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Since its establishment in California in 2013, the dengue and Zika vector Aedes aegypti (L.) has

rapidly spread across the state, and as of 2025, has been found in 64% of counties with active vec-

tor surveillance. Previous studies modeling this vector’s distribution in the United States typically

neglect human-mediated dispersal effects that may be driving rapid, long distance movement of

vectors that lead to introductions into new locations. To address this gap, we incorporated con-

nectivity measures between trap locations into a shape-constrained additive model (SCAM). The

model was trained on Ae. aegypti occurrence data from 2014–2025 from the California Vector-

borne Disease Surveillance System (CalSurv) with connectivity measured by traffic flow from sites

that collected Ae. aegypti in the prior year. We found that this connectivity measure, alongside

fractional impervious surface and annual average minimum temperatures, had the strongest partial

effect on Ae. aegypti occurrence throughout California. Model predictions for the current risk

of Ae. aegypti invasion throughout California also indicated that there is significant risk within

unsampled regions of southeast and northern California, while Oregon and Washington state were



predicted to be homogeneously low-risk. We document the significant increase in the range of Ae.

aegypti throughout California over the past 12 years, and highlight the relevance of these results

in guiding proactive and targeted mosquito trap placement and protecting the public from future

Aedes-borne disease transmission in the western United States.



Introduction1

Aedes aegypti (L.) is an important vector of dengue, Zika, and yellow fever. Originating in sub-2

Saharan Africa, Ae. aegypti is hypothesized to have arrived to the Americas in the 15th century,3

with the first confirmed outbreaks of Yellow Fever in this region occurring in both Havana, Cuba,4

and Yucatan in 1648 [1]. Post-invasion, Ae. aegypti mosquitoes rapidly expanded throughout5

South America and into eastern North America, bringing with them outbreaks of yellow fever and6

occasionally dengue [2]. Following this period of exploding distribution, Ae. aegypti was at least7

partially eradicated from many regions of the Americas and the Caribbean [2]. Today, after a8

secondary introduction in the Americas, Ae. aegypti populations have been shown to be genetically9

insecticide-resistant, which may be hampering mosquito control efforts and aiding in their continued10

expansion throughout North America [3, 4].11

These historical patterns—where Ae. aegypti not only invades a new geography but also success-12

fully establishes, expands its range, and begins to transmit disease in rapid succession—reflect the13

vector’s life history. Given optimal temperature and precipitation conditions, Ae. aegypti can thrive14

in urban and suburban settings [5, 6]. Ae. spp. rely on small, often artificial, water containers as15

sites for oviposition [7], which tend to be more abundant in areas populated by humans. Densely16

populated regions also provide ample hosts for female mosquitoes to blood feed more frequently17

than they otherwise may, which is particularly important in desert ecosystems that might otherwise18

be inhospitable for Ae. aegypti [8].19

Mosquito-borne disease incidence have been hypothesized to be increasing due to interacting effects20

of climate change, socioeconomic and urbanicity factors [9]. Chikungunya is one such Aedes-borne21

disease that is expected to see increased transmission in densely populated regions under future22

climate scenarios [10]. Increasing urbanization via land development has also been found to predict23

areas at risk of Ae. aegypti establishment and subsequent disease transmission, as measured by24

urban growth rates in global models [4] and within field studies comparing abundance in urban25

versus suburban/rural environments in Côte d’Ivoire [11] and Kenya [12].26

Ae. aegypti is considered to be firmly established in portions of the US, being found primarily in27



the south and southeastern states of the country. Beginning in 2013, however, Ae. aegypti have28

been consistently detected by mosquito control districts throughout California [13], and within 429

years expanded both north and deeper south. Immediately post-establishment, genetic differentia-30

tion between north and southern mosquito populations were consistent with multiple, independent31

invasion events rather than entirely contiguous spread [13]. In northern California cities that had32

introductions from 2019-2021, however, populations have been shown to largely share genetic an-33

cestry with southern California clusters [14], suggesting that at least part of observed expansion34

was from outward expansion within California rather than repeated new introductions.35

Since the first detection of breeding populations in California in 2013 in Fresno, Madera, and36

San Mateo Counties [13], as of December 2025, Ae. aegypti has been detected in nearly 50% of37

all counties in California and 64% of counties with active vector surveillance. Given that these38

mosquitoes are weak fliers with an estimated daily flight range of 100 m [15], the rapid, long-39

distance dispersal displayed in the 13 years following their establishment suggests passive dispersal40

mechanisms akin to hitchhiking on human transport that may be facilitating long-range vector41

movement. Consistent with their continued northward expansion, in 2024 and 2025 respectively,42

Ae. aegypti was found for the first time in Oregon (Jackson County) and Idaho (Canyon County).43

This rapid range expansion have raised concerns among state vector control agencies regarding the44

possibility of future local transmission of Aedes-borne disease [16]. Although local Aedes-borne45

disease transmission within the continental United States continues to be rare, in 2024 there were46

a record 18 locally-acquired dengue cases recorded in California, 14 of which were in Los Angeles47

County neighborhoods with a high number of collected female Ae. aegypti mosquitoes (though48

all subsequent specimens were dengue-negative) [17, 18]. Further, Ae. aegypti -transmitted viruses49

have caused public health emergencies at both local and global scales including the 2015-2016 Zika50

outbreak [19], the 2023-2024 surge in dengue cases [20], and the 2024-2025 chikungunya outbreak51

