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Predicting mosquito flight behavior using Bayesian

dynamical systems learning
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Jorn Dunkel?*, David L. Hu""**

Mosquito-borne diseases cause several hundred thousand deaths worldwide every year. Deciphering mosquito
host-seeking behavior is essential to prevent disease transmission through mosquito capture and surveillance.
Despite recent substantial progress, we still lack a comprehensive quantitative understanding of how visual and
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other sensory cues guide mosquitoes to their targets. Here, we combined three-dimensional infrared tracking of
Aedes aegypti mosquitoes with Bayesian dynamical systems inference to learn a quantitative biophysical model of
mosquito host-seeking behavior. Trained on more than 20 million data points, each corresponding to an instanta-
neous position and velocity in mosquito free-flight trajectories recorded in the presence of visual and carbon di-
oxide cues, the model accurately predicts how mosquitoes respond to human targets. Our results provide a
quantitative foundation for optimizing mosquito capture and control strategies, a key step toward mitigating the

impact of mosquito-borne diseases.

INTRODUCTION

Mosquitoes are often called the world’s most dangerous animals as
they transmit diseases such as malaria, dengue fever, yellow fever,
and Zika, which collectively cause more than 770,000 deaths annu-
ally (1, 2). Among the 3500 mosquito species, ~100 species have
evolved to be anthropophilic, meaning they preferentially target hu-
man hosts (3, 4). Aedes aegypti is one such anthropophilic mosquito
species, and females use a suite of cues to locate a human host (5-13).
These cues have mostly been tested in wind tunnels, where airflow
carries chemical signals like odor molecules and carbon dioxide
downwind (6, 14, 15). Up to distances of 10 m downwind, emitted
carbon dioxide triggers mosquito flight toward the host, lowers their
threshold of detecting skin odors (16, 17), and enhances their navi-
gation toward visual targets (18). In addition to chemical cues, visual
stimuli can guide mosquito flight to within meters of the host (6).
Once in direct contact with the host, cues like skin odor, heat, and
humidity (19) aid the mosquito in landing and choosing a spot to
probe for capillaries (20). Despite decades of study, how mosquitoes
integrate these cues to locate hosts remains poorly understood. Due
to our inability to predict mosquito flight behavior, commonly used
devices such as suction traps are only 10 to 50% effective in capturing
incoming mosquitoes (15, 21, 22). An improved understanding of
mosquito flight and host-seeking behaviors can help inform the de-
sign of more eficient intervention strategies for insect-borne dis-
eases as well as the development of mosquito-resistant infrastructure
in private and public spaces (23).

Previous investigations of mosquito host-seeking behavior were
typically limited to small numbers of tethered mosquitoes or mosqui-
toes flying in wind tunnels (6, 15, 22, 24). These studies often report
statistics of various manually annotated metrics, such as the number
and positions of mosquito landings, rather than providing continuous
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flight information (25-29). However, flight trajectories are crucial for
understanding mosquito host-seeking behavior, as mosquitoes use the
time-integrated response of their sensory information to make a host-
seeking decision (11, 30). Moreover, mosquito eyes limit the resolution
and distance at which they can distinguish visual stimuli (31-33). Cap-
turing the three-dimensional (3D) sensory information and the 3D
flight trajectories necessitates a data-driven approach due to the size
and dimensionality of the resulting datasets. The data-driven identifica-
tion of interpretable biophysical models of mosquito flight not only will
substantially enhance our understanding of mosquito host-seeking be-
havior under realistic environmental conditions but also can provide a
proof-of-concept framework for model identification in other swarm-
ing and nonswarming species, such as bees, ants, starlings, and humans
(34-39). Here, we introduce such a framework by combining 3D track-
ing experiments with Bayesian dynamical systems inference (40-48).
Throughout, we use “inference” and “learning” interchangeably in the
statistical sense to mean identifying a model and its parameters from
experimental data (49).

To establish a foundational database of various mosquito flight be-
haviors, we perform 3D tracking experiments on female Ae. aegypti
mosquitoes interacting with visual and CO, cues, both individually
and in combination (50-52). Because Aedes thrives in urban areas, our
experiments are performed in relatively windless conditions, as typical
of human dwellings with closed windows. Across 20 experiments, we
record more than 53 million data points and more than 400 thousand
mosquito trajectories, exceeding most previous attempts to quantita-
tively measure mosquito behavior (tables S1 and S2) (8, 21, 27-29,
53-57). We then apply sparse Bayesian dynamical systems inference
(40-48) to learn quantitative models of mosquito behavior directly
from the mosquito flight trajectories. This data-driven method pro-
duces a predictive dynamical model from continuous flight data alone
yet allows us to compute various behavioral traits of interest.

RESULTS

Tracking of 3D mosquito trajectories

We conducted the experiments at 28°C and 45% humidity inside
a trapezoidal mesh enclosure of 5-m depth (Fig. 1A). Facing the
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enclosure was the photonic fence monitoring device (PFMD), which
is a set of dual infrared cameras surrounded by infrared 850-nm
light-emitting diodes (LEDs). The LEDs illuminate a scene against a
retroreflective background, allowing for the dual cameras to obtain
stereoscopic images of insect positions in space at 0.01-s resolution.
Mosquitoes were released at the front of the chamber, and various
targets (human, expanded polystyrene spheres, and carbon dioxide
sources) were placed 8 m away from the camera.

As an homage to A. W. A. Brown’s 1951 experiments with dark-
clothed manikins (58), we first applied the PEMD to image mosquito
trajectories around a human subject wearing dark clothing (Fig. 1, A
and B). In this experiment, our system tracked 50 mosquitoes for
20 min at a time resolution of 0.01 s and recorded 22 thousand posi-
tional trajectories of mosquitoes in 3D. A trajectory represents a seg-
ment of the full flight path of one mosquito, with an average duration
of 0.9 s. While we cannot directly measure landing positions of
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Fig. 1. 3D tracking of individual mosquitoes enables Bayesian dynamical systems learning of mosquito flight behaviors. (A) Design of the experimental setup.
(B) Left: A human subject wearing dark clothing . The remaining panels show 2D projections of 3D mosquito trajectories around the subject shown on the left, colored by
flight speed. Photo subject: C.Z. Photographer: D.L.H., Georgia Institute of Technology. (C) Left: A human subject wearing a half-black, half-white outfit. The remaining
panels show 2D projections of 3D mosquito trajectories around the subject shown on the left, colored by flight speed. Photo subject: C.Z. Photographer: D.L.H., Georgia
Institute of Technology. (D) Learning dynamical models for mosquito flight behaviors. Left: Inputs are 3D trajectories of mosquito positions r(t) and velocities v(t). Middle:
The unknown behavioral force f is decomposed on a set of basis functions 0, where the decomposition coefficients w,, are learned from input data using sparse Bayesian
inference. Right: The learned dynamical model can be simulated to generate synthetic time-series data for validation against input data, comparing them based on en-
semble statistics such as speed probability density function (PDF) and directional correlation function, which are not used in model learning. Scale bars labeled with x, y,

and z: 25 cm. For visual clarity, 50% of trajectories are shown.
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mosquitoes because trajectories are lost when a mosquito stops mov-
ing or flies within the silhouette of the human subject , our experi-
ment shows that Ae. aegypti mosquitoes primarily target the human
head (Fig. 1B and movie S1), consistent with previous studies of
landing location (25). As shown by the darker colors of the trajecto-
ries in Fig. 1B, mosquitoes decelerate near the human head and body,
suggesting preparation for landing. The complex 3D tracks reflect
the mosquitoes’ response to the multiple cues detected.

To demonstrate the importance of visual cues in windless situa-
tions, we tracked mosquitoes around a human subject wearing a
Janus outfit with the left side white and the right side black. As can be
seen from the front and top views, the trajectories are primarily con-
centrated on the black side, despite other cues such as carbon dioxide
and odor remaining symmetric (Fig. 1C and movie S2). Because of
the complexity of evaluating the cues around a human subject, we
pivot from human experiments and proceed with experiments using
simple objects that present individual cues. These controlled experi-
ments allow for simple formulation of free-flight characteristics and
a minimal model of Ae. aegypti in response to individual cues. Fur-
ther below, we revisit the prediction of mosquito behavior around a
human subject using our minimal model.

