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Abstract 

In Hawaiʻi, more than two-thirds of native bird species have gone extinct since the arrival 
of humans. The invasive mosquito Culex quinquefasciatus, as a vector for introduced avian 
disease, has contributed to approximately 50% of these extinctions, with four more species 
poised to disappear in as little as 10 years. To suppress C. quinquefasciatus and disease 
transmission, conservation partners are employing the Incompatible Insect Technique (IIT) on a 
landscape scale on the islands of Maui and Kaua'i. For my Master's thesis, I developed a novel 
technique to monitor the response of native Hawaiian honeycreepers to IIT in a relatively rapid 
and repeatable design. I deployed 54 autonomous recording units (ARUs) to record the sounds of 
honeycreepers during the 2024 and 2025 breeding seasons in The Nature Conservancy’s 
Waikamoi Preserve and bordering private lands owned by Mahi Pono on Maui. I placed ARUs 
150m apart within and above the IIT treatment area (Treatment), as well as in an area to the west 
that did not receive IIT (Control), in a Control-Impact (CI) design. To process these acoustic 
data, I used the machine learning classifier Perch and a new analytical method co-developed by 
the UH Hilo Listening Observatory for Hawaiian Ecosystems (LOHE) lab and Google Research. 
Perch predicts whether species are vocalizing within acoustic data, which I used to calculate the 
proportion of detection windows containing the target species vocalizations, or call densities, 
through manual validation. I compared the maximum likelihood estimates of call densities for six 
native species within the 2024 and 2025 breeding seasons across our CI design. I also used these 
data to model the relationships between call density, forest structure, and elevation to understand 
the use of habitat across the study site. Models were fitted using generalized linear mixed models 
(GLMM) and a generalized additive modeling framework (GAM). I found increased call 
densities in 2025 across both the Control and Treatment sites (p < 0.05) for ʻapapane (Himatione 
sanguinea), Hawaiʻi ʻamakihi (Chlorodrepanis virens wilsoni), and ʻiʻiwi (Drepanis coccinea). 
ʻIʻiwi also showed a significant negative effect in the 2025*Treatment interaction term, showing 
that the increase in the Control site for ʻiʻiwi was greater than in the Treatment site (β = -0.484, p 
< 0.001). The elevation-smoothed GAMs revealed two different patterns: 'akohekohe (Palmeria 
dolei), Hawai'i 'amakihi, and 'i'iwi had curvilinear relationships with elevation, while 'apapane, 
kiwikiu (Pseudonestor xanthophrys), and Maui 'alauahio (Paroreomyza montana) had increasing 
relationships with elevation for all habitat types. I conclude that there has not been sufficient 
time to detect a change in call densities since IIT implementation, but my study design is 
sensitive enough to detect changes between years and can reveal important patterns for 
honeycreeper conservation.  
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Introduction 

 The Hawaiian archipelago is home to a large adaptive radiation of endemic finches, 

known as Hawaiian honeycreepers (Olson & James 1994; Pratt 2005). The arrival of humans to 

the islands introduced a host of non-native species, including mammalian predators and avian 

disease to which honeycreepers proved highly susceptible (Atkinson 1977; Pratt 1994; Olson & 

James 1994; van Riper & Scott 2001; Pratt 2005; Camp et al. 2011). These introductions 

contributed to the extinction of more than two-thirds of Hawaiian bird species; more than half of 

the honeycreepers remaining are listed by the U.S. Fish and Wildlife service as threatened or 

endangered, and four single-island endemics are estimated to go extinct within the decade 

(Atkinson 1977; Pratt 1994; van Riper & Scott 2001; Paxton et al. 2018; VanderWerf et al. 

2018). The main cause of the drastic declines in recent decades is avian malaria, a mosquito-

borne disease (Plasmodium relictum) vectored in Hawaiʻi by the non-native southern house 

mosquito Culex quinquefasciatus (van Riper & Scott 2001; Atkinson & LaPointe 2009; Paxton 

et al. 2016). Historically, there was little evidence that C. quinquefasciatus was present at 

elevations above 1,500 meters, creating a scenario in which the disease-sensitive honeycreeper 

species were found in the greatest densities and species richness at the highest, coolest 

elevations, with more susceptible species fading out and disappearing at the lower elevations 

(Samuel et al. 2011; Samuel et al. 2015). Increasing temperatures and changes in frequency and 

intensity of rainfall events associated with climate change in recent years have allowed 

mosquitoes to expand their range to higher and higher elevations, decreasing the amount of 

forest bird habitat with low disease risk and precipitating declines in many species as individuals 

are exposed to avian malaria (Atkinson et al. 2014; Samuel et al. 2015; Villena et al. 2024).  



2 
 

 To address the honeycreeper extinction crisis in Hawaiʻi, a multi-agency collaboration 

consisting of scientists, land managers, and private and non-governmental organizations known 

as Birds, Not Mosquitoes (BNM) are implementing the Incompatible Insect Technique (IIT) 

mosquito suppression tool. This technique takes advantage of the Wolbachia bacterium that is 

present in the reproductive cells of mosquitoes (Zheng et al. 2019). When male mosquitoes have 

a different, incompatible strain of Wolbachia than females, it limits fecundity by causing 

cytoplasmic incompatibility in the resulting egg cells, allowing only a fraction of these eggs to 

hatch (McNamara et al. 2024). Releasing incompatible males at a sufficiently high density 

relative to the wild population (overflooding) has caused mosquito population suppression in the 

genus Aedes across the world (Zheng et al. 2019; Crawford et al. 2020; Beebe et al. 2021). 

Aedes-targeted IIT has previously been used to address issues of human health, and this is the 

first time IIT is being used to target C. quinquefasciatus in the support of avian conservation. 

With the help of Debug, a mosquito manufacturing company, BNM partners began conducting 

IIT in two different sites on Maui – The Nature Conservancy’s (TNC) Waikamoi Preserve with 

adjacent private lands owned by Mahi Pono, and Haleakalā National Park’s Kīpahulu Valley, 

henceforth “Mahi” and “HALE” – since November 2023 (Judge et al. 2025). To monitor the 

effects of IIT on C. quinquefasciatus populations, Maui Forest Bird Recovery Project (MFBRP) 

is sampling adult mosquitoes and egg rafts in both Mahi and HALE. As an important objective 

of IIT as a conservation action is to increase survival and reproduction in native birds vulnerable 

to avian malaria, BNM partners put together a monitoring framework to assess the impacts of IIT 

on honeycreepers (Judge et al. 2025). Part of this plan includes monitoring bird populations in 

both treatment and control areas over time to provide an assessment of IIT efficacy (Judge et al. 

