not simply because they had 

high counts, but because of their positions within broader systems of connectivity. Across 

mosquito and human mobility networks, centrality measures consistently identified 

subsets of communities occupying disproportionately influential positions.  
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These communities were not important in only one sense. Rather, they emerged as hubs, 

receivers, bridges, or influential nodes depending on the metric considered. 

A notable pattern across the mosquito analyses was that peak centrality values 

were distributed across multiple localities rather than concentrated in a single dominant 

node. This is an important structural finding. It suggests that the mosquito network was 

organized around multiple influential communities rather than a single controlling center. 

In practical terms, this implies that connectivity in the system is shared across several key 

localities, creating a more distributed structure of influence. Communities that appear 

repeatedly in the top 5% or top 10% across multiple centrality metrics are especially 

important because this consistency indicates robust structural prominence rather than 

isolated importance under a single measure. 

This distinction matters because different centrality metrics capture different 

forms of structural significance. High degree centrality indicates many direct 

connections. High betweenness suggests a bridging function between otherwise separated 

parts of the network. High closeness implies efficient reach across the network. High 

eigenvector centrality and PageRank indicate a connection to other influential nodes. 

Interpreting these metrics together, therefore, provides a more comprehensive 

understanding of how localities may shape connectivity within mosquito and mobility 

systems. 
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4.5 Species-Specific Interpretation of Mosquito Network Patterns 
The species-specific mosquito centrality findings showed that structural 

prominence varied across the four vector species. Ny. benarrochi B., which numerically 

dominated the mosquito dataset, also exhibited strong structural prominence in several 

localities and network perspectives.  

This is consistent with its dominant contribution to the overall mosquito burden in 

the sampled data. However, its structural importance was not confined to a single 

locality, and the specific communities that emerged as central varied depending on 

whether the network was analyzed from an origin, destination, or combined perspective. 

This variation across analytical focus is meaningful, as it suggests that structural 

prominence is sensitive not only to species identity but also to whether one is 

emphasizing sending, receiving, or combined connectivity patterns. In other words, a 

community may be important as a source under one framework, important as a receiver 

under another, or influential overall in a combined network. 

Although Ny. darlingi was much less abundant than Ny. benarrochi B., in the 

descriptive data, its epidemiological relevance should not be discounted on that basis 

alone. Lower absolute abundance does not necessarily imply lower analytical importance, 

especially when a species shows consistent structural or regression-based associations 

with human mobility. By contrast, the interpretation of An. mattogrossensis and 

especially Ny. triannulatus s.l. requires greater caution because their low counts make 

their patterns less stable and less comparable to those of the more abundant species. 

Overall, these species-specific differences reinforce that abundance, connectivity, and 

epidemiological relevance should not be treated as interchangeable concepts. 
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4.6 Human Mobility Network Structure and Mobility Corridors 
The human mobility network exhibited a similarly concentrated structure. 

Outgoing trips, incoming trips, and dominant dyads were all highly skewed, with 

relatively few communities serving as major mobility sources, major mobility sinks, or 

both. This indicates that regional movement was organized around identifiable corridors 

rather than distributed evenly across all possible community pairs. 

Such concentration has important implications for the interpretation of malaria-

related data. Human movement does not merely connect places; it does so unevenly. 

Some communities may contribute disproportionately to the circulation of people within 

the network, while others primarily receive travel. Dominant dyads represent especially 

important corridors because they reflect repeated directional connectivity between 

specific pairs of localities. In epidemiological terms, these mobility pathways may matter 

because they shape how people move through and between ecologically distinct 

environments. 

The fact that certain communities ranked highly in outbound, inbound, or total 

mobility further suggests functional differentiation within the network. Some 

communities may operate primarily as sources of travel, others as destinations, and others 

as mixed hubs. This mobility structure provides an essential contextual framework for 

interpreting the regression findings linking movement and mosquito abundance. 

4.7 Associations Between Mosquito Abundance and Human Mobility 
The regression analyses directly addressed the study’s central research question 

by examining whether mosquito abundance was associated with human mobility.  
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The results indicated that this relationship was species-specific and outcome-

specific rather than universal. Ny. darlingi demonstrated the clearest and most consistent 

positive association with human mobility across origin, destination, and combined 

outcomes and across multiple modeling frameworks.  