Learning dynamical models for mosquito flight
To model mosquito flight behavior, we consider a stochastic
Langevin dynamics

av _ f(r,v)+ &

i (1)
where f is a deterministic force (per mosquito body mass) that de-
pends on the spatial position r of a mosquito and its flight velocity v
and captures both the intrinsic active force of free flight, and the
mosquito’s responses to environmental cues. The Gaussian white
noise term & accounts for random fluctuations and satisfies ¢(¢)) = 0
and (&(t)é(t’)) = AIS(t— t’), where I is the identity matrix and A
characterizes the magnitude of noise. Throughout, we use light-face
letters to denote scalar quantities and bold-face letters to denote
vectors (overhat symbols indicate unit vectors). To learn a model of
mosquito flight behavior from data, we approximate the unknown
forces f(r, v) using a basis-function expansion (48, 59-61) (Fig. 1D)

f(r,v) = Z wpep(r, V) 2)

n

where 0, represents an orthogonal vector basis and p is a single in-
dex or a tuple of indices of the basis (see the Supplementary Materi-
als). The coefficients w, encode all the information about mosquito
behavior, with each environmental cue corresponding to a distinct
set of w,,. This linear expansion in Eq. 2 simplifies the behavioral
learning problem by reducing it to a linear regression problem.

To learn w, from data, we use a Bayesian approach to find the
most probable coefficients wy that maximize the posterior probability
p ( {w (), vi(0)} ) of W, given the experimental trajectories , where i
denotes the index of individual mosquito trajectories {r;(¢), v;(¢)}. In
Bayesian statistics, the posterior is proportional to the product of
two components (Fig. 1C): a likelihood function P ( {e, (), v (D} I} )
of the observed trajectories given the coefficients {w, } and a prior
probability P( ) ) that reflects our preference for the desired coef-
ficients {w,}. Assuming that each mosquito track is independent
and neglecting mosquito-mosquito interactions, which we find to
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be minor (see fig. S1), Eq. 2 yields a multivariate Gaussian likelihood
function (see the Supplementary Materials). To prevent overfitting
to noisy data, we impose sparsity on {w,}, favoring a parsimonious
representation of smooth functions f(r, v) with few nonzero w,,. Fol-
lowing previous works on sparse Bayesian inference (40), we use a

2
sparsity-promoting Gaussian prior P(w,, ) « exp < - 2%) where the
;

variance hyperparameters Gﬁ control the degree of sparsity in {w,}.
To estimate the coefficients wy, the noise magnitude A%, and the hy-
perparameters cﬁ , We use an expectation-maximization algorithm
to iteratively maximize the posterior and refine model parameters
(see the Supplementary Materials).

To explore a series of candidate models with varying degrees of
sparsity, we apply sequential thresholding to wh by progressively
eliminating coefficients with small absolute values (62-64). Although
including more terms in the expansion in Eq. 2 can generally im-
prove the fit to data, overly complex models may capture noise in the
data rather than the true underlying forces f(r, v) and exhibit poor
predictive power. Thus, to identify the model with optimal sparsity,
we use the Bayesian information criterion (BIC) (65) to select the
model that best explains the data with the least number of terms
in Eq. 2 (see fig. S2). We validated our model identification pipeline
on synthetic data of mosquito flight trajectories (figs. S3 and S4).
Below, we apply this pipeline to experimental data to uncover dy-
namical models of mosquito flight behavior.

Ae. aegypti exhibit two distinct modes of free flight

We first demonstrate our model learning and selection framework
on experimental trajectories of free-flight mosquitoes in the absence
of sensory stimuli (Fig. 2). We filmed 50 mosquitoes for 20 min in
an empty room. To model the flight behavior, we consider three
forces acting on a mosquito as diagrammed in fig. S2: a thrust in the
direction of flight ¥, a constant gravitational force, and a levitational
force in Z that counteracts gravity. In reality, a mosquito has a visual-
based control system that adjusts its flight actively. Nevertheless, our
results indicate that the best learned model includes a constant levi-
tation force that precisely balances the gravitational force (fig. S2),
suggesting minimal preference for the +Z direction of flight. There-
fore, we ignore these two forces in subsequent analysis. This simpli-
fies the free-flight Langevin equation to % =a(v)v+ & (Fig. 2A),
where the learned thrust a(v)v corresponds to a force derived from
a speed potential U(v) with a(v) = =U’(v) /.

To further examine behavioral variability, we performed learning
on individual tracks and projected the thrust factor a(v) onto the
two most relevant basis functions. The learned coefficients revealed
two distinct clusters: one corresponding to an “active” state of flight
and the other to an “idle” state (Fig. 2B). The active state tends to
maintain a constant flight speed of ~0.7 m/s, with the mosquito ac-
celerating (positive a) if its flight speed is too low and decelerating
(negative ar) if its speed is too high (Fig. 2C). The active state flight
speed is consistent with experimental values (0.4 to 1.8 m/s) mea-
sured for other mosquito species (12). The idle state corresponds to
a projectile thrown at an arbitrary initial speed; the mosquito does
not attempt to maintain a baseline speed through accelerations or
decelerations with zero a(v) (Fig. 2D), allowing the initial speed and
noise to dictate the dynamics of flight . The active state exhibits
higher mean speed (Fig. 2E), stronger learned noise (Fig. 2F), and
longer trajectory duration (Fig. 2G) than the idle state, suggesting
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Fig. 2. Free flying mosquitoes exhibit two distinct behaviors. (A) Representative mosquito trajectories from (top) experiments and (bottom) simulations of the learned
model. Scale bars labeled with x, y, and z: 25 cm. For visual clarity, only 10% of total trajectories are shown. (B) 2D histogram of the two most relevant learned decomposi-
tion coefficients shows two groups of trajectories, an active group (green) and an idle group (blue). (Cand D) The learned rates o at varying speed v for (C) the active group
and (D) the idle group. Positive and negative a indicate acceleration and deceleration, respectively. (E to G) Probability distributions of (E) the measured flight speed, (F)
the learned velocity diffusion coefficient, and (G) the duration of the trajectories for the two groups. (H) Mean squared displacement (MSD), (1) directional correlation, and
(J) speed correlation are compared between experiments (black) and simulations of the learned model (gray). MSD shows ballistic flight at short lag times, transitioning
to more diffusive movement around a lag time of 1 s. Directional correlation indicates straight flight over short intervals and turning over longer times, while speed cor-

relation decreases toward zero, with experimental data showing small oscillations.

that the active state may reflect exploration behavior while the idle
state corresponds to preparation for landing. The idle state is more
often observed in trajectories near the ceiling of the chamber (fig. S5).

To validate the learned model, we simulate the learned dynami-
cal equations with the same initial conditions as the experimental
data. The simulated trajectories (Fig. 2A, bottom) qualitatively re-
semble the observed trajectories (Fig. 2A, top). To further quantify
the similarity, we compute three time-lagged statistics, (S(t, t +1)),
which compare two time points along a trajectory separated by a lag
time 7 (Fig. 2, H to J): the mean squared displacement (MSD), de-
fined by S,(t, t +7) =|r(t) — r(t +7)|% the directional correlation, de-
fined by S¢(#, t + 1) = V(¢) - V(¢ +7), and the speed correlation, defined
by S,(t,t+7) = [v(t) - (v)] [v(t+'r) - (v)] Here, (-) denotes the aver-
age over all time points ¢ of all trajectories. The MSDs of both simu-
lated and observed trajectories show a ballistic flight at short lag times,
followed by a transition to more diffusive movement at aroundt =1 s
(Fig. 2H). However, the experimental trajectories are not long enough
to fully capture the diftusive behavior beyond this timescale. The direc-
tional correlation of mosquito flight roughly follows an exponential
decay e~/ (Fig. 2I), representing straight flight over short time inter-
vals before making turns after 4 & 1.3 s. The speed correlation de-
creases toward zero with the lag time, a characteristic of the Langevin
equation. The experimental speed correlation exhibits short-time
oscillations that may be due to limitations of the tracking procedure
rather than reflecting genuine insect behavior (Fig. 2] and fig. S6).
Therefore, we do not aim to model this oscillatory behavior. The close
agreement between the experimental data and the model simula-
tions demonstrates that our learning framework reliably estimates
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the Langevin equation and behavioral forces governing mosquito
flight dynamics in the absence of sensory cues.