2025).  
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 Since the late 1970s, forest birds in Hawaiʻi have been surveyed in areas throughout the 

state every one to ten years following the methods of Scott et al. (1986). These surveys use 

point-transect distance sampling methods to estimate relative abundance, densities, and trends at 

points on repeated transects (Scott et al. 1986; Camp et al. 2009). Observers record every bird 

they see and hear for eight minutes, as well as the horizontal distance between the station and the 

bird (Camp et al. 2011). While there are decades of bird population data collected this way, this 

method is difficult and time consuming, and requires many repeated surveys to estimate 

population distribution, status (i.e. density), and trends. Given these challenges, the point count 

method is not likely to be able to provide the fine temporal and spatial scales needed for 

measuring IIT efficacy.  

 One method that could aid in providing data on a finer scale is passive acoustic 

monitoring (PAM). The field of bioacoustics is rapidly changing, and with the advance of new 

technology, PAM is becoming an increasingly effective tool for studying soundscapes on a 

landscape scale (Laiolo 2010; Shonfield & Bayne 2017, Sugai et al. 2019; Teixeira et al. 2024). 

By placing autonomous recording units (ARUs) in strategic locations across the habitat, 

recordings can be used for tracking species distributions, relative abundance and density, and 

occupancy (Abrahams & Geary 2020; Campos-Cerqueira & Aide 2016; Furnas & Callas 2015; 

Jahn et al. 2022; Oppel et al. 2014; Stiffler et al. 2018a; Stiffler et al. 2018b; Wood et al. 2019). 

Because these data are captured as audio files, the data can be permanently stored and used to 

answer many additional research questions. Many ARUs can be deployed across the landscape at 

the same time, recording data on a chosen schedule for weeks to months without any human 

involvement. PAM has been found to yield similar results to in-person surveys, and in some 

cases has even detected more species (Celis-Murrillo et al. 2012; Oppel et al. 2014; Furnas & 
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Callas 2015; Kalan et al. 2015). In Hawaiʻi, one study showed that PAM can yield population 

metrics comparable to the distance sampling estimated from point counts (Navine et al. 2024a). 

Because ARUs collect such a massive amount of data, however, it can be time-consuming to 

extract useful data from the recording files (Buxton et al. 2018). Many different computer 

algorithms have thus been developed to automate species identification and reduce processing 

time (Campos-Cerqueira & Aide 2016; Wood et al. 2019; Abrahams & Geary 2020; Shonfield & 

Bayne 2021; Jahn et al. 2022).  

As automated detection algorithms have advanced, machine learning classifiers have 

been developed to improve the speed and accuracy with which species are identified, and to 

reduce the amount of training data needed for such identifications (Kahl et al. 2021; Navine et al. 

2024b). This has increased the flexibility and speed with which researchers can extract indices 

from acoustic recordings, thus increasing the spatial and temporal scale of studies that can be 

conducted using PAM (Buxton et al. 2018; Kümmet et al. 2025). Automated detection 

algorithms and machine learning classifiers are often specific to study site or target species based 

on the quality and amount of data that can be collected, making it important to use the right 

classifier to achieve the highest accuracy (Waddle et al. 2009; Briggs et al. 2012; Campos-

Cerqueira & Aide 2016). One such classifier that was recently developed is the global audio 

embedding and bird classification model Perch (Denton et al. 2024). Perch requires very little 

training data to accurately classify species, and has greatly improved and accelerated our ability 

to detect rare honeycreeper species (Navine et al. 2024b). To aid in estimating populations from 

audio sources, Navine et al. (2024b) developed a method to process classifier scores and estimate 

call density, the proportion of windows containing the target species’ vocalizations. Other studies 

have used similar methods to estimate bird populations, but this is the first study to use Perch and 
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call density estimation to help assess the efficacy of a conservation action (Borker et al. 2014; 

Pérez-Granados & Traba 2021; Hutschenreiter et al. 2024).  

 Before-after-control-impact (BACI) designs are a common method used to study changes 

in populations after ecological disturbances, using both spatial and temporal scales to elucidate 

event impacts from background noise (Smith 2002; Russell et al. 2015; Battisti 2024). While it is 

not possible to take measurements before and after an ongoing event, taking measurements 

multiple times throughout the event can provide similar temporal data (Hewitt et al. 2001). From 

February through June 2024, I deployed ARUs in a Control-Impact (CI) design to measure the 

initial avian response to IIT on Maui. I used a control site to the west of the IIT treatment site in 

Mahi, and created transects along an elevational gradient in both treatment and control sites to 

monitor birds populations across species’ ranges and disease prevalence (Samuel et al. 2015; 

Judge et al. 2019; Judge et al. 2021). While I did not deploy ARUs before IIT treatments began, 

they were deployed before functional change in populations on the landscape would be possible: 

the abundance of birds at the beginning of 2024 reflects the mosquito “season” from 2023, as 

lower mosquito (and thus disease) rate leads to higher bird survivorship (Samuel et al. 2015). 

Additionally, while three months of IIT treatments may be enough to impact mosquito 

populations, it is not enough time for a new cohort of birds to begin calling, especially at the 

beginning of the breeding season (Beebe et al. 2021). After removing the ARUs during the non-

breeding season, I went back to collect recordings from the same sites February through May 

2025 to quantify if more birds were calling after one breeding season. I ran a custom classifier 

trained on Perch embeddings and samples of bird species vocalizations found on Maui to predict 

the presence of vocalizations (calls and songs) and calculated call density following Navine et al. 