This finding is especially significant given that Ny. darlingi is widely recognized 

as the principal malaria vector in much of the Amazon.9  In the context of this study, its 

positive correlation with mobility suggests that human movement may align more closely 

with the abundance patterns of this species than with those of the other species evaluated. 

By contrast, Ny. benarrochi B. showed predominantly negative associations with 

human mobility despite being overwhelmingly dominant in total mosquito count. This 

contrast is one of the most important interpretive findings in the thesis. It indicates that 

numerical dominance within the mosquito dataset does not necessarily translate into a 

positive mobility-abundance relationship. Instead, the ecological distribution of Ny. 

benarrochi B. may be driven by factors that are less directly aligned with the movement 

patterns captured in the human mobility network. Similarly, Ny. triannulatus s.l. showed 

mostly small and negative associations, although the interpretation of that species is 

constrained by its extremely low abundance. An. mattogrossensis showed mixed results 

depending on the analytical focus, suggesting that its relationship with mobility may be 

more context dependent. 

Taken together, these findings suggest that the relationship between mobility and 

vector abundance differs across species and is sensitive to how abundance is defined 

analytically. This is an important conclusion because it cautions against assuming that all 

malaria vectors respond similarly to the same human movement dynamics.  
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It also supports the idea that species ecology remains central to understanding how 

mobility may or may not align with vector presence. 

4.8 Regression Analysis 
 The consistently positive association between human mobility and Ny. darlingi is 

therefore not surprising. As a highly anthropophilic species and the primary malaria 

vector across much of South America, Ny. darlingi is strongly tied to human presence, 

relying on frequent blood meals for survival and reproduction. Its behavioral flexibility, 

including both endophagic and exophagic feeding, allows it to persist across a wide range 

of environments and collection settings. This adaptability likely contributes to its 

consistent relationship with mobility and its prominence in human-centered trapping 

methods such as HLC. 

In contrast, the weaker or inverse associations observed for other species suggest 

that mobility alone does not uniformly shape mosquito abundance. While Ny. benarrochi 

B. dominated overall counts, its concentration within specific localities and negative 

association with mobility point toward stronger ecological structuring, where local 

environmental conditions may play a larger role than human movement. A similar pattern 

emerges for An. mattogrossensis, whose lower abundance and inconsistent associations 

likely reflect greater dependence on specific habitat conditions, such as vegetation and 

breeding site availability, rather than direct alignment with human activity. 

This contrast becomes even more apparent with Ny. triannulatus s.l., which was 

nearly absent across sampled localities and showed no meaningful relationship with 

mobility. Its limited presence and lack of association further support the idea that not all 
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vector species respond to human movement in the same way, particularly those that are 

less reliant on human hosts and more constrained by environmental factors. 

These patterns suggest that the relationship between human mobility and 

mosquito abundance is strongly mediated by species-specific ecology. While mobility 

may align closely with abundance for anthropophilic and behaviorally flexible vectors 

such as Ny. darlingi, other species appear to be structured more by environmental 

conditions, resulting in weaker or inconsistent associations across the network. 

4.9 Integrating Findings: Ecology, Connectivity, and Malaria-Relevant 
Risk 

When considered together, the descriptive, spatial, network, and regression 

findings suggest that malaria-relevant conditions in the study area are structured by the 

intersection of ecological concentration and human connectivity. Mosquito abundance 

was highly uneven across localities. Human mobility was similarly concentrated in a 

limited number of communities and travel corridors. Network analyses further showed 

that some communities held structurally influential positions within these systems. 

Finally, regression findings suggested that for some species, especially Ny. darlingi, 

greater human mobility aligned with greater mosquito abundance. 

The most important implication of this integrated pattern is that malaria-related 

risk should not be understood solely in terms of where mosquitoes are abundant or where 

people move most. Rather, the study suggests that these dimensions may overlap in 

analytically meaningful ways. Communities that are both ecologically important and 

structurally connected may represent especially relevant locations for surveillance and 

intervention.  
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At the same time, the species-specific nature of the regression results shows that this 

overlap is not universal across all vectors. 