Mosquitoes are attracted to visual cues and CO, plumes
through differential responses

Having established a basis for mosquito behavior, we next add attrac-
tive cues into the environment. In this work, we focus on visual and
CO; cues (Figs. 3 to 5), but our experimental and learning framework
should be directly applicable to other stimuli such as odor and heat.
We use an 8-inch (~0.2 m) diameter sphere mounted on a white pole
as the attractive target for mosquitoes. To minimize boundary effects,
the sphere is placed at the center of the chamber (Fig. 3A). A black
sphere is used as a visual target due to its high contrast with the sur-
rounding white walls. The CO, target is a white sphere with piping
releasing CO; at a rate of 0.24 liters/min, comparable to the CO,
emission rate of human breathing (66).

We describe the state of a mosquito by its displacement d from
the spherical target and body velocity v (Fig. 3B). The dot product
v - d represents the orientation of mosquito flight, with ¥-d = -1
indicating flight directly toward the target (taxis) and v - d = 1 indi-
cating flight away from the target. To visualize mosquito flight pat-
terns around the target, we present heatmaps of trajectory densities
at varying distances d to the target, flight speeds v, and flight orien-
tation ¥ - d (Fig. 3, C and F).

Our data reveal distinct mosquito flight patterns in response to
visual or CO, cues. We consider telotaxis (movement toward) the
visual cue first (Fig. 3C, left). The diffuse yellow region in the den-
sity heatmap shows slower mosquitoes concentrated in a zone of
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Fig. 3. Learning dynamical models of mosquito flight behaviors reveals different responses to stimuli. (A) Schematics of the experimental setup. Photo subject:
C.Z. Photographer: D.L.H., Georgia Institute of Technology. (B) lllustration of a mosquito flying with a velocity v¥ and a displacement dd relative to the stimulus (dashed
circle). The behavioral forces are decomposed into components parallel (f)) and perpendicular (fL) to v and are expressed as functions of the flight speed v, the distance
dto the stimulus, and the flight direction ¥ - d (=1 toward and +1 away). (C to E) Mosquito response to a visual stimulus. (C) 2D density maps of recorded trajectories reveal
mosquito attraction to the visual stimulus with bidirectional flights. (D) Left: Simulated trajectory of the learned model. Heatmaps of the learned responses (middle) f,and
(right) f, to visual stimulus. Yellow/blue represent speed increase/decrease (f}) or turning away/toward the stimulus (f,). (E) 2D density maps of simulated trajectories
agree quantitatively with the experimental data in (C), with a symmetric Kullback-Leibler distance Dﬁl_ = 0.20 outperforming the best Gaussian fit (Dzl_ =0.36). (F to
H) Mosquito response to CO; cues. Plots correspond to (C) to (E). Simulated and experimental distributions yield a symmetric Kullback-Leibler distance DﬁL = 0.41, smaller
than that of a Gaussian fit (Df, = 0.76).

radius 0.4 m from the target. As the distance exceeds about 0.4 m, they often perform a “fly-by” and do not consistently engage with it
the speed distribution returns to the baseline observed in the ab-  due to the absence of additional host cues (movie S3). Nevertheless,
sence of a stimulus (Fig. 2E), which is consistent with the mosquito’s  the visual cue alone can attract a high density of mosquitoes. To
visual range calculated from their eye’s minimal resolvable angle ~ demonstrate that attraction to black spheres can be extended to ar-
of 12.3° (31). The mosquitos flight is approximately bidirectional, bitrary shapes, we wrote “GT” in black using a 40-inch (1-m) font
where mosquitoes move directly toward or away from the visual tar-  on the white floor, attracting mosquitoes approximately uniformly
get, as shown by trajectory densities concentrated around the two  to each part of the lettering (fig. S7).

zones, V- d = + 1(Fig. 3C, middle and right). We interpret the move- When presented with the CO, cue, mosquitoes perform “double-
ment away from the target as rejection of it in the absence of essen-  takes” or tumbling behavior with decreased speed and increased
tial cues—such as body odor, humidity, and heat—to induce landing ~ turning that keeps them in the local vicinity of the target (Fig. 5H
and blood feeding. A closer examination of trajectories (Fig. 5E) and movie S4). This tumbling has no directional preference, with
shows that, although mosquitoes are attracted to the visual target, V- d uniformly distributed between —1 and 1 (Fig. 3F, middle and
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right). CO,-induced tumbling is thus a form of kinesis or nondirec-
tional response, which, in this case, increases the mosquito’s concen-
tration near the target relative to that of a visual cue (Fig. 3F, left).
Mosquitoes can sense CO, concentrations as low as 103 parts per
million (67). Numerical simulations of our experimental setup show
that the zone of detectable CO, extends to 0.5 m from the source
(fig. S8), which aligns with our observation of increased mosquito
density within 0.3 m of the target.

To model mosquito response to sensory cues, we decompose the
behavioral force

f=fV+/f (I-W)-d (3)
into two components depicted in Fig. 3B: a longitudinal force falong
the direction of flight v and a transverse force f,. The longitudinal
force f represents the mosquito’s throttle, with positive and negative
values corresponding to acceleration and deceleration, respectively,
in the mosquito’s direction of motion. The transverse force f, repre-
sents the mosquito’s turning, with negative f, indicating turning to-
ward the target and positive f, indicating turning away from it. We
expand f, and f; onto basis functions, given by tensor products of
univariate scalar functions of v, d, and ¥ - d, and apply Bayesian infer-
ence to estimate the force magnitudes.

The learned forces represent different responses to visual and CO,
cues, which we discuss in turn. In response to visual cues, the longi-
tudinal force f; shown by the stacked heatmaps in Fig. 3D (middle)
resembles a speed potential force with the preferred speed indicated
by white heatmap regions where f, = 0 and gradually decreasing as
the mosquitoes approach the target (fig. S9). The transverse force f|,
shown in Fig. 3D (right), reorients mosquitoes toward the visual tar-
get when they are far from it but directs them away when they are too
close, likely to prevent collisions and facilitate departure if no addi-
tional attractants are detected.

In contrast, in response to CO; cues (Fig. 3G and fig. S9), f is
much weaker than its counterpart for visual cues, showing widespread
white regions indicating f, ~ 0 throughout. The f; force corresponds
to a deceleration, a slowdown from 0.7 to 0.2 m/s, when the distance
to the CO, source drops below 0.4 m. This deceleration alone is suffi-
cient to explain the higher concentration of mosquito tracks near the
CO; stimuli (68). Simulations of the learned models quantitatively
match the experimental data, including the density distributions
around the stimuli (Fig. 3, E and H), bidirectional flight toward or
away from the visual cue (Fig. 5, D to E, and movie S5), and tumbling
behavior near the CO; source (Fig. 5, G to I, and movie S6). This
agreement is further corroborated by evaluating symmetric Kullback-
Leibler distances between experimental and simulated trajectory dis-
tributions, which are smaller than those between the experimental
data and their corresponding best Gaussian fits (Fig. 3, E and H, and
fig. S10; see captions for numerical values of these distances). Thus,
our framework provides a powerful tool for learning quantitative
models of mosquito behavior in response to individual cues.