(2024b). I then compared the call density maximum likelihood estimates (MLE) for each species 
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through the CI design to look at the population response to IIT. Due to low density, low 

fecundity, and high disease mortality, it may take years to see the recovery of honeycreeper 

populations; thus I expected that I would not see large changes in any species within only one 

year of mosquito suppression (Mountainspring 1987; Atkinson et al. 2001; Pratt et al. 2001; 

Vetter et al. 2012; Mounce et al. 2014; Warren et al. 2019; Judge et al. 2025). As recommended 

by the BNM bird monitoring framework, this study fills current research gaps through the 

development of a technique that is robust enough to detect changes in each species over space 

and time and could allow managers to respond quickly if needed (Judge et al. 2025). Thus, while 

I do not anticipate seeing these changes, I do predict that my methods will be robust enough to 

detect changes over relatively short time periods of one or two bird generations.  

 

Predictions for Target Species  

 I targeted all six remaining Hawaiian honeycreeper species on Maui to estimate each 

species’ response to IIT: the ʻākohekohe (Palmeria dolei), ʻapapane (Himatione sanguinea), the 

Maui subspecies of Hawaiʻi ʻamakihi (Chlorodrepanis virens wilsoni), ʻiʻiwi (Drepanis 

coccinea), Maui Parrotbill (hereafter, kiwikiu; Pseudonestor xanthrophrys), and Maui ʻalauahio 

(Paroreomyza montana). The ʻākohekohe, kiwikiu, and Maui ʻalauahio are all endemic to the 

islands of Maui, Molokaʻi, and Lānai, but are currently only found on Haleakalā Volcano, which 

makes up the eastern portion of Maui (Judge et al. 2021). While there are species of ‘amakihi on 

each of the main Hawaiian islands, the Hawaiʻi ʻamakihi is found only on Maui and the Island of 

Hawaiʻi, with a separate subspecies on each island  (Judge et al. 2021). The ʻiʻiwi (Drepanis 

coccinea) was once found on all major Hawaiian islands, but is now only found on Maui, 

Hawaiʻi Island, and is rapidly decreasing on Kauaʻi (Paxton et al. 2013; Judge et al. 2019; Hunt 
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et al. 2025a; Smith et al. 2025). The ʻapapane is the most widespread, and still remains on six of 

the major islands (Judge et al. 2019; Hunt et al. 2025ab; Smith et al. 2025).  

The ʻākohekohe and kiwikiu are both federally listed as endangered, with estimates of 

1,768 (95% CI: 1,193–2,411) ʻākohekohe and 157 (95% CI: 44–312) kiwikiu individuals 

remaining in 2017 (USFWS 1967; Judge et al. 2019). Both species have seen elevational range 

contractions of >40% in the last few decades, and are now mainly seen above 1600 m (Judge et 

al. 2021). These range contractions mirroring mosquito expansion and the rate of decline indicate 

that both species are more susceptible to avian malaria than most honeycreepers (Warren et al. 

2019; Judge et al. 2021; Warren et al. 2021; Judge et al. 2025). In ‘ākohekohe, no positive 

malaria cases have been detected, likely owing to the fact that individuals die before they can be 

tested (Judge et al. 2025). Mortality in kiwikiu due to avian malaria has been demonstrated 

numerous times, both in captive breeding programs and in the wild (Warren et al. 2021). While 

the reported nesting success rate for ‘ākohekohe is relatively high for honeycreepers, at 68%, 

their susceptibility to avian malaria and restricted range indicate that it could take 5–10 years 

before they exhibit a population increase due to IIT (Pratt et al. 2001; Judge et al. 2025). Kiwikiu 

have relatively low fecundity, large home ranges, and naturally low densities, we anticipate that 

it may be 10 years before we see an increase due to IIT (Warren et al. 2015).  

While the Maui ‘alauahio is not federally listed as endangered, recent abundance 

estimates indicate major declines in recent years, with an average of 130,003 (95% CI: 126,019–

133,766) in 2005 decreasing to an average of 99,060 (95% CI: 88,502–106,954) in 2017 (Judge 

et al. 2019; Judge et al. 2021). The ʻalauahio elevational range also has seen contractions, with 

the majority of birds found above 1500m and individuals regularly seen down to 1300m in some 

areas (Judge et al. 2021, Smith pers. obs.).  Maui ‘alauahio are also significantly more 
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susceptible to avian malaria, with three out of four adults succumbing to infection when 

challenged (Atkinson et al. 2001; Atkinson & LaPointe 2009). They have small home ranges, 

and live in cooperative family groups of up to five individuals composed of a mated pair and 

offspring of multiple ages (Baker & Baker 2000; Vetter el al. 2012; Warren et al. 2015). Their 

density and high fecundity indicate that they may respond to mosquito suppression relatively 

quickly, within a few years (Vetter et al. 2012). 

The ʻiʻiwi is federally listed as threatened, and it is estimated that 50,252 (95% CI: 

43,908–57,146) individuals remain on Haleakalā (USFWS 2017; Judge et al. 2019). It is also 

highly susceptible to avian malaria, with 90–100% mortality in infected juveniles (Atkinson et 

al. 1995). Its range extends elevationally throughout both the Control and Treatment Sites, but 

ends around 1100m on Maui (Paxton et al. 2013; Judge et al. 2019). ʻIʻiwi are highly mobile and 

on Hawaiʻi Island are known to undertake seasonal migrations in search of ʻōhiʻa nectar, causing 

them to descend into elevations with higher mosquito density, and potentially put them at higher 

risk of malaria transmission (Ralph & Fancy 1995). Because the current mosquito suppression is 

designed to protect the majority of their elevational range, I may see a stabilization of the 

population followed by an increase in numbers within a few years of repeated IIT releases (Judge 

et al. 2025).  

Both ʻapapane and Hawaiʻi ʻamakihi are numerous enough that they are not federally 

listed, with ʻapapane being the most abundant honeycreeper across the archipelago. Both species 

are regularly found below 1000m up to 2100m (Ralph & Fancy 1995; Judge et al. 2019). On 

Haleakalā, ʻapapane was estimated at 228,480 (95% CI: 192,880–271,500) individuals and 

Hawaiʻi ʻamakihi at 77,776 (95% CI: 71,004–84,995) individuals in 2017 (Judge et al. 2019). 