[21].52

Importantly, many invasion and disease outbreak events have been linked to trade-related human53

activity via maritime and air travel networks [22, 23]. Yet, with notable exceptions [4, 24], vector54



modeling efforts typically do not include measures that directly describe human mobility in relation55

to dispersal dynamics. Instead, models focused on future distribution at spatial scales relevant to56

state vector surveillance systems typically treat Ae. aegypti presence as a function of climate and57

land cover, neglecting to consider how private and/or commercial vehicle movement patterns may58

be facilitating rapid, passive dispersal of vectors.59

This study seeks to address this gap by incorporating human movement within California via vehicle60

traffic counts into a species distribution model (SDM) framework, linking regions of established Ae.61

aegypti presence to those at risk of invasion. To measure this, we first estimated the annual changes62

in Ae. aegypti range within California using concave hulls to understand the rate of expansion post-63

2013. Then, we fit a shape-constrained additive model (SCAM) to vector surveillance data from64

2014-2025 to model the probability of presence at trap sites in California as a function of weather,65

landscape characteristics, and traffic flow from origin locations with known Ae. aegypti presence to66

understand drivers of year-to-year expansion. Finally, to identify potentially suitable regions with67

high likelihood of future invasion, we predicted presence probabilities to over the entire state of CA68

as well as Oregon and Washington state.69

Better understanding and characterizing the drivers of this species’ range expansion is critical for70

informing targeted vector control efforts needed to prevent autochthonous disease transmission in71

newly invaded areas of the US. By disentangling human-mediated dispersal effects from weather72

and land cover types, we aim to better anticipate where Ae. aegypti will spread next in the western73

United States.74

Methods75

Software76

Statistical analyses were performed in R V4.5.1 [25]. We used the data.table [26] package for all77

non-georeferenced data manipulation tasks. All spatial statistics were conducted with the terra78

package [27] using the EPSG:4087 coordinate reference system (CRS) to facilitate distance calcu-79



lations between trap locations.80

Study area81

We obtained mosquito trapping data collected by local vector control programs from 2003-202582

California Vectorborne Disease Surveillance System (CalSurv) Data Request #000090). A total83

of 15 counties had no recorded collections (Figure 1 & 2), as mosquito control efforts in these84

suburban/rural regions may involve pesticide treatments but not mosquito trapping (personal com-85

munication, CalSurv Data Steward, March 2, 2026). Collection methodology and trapping effort86

were heterogeneous, and most traps (> 90%) that recorded Ae. aegypti occurrence were collected87

after a single trap night. During data entry, it was not standard practice to record all the species88

that were absent during collection events, and thus zero counts were rare.89

For the purposes of statistical analysis, we limited data to years following the establishment of Ae.90

aegypti in California in 2013.91

Data processing92

Data were delivered in 5-year increments and systematically cleaned to standardize across datasets93

and handle inconsistencies in data entry. Data cleaning was performed using functions created94

for this project that are compiled into a single package hosted on a public GitHub repository95

(https://github.com/nathanialaodell/skeetersweeper). Briefly, dataset column and species (i.e. “Ae96

aegypti”) name representation was standardized. Locations with imprecise or missing coordinates97

were reverse geocoded using address information—in the event of simultaneously missing address98

and geospatial coordinate information, entries were removed (< 1% of the original surveillance99

data).100

Species distribution models require “background” points in order to create estimates of environ-101

mental conditions that inhibit species presence. Prior to filtering the dataset to only include the102

species of interest, we defined absences as any trap collection dates where there was a record of103

collected mosquitoes sans Ae. aegypti. For probability modeling, trap location point data were104



aggregated into 5 km cells with a binary classifier indicating whether Ae. aegypti was collected on105

any collection date in a given year.106

Environmental covariate selection was informed by predictors consistently associated with Ae. ae-107

gypti presence across the US [4, 8, 28]. Yearly land cover (land cover type; percent impervious108

surfaces) and weather (annual average maximum and minimum temperature in Celsius; total an-109

nual precipitation in millimeters) variable rasters for 2013-2025 were downloaded at 30 m and 4110

km resolution from the US Geological Service National Land Cover Database (NLCD) [29] and111

the Oregon State Parameter-elevation Regressions on Independent Slopes Model group (PRISM)112

[30] respectively. Rasters were then downsampled to 5 km to facilitate modeling and predictions.113

When downsampling, continuous variables were averaged and the modal value of aggregated cells114

was calculated for categorical variables. At the time of data extraction, the most current NLCD115

release was 2024; that year’s land cover information was carried over to 2025.116

aegypti -sourced Annual Average Daily Traffic117

To more directly incorporate the effect of human mobility into model predictions, we used annual118

average daily traffic (AADT) values for road segments throughout state highway networks. Both119

state highway system shapefiles and yearly AADT were obtained from publicly accessible California120

Department of Transportation (Caltrans) [31, 32], Oregon [33] andWashington state [34] geoportals.121

AADT information was stored as point data with exact post mile identifiers. For bidirectional road122

segments, two AADT values were present:“back” (west or south bound) and “ahead” (east or123

north). Similarly, highway lines had an associated post mile range and traffic direction identifier,124

which were used when merging AADT to their respective road segment. Although AADT fluctuates125

year to year, the observed variation was relatively small (Figure 3) and thus we used a 12 year126

average (2013-2024; 2025 was not released at the time of analysis) for each road segment.127

To calculate the path between any two trap locations we then turned this state highway system into128

a network using the igraph package [35, 36]. Formally, this network can be represented as a graph129