Mosquitoes combine visual and CO, cues to target human

How do mosquitoes respond to combined sensory stimuli? To ex-
plore this question, we track 3D mosquito trajectories around a black
sphere releasing CO, plumes (Fig. 4A), representing combined vi-
sual and CO, cues. The densities of mosquito trajectories are more
concentrated around the spherical target compared to experiments
with either visual or CO; cues alone (Fig. 4B, left), suggesting a
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stronger attraction to the combined stimulus. The mosquitoes main-
tained a flight speed of ~0.5 m/s near the target, higher than the
speeds observed in the single-cue tests using CO, or visual cues.
Moreover, our data show a high density of trajectories with v-d
close to zero, indicating that mosquitoes were more likely to circulate
around the target (Fig. 4B, right). Individual trajectories further con-
firm the sustained orbiting behavior (Fig. 5K and movie S7). These
results suggest that the combination of visual and CO, cues activates
a distinct behavioral state that facilitates mosquito host seeking.

To better understand this behavioral state, we apply the same
Bayesian inference techniques as before to learn the £, and f, forcesin
response to the combined cues. f; shows signatures of responses to
individual cues (Fig. 4C). When the mosquitoes fly toward the target
(negative ¥ - d), f, mirrors the response to visual cues alone, repre-
senting a speed potential force with reduced speed near the target.
When mosquitoes fly away from the target (positive v - d), f; resem-
bles the response to CO; alone, showing a transition to extremely low
speeds when the distance to the target is below 0.4 m. The f, force
shows a similar pattern to that with a visual cue alone: It reorients
mosquitoes toward the target when far away while directing them
away from the target when in close proximity, but with a much stron-
ger magnitude (Fig. 4C). The number of model terms that maximize
the Bayesian information criteria (BIC) for both combined and indi-
vidual cues is consistently around 25 terms (fig. S11). While this
number depends on the choice of basis functions, it suggests compa-
rable model complexity across these conditions. Simulations of the
learned model quantitatively capture the density distributions of
mosquito tracks observed in the experiment (Fig. 4D and fig. S10)
and reproduce the orbiting behavior around the target (Fig. 5L and
movie S8).

To assess whether the response to combined cues could be under-
stood by adding up the individual stimulus responses, we perform
nonnegative linear regression, approximating the learned force of
the full response as a linear superposition f;, = o fiigua + % fco,
(Fig. 4G). We find that f ;, = 0.63f) ;a1 + 0.39) co,» consistent
with the mixed features of individual responses in f}, and f, ), =
1.63f| yiguat + 0.00f| ¢ » consistent with an amplified visual-driven re-
orientation pattern observed in f,. However, the linear superposition
of the force alone does not fully recapitulate the learned forces in re-
sponse to combined cues, with substantial deviations between the
learned and linearly reconstructed forces, particularly in regions near
the target (Fig. 4G and fig. S12). Moreover, simulations using the lin-
early combined forces fail to reproduce the experimentally observed
trajectory density around targets with combined cues. These discrep-
ancies indicate that mosquito responses to visual and CO, cues are not
additive at the level of learned behavioral forces and may involve non-
linear integration and potential interactions between different sensory
pathways (6, 11). CO, not only acts as an attractive bait for mosquitoes
but also excites and activates them to be more responsive to other
host-finding cues (16, 24).

To further test whether the learned model generalizes beyond its
training data, we predict mosquito flight behavior around a human
subject wearing all white except for a black hood, our best approxi-
mation of a “spherical human” (Fig. 4E). We approximate the human
subject as a 12-inch-diameter (0.3-m) black sphere emitting CO,,
representing combined visual and CO; cues. The learned behavioral
force is rescaled to match the size of the human head (see the Supple-
mentary Materials). As shown in Fig. 4 (F and H), model predictions
quantitatively replicate the experimental mosquito densities around
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Fig. 4. Mosquitoes combine visual and CO, cues to target human hosts. (A) Schematics of the experimental setup. Photo subject: CZ. Photographer: D.L.H., Georgia
Institute of Technology. (B to D) Mosquito response to the combined visual and CO; cues. Plots correspond to Fig. 3 (C to E). A symmetric Kullback-Leibler distance of
DZL = 0.31is computed between the distributions in (B) and (D), which is smaller than that between (B) and its best Gaussian fit (Dil_ = 0.98). (E) Left: Mosquito trajectories
around a human subject wearing a black hood and white outfit (shown in middle). Right: The human subject can be approximated by a black sphere emitting CO,. Photo
subject: CZ. Photographer: D.L.H., Georgia Institute of Technology. (F) Heatmaps of mosquito densities at varying distances d from the center of the head, flight speeds v,
and flight directions ¥ - d, for the experiment in (E). (G) The learned forces in (C) are approximated by nonnegative linear superposition, f, ;;, and f j;,, of the responses to
individual cues. Heatmaps showing the difference between the learned and linearly reconstructed forces indicate that the mosquito’s response to combined stimuli is not
a simple sum of uni-stimulus responses. (H) Heatmaps of simulated trajectories predicted by the model learned in (C). Plots correspond to (F). A symmetric Kullback-Leibler
distance ofDiL = 0.53is computed between the distributions in (F) and (H), which is smaller than that between (F) and its best Gaussian fit (DiL =0.70).

the human head, demonstrating the model’s ability to accurately de-
scribe key features of mosquito behavior in a realistic setting.

Assessing mosquito bite risk

To prevent the spread of disease, it is important to keep track of the
potential bite risk, which we measure as the distance d, at which
50% of mosquito trajectories are concentrated near an attractive tar-
get. Thus, a smaller ds value indicates a closer proximity of flying
mosquitoes. For an 8-inch (~0.2-m) spherical target, Fig. 5 (M and
N) shows the cumulative distributions of mosquitoes as a function
of distance from various targets, for both experimental data and
simulations of the learned models. The d., values are roughly 0.65 m
for no cues, 0.4 m for visual cues, 0.25 m for CO, cues, and 0.2 m for

Zuo etal., Sci. Adv. 12, eadz7063 (2026) 18 March 2026

combined visual and CO; cues. The close agreement between the
experimental and simulated data, as shown by the Kolmogorov-
Smirnov distance in Fig. 50, again highlights the accuracy of our
model in predicting mosquito behavior under various conditions.

DISCUSSION

In this study, we developed protocols and a model learning pipeline
for quantitatively characterizing mosquito responses to host-linked
cues, such as visual and CO, cues. To our knowledge, we have gener-
ated one of the largest mosquito 3D tracking datasets to date (tables S1
and S2), which enabled the identification of dynamical models for
mosquito behavior in the presence of different environmental cues.
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features of mosquito flight behavior. (0) Kolmogorov-Smirnov (KS) distances demonstrate a quantitative agreement between the experimental and simulation CDFs.

We find that a combination of visual and CO, cues attracts more mos-
quitoes than individual cues alone. Our results provide valuable in-
sights into mosquito flight patterns around human subjects. For
instance, our experiments confirm that Ae. aegypti mosquitoes show a
preference for darker colors and primarily target the head of a human
(Figs. 1C and 4E), which present both visual and CO, cues. Beyond
capturing these flight patterns, our model also provides a compact
representation of mosquito behavior by summarizing thousands of
trajectories in less than 30 parameters while filtering out both biologi-
cal and measurement noise. To make these insights accessible to a
broader audience, we have developed an interactive web application
that incorporates all the learned mosquito models (69). This applica-
tion allows users to change the type of attractive cues and the number
of mosquitoes and to visualize mosquito flight dynamics (fig. S13).
Most previous experiments on mosquito host-finding have been
conducted in wind tunnels where emitted CO, triggers mosqui-
toes to fly upwind toward the source (6, 15, 22, 24). Our study of

Zuo etal., Sci. Adv. 12, eadz7063 (2026) 18 March 2026

mosquitoes flying in a closed room is most similar to studies of mos-
quitoes flying downwind to hosts (13), a situation that has received
less attention. In such conditions, odor and CO, cues stay relatively
stationary, consistent with our observation that vision is an impor-
tant part of host-finding for Aedes mosquitoes.