ʻApapane are less susceptible to malaria than other honeycreepers, with an estimated 50% 
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mortality in juveniles and only 25% mortality in infected adults (Atkinson & Samuel, 2010). A 

release from malaria pressure on juvenile ʻapapane combined with low mortality in adults should 

allow ʻapapane populations in the IIT treatment area to increase relatively quickly, perhaps 

within a couple years. While Hawaiʻi ʻamakihi has shown significant declines across its range, it 

has also been shown to have some resistance to avian malaria on Hawaiʻi Island, which may 

cause the recovery of the treatment area’s ʻamakihi to take longer than ʻiʻiwi and ʻalauahio 

(Foster et al. 2007; Atkinson et al. 2013; Judge et al. 2019; Smith et al. 2025).  

 

Materials and Methods 

Study Site 

My study was conducted on the northwest slope of Haleakalā in The Nature 

Conservancy’s Waikamoi Preserve and the bordering private land owned by Mahi Pono. From 

November 2023 through the time period measured in this study, incompatible IIT male 

mosquitoes were released in a 677-ha treatment area, from roughly 1000–1500 m asl (Figure 1). 

I anticipated the IIT treatment would also protect forest directly uphill by preventing 

reproduction and spread of mosquitoes into cooler habitats, so I also consider those upland areas 

to be part of the Treatment Site. The Control Site is immediately adjacent to and west of the 

treatment area, with a 1-km buffer between the two. The Treatment Site is composed of a strip of 

non-native pine and eucalyptus forest at elevations above 1800m, ʻōhiʻa lehua (ʻōhiʻa; 

Metrosideros polymorpha)-dominated montane wet forest from 1400–1800m, and a largely 

stunted recovering ʻōhiʻa-dieback forest from 1000-1400m (Price et al. 2012, Judge et al. 2019; 

Medeiros & von Allmen 2024). The Mahi Control Site is comprised of old growth koa (Acacia 

koa) and ʻōhiʻa transitional forest with a restored native understory on the western side to ‘ōhiʻa-
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dominated wet forest with a largely Himalayan ginger (Hedychium gardnerianum) understory on 

the eastern side (Judge et al. 2019).  

 

Sampling Design 

 In choosing my transects, I aimed to cover an elevational distribution that includes the 

elevational span occupied by multiple species. The Treatment transect ranged from 1143–1908 

m in elevation (Figure 1). This transect included the entirety of the elevational span of the 

ʻākohekohe, kiwikiu, and Maui ʻalauahio ranges, and approached the lower elevational edge of 

the ʻiʻiwi range (based on point count data). Part of this transect is a point count transect that has 

been repeatedly monitored every 5 years beginning in 1980, providing data that has contributed 

substantial historical knowledge of Waikamoi’s forest bird populations (Transect 3 in Judge et al. 

2019). Unlike the Treatment Site, the Control Site does not contain a single established trail that 

spans similar elevations. Following existing trails, I established two transects in the Mahi 

Control Site, with one extending from 1365–1597m, and the other from 1170–1505m (Figure 1). 

The entirety of these transects is below typical ‘ākohekohe and kiwikiu ranges (1600–1980), so I 

did not anticipate collecting data on these two species in the Control Site. 

To collect bioacoustic data, I used the song meter (SM) Micro model (version 1) made by 

Wildlife Acoustics, Inc. The SM Micros are palm-sized, lightweight, and relatively inexpensive, 

making them a good choice for projects in which many ARUs are needed. I deployed 29 song 

meters on the single Treatment transect and 25 song meters over the two Control transects for a 

total of 54 song meters deployed over the landscape (Figure 1). Mirroring the point count survey 

protocols, song meters were deployed on trees 150m apart, at a height of approximately 1.5m 

(Camp et al. 2011; Shonfield & Bayne 2017). This spacing ensured that individual birds will 
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only be heard on a single song meter on any given recording. To give extra wind and water 

resistance, vinyl rain gutters were cut to approximately 23cm in length and fastened upside down 

to the tree above the song meter to create a small roof. Song meters were fastened to the tree 

using L-brackets holding the unit horizontally with the back of the unit facing the ground and the 

microphone facing away from the tree to avoid sound distortion. All pieces of equipment were 

fastened using zip-ties to avoid damage to the tree. The same trees were used between seasons to 

ensure consistency.  

 All song meters were set to the same schedule, roughly following the point count 

protocols laid out in Camp et al. (2011). I programmed the ARUs to turn on 30 minutes after 

sunrise and record for 8 minutes on, 10 minutes off repeated until 11:00 hours, when the rate of 

forest bird activity declines (Camp et al. 2011). This schedule collected an average of 12–14 files 

per day per song meter. Song meters were deployed in February or March and retrieved in May 

or June in both 2024 and 2025, following the typical breeding season for Maui’s honeycreepers 

from January to June (Baker & Baker 2020; Berlin & Vangelder 2020; Fancy & Ralph 2020; 

Lindsey et al. 2020; Simon et al. 2020; Fancy et al. 2024). Batteries and SD cards were refreshed 

every 6–8 weeks to ensure continuous recording. Song meters were removed from the field, 

cleaned, and then redeployed between years to reduce the chance for damage to the electronics. I 

thus had minimal loss of recordings, with two song meters failing to record, and two SD cards 

that did not record due to moisture, all in 2024.  

In addition to the bioacoustics recordings, vegetation data was collected for each song 

meter station to use as a covariate in subsequent models, as outlined by Camp et al. (2011). 

Forest canopy cover was recorded as closed (>50% of canopy branches interlocking) or open 

(<50% of canopy branches interlocking). The dominant tree species was also recorded, as tree 
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species can greatly impact the forest bird community composition (Pratt et al. 2001; Judge et al. 

2019). Based on these vegetation surveys, song meters were placed in four different canopy 

vegetation categories: closed pine, closed ‘ōhiʻa, open ʻōhiʻa, closed koa, and open koa. When 

clustered into groups of two and three, there was only one cluster in closed pine, one cluster in 

open koa, five in closed koa, nine in closed ʻōhiʻa, and nine in open ʻōhiʻa.   