G = (V,E) where nodes V correspond to road intersections or predefined (by Caltrans) breaks in130



road segments, and edges E represent the road segments themselves [37]. Connections between131

pairs of nodes v1, v2 ∈ V were weighted by the AADT value along the road segment connecting132

them. This graph was undirected such that any connection from v1 to v2 was reciprocated from v2133

to v1. In order to ensure proper vertex snapping (e.g. of on-ramps to highways), coordinates were134

rounded to the nearest 0.01 meter. Additionally, to ensure full connectivity was possible from and135

to every point in the road network, only the largest component was considered, which encapsulated136

over 98% of edges. Excluded edges included roads that were not connected to any other road in137

the main highway road network after coordinate rounding.138

To create a measure of connectivity to potential sources of Ae. aegypti, we then calculated the sum139

of traffic flow from all known trap locations with observed Ae. aegypti. Specifically, we calculated140

the nearest road node to each trap location where Ae. aegypti was sampled in year j—called141

“origin” nodes o ∈ Vj—and each trap location that was placed in year j + 1—“destination” nodes142

d ∈ Vj+1—using the k-nearest neighbor algorithm [38]. Then, for all pairs of (o, d) we calculated143

the shortest path P (o, d) between them along the highway road network using Dijkstra’s algorithm.144

Each shortest path was made up of many individual road segments, each with their own AADT145

weight. To obtain an aggregated metric of traffic flow across each shortest path P (o, d), the median146

value of weights was calculated and then to estimate connectivity for a potential destination node147

d, we summed over all paths from origin nodes to the given destination node. That is, for each148

d ∈ Vj+1, this “aegypti -sourced AADT” value can be expressed as149

aegypti -sourced AADT =
∑
ok∈Vj

(Traffic flowok→d = median(aadt(e)), (1)

where Vj is the set of trap locations in year j with observed Ae. aegypti and aadt(e) is the AADT150

value for an edge {e ∈ E | e ∈ P (ok, d)}. Prior to incorporating this metric as a predictor in151

our SDMs, we ran a two-sided Wilcoxon Rank Sum Test to compare the median “aegypti -sourced152

AADT” of trap locations with Ae. aegypti occurrence to those without.153

To predict the current risk of invasion of Ae. aegypti in the western US, we then performed this154

calculation for every cell in 5 km grids covering California, Oregon, and Washington state. Each grid155



cell in a respective state served as a destination node d. For California, origin nodes o were defined156

as California trap locations with Ae. aegypti presence in 2025. For Oregon and Washington state,157

the calculation was repeated for each year from 2021 to 2025, with nodes o defined as that year’s158

California presence locations. As variation in AADT was also low in Oregon and Washington state,159

road segment AADT values were averaged across 2021-2025 prior to the aegypti -sourced AADT160

calculation.161

For each year, environmental covariates and aegypti -sourced AADT were combined into a single162

multi-layer raster at 5 km resolution. Equivalent grids were created for Oregon and Washington163

state.164

Calculation of the “aegypti -sourced AADT” metric was completed on Hyak, UW’s high performance165

computing cluster. This resource was funded by the UW student technology fee.166

Yearly range estimates167

We estimated of annual changes in the land area encompassed by Ae. aegypti using a combination168

of spatial clustering methods and concave hull fitting.169

Many spatial clustering methods assume clusters with convex, spherical shapes, and require users170

to know and specify the number of clusters that should be present in a system a priori ; as is the171

case in k -means clustering [39]. For data with considerable noise, which often describes geospatial172

datasets, density-based clustering methods can be a powerful, alternative clustering method that173

relaxes these assumptions. One common density-based algorithms is density-based spatial clustering174

of applications with noise (DBSCAN) [40]. This algorithm is implemented in R using the dbscan175

package.176

DBSCAN obtains density estimates of points in a dataset, p ∈ D, by using the concept of an ϵ-177

neighborhood. The ϵ-neighborhood, Nϵ(p), of a point p is the set of points within a specified radius178

ϵ around p. For a given year, this neighborhood is179

Nϵ(p) = {q ∈ Dj | d(p, q) < ϵ} (2)



where d(p, q) is the distance in kilometers between two trap locations q, p ∈ Dj with Ae. aegypti180

presence in year j, and ϵ ∈ R+.181

Within the DBSCAN algorithm it is also necessary to specify a minimum points threshold, minPt ∈182

Z+. This parameter is used to classify points in a dataset into core, border, and noise points, where183

core points form the center of a cluster, border points points are the points on the edge of a cluster,184

and noise points are points that are not part of a cluster. To form contiguous dense regions from185

points, we must also define the notions of reachability and connectedness.186

A point q ∈ D is directly density-reachable from a point p ∈ D if, and only if p is a core point187

(there are ≥ minPts from p within the radius ϵ) and the distance from p to q is ≤ ϵ. More formally,188

1. |Nϵ(p)| ≥ minPts189

2. q ∈ Nϵ(p)190

Additionally, p is considered density-reachable from q if there exists a set of points (p1, p2, ..., pn)191

with q = p1 and p = pn such that pi+1 is directly density-reachable from pi ∀ i ∈ {1, 2, ..., n− 1}.192

Finally, we define a density-connected point. A point p ∈ D is density-connected to a point q ∈ D193

if ∃ o ∈ D such that both p and q are density-reachable from o.194

A density-based cluster C ̸= {∅} is a subset of D satisfying:195

1. If p ∈ C and q is density-reachable from p, then q ∈ C.196

2. ∀ p, q ∈ C, p is density-connected to q.197

Clusters were formed for each year separately, then concave hulls were fit to each cluster present198

in a given year. A concave hull is a polygon which encapsulates all the points of a specified input199