While we primarily focused on understanding mosquito responses
to a single target, we have also conducted preliminary experiments to
explore how mosquitoes respond to multiple targets (figs. S14 and
§15). Developing a quantitative framework for how mosquitoes inte-
grate cues from multiple targets and make decisions will be an impor-
tant future step toward predicting mosquito behavior around typical
humans, beyond the simplified spherical human in our study (Fig. 4E).
Our study of combined sensory cues provides a first step in this direc-
tion, laying the groundwork for understanding mosquito behavior in
complex environments such as those involving human groups. Addi-
tionally, our current experimental setup focused on flight behavior.
The PEMD used here is not effective at collecting trajectories where
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mosquitoes land and blood feed. Incorporating these aspects in future
experimentation will be crucial for developing a comprehensive un-
derstanding of mosquito interactions with hosts.

Through combined experiments and data-driven modeling, we
identified the temporal dynamics of mosquito flight in response to
visual and CO, cues. One potential application of our framework is
optimizing the design of mosquito suction traps by exploiting these
temporal dynamics. Now, most suction traps rely on steady cues, such
as continuous CO, release or constant light sources, to attract mos-
quitoes (22, 70). Incorporating temporal modulation of cues, such as
presenting intermittent visual cues and CO; pulses and activating
suction at intervals, may help reduce the target rejection behavior ob-
served when mosquitoes approach the trap and detect the absence of
human-associated cues. Our framework can be used to learn genera-
tive models of mosquito flight dynamics in the presence of airflow
near suction traps. This will allow us to test and optimize temporally
modulated trap designs in silico before experimental implementation.

Last, we expect our framework to be widely applicable for quanti-
fying the behavior of other mosquito species, such as the malaria
mosquito Anopheles gambiae, as well as the behavioral changes caused
by pathogen infections in mosquitoes and other vectors (71, 72).
These future studies could guide the development of effective strate-
gies for surveillance, capture, and repellence of mosquitoes and re-
duction in mosquito-borne diseases.

MATERIALS AND METHODS
The methods are summarized here and expounded upon further in
the Supplementary Materials.

Experimental materials and methods
In this study, we conducted experiments on female Ae. aegypti mos-
quitoes that were 3 to 5 days old (postemergence). We used a 3D
infrared camera system, the PEMD to capture high-resolution in-
sect trajectories. The system uses a dual-lens camera, infrared LEDs,
and a retroreflective backdrop to capture precise trajectories at a
time step of 0.01 s (50). After obtaining the trajectory data from the
PFMD system, we filtered out trajectories within the initial 5 min of
the experiment, trajectories shorter than 1.0 s, and trajectories close
to the walls. Eliminating these trajectories mitigated effects from the
release of mosquitoes, reduced noise in the trajectory data, and re-
duced effects of mosquitoes landing on the walls of the chamber.
We conducted three types of experiments, including free flight,
human mimic, and human experiments. These experiments are con-
ducted under Georgia Institute of Technology’s Institutional Review
Board protocol H23325 ensuring adherence to ethical standards and
guidelines. To obtain informed consent, we provided volunteers with
a document listing the procedures, risks, and benefits for participat-
ing in our experiments. Consent was provided by signature. In the
free flight experiments, we released 100 mosquitoes into an empty
chamber for 20 min. The data collected from this experiment were
used to validate our framework for learning dynamical models for
mosquito flight. For the human mimic experiments, we used 4-, 8-,
12-, and 16-inch-diameter (0.10-, 0.20-, 0.30-, and 0.41-m, respec-
tively) expanded polystyrene spheres painted either black or kept
bare (white) as mimics for human targets. In all the experiments, the
sphere was elevated 5 ft (152 cm) off the ground and placed 300 cm
away from the release point of the mosquitoes. To compare mosquito
preferences between two targets, a T-joint was added to the 5 ft
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(152 cm) stand, and experiments were conducted with two 4-inch
(0.10-m) spheres, a 4- and 8-inch (0.10- and 0.20-m, respectively)
sphere, a 4- and 12-inch (0.10- and 0.30-m, respectively) sphere, and
a 4- and 16-inch (0.10- and 0.41-m, respectively) sphere. To study
the effects carbon dioxide, we released CO, from a tank with a
calibrated flow meter controlled to have a volumetric flow rate
of 0.24 liters/min matching the rate of human breathing (66). The
CO, experiments were conducted with the 8-inch (0.20-m) sphere.
The human experiment was conducted with a human target wearing
a series of outfits, including “casual clothes” (a dark sweatshirt and jeans
outfit), a half-black, half-white outfit, and a white outfit with a black
wrapping shown in Figs. 1B, 1C, and 4E, respectively.

Bayesian inference of mosquito flight dynamics
Introducing Eq. 2 into Eq. 1 and stacking all the trajectories from a
single experiment into matrix form, we obtained v = @w + &. Here,
each row corresponds to a spatial component of a mosquito trajec-
tory at a specific time point, each column of @ corresponds to a basis
element 0, in Eq. 2, and the coefficients w,, are collected in a vector
w. To perform Bayesian inference of w, we minimized the negative
log-posterior
—InP(w|data) = —InP(data| w) — InP(w) + const (4)
with respect to w given the experimental data, where P(data|w) is the
likelihood and —InP(w) is the prior probability. The negative log-
likelihood function is given by —InP(data |w) = Nln(27t) + ln |W| +
—(v Ow) W (v—Ow), where ¥ = Al is a dlagonal matrlx as-
sumlng Gaussian white noise (Eq. 1) and N is the number of rows @
contains. As described in the section “Learning dynamical models
for mosquito flight,” we used a sparsity- promotlng Gaussian prior,
leading to a negative log-prior — InP(w) = ¥ Zn T ¥,.;n(2my,,).
Combining these expressions, we obtained a posterior that follows a
Gaussian distribution P(w|data) = N (w; p, £), where the covariance
matrix X and the mean p are given by X = (G)T‘I‘_IG)T +1! ) n=
Q"W 'v,and I 'is a diagonal matrix with diagonal element T, = y,,.
To determine the values of A and v,,, we followed previous work
(40) and used the expectation maximization approach to 1tera-
tively update our estimates of y,, and A. Specifically, using y” and
A™ from the previous iteration, we updated their current estimates as

2
follows: YV = EWNN(u(n))Z(n)) [w? ] = (p_i,'?) +(Z™ Yand AC+D =
_@w|2] [IV—@H(")IZ LA® Zm(l 0 /Y("))]-

By n (uon,z) [

Supplementary Materials
The PDF file includes:
Supplementary Text

Figs.S1toS18

Tables S1and S2

Legends for movies S1 to S8

References

Other Supplementary Material for this manuscript includes the following:
Movies S1 to S8

REFERENCES
1. O.Omodior, M. C. Luetke, E. J. Nelson, Mosquito-borne infectious disease, risk-
perceptions, and personal protective behavior among US international travelers. Prev.
Med. Rep. 12,336-342 (2018).
2. J.Wang, Z. Zhu, Novel paradigm of mosquito-borne disease control based on
self-powered strategy. Front. Public Health 11, 1115000 (2023).

90of 11

9202 ‘2Z Yoe Al Uo B10°20us 105 MMM //:SdNY LWoJ) pepeojumoq



SCIENCE ADVANCES | RESEARCH ARTICLE

3.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

Zuo etal., Sci. Adv. 12, eadz7063 (2026)

C. S. McBride, F. Baier, A. B. Omondi, S. A. Spitzer, J. Lutomiah, R. Sang, R. Ignell,
L. B. Vosshall, Evolution of mosquito preference for humans linked to an odorant
receptor. Nature 515, 222-227 (2014).

. D.A.Yee, C. D.Bermond, L. J. Reyes-Torres, N. S. Fijman, N. A. Scavo, J. Nelsen, S. H. Yee,

Robust network stability of mosquitoes and human pathogens of medical importance.
Parasit. Vectors 15, 216 (2022).