 

Bioacoustic and Statistical Analyses 

The recordings were embedded using Perch model version 8, and files were split into 

five-second audio samples with each sample being assigned a confidence score reflecting the 

model’s certainty of the presence of a target vocalization for each species. To aid in analysis, 

data from song meter stations were clustered by two or three according to habitat strata and 

length of transect (Figure 2).  The 25 Control song meters were pooled into 11 clusters, and the 

29 Treatment song meters into 14 clusters. This made for 25 clusters analyzed each year, for a 

total of 50 clusters. For each year, the confidence scores for each cluster and species were 

grouped logarithmically into four bins, and 50 samples from each bin were randomly chosen for 

validations with each sample marked as a detection or nondetection (200 total samples reviewed 

per cluster per species per year). I then mapped a beta distribution of the probability of a positive 

sample within each bin, and bootstrapped sampled 10,000 times from these distributions to 

obtain a distribution of call density estimates, from which I calculated the Maximum Likelihood 

Estimate (MLE) and 95% confidence intervals. From the validated 200 samples I also calculated 

the Receiver Operating Characteristic Area Under the Curve (ROC-AUC), a measure of 

classifier accuracy, for each species, cluster, and year. The call density values were used as a 

response variable to fit generalized linear mixed models (GLMM) using the glmmTMB (1.1.13; 
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Brooks et al. 2025) package in R 4.5.1 (R Core Team 2025), with IIT treatment, year, elevation, 

and habitat vegetation included as fixed predictor variables and cluster included as a random 

effect. I constructed individual GLMMs for each species, as the species vary significantly in 

abundance and distribution across the landscape, and their response distributions and model 

families thus varied as well; as call density is a positive value between 0 and 1, it is reasonably 

modeled using negative binomial, beta, gamma, and Tweedie distributions. ʻĀkohekohe and 

kiwikiu were only found in closed ʻōhiʻa forest, so vegetation was dropped from all models for 

these two species (Judge et al. 2019).  The most parsimonious models were selected using 

residual plots, Akaike’s Information Criterion (AIC, Burnham & Anderson, 2002), and the 

lowest collinearity possible. This analysis produces three terms: effects of site, effects of year, 

and an interaction term that indicates whether changes between years impacted each site 

differently. This interaction term is the main result used to measure the effects of IIT on the call 

densities of each species, although the first two terms are briefly discussed below as well. I then 

used the emmeans (2.0.1; Lenth et al. 2025) package to calculate the effects sizes and average 

change in call density between years for each site.  

To further elucidate the relationship between MLE call density, elevation, and habitat 

vegetation without IIT treatment, I fit generalized additive models (GAM) using the mgcv (1.9.3; 

Wood 2025) package. As with the GLMMs, I fit separate models for each species using 

restricted maximum likelihood (REML), and again testing different distribution families and 

links to find the best fit. For each GAM, I used elevation as a smoothing parameter, and tested it 

as a factor-by smooth by habitat to allow a separate smooth for each habitat in cases where I had 

sufficient sample size. I also used habitat as a parametric term, and tested model fit with year as a 

random effect. I chose the best-fit model by checking convergence, residual plots, and 
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concurvity. Because habitat and elevation have a strong ecological relationship, I accepted more 

concurvity than is typically recommended, as including habitat often revealed more detailed 

patterns between call density and elevation despite high concurvity. I then predicted curves for 

each GAM, showing each habitat only in the elevations in which it occurred. I did not predict 

curves for closed pine and open koa, as they only had one song meter cluster each. Supplemental 

materials showing model selection process available upon request. 

 

Results 

Call Densities 

 Over the two breeding seasons, I collected a total of 150,576 eight-minute acoustic 

recordings, with 34,948 and 43,047 from the Control and Treatment Sites, respectively, in 2024, 

and 32,995 and 39,586 from the Control and Treatment Sites, respectively, in 2025. I performed 

a total of 60,000 validations across six species and 50 song meter clusters (25/year). ROC-AUC 

scores varied per species, but were generally similar between years for each species; Perch was 

an average of 81% accurate in classifying audio samples to species (Figure 3). The full range of 

scores went from 0.45 in Maui ʻalauahio to 1.0 in ʻākohekohe, kiwikiu, and Maui ʻalauahio.  No 

‘ākohekohe or kiwikiu were detected in the Control Site, either in the field or by validation, and 

Maui ‘alauahio was only detected on four clusters of Control song meters. Average call densities 

for each species, site, and year are displayed in Figure 4, and cluster-level call densities are 

displayed according to elevation in Figure 5. For all species except Hawaiʻi ‘amakihi, the 

Treatment Site had significantly higher call densities than the Control Site (p < 0.05; Figure 4). 

‘Apapane, Hawaiʻi ‘amakihi in the Treatment Site, and ‘iʻiwi in the Control Site had 
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significantly higher call densities in 2025 than in 2024 (p < 0.05), while all other species and 

sites experienced no significant change in call densities between years ( p ³ 0.05; Figure 4).  

     

Control-Impact Analysis 

As anticipated, response distributions varied between species, but best-fit models used 

only two different families between the six species: the beta distribution with a logit link fit 

ʻapapane, Hawaiʻi ʻamakihi, and zero-inflated beta distribution fit ʻiʻiwi the best, while the 

Tweedie distribution with a log link fit ʻākohekohe, kiwikiu, and Maui ʻalauahio the best (Table 

1). Because ʻākohekohe and kiwkiu were not detected in the Control Site, the site variable was 

dropped from their models to allow for better convergence. Formulas for the best-fit models for 

each species are displayed in Table 1, and model results are shown in Table 2. The best-fit model 

for Maui ʻalauahio had high correlation between year and site, likely because call densities were 

so low in the Control Site. Effect sizes and rates of increase are displayed in Figure 6.  