(a DBSCAN cluster). To construct each hull, a Delaunay Triangulation was first computed over a200

cluster’s points, which is a method of connecting a set of 2D points to form triangles such that no201

point falls inside the circumscribed circle of any triangle (a circle that passes through all vertices202

of a triangle whose center is located at the intersection of the perpendicular bisector of the sides)203

[41]. The longest outer edges of this triangulation were then progressively removed until the ratio204



of the lengths of the longest to shortest boundary edges reached a target threshold, which we set205

to 0.15.206

A minPts parameter that is too low in combination with a high ϵ can lead to unreasonably large207

clusters that encapsulate outliers and regions where no trapping occurs, while the inverse can lead to208

overly conservative estimates. In an attempt to disentangle spatial clustering that is a consequence209

of trap placement bias from meaningful clusters of vector presence, several combinations of minPts210

and ϵ values were tested.211

A tight concave hull algorithm was used to create polygons. Following the fitting of the hulls, the212

land area contained within each shape was summed to obtain a yearly estimate of the range of Ae.213

aegypti in California.214

Model fitting and calibration215

We use logistic regressions to fit the probability of Ae. aegypti occurrence as a function of land use,216

meteorology, and importation risk. Logistic regression models inherently assume linear dependence217

of the log-odds of an outcome on predictors. For environmental variables like temperature and218

precipitation in particular, such an assumption broadly fails with respect to Ae. aegypti. This219

has been shown in a variety of modeling contexts including adult mosquito abundance in Arizona220

[42] and Mexico [43]. Field and laboratory results reinforce these aforementioned findings, with221

evidence that Ae. aegypti egg development’s dependence on temperatures between 25-35 ◦C can222

be estimated by a gamma distribution [44], and that tolerance to fluctuations in temperatures is223

related to the geographical location that they are developing in [45].224

As such, modeling frameworks that are too inflexible to allow for non-linear relationships may not be225

able to capture the full extent of environmental signals. Thus, to model and predict the invasion risk226

of Ae. aegypti throughout the western US, we fit and compared two sets of models: a generalized227

additive model (GAM) [46] and, in an effort to create more biologically relevant smoothing terms,228

a shape-constrained additive model (SCAM) [47], using the mgcv and scam packages.229

GAMs are generalized linear models (GLM) that include a sum of smooth functions on predictors230



[48] which allow for flexible specification of the dependence of a response on a set of predictors.231

Consider a GLM with link function g(µ) and p predictors. We express this GLM as232

g(µ) = β0 + β1x1 + β2x2 + ...+ βpxp (3)

With GAMs, we can fit smooth functions on any number of terms within equation (3). For sim-233

plicity, we consider a model with p = 3 predictors, two of which are smooth terms, f1, f2234

g(µ) = β0 + f1(x1) + f2(x2) + β1x3 (4)

In order to estimate f , it is necessary to represent it in such a way that equation (3) becomes a235

linear model. This is done by choosing a basis function, which defines the space of functions of236

which f is an element. If bj(x) is the jth basis function, then f has the representation237

f(x) =
k∑

j=1

bj(x)βj (5)

for some values of the unknown parameters, βj . Substituting (5) into (4)238

g(µ) = β0 +

k∑
j=1

bj(x1)β
(1)
j +

k∑
j=1

bj(x2)β
(2)
j + β1x3 (6)

(a linear model).239

The choice of the basis dimension size k of f is considered arbitrary as it only sets an upper limit240

to the flexibility of a term, and as such increases in size usually solely come with a trade-off in com-241

putational efficiency of estimation [49]. However, it is possible for biologically unrealistic smooths242

to be estimated if this upper limit is not restricted. A brief sensitivity analysis was conducted243

on the effect of increasing k for smooths for minimum temperature maximum temperature, and244

cumulative precipitation.245

Within a GAM framework there are a number of methods to estimate f in the form of smoothing246

splines [49]. For weather predictors, we used a first derivative penalty on a quadratic B-spline, and247

a thin plate regression spline with an extension of the smoothing penalty on the entire smooth for248

impervious surface percentage and aegypti -sourced AADT variables.249



SCAMs extend this framework by imposing monotonicity or convexity constraints on individual250

smooths via shape constrained P-splines [47], allowing prior ecological knowledge to be considered251

explicitly in the model structure. For example, suppose we want to constrain the estimate of x1 in252

equation (6) to be monotone increasing. Then β(1) would be reparameterized as253

β(1) =
∑

exp(Dγ(1)) (7)

where Σ is the lower triangular cumulative sum matrix with Σij = 1 if (i ≥ j), D is a second-order254

difference matrix, and γ(1) are unconstrained parameters. It also follows that equation (6) could255

be rewritten as256

g(µ) = β0 +

k∑
j=1

bj(x1)
[∑

exp(Dγ(1))
]
+

k∑
j=1

bj(x2)β
(2)
j + β1x3 (8)

Since exp(·) > 0, the cumulative sum guarantees β
(1)
j ≥ β

(1)
j−1 for all j (see [47] for a complete list257

of possible constraints). We chose monotone increasing for minimum temperatures and concave for258

maximum temperatures as constraints in the model. This was motivated by previous studies exam-259

ining how temperatures below 16 ◦C and above 36 ◦C decreased egg laying behavior significantly260