. A.Hinze, S. Hill, R. Ignell, “Chapter 9: Odour-mediated host selection and discrimination in

mosquitoes,” in Sensory Ecology of Disease Vectors (Wageningen Academic Publishers,
2022), pp. 253-276.

. F.Van Breugel, J. Riffell, A. Fairhall, M. H. Dickinson, Mosquitoes use vision to associate

odor plumes with thermal targets. Curr. Biol. 25, 2123-2129 (2015).

. T.D.De, R. Dixit, “Neuro-olfactory regulation and salivary actions: A coordinated event for

successful blood-feeding behavior of mosquitoes,” in Sino-Nasal and Olfactory System
Disorders (IntechOpen, 2020), pp. 73-95.

. A.Cribellier, J. A. van Erp, A. Hiscox, M. J. Lankheet, J. L. van Leeuwen, J. Spitzen,

F.T. Muijres, Flight behaviour of malaria mosquitoes around odour-baited traps: Capture
and escape dynamics. R. Soc. Open Sci. 5, 180246 (2018).

. M.Z.Liy, L. B.Vosshall, General visual and contingent thermal cues interact to elicit

attraction in female Aedes aegypti mosquitoes. Curr. Biol. 29, 2250-2257 (2019).

. E.Warrant, M. Dacke, Vision and visual navigation in nocturnal insects. Annu. Rev.

Entomol. 56, 239-254 (2011).

. D. Alonso San Alberto, C. Rusch, Y. Zhan, A. D. Straw, C. Montell, J. A. Riffell, The olfactory

gating of visual preferences to human skin and visible spectra in mosquitoes. Nat.
Commun. 13, 555 (2022).

. M. Gillies, T. Wilkes, Field experiments with a wind tunnel on the flight speed of some

West African mosquitoes (Diptera: Culicidae). Bull. Entomol. Res. 71, 65-70 (1981).

. M. Gillies, T. Wilkes, Evidence for downwind flights by host-seeking mosquitoes. Nature

252,388-389 (1974).

. B.D.Sumner, R.T. Cardé, Primacy of human odors over visual and heat cues in inducing

landing in female Aedes aegypti mosquitoes. J. Insect Behav. 35, 31-43 (2022).

. M. F. Cooperband, R.T. Cardé, Comparison of plume structures of carbon dioxide emitted

from different mosquito traps. Med. Vet. Entomol. 20, 1-10 (2006).

. C.J.McMeniman, R. A. Corfas, B. J. Matthews, S. A. Ritchie, L. B. Vosshall, Multimodal

integration of carbon dioxide and other sensory cues drives mosquito attraction to
humans. Cell 156, 1060-1071 (2014).

. T.Dekker, M. Geier, R.T. Cardé, Carbon dioxide instantly sensitizes female yellow fever

mosquitoes to human skin odours. J. Exp. Biol. 208, 2963-2972 (2005).

. E.Barredo, J. I. Raji, M. Ramon, M. DeGennaro, J. Theobald, Carbon dioxide and

blood-feeding shift visual cue tracking during navigation in Aedes aegypti mosquitoes.
Biol. Lett. 18,20220270 (2022).

. W.J. Laursen, G. Budelli, R. Tang, E. C. Chang, R. Busby, S. Shankar, R. Gerber, C. Greppi,

R. Albuquerque, P. A. Garrity, Humidity sensors that alert mosquitoes to nearby hosts and
egg-laying sites. Neuron 111, 874-887 (2023).

V. Choumet, T. Attout, L. Chartier, H. Khun, J. Sautereau, A. Robbe-Vincent, P. Brey,

M. Huerre, O. Bain, Visualizing non infectious and infectious Anopheles gambiae blood
feedings in naive and saliva-immunized mice. PLOS ONE 7, 50464 (2012).

B. A. Amos, K. M. Staunton, S. A. Ritchie, R. T. Cardé, Attraction versus capture: Efficiency
of BG-Sentinel trap under semi-field conditions and characterizing response behaviors
for female Aedes aegypti (Diptera: Culicidae). J. Med. Entomol. 57, 884-892 (2020).

M. F. Cooperband, R.T. Cardé, Orientation of Culex mosquitoes to carbon dioxide-baited
traps: Flight manoeuvres and trapping efficiency. Med. Vet. Entomol. 20, 11-26 (2006).

E. Jatta, M. Carrasco-Tenezaca, M. Jawara, J. Bradley, S. Ceesay, U. D'Alessandro, D. Jeffries,
B.Kandeh, D. S.-H. Lee, M. Pinder, A. L. Wilson, J. Knudsen, S. W. Lindsay, Impact of
increased ventilation on indoor temperature and malaria mosquito density: An
experimental study in The Gambia. J. R. Soc. Interface 18, 20201030 (2021).

S. Majeed, S. R. Hill, T. Dekker, R. Ignell, Detection and perception of generic host volatiles
by mosquitoes: Responses to CO, constrains host-seeking behaviour. R. Soc. Open Sci. 4,
170189 (2017).

R.de Jong, B. G. Knols, “Selection of biting sites by mosquitoes,” in Ciba Foundation
Symposium 200: Olfaction in Mosquito-Host Interactions (Wiley Online Library, 2007),

pp. 89-108.

T. Dekker, W. Takken, B. G. J. Knols, E. Bouman, S. van de Laak, A. de Bever,

P.W.T. Huisman, Selection of biting sites on a human host by Anopheles gambiae ss, An.
arabiensis and An. quadriannulatus. Entomol. Exp. Appl. 87,295-300 (1998).

F. Hawkes, G. Gibson, Seeing is believing: The nocturnal malarial mosquito Anopheles
coluzzii responds to visual host-cues when odour indicates a host is nearby. Parasit.
Vectors 9,320 (2016).

M. Sinhuber, K. van der Vaart, R. Ni, J. G. Puckett, D. H. Kelley, N. T. Ouellette, Three-
dimensional time-resolved trajectories from laboratory insect swarms. Sci. Data 6,
190036 (2019).

J. Spitzen, C. W. Spoor, F. Grieco, C. ter Braak, J. Beeuwkes, S. P. van Brugge, S. Kranenbarg,
L.P.J.J. Noldus, J. L. van Leeuwen, W. Takken, A 3D analysis of flight behavior of

18 March 2026

30.

31.

32

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.
61.

Anopheles gambiae sensu stricto malaria mosquitoes in response to human odor and
heat. PLOS ONE 8, 62995 (2013).

T. Dekker, R. T. Cardé, Moment-to-moment flight manoeuvres of the female yellow fever
mosquito (Aedes aegypti L.) in response to plumes of carbon dioxide and human skin
odour. J. Exp. Biol. 214, 3480-3494 (2011).

L. E. Muir, M. J. Thorne, B. H. Kay, Aedes aegypti (Diptera: Culicidae) vision: Spectral sensitivity
and other perceptual parameters of the female eye. J. Med. Entomol. 29, 278-281 (1992).

L. E. Muir, B. H. Kay, M. J. Thorne, Aedes aegypti (Diptera: Culicidae) vision: Response to
stimuli from the optical environment. J. Med. Entomol. 29, 445-450 (1992).

F. Hawkes, J. Zeil, G. Gibson, “Chapter 19: Vision in mosquitoes, in Sensory Ecology of
Disease Vectors” (Wageningen Academic Publishers, 2022), pp. 511-533.

N.J. Mlot, C. A. Tovey, D. L. Hu, Fire ants self-assemble into waterproof rafts to survive
floods. Proc. Natl. Acad. Sci. U.S.A. 108, 7669-7673 (2011).

O. Peleg, J. M. Peters, M. K. Salcedo, L. Mahadevan, Collective mechanical adaptation of
honeybee swarms. Nat. Phys. 14, 1193-1198 (2018).

G. J. Berman, D. M. Choi, W. Bialek, J. W. Shaevitz, Mapping the stereotyped behaviour of
freely moving fruit flies. J. R. Soc. Interface 11, 20140672 (2014).