This integrated interpretation is one of the thesis's major contributions. It moves 

beyond isolated entomological description by situating vector abundance within a broader 

relational and mobility-based framework. In doing so, it provides a more systems-

oriented understanding of malaria ecology in the northern Amazon. 

4.10 Strengths and Methodological Contributions 
This study has several methodological strengths. First, it integrates two distinct 

yet complementary datasets: entomological mosquito surveillance and human mobility 

network data. Rather than treating mosquito abundance as an isolated ecological 

outcome, the analysis situates it within a broader system of movement and connectivity. 

Second, the use of multiple analytic layers, including descriptive statistics, spatial 

mapping, centrality analysis, regression modeling, and model comparison, allows the 

findings to be evaluated from several complementary perspectives. 

Third, the explicit distinction between NA values and true zero counts in the 

mosquito dataset improved analytic accuracy and interpretability. Fourth, the use of 

species-specific analyses preserved ecological nuance that would have been lost in an 

aggregated all-mosquito approach. Finally, the comparison of linear, Poisson, and log-log 

models, together with AIC-based evaluation, strengthened the methodological rigor of the 

inferential component.  

Together, these features strengthen the thesis and better capture the complexity of 

malaria-relevant ecological and mobility systems in the study setting. 
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4.11 Limitations 
This study faces several limitations given its secondary analysis nature, where 

datasets are not standardized nor integrated equally across major components, including 

temporal and spatial contexts.  

A key limitation of this study is that mosquito abundance data was compiled from 

previously published entomological studies that differed in sampling design, timing, and 

collection methods. Across the studies, mosquitoes were collected using different 

methods such as human landing catch (HLC), CDC light traps, Shannon traps, and 

prokopack aspirators. These methods capture different components of the mosquito 

population, some focusing on active versus passive biting-behavior patterns. HLC, for 

instance, preferentially samples mosquitoes that are actively seeking human hosts, 

whereas prokopack aspirators trap mosquitoes resting on stationary surfaces, usually in 

indoor environments; Shannon traps attract host-seeking mosquitoes in light-focused 

settings; and CDC light traps capture light-attracted mosquitoes. As a result, species 

composition and abundance may differ more based on the trapping approach rather than 

true ecological differences across communities. This is particularly relevant for 

anthropophilic species such as Ny. darlingi, which may be more strongly represented in 

studies that focus on HLC or other host-seeking trapping methods.  

Moreover, another limitation is the unequal sampling effort across the studies. For 

instance, one study utilizes HLC with two collectors during 12-hour peridomestic 

collections across nine localities26, another utilizes two CDC light traps and three 

Shannon traps29, and another one utilizes size HLC collectors across three houses, while 

Ecuadorian collections within the same paper utilized prokopack aspirators and CDC 

light traps28.  
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These differences in trap numbers, trap placement, and collection intensity could, 

consequently, simply be reflecting greater collection effort or a more efficient trapping 

method for a particular species rather than higher mosquito abundance alone.  

Temporal heterogeneity also poses a limitation in direct comparability in vector 

abundance, as studies contributing to the data analyzed in this thesis span across different 

time frames. For instance, these studies were conducted in different years, over different 

durations, ranging from short collection windows of only a few days to repeated visits 

across several months to longitudinal observations spanning January 2016 to June 2017.27 

One study specifically, compared Ny. darlingi populations from 2006 with some from 

2012 to 201426, while another sampled community during exploratory visits between 

March and September 202229, and another conducted surveys in April 2018 and July 5-7, 

201828. Given that mosquito abundance is highly sensitive to rainfall, seasonality, and 

short-term environmental conditions, these temporal differences mean that counts across 

studies are not fully standardized in time. Therefore, part of the variation observed in this 

thesis may be more about when mosquitoes were sampled, rather than just where they 

were sampled. 