[50], the positive effect of increasing temperatures between 20 ◦C and 30 ◦C have on Ae. aegypti261

development [51], as well as temperature’s effect on female bloodmeal behaviors [52]. Due to a lack262

of clarity as to how precipitation at the extreme ends of its distribution may impact Ae. aegypti263

occurrence, we left this term unconstrained.264

The SCAM is hereafter referred to as our “constrained” model; conversely, the GAM is “uncon-265

strained”. Formally, the constrained model is expressed as266

logit(p) = β0 + β1 ·Year + β3 · LndCov + f1,↑(tmin)+

f2,∩(tmax) + f3(ppt) + f4(FctImp) + f5(AADT)

and for the unconstrained model,267

logit(p) = β0 + β1 ·Year + β3 · LndCov + f1,bs(tmin)+

f2,bs(tmax) + f3,bs(ppt) + f4(FctImp) + f5(AADT)



where f↑ denotes a monotone increasing P-spline; f∩ a concave P-spline, f a thin plate spline with268

shrinkage and selection; and fbs a B-spline with a derivative penalty (m = (3, 1)), with 4 knots:269

the outer two encompass the extrapolation range of the out of sample data, while the inner two270

encompass the interpolation range of the in sample data.271

Model comparisons272

Non-linear regression models and SDMs at large are typically poor at extrapolation [53]. Although273

SCAMs can create smooths that are constant at the tails, values that fall far outside the range of274

the training data run the risk of leading to wildly inaccurate predictions.275

To compare how our models performed with unseen data, the dataset was divided in a spatial276

train/test set, with a 4,250,000 meter northing threshold. This value was chosen after a brief277

comparison of possible thresholds, with the intent being to choose a value that provided a degree278

of separation of weather variable distributions and ample sample size for modeling testing. Trap279

locations north of this value were used to test out of sample model performance prior to extrap-280

olation of results into Oregon and Washington state. Out of sample accuracy of the constrained281

and unconstrained models were compared using both the area under curve (AUC), to evaluate282

the models’ ability to correctly rank positive observations over negative ones, [54] and Brier score283

[55], to measure the actual percent accuracy of modeled Ae. aegypti occurrence. The latter was284

calculated as285

1

n

n∑
i=1

(pi − oi)
2 (9)

where pi is the ith predicted probability and oi is the ith observed value that takes on values (0, 1).286

Results from this procedure were then used to choose a “preferred” model. Model diagnostics,287

including residuals independence checks, were done using simulated residuals (i.e. bootstrapping)288

in the DHARMa package. The Akaike Information Criterion (AIC) [56] of nested versions of this model289

were compared for the purposes of feature selection. For Oregon and Washington state predictions,290

weather variables were clamped to the minimum and maximum values of the corresponding variable291

distribution in California.292



Results293

Summary statistics294

There were a total of 872,047 unique trapping events across 79,976 trap sites from 2003-2025. After295

subsetting to only years after Ae. aegypti established in California (2013), we were left with 693,073296

collection events across 75,328 sites—of these, 20.29% events had Ae. aegypti presence. Trapping297

effort varied greatly (Figure 5), with a median number of collections of 2 (IQR 3) collections per298

site from 2013-2025.299

A correlation matrix for continuous model predictors (all predictors sans land cover type) indicated300

that temperature and precipitation variables were strongly correlated (Figure 6). However, because301

correlation coefficients were less than a 0.7 cutoff, no variables were removed for collinearity.302

Excluding 2013-2014, Wilcoxon Rank Sum Test results showed significant differences in the median303

“aegypti -sourced AADT” metric in sites with Ae. aegypti compared to those without (Table 1).304

Concave hull estimates305

Final parameters for DBSCAN fitting were chosen by comparing land area estimates against trends306

in the annual number of traps with occurrence, with minPts = 20 and cluster radius ϵ = 17.5 km307

providing the closest agreement (Figure 1, Figure 4).308

Annual changes in estimated Ae. aegypti range can be found in Table 2. Initial expansion was309

nonlinear but gradual relative to increases estimated post-2017; from 2017-2025 the average annual310

occupied land area increased by∼ 2,500 km2 each year. Ae. aegypti was estimated to have expanded311

its range in all years except from 2023 to 2024, when the cumulative hull area decreased by 452.23312

km2 (Figure 7). From 2022-2023 the estimated range expanded by over 5,500 km2, which was the313

largest increase across all years.314

The number of cluster fit by the DBSCAN algorithm also grew nonlinearly over time, with the315

peak number of clusters fit being 13 in 2022 and 2025 (Figure 8).316



Model selection and training317

To ensure biological plausibility without fitting splines that were too flexible, basis dimension sizes318

of 6, 5, and 6 were selected for the final unconstrained model’s minimum temperature, maximum319

temperature, and cumulative precipitation functions (Figures 9, 10, 11).320

Both models were able to predict spatial out-of-sample North California presence and absence321

with high accuracy, with AUC and Brier scores of 0.935 and 0.091; and 0.939 and 0.090 for the322

constrained and unconstrained models, respectively (Table 3). Although the unconstrained model323

performed slightly better than the constrained in out of sample validation tests, we chose the324

constrained model as our preferred model due to the smooth functions’ fit at the tail of weather325

variable distributions, and because performance differences were very small (Figure 12). In nested326

model comparisons, the model incorporating all predictors had the lowest AIC and was used for327

final predictions (Table 4).328

The estimated partial effects of the full preferred model are shown in Figure 13.329

Minimum temperatures’ partial effect was constant until ∼ 7.5◦C, and increased steeply at tem-330

peratures above ∼ 7.5◦C. Maximum temperatures had a positive relationship that peaked near331