J. F. Méndez-Valderrama, Y. A. Kinkhabwala, J. Silver, I. Cohen, T. Arias, Density-functional
fluctuation theory of crowds. Nat. Commun. 9, 3538 (2018).

A. Attanasi, A. Cavagna, L. D. Castello, I. Giardina, T. S. Grigera, A. Jeli¢, S. Melillo, L. Parisi,
O. Pohl, E. Shen, M. Viale, Information transfer and behavioural inertia in starling flocks.
Nat. Phys. 10, 691-696 (2014).

K. Bozek, L. Hebert, Y. Portugal, A. S. Mikheyev, G. J. Stephens, Markerless tracking of an
entire honey bee colony. Nat. Commun. 12,1733 (2021).

M. E. Tipping, Sparse Bayesian learning and the relevance vector machine. J. Mach. Learn.
Res. 1,211-244 (2001).

D. P. Wipf, B. D. Rao, Sparse Bayesian learning for basis selection. IEEE Trans. Signal. Process.
52,2153-2164 (2004).

W. Pan, Y. Yuan, J. Gongalves, G.-B. Stan, A sparse Bayesian approach to the identification
of nonlinear state-space systems. IEEE Trans Automat Contr 61, 182-187 (2015).

Y.Yuan, X.Tang, W. Zhou, W. Pan, X. Li, H.-T. Zhang, H. Ding, J. Goncalves, Data driven
discovery of cyber physical systems. Nat. Commun. 10, 4894 (2019).

R. Fuentes, R. Nayek, P. Gardner, N. Dervilis, T. Rogers, K. Worden, E. J. Cross, Equation
discovery for nonlinear dynamical systems: A Bayesian viewpoint. Mech. Syst. Signal
Process. 154, 107528 (2021).

Y. Huang, Y. Mabrouk, G. Gompper, B. Sabass, Sparse inference and active learning of
stochastic differential equations from data. Sci. Rep. 12, 21691 (2022).

S. M. Hirsh, D. A. Barajas-Solano, J. N. Kutz, Sparsifying priors for Bayesian uncertainty
quantification in model discovery. R. Soc. Open Sci. 9, 211823 (2022).

N. M. Mangan, S. L. Brunton, J. L. Proctor, J. N. Kutz, Inferring biological networks by sparse
identification of nonlinear dynamics. IEEE Trans. Mol. Biol. Multi Scale Commun. 2, 52-63 (2016).
D. B. Bruickner, P. Ronceray, C. P. Broedersz, Inferring the dynamics of underdamped
stochastic systems. Phys. Rev. Lett. 125, 058103 (2020).

L. Wasserman, All of Statistics: A Concise Course in Statistical Inference (Springer Science &
Business Media, 2013).

M. D. Keller, B. J. Norton, D. J. Farrar, P. Rutschman, M. Marvit, A. Makagon, Optical tracking
and laser-induced mortality of insects during flight. Sci. Rep. 10, 14795 (2020).

J. M. Patt, A. Makagon, B. Norton, M. Marvit, P. Rutschman, M. Neligeorge, J. Salesin, An
optical system to detect, surveil, and kill flying insect vectors of human and crop
pathogens. Sci. Rep. 14, 8174 (2024).

E.R. Mullen, P. Rutschman, N. Pegram, J. M. Patt, J. J. Adamczyk, E. Johanson, Laser system for
identification, tracking, and control of flying insects. Opt. Express 24, 11828-11838 (2016).
J.S. Kennedy, “The visual responses of flying mosquitoes,” in Proceedings of the Zoological
Society of London (Zoological Society of London, 1940), vol. 109-4, pp. 221-242.

M. Geier, O. J. Bosch, J. Boeckh, Influence of odour plume structure on upwind flight of
mosquitoes towards hosts. J. Exp. Biol. 202, 1639-1648 (1999).

A. Cribellier, J. Spitzen, H. Fairbairn, C. van de Geer, J. L. van Leeuwen, F. T. Muijres, Lure,
retain, and catch malaria mosquitoes. How heat and humidity improve odour-baited trap
performance. Malar. J. 19, 357 (2020).

B. A. Amos, S. A. Ritchie, R. T. Cardé, Attraction versus capture l: Efficiency of the
BG-Sentinel trap under semifield conditions and characterizing response behaviors of
male Aedes aegypti (Diptera: Culicidae). J. Med. Entomol. 57, 1539-1549 (2020).

A. Hinze, J. Lantz, S. R. Hill, R. Ignell, Mosquito host seeking in 3D using a versatile
climate-controlled wind tunnel system. Front. Behav. Neurosci. 15, 643693 (2021).

A.W. A. Brown, Factors in the attractiveness of bodies for mosquitoes. Nature 167,
202-202 (1951).

A. Frishman, P. Ronceray, Learning force fields from stochastic trajectories. Phys. Rev. X 10,
021009 (2020).

P.Ronceray, Learning dynamical models from stochastic trajectories. arXiv:2406.02363 (2024).
D. B. Briickner, N. Arlt, A. Fink, P. Ronceray, J. O. Radler, C. P. Broedersz, Learning the
dynamics of cell-cell interactions in confined cell migration. Proc. Natl. Acad. Sci. U.S.A.
118,e2016602118 (2021).

100f 11

9202 ‘2Z Yoe Al Uo B10°20us 105 MMM //:SdNY LWoJ) pepeojumoq



SCIENCE ADVANCES | RESEARCH ARTICLE

62. S.L.Brunton, J. L. Proctor, J. N. Kutz, Discovering governing equations from data by
sparse identification of nonlinear dynamical systems. Proc. Natl. Acad. Sci. U.S.A. 113,
3932-3937 (2016).

63. N.M.Mangan, J. N. Kutz, S. L. Brunton, J. L. Proctor, Model selection for dynamical
systems via sparse regression and information criteria. Proc. R. Soc. A. Math. Phys. Eng. Sci.
473,20170009 (2017).

64. N.M.Mangan, T. Askham, S. L. Brunton, J. N. Kutz, J. L. Proctor, Model selection for hybrid
dynamical systems via sparse regression. Proc. R. Soc. A 475, 20180534 (2019).

65. A.A.Neath, J. E. Cavanaugh, The Bayesian information criterion: Background, derivation,
and applications. Wiley Interdiscip. Revi. Comput. Stat. 4, 199-203 (2012).

66. J.D.Pleil, M. A. G. Wallace, M. D. Davis, C. M. Matty, The physics of human breathing: Flow,
timing, volume, and pressure parameters for normal, on-demand, and ventilator
respiration. J. Breath Res. 15, 042002 (2021).

67. A.J.Grant, R.J. O'Connell, Age-related changes in female mosquito carbon dioxide
detection. J. Med. Entomol. 44, 617-623 (2007).

68. F.Farrell, J. Tailleur, D. Marenduzzo, M. C. Marchetti, Pattern formation in self-propelled
particles with density-dependent motility. Phys. Rev. Lett. 108, 248101 (2012).

69. Mosquito Simulation Portal (2025); https://github.com/f-chenyi/MosquitoProject.

70. Y.Li, X.Su, G. Zhou, H. Zhang, S. Puthiyakunnon, S. Shuai, S. Cai, J. Gu, X. Zhou, G. Yan,
X.-G. Chen, Comparative evaluation of the efficiency of the BG-Sentinel trap, CDC light
trap and Mosquito-oviposition trap for the surveillance of vector mosquitoes. Parasit.
Vectors 9, 446 (2016).

71. W.Huang, J. Rodrigues, E. Bilgo, J. R. Tormo, J. D. Challenger, C. De Cozar-Gallardo,

I. Pérez-Victoria, F. Reyes, P. Castafieda-Casado, E. J. Gnambani, D. F. de Sales Hien,

M. Konkobo, B. Urones, |. Coppens, A. Mendoza-Losana, L. Ballell, A. Diabate,

T.S. Churcher, M. Jacobs-Lorena, Delftia tsuruhatensis TC1 symbiont suppresses malaria
transmission by anopheline mosquitoes. Science 381, 533-540 (2023).