Furthermore, not accounting for confounding variables such as environmental and 

behavioral components poses a major limitation to the findings of this study given the 

major importance highlighted in recent literature on their effects on mosquito 

proliferation, abundance, and thus transmission. For instance, a recent study utilized 

entomological inoculation rates (EIR) to highlight how human biting rates were higher in 

peridomestic riverine settlements than in highway settlements.26 This emphasizes the 

influence that habitat has on human biting rates. Similarly, another study reported marked 
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differences across communities with higher Ny. darlingi densities in Mazan basin 

villages, as well as malaria risk having to do with the proximity of houses to forest 

borders. 27 These findings suggest that mosquito abundance patterns are not necessarily 

determined by one variable but rather multiple drivers, and thus comparison across 

different localities must be interpreted within the broader ecological and human-based 

contexts to account for true abundance counts.   

Another limitation lies in how the primary network analyses were based on 

absolute mobility counts rather than individual trip counts and did not account for 

community population size. As demonstrated in the population-standardized sensitivity 

analysis, this may lead to an overrepresentation of connectivity in larger communities 

simply due to increased size, while reflecting an underestimation of the relative 

importance of smaller communities. This is relevant because the magnitude of 

importance in centrality measures and connectivity of each community cannot be 

compared in the same context. Essentially, communities with larger populations may 

appear to be more central or better positioned within the network simply because they 

generate or receive more people, while smaller communities with high individual trips 

may appear less connected than they are, better positioned within the network but unable 

to reflect that due to their small population size. This limits the interpretation of true 

connectivity across localities, and results should therefore be interpreted with the 

understanding that connectivity patterns may differ when mobility is considered relative 

to population size.  

To conclude, because this was a secondary data analysis, the mosquito and human 

mobility dataset were not originally collected under a single study design. This thesis 
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provides a significant first layer of integrative analysis, truly delving into association 

ideas and components, but it cannot fully unravel whether the associations observed and 

analyzed between human mobility and vector abundance/count can truly be attributed to 

causal ecological relationships, sampling methods, or both. Therefore, these limitations 

do not invalidate the findings, but they do indicate that the results should be interpreted as 

pattern-based and exploratory rather than definitive evidence of a causal mechanism. 

4.12 Implications for Surveillance and Future Research 
Despite these limitations, the findings have several implications for malaria 

surveillance and future research. The concentration of mosquito abundance and human 

mobility within a relatively small number of communities suggests that targeted rather 

than fully uniform surveillance strategies may be particularly valuable. Communities that 

repeatedly emerge as ecological hotspots, structurally central nodes, or dominant mobility 

corridors may warrant closer attention in future surveillance and intervention efforts. 

Future research could build on this work by incorporating temporal data, 

environmental covariates, seasonal variation, infection indicators, and expanded 

mosquito sampling coverage. Additional studies could also examine whether 

communities that are jointly important across entomological and mobility domains 

correspond to areas of elevated malaria burden. More broadly, future research should 

continue to explore species-specific mechanisms linking mobility, ecology, and vector 

abundance rather than assuming a single uniform relationship across all malaria vectors. 
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4.13 Future Study Design Proposal 
To better answer whether there is an association between human mobility and 

malaria vector abundance in the Northern Amazon, we propose a prospective longitudinal 

study with simultaneous entomological and human mobility data collection. Our 

exposure in this case would be human mobility, which will be measured by the number of 

people that move from one locality to another– directed dyads from origin to destination– 

for various reasons, allowing for the development of a connectivity network amongst 

people and communities. This will then be analyzed for association with our outcome of 

interest, which is malaria vector abundance across the same communities where human 

mobility data will be observed and collected. This variable will be measured via mosquito 

count– mosquitoes will be collected, identified across the different species of interest, and 

their count will be recorded. Based on recent literature, we hypothesize that communities 

with greater human mobility intensity will have higher species-specific vector abundance 

and higher human biting exposure. However, we do believe that the strength and 

direction of this relationship will differ by species, simply because of their differences in 

behavior and ecological preferences. Data for both networks will be collected across the 

same localities (localities along major riverine systems of the Northern Amazon) and the 

same time period (November through June, heavy rainfall season).  

4.13.1 Human Mobility Data Collection for Future Design 
The study will collect human mobility data using a network-informed approach 

that combines surveys at the community level with targeted individual travel histories. 