ʻIʻiwi was the only species for which the interaction term was significant (p = 0.01): it 

showed a significantly higher increase in call density (85%) in the Control Site in 2025, while 

the Treatment Site did not increase significantly (Table 2, Figure 6). The interaction term was 

not significant for all other species (Table 2, Figure 6). For ʻapapane, both Control and 

Treatment Sites increased significantly at about the same rate (Control +33%, Treatment +17%, 

Year*Site p = 0.99; Table 2, Figure 6).  While Hawaiʻi ʻamakihi had a marginal increase in the 

Control Site (p = 0.05) and a significant increase in the Treatment Site (p < 0.05), the rate of 

increase was not different enough for the interaction to be significant (Year*Site p = 0.23; Table 

2, Figure 6). No other species showed increases between 2024 and 2025.  
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Call Density vs. Elevation 

Best-fit GAMs fit three different distribution families best: ʻākohekohe, ʻiʻiwi, kiwikiu, 

and Maui ʻalauahio fit the Tweedie distribution with a log link; ʻapapane fit beta distribution 

with a logit link; and Hawaiʻi ʻamakihi fit gamma distribution with a log link (Table 3). The 

GAM for ʻapapane was the only model for which elevation as a smooth by habitat converged 

cleanly (Table 3, Figures 7–12). Because ʻākohekohe and kiwikiu were only detected in closed 

ʻōhiʻa habitat, I did not include habitat as an effect for them (Table 3, Figures 7 & 11). Models 

for ʻapapane and Hawaiʻi ʻamakihi were the only GAMs that converged cleanly with year as a 

random effect, likely because those were the only two species with a large enough call densities 

(Table 3). Call densities overall had strong relationships between habitat and elevation, with call 

densities for ʻākohekohe, ʻiʻiwi, and kiwikiu showing a unimodal response to elevation with 

peaks between 1700–1800m; ʻapapane and Maui ʻalauahio showing a more linear response to 

elevation; and Hawaiʻi ʻamakihi showing uni- to bimodal response, with peaks in closed ʻōhiʻa at 

1350m and 1850m (Figures 7–12). ʻŌhiʻa habitats had higher call densities than koa habitats for 

ʻapapane, ʻiʻiwi, and Maui ʻalauahio (Figures 8, 10, 12). For ʻapapane, closed koa had the lowest 

call density, and is the only curve to show a negative relationship between call density and 

elevation (Figure 8). Hawaiʻi ʻamakihi showed the highest call densities in closed koa (Figure 9), 

and Maui ʻalauahio showed the highest call densities in open ʻōhiʻa where it occurred (Figure 

12).  

 

Discussion 

In this study, I used a Control-Impact design paired with a new machine-learning 

bioacoustic classifier (Perch) and a new occupancy indicator (call density) to evaluate the effects 
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of Incompatible Insect Technique mosquito suppression on native honeycreepers on Maui. I 

found that Perch was fairly accurate in classifying six honeycreeper species, with an average of 

81%. ROC-AUC scores were highest for ʻākohekohe and kiwikiu, likely because there were so 

few detections of those species. Scores were lowest on average for ʻiʻiwi and reached the lowest 

points for Maui ʻalauahio likely because these two species have vocalizations that sound like 

other species; ʻiʻiwi mimic many other birds, native and non-native, and the most common Maui 

ʻalauahio vocalization is a chip that is difficult to distinguish from the non-native Red-billed 

Leiothrix (Leiothrix lutea) and Japanese Bush Warbler (Horornis diphone). These ROC-AUC 

scores were very similar to those reported in Navine et al. (2024a), leading me to conclude that 

Perch’s classification (and thus my calculated call densities) are rigorous enough to use for 

evaluation of population fluctuations. Having established this, I did not see an effect of IIT on 

the forest bird community in the Waikamoi region of Maui, supporting my original predictions. 

The only species that showed a significant difference in the rate of increase of call density 

between site and year was ʻiʻiwi, who demonstrated opposite results: there was an increased rate 

of call densities in the Control Site in 2025 compared to the Treatment Site, a result that is not 

due to IIT implementation. While no species had an increased call density due to IIT, I did find 

that the baseline call density was significantly higher in the Treatment Site for five of the six 

species, and that call densities increased significantly between 2024 and 2025 for ‘apapane, 

Hawaiʻi ʻamakihi in the Treatment Site, and ʻiʻiwi in the Control Site. Being able to measure 

such changes over the course of only two breeding seasons is an improvement over the data-

hungry point-count technique, and gives managers a more rapid tool to monitor bird populations 

quickly. These results also indicate that the bird populations likely have not had enough time to 

respond to the release of disease from mosquito suppression, so continued monitoring is needed.  
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The increases from 2024 to 2025 for ʻapapane, Hawaiʻi ʻamakihi, and ʻiʻiwi indicate an 

increase in favorable conditions over the course of the study (especially in the Control Site for 

ʻiʻiwi) allowing for increased recruitment of offspring produced in 2024 and increased survival 

in adults in 2024 surviving to 2025. Multiple conditions could have contributed to this pattern. 

Of the three species that demonstrated an increase, ʻiʻiwi are the most specialized, causing them 

to be more sensitive to flower phenology and have higher susceptibility to disease (Ralph & 

Fancy 1995; Atkinson et al. 1995; Pratt 2005). The Control Site had overall lower quality habitat 

for ʻiʻiwi, with a higher concentration of koa-dominant forest and more invasive understory. A 

marginal habitat with less foraging diversity is more subject to bigger swings in population than 

a high quality habitat, especially over smaller seasonal changes (Kawecki 2008). Small seasonal 

changes in 2025, such as those that could increase native flower density, could thus have allowed 

the Control Site to have a higher fluctuation of ʻiʻiwi vocalizations, due to increased survivorship 

or increased migration from other areas. 

A second condition that could add to increased bird call density over time is that of the 

mosquito population. C. quinquefasciatus in Hawaiʻi shows high fluctuations in abundance and 

density in response to climatic (i.e. wind, temperature, precipitation, etc.) and geographic 

(elevation, anthropogenic disturbance) factors (McClure et al. 2018; Villena et al. 2024).  The 

Control Site is both lower in average elevation than the Treatment Site, and closer to 

anthropogenic features that could be providing habitat for mosquito reproduction; increased 

anthropization is known to increase mosquito populations such as C. quinquefasciatus (Perrin et 

al. 2022). In addition, the eastern Control Site transect is entirely outside the pig (Sus scrofa)-

exclusion fence that surrounds the majority of the field site. Feral pigs also contribute to higher 

densities of C. quinquefasciatus through the creation of larval habitat in wallows and altered 
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vegetation (LaPointe 2006). The Treatment transect, in contrast, is further away from 

anthropogenic that could serve as mosquito production sites, and is largely managed for feral 

ungulates by TNC. Only the lower 9 song meters (four clusters) are along the pig exclusion 

fence. The Control Site, with higher potential for breeding habitat, could thus be more heavily 

influenced by seasonal factors limiting mosquitoes (Ahumada et al. 2004).  Because ʻiʻiwi are 

more susceptible to avian malaria, a negative change in mosquito density (and disease 

transmission) could have contributed to the increase of ʻiʻiwi in the Control Site compared to the 

Treatment Site. A portion of song meters (n = 17) were placed alongside mosquito traps operated 

by Maui Forest Bird Recovery Project, allowing for future comparison of mosquito captures to 

call density to examine this relationship further. 