72. ).D.Rivera-Duarte, I. J. May-Concha, R. Vargas-Abasolo, M. X. Martinez-Castaneira,

M. E. Farfan-Beltran, B. Mendoza-Garfias, A. L. Flores-Villegas, A. Cordoba-Aguilar,
Rewiring the vehicle: Trypanosoma cruzi parasites alter the antennae of their triatomine
hosts. Ecol. Evol. 15, 71164 (2025).

73. C.Zuo, C. Fei, A. Cohen, S. Kim, R. Carde, J. Dunkel, D. Hu, Original data of “Predicting
mosquito flight behavior using Bayesian dynamical systems learning,” Zenodo (2025);
https://zenodo.org/records/15277051.

74. C.Zuo, C.Fei, A. E. Cohen, S.Kim, R.T. Carde, Code for “Predicting mosquito flight
behavior using Bayesian dynamical systems learning,’ Zenodo (2025); https://zenodo.
org/records/17956325.

75. A.Chandel, N. A. De Beaubien, A. Ganguly, G. T. Meyerhof, A. A. Krumholz, J. Liu,

V. L. Salgado, C. Montell, Thermal infrared directs host-seeking behaviour in Aedes aegypti
mosquitoes. Nature 633, 615-623 (2024).

76. G.Gibson, A behavioural test of the sensitivity of a nocturnal mosquito, Anopheles
gambiae, to dim white, red and infra-red light. Physiol. Entomol. 20, 224-228 (1995).

77. PFMD Key Specifications (2020); https://photonicsentry.com/uploads/PFMD_Sell_Sheet.pdf.

78. M. C. Gopfert, H. Briegel, D. Robert, Mosquito hearing: Sound-induced antennal
vibrations in male and female Aedes aegypti. J. Exp. Biol. 202, 2727-2738 (1999).

79. A.Krogh, J. Hertz, “A simple weight decay can improve generalization,”in Advances in
Neural Information Processing Systems, J. Moody, S. Hanson, R. Lippmann, Eds.
(Morgan-Kaufmann, Burlington, MA, 1991), vol. 4, pp. 950-957.

Zuo etal., Sci. Adv. 12, eadz7063 (2026) 18 March 2026

80. D.J.MacKay, A practical Bayesian framework for backpropagation networks. Neural
Comput. 4, 448-472 (1992).

81. D.J. MacKay, Bayesian interpolation. Neural Comput. 4, 415-447 (1992).

82. J.K.Ghosh, M. Delampady, T. Samanta, An Introduction to Bayesian Analysis: Theory and
Methods (Springer, 2006), vol. 725.

83. C.Rackauckas, Q. Nie, DifferentialEquations.jl - A performant and feature-rich ecosystem
for solving differential equations in julia. J. Open Res. Softw. 5, 15 (2017).

84. J. M. Joiner, A. S. Branca, M. G. Banfield, C. H. Downs, G. M. Muzio, J. H. Borden,
Three-dimensional evaluation of the responses of two species of flies (Diptera) to an
indoor light trap. J. Econ. Entomol. 117, 2591-2598 (2024).

Acknowledgments: We would like to thank E. Dotson and L. Leite of the CDC, and C. Steele from
the CDC Foundation for discussions and their work rearing and raising the mosquitoes. We would
like to thank J. Sutcliffe (Emeritus, Trent University), for discussions on mosquito behavior, operating
the photonic sentry and explaining his experimental set up. We also appreciate

A.Wang's assistance in running the experiments with Anopheles mosquitoes. The reagent was
obtained through BEI Resources, NIAID, NIH: Ae. aegypti, Strain ROCK, MRA-734, contributed by
D.W. Severson. The PFMD was donated to the CDC by Global Health Labs Inc. in Bellevue, WA.
Funding: This material was supported by the NSF Physics of Living Systems student network. This
research received support through Schmidt Sciences LLC (Polymath Award to J.D.) and the MIT
MathWorks Professorship Fund (J.D.). A.E.C. was supported by the Department of Defense through
the National Defense Science and Engineering Graduate Fellowship; C.Z. was supported by a
President’s Undergraduate Research Award provided by the Undergraduate Research
Opportunities Program at Georgia Tech. Author contributions: C.Z. contributed to
conceptualization, investigation, and methodology; curated and validated data; provided
resources; created visualizations; and contributed to writing, review, and editing. C.F. conducted the
investigation, developed the methodology, curated and validated the data, performed formal
analysis, developed software, created visualizations, and wrote the original draft and contributed to
review and editing. A.E.C. contributed to conceptualization and methodology; curated data;
performed formal analysis; developed software; created visualizations; and contributed to writing,
review, and editing. S.K. contributed to conceptualization, investigation, and methodology; curated
the data; created visualizations; and contributed to writing, review, and editing. RT.C. contributed to
conceptualization and methodology and contributed to writing, review, and editing. J.D.
contributed to conceptualization and methodology; provided resources and acquired funding;
supervised the project and handled project administration; validated results; and contributed to
writing, review, and editing. D.L.H. contributed to conceptualization and methodology; provided
resources and acquired funding; supervised the project and managed project administration;
validated results; created visualizations; and contributed to writing, review, and editing.
Competing interests: The authors declare that they have no competing interests. Data, code, and
materials availability: All data and code needed to evaluate and reproduce the results in the
paper are present in the paper and/or the Supplementary Materials. This study did not generate
any new materials. The raw data and analysis code are also made fully accessible online at https://
zenodo.org/records/15277051 (73) and https://zenodo.org/records/17956325 (74).

Submitted 13 June 2025
Accepted 9 February 2026
Published 18 March 2026
10.1126/sciadv.adz7063

110f 11

9202 ‘2Z Yoe Al Uo B10°20us 105 MMM //:SdNY LWoJ) pepeojumoq


https://github.com/f-chenyi/MosquitoProject
https://zenodo.org/records/15277051
https://zenodo.org/records/17956325
https://zenodo.org/records/17956325
https://photonicsentry.com/uploads/PFMD_Sell_Sheet.pdf
https://zenodo.org/records/15277051
https://zenodo.org/records/15277051
https://zenodo.org/records/17956325

Science Advances

Predicting mosquito flight behavior using Bayesian dynamical systems learning
Christopher Zuo, Chenyi Fei, Alexander E. Cohen, Soohwan Kim, Ring T. Cardé, Jérn Dunkel, and David L. Hu

Sci. Adv. 12 (12), eadz7063. DOI: 10.1126/sciadv.adz7063

View the article online

https://www.science.org/doi/10.1126/sciadv.adz7063
Permissions

https://lwww.science.org/help/reprints-and-permissions

Use of this article is subject to the Terms of service

Science Advances (ISSN 2375-2548) is published by the American Association for the Advancement of Science. 1200 New York Avenue
NW, Washington, DC 20005. The title Science Advances is a registered trademark of AAAS.

Copyright © 2026 The Authors, some rights reserved; exclusive licensee American Association for the Advancement of Science. No claim
to original U.S. Government Works. Distributed under a Creative Commons Attribution License 4.0 (CC BY).

9202 ‘2Z Yoe Al Uo B10°20us 105 MMM //:SdNY LWoJ) pepeojumoq


https://www.science.org/content/page/terms-service

	Predicting mosquito flight behavior using Bayesian dynamical systems learning
	INTRODUCTION
	RESULTS
	Tracking of 3D mosquito trajectories
	Learning dynamical models for mosquito flight
	Ae. aegypti exhibit two distinct modes of free flight
	Mosquitoes are attracted to visual cues and CO2 plumes through differential responses
	Mosquitoes combine visual and CO2 cues to target human
	Assessing mosquito bite risk

	DISCUSSION
	MATERIALS AND METHODS
	Experimental materials and methods
	Bayesian inference of mosquito flight dynamics

	Supplementary Materials
	The PDF file includes:
	Other Supplementary Material for this manuscript includes the following:

	REFERENCES
	Acknowledgments