This collection method is designed to capture the magnitude, timing, structure, and 

drivers of movement across the different communities. This approach was selected 
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because effective characterization of mobility relevant to malaria and its transmission 

requires simultaneous measurements of origin-to-destination patterns, as well as timing, 

and other behavioral drivers of travel, which cannot be captured by a single method 

alone. Given that mobility in Malaria systems is network-driven and structured by 

socioeconomic factors rather than random movement, this decision is further supported.  

We will implement a respondent-driven survey, conducted in three waves of 

collection.31 The first wave will decide the composition of the initial communities 

sampled, which will be selected purposively based on location. Specifically, the 

communities located along the major riverine systems in the Northern Amazon (Yavari, 

Pastaza, Marañon, and Amazon rivers) will be sampled within the first wave. The 

subsequent waves will select their communities based on observed connectivity from the 

results of the travel surveys from the previous wave. This collection method allows the 

study to follow mobility pathways, identify highly connected communities (bridges, 

sources, etc.), and efficiently create a network that maps the large-scale human 

movement within our area of interest. 32 Human mobility data collection will span from 

November through June of the following year, following the same time period as the 

mosquito data collection timeframe.  

Two key informants over the age of 18 from each locality will be recruited to 

provide travel patterns across the community, allowing for the construction of a 

community network dataset. Additionally, we will hire and train 2 data collectors, 

preferably healthcare workers with experience in data collection, to conduct individual 

travel history surveys from patients who have tested positive for malaria. Information on 

patients who have tested positive will be collected from the central hospital and small 
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clinics surrounding the localities. The collectors will be trained to deliver the survey on 

paper and will then have the opportunity to transcribe the data onto RedCap for easier 

access within a database that can be backed up in case of mishandling or misplacement of 

paper copies. This dual/hybrid collection design allows for community network structure 

in addition to travel and transmission details at the individual level.  

4.13.2 Mosquito Sampling Collection for Future Design 
Malaria vector collection will be conducted across all communities where travel 

surveys are administered, as well as through the same timeframe– November through 

June. This timeframe was specifically chosen as it represents the heavy rainfall season 

within the Northern Amazon, which makes malaria vector sampling more viable and 

convenient, as literature across various entomological studies highlights the fondness 

malaria vectors have for heavy rainfall and humid environments. This consistency in 

temporal and spatial components will allow for simultaneous data collection of both 

entomological and human mobility data, providing uniformity for coherent and cohesive 

analyses. 

Three data collectors will be hired and trained to conduct mosquito sampling 

across each locality. In this study design, we will simultaneously set up and use a 

combination of three different trap types, including human landing catch (HLC), CDC 

light traps, and Prokopack aspirators. Given that different species have different 

behavioral patterns– some focusing more on active-human biting, while others prefer 

passive resting in environmentally ideal settings– the versatility in traps aims to remove 

any bias related to certain species’ count being higher due to the trap type, as opposed to 

actual presence.  
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HLC is the gold standard, as previously mentioned, and it is particularly valuable 

for capturing host-seeking mosquitoes that are actively looking for their next meal. It 

directly characterizes biting behavior, which is critical for antropophilic species such as 

Ny. darlingi. On the other hand, CDC light traps, particularly when paired with CO2, are 

efficient in collecting large numbers of host-seeking mosquitoes across multiple species, 

making them a scalable and cost-effective option for an amplified sampling. 30 Prokopack 

aspirators complement these passive methods by actively collecting resting mosquitoes, 

both indoors and outdoors, while providing a light, simple, and affordable trapping option 

for remote Amazonian fieldwork. In collaboration, these collection methods capture 

variation in feeding behaviors, habitat preferences, and species identities, allowing for a 

more complete representation of the differing vector species.  

Similarly, the consistency in quantity of traps is vital in maintaining uniformity 

throughout; thus, one of each trap will be set out in their respective communities at the 

designated collection times.  