25–28◦C. Cumulative annual precipitation had a positive association up to 1250 mm, although332

confidence intervals at higher precipitation values (greater than 1000 mm) were wide given the lim-333

ited observational data in this range. Increasing aegypti -sourced AADT and fractional impervious334

surface were both associated with higher probability of Aedes aegypti occurrence, with the greatest335

increases at low levels. The magnitude of effect varied for the two variables, with aegypti -sourced336

AADT peaking at nearly a 4 log-odds partial effect.337

Aside from the year indicator, land cover type was the only variable to not be fit with a smooth338

function. Relative to open water, cultivated cropland (OR = 1.49, p = 0.012) and developed land339

covers (OR = 1.25–1.28, p > 0.05) were positively associated with presence, while evergreen forest340

(OR = 0.35, p = 0.003) and barren land (OR = 0.41, p = 0.013) were negatively associated.341



Modeled Aedes aegypti invasion risk in the Pacific Northwest342

Our model predicts the current invasion risk of Ae. aegypti throughout California to be high in343

multiple regions where they are not currently found or are only found in a limited number of 5 km344

grid cells (Figure 14).345

Southeastern California, specifically Imperial, Riverside, and the eastern edges of San Bernardino346

County are predicted to have major areas of land where conditions are suitable for Ae. aegytpi347

invasion. Roughly 21.10% of the land area of California was predicted to have at least a 50% risk of348

invasion, with the majority those locations being located in the southern counties of Los Angeles,349

Orange, San Diego, Kern, San Bernardino, and Riverside. These counties also experience average350

maximum temperatures in the range of 22.5-33.3◦C. Areas with high invasion risk correspond to351

the conditions associated with higher probability of Ae. aegypti occurrence: Los Angeles, San352

Bernardino, and San Diego County have large percentages of built environments and had the353

highest aegypti -sourced AADT values in the state.354

At the edges of northern California predicted risk was homogeneously low, with most locations es-355

timated to have < 1% risk—these regions are mostly classified as evergreen forests or shrub/scrubs356

and have relatively low road connectivity to occupied sites. The magnitude of these risk estimates357

are reflected in both Oregon and Washington state predictions—neither had any areas with esti-358

mates ≥ 0.57% (Figures 15, 16). Both states have similar environmental and road connectivity359

conditions to areas of northern California where predictions were similarly low.360

Discussion361

In this study, we used mosquito trap collections from 2014-2025 from the California Vectorborne362

Disease Surveillance System (CalSurv) to model and predict the current risk of Aedes aegypti363

invasion throughout the Pacific Northwest. We observed a significant increase in the observed364

range of Ae. aegypti post-establishment in 2013.365

Estimated speeds of Ae. aegypti expansion were far outside what would be expected if dispersal366



were to occur through mosquito flight alone (∼100 m daily) [15], with calculated year to year367

changes in occupied land area being as large as 5,5000 km2 from 2022 to 2023 (Table 2). This368

burst in range may be a result of abnormally wet winter conditions in 2022 and 2023 throughout369

California [57] creating a large number of breeding habitats in regions where conditions are not370

necessarily conducive for full establishment.371

In our modeling analysis, the preferred model had a high prediction accuracy in out of sample372

testing (AUC = 0.935 (95% CI: 0.925-0.945), Brier score = 0.091 (95% CI: 0.086-0.96)). Although373

all variables in our model were associated with Ae. aegypti occurrence, aegypti -sourced AADT,374

fractional impervious surface, and minimum temperatures had the strongest partial effects, with375

estimates near or above 2 log-odds at the right tail of their distributions.376

By 2025, the average aegypti -sourced AADT value in California was 45.83e6 (Figure 17)—values377

above this average were where the partial effect of this covariate was strongest in our model. Los378

Angeles, Orange, San Diego, and San Bernardino Counties encompassed the most extreme traffic379

flow values, though the Central Valley, Shasta, Siskiyou, Mendocino, and Coastal California had380

large land masses with traffic flow above the average (Figure 17). Although fractional impervious381

surface and aegypti -sourced AADT might be expected to be collinear, the Pearson coefficient for382

these two predictors was 0.17, indicating that they capture meaningfully different environmental383

signals. This is, however, at least in part due to the fact that aegypti -sourced AADT variates384

from one year to the next because of changes in mosquito distribution. Comparatively, land cover385

measures tend to change at a lower rate.386

Ae. aegypti thrives in densely populated and/or urbanized environments throughout the United387

States, as seen in Arizona [8] and throughout regions of Texas that have experienced recent increases388

in urban development [58, 59]. Within our model, impervious surface do not drive the observed389

occurrence patterns.390

Further illustrating the importance of climate constraints are the model extrapolations into Oregon391

and Washington, where we estimate that there is little risk of Ae. aegypti invasion. This is392

consistent even in urban centers with high population density such as King County, Washington, and393



Multnomah County, Oregon that theoretically would have ideal conditions for the urban dwelling394

vector [11, 60]. Low minimum and maximum temperatures may be serving as key environmental395

barriers for the species, as the maximum observed average minimum and maximum temperatures396

in both states were below 10◦C and 23◦C, respectively; collection dates with temperatures that did397

not exceed a respective value had ∼ 13% ∼ and 14% occurrence.398

The low predicted risk in Oregon is of particular interest, as it is contradicted by recent trap399

collections by the Jackson County Vector Control District. Ae. aegypti has been detected twice400

in Jackson County, Oregon: the first in Talent, Oregon, in 2024, and the second ∼9 km away in401