When modeling the relationship between call density and average elevation, two main 

patterns emerged: a more linear relationship for ʻapapane and Maui ʻalauahio, and a bell-shaped 

curve in the other four species . In the first, ʻapapane and Maui ʻalauahio exhibited increases in 

call density with increasing elevation for all vegetation types, with the peak occurring at the 

highest elevation in which the habitat is observed (except for ʻapapane in closed koa). This 

indicates that call density could continue to increase should the habitat exist higher. The lowest 

call densities largely occur at lower elevations for all species and habitats, a pattern demonstrated 

previously: honeycreeper populations are limited at lower elevations, even when suitable habitat 

is available (Samuel et al. 2015). The most interesting pattern, however, is the negative 

relationship between ʻapapane call density and elevation in closed koa, wherein the lowest call 

densities occurred at the highest elevations. Part of the higher elevation closed koa forest runs 

into a dense stand of eucalyptus trees, while the lower closed koa gradually turns into closed 

ʻōhiʻa around the point where the two lines cross (~1300m). As ʻapapane prefer ʻōhiʻa trees, this 
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could explain the increase in call density closer to the lower ʻōhiʻa forest (Ralph & Fancy 1995). 

Maui ʻalauahio were detected in four of the five vegetation types observed in this study. While 

this is consistent with our knowledge of their life history, few studies have looked at the densities 

of Maui ʻalauahio across different vegetation types (Warren et al. 2015; Baker & Baker 2020). 

Predicted patterns in my model indicate that Maui ʻalauahio may be more dense in open ʻōhiʻa 

vegetation than in closed vegetation, but a higher sample size is needed to confirm this pattern. 

The second pattern the GAMs highlighted is a bell-shaped relationship between call 

density and elevation for ʻākohekohe, Hawaiʻi ʻamakihi, ʻiʻiwi, and kiwikiu. Each of these 

species exhibit a call density peak at specific elevations in each habitat. In ʻākohekohe,ʻiʻiwi, and 

kiwikiu this peak occurs around 1750m, while in Hawaiʻi ʻamakihi it occurs much lower at 

1350m. These peaks indicate density limitations not only at the lower limits, but also the upper 

limits of their range. ʻĀkohekohe and ʻiʻiwi are nectar specialists, and may have been limited by 

floral availability at the time of my study and at higher, colder elevations (Ralph & Fancy 1995; 

Berlin et al. 2001). Gallerani et al. (2024) found that ʻākohekohe are more likely to be found in 

forests with a taller canopy, and as ʻōhiʻa gets shorter at higher elevations, this structural 

difference may also contribute to the pattern. Kiwikiu, in contrast, are insectivores. The insects 

they rely on in turn depend on plants, so they may have similar vegetation constraints (Warren et 

al. 2019). My ʻākohekohe and kiwikiu sample sizes were small, however, so placing more song 

meters in other sections of the forests in their range would aid in confirming this. The predicted 

pattern for Hawaiʻi ʻamakihi follows our understanding of their life history, as they are found to 

have higher densities in mesic, koa-dominant forests (Scott et al. 1986). The trough in mid-

elevation closed ʻōhiʻa forest is more unique, however, but more information is needed to 

determine the cause. 
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My study was the first to combine PAM, BACI/CI, and call density estimation to answer 

urgent conservation needs. It was also one of the only studies to estimate density peaks by 

elevation (and by proxy, rainfall) and vegetation structure (but see Bak et al. 2025), and 

understanding these relationships is crucial to the conservation of honeycreeper species. While I 

did not detect an effect of IIT on bird populations over 2024 and 2025, my technique was able to 

detect patterns in call density over time, elevation, and vegetation type, making it ideal for low 

cost, large data, long-term monitoring. For more abundant species such as ʻapapane, Hawaiʻi 

ʻamakihi, and ʻiʻiwi, my design yielded a large enough sample size to fit robust models over a 

short time span, especially for year, treatment type, and elevation. For the more rare ʻākohekohe, 

kiwkiu, and even Maui ʻalauahio, however, I was still limited by sample size. My sample size 

was larger than average point counts typically yield, but it was still not quite high enough to 

yield the same kind of details as I could for ʻapapane. There still exists the trade-off between 

collecting more data and time to process it; to save processing time, I decreased my sample size 

by clustering song meter stations instead of analyzing them each independently. In theory, this 

should not impact call density estimation, although it does decrease detection points and for rare 

species can select more false positives than true positives in the validation process. For example, 

I detected kiwikiu in the field next to a recording song meter, but when I validated that cluster 

the positive kiwikiu detection was not selected among the 200 audio samples. I could solve this 

problem by increasing the number of validations performed to have more true positives returned, 

but this would likely only be the difference between not detecting a species and detecting it with 

such low call densities that models may not converge. Placing a more dense grid of song meters 

in areas with rare species and collecting more recordings per song meter may be the best option 

to increase sample size. As ARUs continue to improve battery life and cost, this is becoming 
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more and more viable, though still time-consuming to analyze. The technique developed in this 

study may be best for presence-absence detections for rare species, but new call density 

validation techniques could improve the data/time trade-off.  