For species identification, a combined morphological and molecular approach will 

be employed and adapted to the study design. Initial identification will be through 

morphological key features, which is cost and time-efficient for large field samples such 

as the ones intended to be collected in this study. However, given the potential presence 

of sister species and/or features that hinder our ability to distinguish sampled species 

from our species of interest, we will also adopt molecular techniques such as the 

polymerase chain reaction (PCR).30 This technique will allow us to confirm species 

identifications with more accuracy and will help us avoid misclassifications that could 

bias ecological and epidemiological interpretations.  
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The WHO guidance notes that malaria vectors feed predominantly at night.33 

However, it also states some variation by species, some showing early-evening, early-

morning, and/or occasional daytime biting under certain conditions. Therefore, we will 

collect data over a 12-hr overnight collection period, starting at 18:00 and ending at 6:00 

(EST: 6:00 pm - 6:00 am), for 7 days out of every month, starting in November and 

finalizing in June of the following year.  This will allow us to better observe and capture 

the potential behaviors that directly drive malaria transmission: active host-seeking 

vectors versus resting/passive vectors, indoor versus outdoor biting, hourly biting peaks– 

given the range of hours, and when human exposure seems to be most at risk– when they 

are awake and moving, going to bed, sleeping, or merely when waking up. 34,35,36 This 

further supports our decision to utilize multiple and differing collection traps like HLC 

and CDC light traps, as the WHO and other field studies emphasize that the timing of 

vector biting relative to human behavior at night and early morning is central to 

understanding transmission and intervention dynamics.33 

Finally, this association will be observed and measured through a series of 

analysis including descriptive statistics, centrality measures, and regression analysis. 

Descriptive statistics will allow us to see the different and similar patterns shared 

between both datasets, which, now that they will consist of the same localities across the 

entire network, can be more closely observed in terms of connectivity. Similarly, 

centrality measures will provide a closer look at how well connected and thus how 

prominent each locality is to the holistic network. Lastly, regression analysis will provide 

us with an insider perspective of whether there is a positive or negative association 

between human mobility and mosquito abundance, answering the question of whether 
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more human movement accounts for more mosquito counts or whether this relationship is 

inverse.  

It is important to note that, due to differences in community size, network 

analyses will be standardized by population to reduce bias in centrality measures driven 

by population volume. Larger communities inherently generate greater inflow and 

outflow of people simply because more individuals reside there; this can hinder the 

interpretation of how prominent the locality is to the overall network. Therefore, to 

address this, mobility measures will be adjusted relative to population size so that 

connectivity results reflect the true intensity of movement as opposed to its absolute 

volume. This allows for communities to be evaluated on a comparable scale regardless of 

size, providing a more accurate representation of each locality’s true embeddedness. 

 This study ultimately aims to reduce bias through confounding variables, 

including trap types, trap quantity, seasonality differences, time collection differences, 

and community size differences, that may affect the observation and thus analysis of the 

association between human mobility along the Northern Amazon and malaria vector 

abundance. 
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5. Conclusion  

In conclusion, this study demonstrates that mosquito abundance and human 

mobility across the northern Amazon were both highly heterogeneous, structurally 

concentrated, and analytically interconnected. The findings show that mosquito burden 

was dominated by a limited number of localities and species, that human movement was 

concentrated in a relatively small number of communities and travel corridors, and that 

network centrality identified structurally important nodes in both systems. Most 

importantly, the relationship between human mobility and mosquito abundance varied 

across species, with Ny. darlingi showing the most consistent positive association, and 

other species displaying weaker, mixed, or negative relationships. The linear model’s 

consistent AIC advantage over the Poisson model further suggests that these relationships 

are best understood on an additive scale over a multiplicative scale. 

Overall, this study supports the value of integrating ecological, spatial, and 

network-based approaches to better understand malaria-relevant patterns in the Amazon. 

Rather than viewing mosquito abundance and human mobility as separate phenomena, 

this study shows that they can be examined together to generate a more complete picture 

of connectivity, concentration, and potential malaria risk. 
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APPENDIX A: Study Area  
   

Figure A.1. Study Localities with Mosquito-Data-Only  
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APPENDIX B: Mosquito Descriptive Statistics 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure B.1. Distribution of mosquito counts by species  
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Figure B.2. Mosquito Counts by Species across Sample Localities  
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APPENDIX C: Mosquito Network Centrality Metrics 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure C.1. Top Locality per Centrality Metric (Weighted & Unweighted): Mosquito Network 
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APPENDIX D: Human Mobility Network Centrality Metrics 
 

Figure D.1. Metric Level Top 5% Localities in the Human Mobility (R01) Network 
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