Ashland, Oregon, in 2025 [61]. Whether these represent independent introductions or persistence402

of a single population between years is still unclear. Jackson County’s mean annual minimum403

temperature (∼3°C) falls well below the range where our model estimates meaningful presence404

probability.405

If these detections do represent repeated introductions rather than persistence, it would imply406

a high importation rate into the region and it’s possible that traffic flow, particularly along the407

Interstate 5 corridor, represents a quantifiable pathway for Ae. aegypti dispersal from established408

populations. Both the partial effect of aegypti -sourced AADT and estimates of current invasion409

risk therefore have important implications for vector control strategies. Areas where Ae. aegypti is410

not currently found but are known tourist and economic centers may benefit from an expansion of411

proactive surveillance efforts to ensure timely detection.412

One question raised by our results are the implications of high predicted risk in regions with low413

population density, as is the case in most of San Bernardino County. The vast majority of traps in414

this county—where Ae. aegypti has been detected annually since at least 2017—are located in the415

southwest corner of its geopolitical boundary. Nonetheless, we estimate that large swaths of land416

east of these traps present conditions that are suitable for Ae. aegypti invasion. The mean aegypti -417

sourced AADT throughout the county is 74e6 and is made up mostly of shrub/scrub land cover.418

Observed temperatures are also suitable for occurrence, with an average minimum and maximum419

temperature of 13◦C and 26◦C. Future research should seek to overlap these low-trapping effort420



regions with high predicted invasion risk and high population density in order to identify areas421

where surveillance expansion would be most beneficial.422

Our prediction map estimates more extensive invasion risk in California than previous studies423

that have estimated suitability for the vector throughout the US [62, 4, 63]. Overall, our model424

predicted high levels of risk in the east and southeast regions of the state, as well as unsampled425

areas of the Central Valley. This may be related to the inclusion of more recent records of Ae.426

aegypti occurrence, as these studies included public records of Ae. aegypti occurrence through 2016427

at most.428

There are limitations to this work that must be acknowledged. First, our model was intentionally429

sparse to focus on the effects of climate and importation risk, and did not include variables that have430

been shown in previous studies to impact species occurrence, such as population density, seasonal431

weather conditions, humidity, elevation, and vegetation level. Population density in particular has432

been shown to be an important measure for urban areas, as increases in density can result in more433

opportunities for female mosquitoes to bloodfeed—increasing the risk of oviposition and disease434

transmission [8, 64, 65]. Our model also did not include importation effects from neighboring435

states, instead considering dispersal within California to be a closed system despite the fact that436

Ae. aegypti has been established in Arizona since its reintroduction to the state in 1998 in Tucson437

[66], and found regularly in Las Vegas, Nevada, since 2017 [67].438

Nevertheless, the present study is an important step toward understanding the dispersal dynamics439

of Ae. aegypti in the western US. Our approach demonstrates the utility of transportation-informed440

dispersal modeling for identifying areas of elevated invasion risk and can help guide targeted surveil-441

lance and vector control efforts, particularly in regions where trapping data is sparse. Future442

modeling efforts should incorporate a more robust aegypti -sourced AADT measure that allows for443

movement in and out of the study area in a saturated model that contains additional sociodemo-444

graphic and weather covariates.445



Conclusions446

This study documents the significant increase in the range of Ae. aegypti throughout California447

over the past 12 years, and highlights the importance of measures that quantify the risk of human-448

mediated dispersal in invasion risk estimates. To the best of our knowledge, this study is the first449

to primarily model Ae. aegypti occurrence and expansion in the western US, with an attempt to450

extrapolate results into the Pacific Northwest—a region where the species is not considered to be451

established. Our findings emphasize the importance of temperatures as a limiting factor to Ae.452

aegypti expansion into the Pacific Northwest and traffic flow as a facilitator of long-range vector453

movement.454

We also highlight the need for an increase in sampling effort throughout California; especially in455

the northern extents of the state where Ae. aegypti has encroached in the past 5 years. Integration456

of long-term surveillance data—and the expansion of its spatial coverage—will be important to457

effectively track dispersal and Aedes-borne disease transmission as the species continues expand458

into portions of the western US that were previously considered to be unsuitable. While we do459

not directly model locally transmitted mosquito-borne disease case data, descriptions of vector460

occurrence provide a foundation to motivate an expansion of proactive vector surveillance, especially461

in more rural regions of northern California that do not currently report trap collections to CalSurv.462

Such efforts are imperative to ensure timely insecticide treatment and protect the public from future463

disease transmission.464
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Figures and tables

Figure 1: Aedes aegypti presence and absence in California from 2013 to 2025. White
regions are areas where no sampling occurred, while point indicate trap locations with Ae. aegypti
presences (red) or absences (grey).



Figure 2: Aedes aegypti detections in California counties. Records are recent as of December,
2025 (CalSurv). NA indicates that a county did not have reported trap collections.



Figure 3: Distribution of average annual daily traffic (AADT) for road segments in the
California State Highway system. Overlapping distributions show the values for each year.
Values are scaled by 1e6



Figure 4: Sensitivity analysis results for DBSCAN minPts and ϵ parameters. Individual
panels correspond to tested minPts values (4, 10, and 20 points) and colors represent unique ϵ
values.



Figure 5: Trapping effort in California from 2013-2025. “First detection” corresponds to the
year that Aedes aegypti was first detected at a trap location.



Figure 6: Collinearity tests for model predictors. Correlation matrix plot for continuous
predictors in the “preferred” model (median aadt = aegypti -sourced AADT; tmin = annual average
minimum temperature; tmax = annual average maximum temperature; ppt = annual cumulative
precipitation; FctImp = fractional impervious surface).



Figure 7: Spatial clusters and convex hulls over time. Spatial cluster formations for A) 2022
through 2025 Aedes aegypti presence. Colors indicate cluster assignment.



Figure 8: Range shift estimates. Fitted hulls for 2013, 2017, 2022, and 2025 Aedes aegypti
presence using a minimum points parameter of 20 and cluster radius of 17.5 km.



Figure 9: Minimum temperature k-basis testing. Partial effect plots of minimum temperatures
(“tmin”) on Aedes aegypti occurrence in California, faceted by basis dimension (k) values. The gray-
colored rug plot corresponds to the distribution of the variable for California, while green and blue
are for Oregon and Washington state, respectively. edf = effective degrees of freedom



Figure 10: Maximum temperature k-basis testing. Partial effect plots of maximum temper-
atures (“tmax”) on Aedes aegypti occurrence in southern California, faceted by basis dimension
(k) values. The gray-colored rug plot corresponds to the distribution of the variable for California,
while green and blue are for Oregon and Washington state, respectively.



Figure 11: Precipitation k-basis testing. Partial effect plots of cumulative precipitation (“ppt”)
on Aedes aegypti occurrence in southern California, faceted by basis dimension (k) values. The gray-
colored rug plot corresponds to the distribution of the variable for California, while green and blue
are for Oregon and Washington state, respectively.



Figure 12: Model partial effect plots compared. Comparison of A) constrained and B)
unconstrained smooth terms. Blue envelopes represent standard errors. Rug plots at the bottom
show the distribution of values for California.



Figure 13: Model partial effect plots. “Preferred” model partial effects plots, for each variable
fit with a smooth function. Blue envelopes represent standard errors. Rug plots at the bottom
show the distribution of values for California.



Figure 14: California Aedes aegypti invasion risk. Predicted current invasion risk in California
(left panel) and 2025 records of Aedes aegypti occurrence in CalSurv data (right panel). Occurence
and absence records for 2025 are shown on the 5km prediction grid, where a cell is defined as having
Ae. aegypti present if any trap in that cell-year found Ae. aegypti.



Figure 15: Oregon Aedes aegypti invasion risk. Panels 1-4 correspond to the 5-year average
for minimum temperature, aegypti -sourced AADT, cumulative precipitation, and maximum tem-
perature. Panel 5 is the final predicted invasion risk.



Figure 16: Washington state Aedes aegypti invasion risk. Panels 1-4 correspond to the
5-year average for minimum temperature, aegypti -sourced AADT, cumulative precipitation, and
maximum temperature. Panel 5 is the final predicted invasion risk.



Figure 17: California landscape. Land cover types and aegypti -sourced AADT values throughout
California as of 2025.



Table 1: Two-tailed Wilcoxon Rank Sum Test results for median
aegypti -sourced AADT values from 2014-2025.

Year Wilcoxon-statistic p1

2014 11,066.0 3.97e−01

2015 45,721.0 1.16e−04

2016 107,676.5 9.20e−14

2017 242,692.0 2.28e−23

2018 378,948.0 2.28e−23

2019 469,303.5 7.19e−53

2020 502,228.0 1.01e−59

2021 552,188.5 6.61e−58

2022 581,991.0 1.88e−66

2023 720,278.0 4.06e−86

2024 676,463.0 2.46e−81

2025 732,828.5 6.18e−102

1 Based off a two-sided test comparing the median aegypti -

sourced AADT value in occupied and unoccupied sites for a

given year.



Table 2: Annual estimated land area occupied by Aedes aegypti using concave hulls fitted to
DBSCAN clusters.

Year Hull area (sq. km) ∆Area1 # of Clusters

2013 0.98 – 1

2014 43.51 42.54 2

2015 292.58 249.07 1

2016 897.46 604.88 4

2017 3,393.33 2,495.87 6

2018 7,042.99 3,649.66 7

2019 9,529.50 2,486.50 9

2020 11,485.47 1,955.98 8

2021 13,966.45 2,480.97 11

2022 15,955.64 1,989.19 13

2023 21,548.11 5,592.48 11

2024 21,095.88 -452.23 12

2025 23,694.84 2,598.96 13

1Change in cumulative area of concave hulls from previous year.



Table 3: Out-of-sample predictive performance on northern California holdout data. The con-
strained model used monotone increasing P-splines for minimum temperature and concave P-splines
for maximum temperature.

Model AUC (95% CI) Brier score (95% CI1)

Constrained 0.935 (0.925–0.945) 0.091 (0.086 - 0.096)

Unconstrained 0.939 (0.930–0.949) 0.090 (0.085 - 0.094)

11000 sample bootstrap.



Table 4: Nested model comparison on out of sample California data. The full model includes all
environmental covariates and traffic flow; the environment-only model excludes Ae. aegypti -sourced
AADT; the traffic-only model includes only AADT; the null model is intercept-only.

Model AIC AUC Brier score (95% CI) ∆AIC

Full 12,041.97 0.935 0.091 (0.086 - 0.096) —

Environmental 12,617.59 0.943 0.099 (0.094 - 0.105) 575.63

Traffic 16,558.96 0.699 0.111 (0.106 - 0.116) 4,517.00

Null 21,547.61 0.500 0.148 (0.146 - 0.151) 9,505.65