Another important limitation for long-term, large-scale acoustic monitoring projects is 

that of data storage: this study collected seven terabytes of data over two years. Projects 

considering acoustic monitoring of this size or larger should plan for long-term large-data 

storage, to allow collected recordings to be analyzed over multiple years and and to answer 

multiple questions. While call density is not a direct measurement of true density, by maintaining 

high-quality copies of the audio files, future projects could compare call density to abundances 

and densities from point-counts on Maui, after the fashion of Navine et al. (2024a). By 

continuing to advance techniques to estimate populations using bioacoustics, land managers are 

given more flexibility and power to react to conservation challenges and adjust management 

strategies in real time, increasing the effectiveness of landscape-scale strategies such as IIT. With 

continued monitoring and updated analyses, this call density Control-Impact technique has the 

ability to detect changes over a relatively short time-scale, allowing managers to listen to the 

hope of the honeycreepers to come.   
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Appendix A: Figures 

 

Figure 1. Map of the Incompatible Insect Technique (IIT) treatment and control sites in The 
Nature Conservancy’s Waikamoi Preserve and adjacent private lands owned by Mahi Pono, 
Maui. The current known ranges of kiwikiu, ʻiʻiwi, and Maui ʻalauahio are shown for the 
Waikamoi region. The ʻākohekohe range largely matches the kiwikiu range. The IIT treatment 
area is outlined in purple, while the blue shaded area demonstrates the potential protected areas. 
ARU (autonomous recording unit) stations are shown in blue; 29 Song meter Micros (Wildlife 
Acoustics) were deployed in the treatment area and 25 were deployed in a control area to the 
West from February to June in both 2024 and 2025. Basemap from World Geodetic System 1984 
(WGS84) zone 4; coastline from U.S. Geological Survey’s National Map (USGS, U.S. 
Geological Survey 2020; Judge et al. 2025). 
 

ARU station 
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Figure 2. Map of the Incompatible Insect Technique (IIT) treatment and control sites in The 
Nature Conservancy’s Waikamoi Preserve and adjacent private lands owned by Mahi Pono, 
Maui. The current known ranges of kiwikiu, ʻiʻiwi, and Maui ʻalauahio are shown for the 
Waikamoi region. The ʻākohekohe range largely matches the kiwikiu range. The IIT treatment 
area is outlined in purple, while the blue shaded area demonstrates the potential protected areas. 
ARU (autonomous recording unit) station clusters are shown in blue: smaller circles represent a 
cluster of two stations, while the larger blue circles represent a cluster of three. A total of 14 
Song meter Micro (Wildlife Acoustics) clusters were analyzed in the treatment area and 11 
clusters were analyzed in the control area to the West. Basemap from World Geodetic System 
1984 (WGS84) zone 4; coastline from U.S. Geological Survey’s National Map (USGS, U.S. 
Geological Survey 2020; Judge et al. 2025). 

ARU station cluster 
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Figure 3. Violin plots of Receiver Operating Characteristic Area Under the Curve (ROC-AUC) 
scores, a calculation of Perch’s accuracy in classifying each of the six species of honeycreeper on 
Maui: ʻākohekohe (Palmeria dolei), ʻapapane (Himatione sanguinea), Hawaiʻi ʻamakihi 
(Chlorodrepanis virens wilsoni), ʻiʻiwi (Drepanis coccinea), kiwikiu (Maui Parrotbill; 
Pseudonestor xanthrophrys), and Maui ʻalauahio (Paroreomyza montana). These species were 
monitored from 2024–2025 in a Control-Impact design via autonomous recording units during 
the implementation of the Incompatible Insect Technique in The Nature Conservancy’s 
Waikamoi Preserve and adjacent private lands owned by Mahi Pono. Black dots show the 
average ROC-AUC score, while the colored dots show the ROC-AUC score for each cluster in 
which the target species was present. 
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Figure 4. Violin plots of bootstrapped call densities collected with autonomous recording units 
(ARUs) for six species of Hawaiian honeycreeper being monitored during implementation of 
Incompatible Insect Technique (IIT) in The Nature Conservancy’s Waikamoi Preserve and 
adjacent private lands owned by Mahi Pono, Maui. Call densities were pooled across ARU 
clusters for the IIT Control (n = 250,000 bootstrapped call densities/species) and Treatment (n = 
290,000 bootstrapped call denties/species) Sites for 2024 and 2025 to demonstrate site- and year-
level changes. Call density scales on the y-axis differ by species. Pairs labeled “a” are not 
significantly different, while pairs labeled “b” are significantly different (p < 0.05).  
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Figure 5. Violin plots of bootstrapped call densities collected with autonomous recording units 
(ARUs) for six species of Hawaiian honeycreeper being monitored during administration of the 
Incompatible Insect Technique (IIT) in The Nature Conservancy’s Waikamoi Preserve and 
adjacent private lands owned by Mahi Pono, Maui. Twenty-five ARUs were sorted into 11 
clusters in the Control Site and 29 ARUs were sorted into 14 clusters in the Treatment site, then 
plotted according to average elevation of each cluster. The violin plots show the difference in 
bootstrapped call density distributions calculated for each cluster between the 2024 and 2025 
breeding seasons (February-June; for each violin, n = 10,000 bootstrapped call densities). The 
line across the middle of the violins represents the Maximum Likelihood Estimate (MLE) call 
density. 
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Figure 6. Change in average MLE call density between site types (Control and Treatment) and 
breeding seasons (2024 and 2025) calculated using generalized linear mixed-effects models for 
six native honeycreeper species on Maui: ʻākohekohe (Palmeria dolei), ʻapapane (Himatione 
sanguinea), Hawaiʻi ʻamakihi (Chlorodrepanis virens wilsoni), ʻiʻiwi (Drepanis coccinea), 
kiwikiu (Maui Parrotbill; Pseudonestor xanthrophrys), and Maui ʻalauahio (Paroreomyza 
montana). These species were monitored via autonomous recording units in The Nature 
Conservancy’s Waikamoi Preserve. P-values shown are for the rate of change between the two 
sites (Treatment*2025); only ʻiʻiwi showed a significant p-value, with the Control site increasing 
more than the Treatment site. 
 

p = 0.34 p = 0.99 p = 0.23

p = 0.01* p = 0.94 p = 0.37 
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Figure 7.!Predicted mean and 95% confidence interval for ʻākohekohe (Palmeria dolei)  MLE 
call density for elevations from 1100–1900m, fitted with a Tweedie GAM and a log link and 
back-transformed (adjusted R!  = 0.80, deviance explained = 92%). Points indicate observed 
MLE call densities (n = 50). ʻĀkohekohe were only observed in closed ʻōhiʻa forest, so habitat 
type was not included in the model. 
 
 
 
 
 
 
 
 



32 
 

 

Figure 8.!Predicted mean and 95% confidence interval for ʻapapane (Himatione sanguinea) 
MLE call density in three habitat types for elevations from 1100–1900m, fitted with a Beta GAM 
and a logit link and back-transformed (n = 50; adjusted R!  = 0.66, deviance explained = 74%). 
Habitat types include closed koa (CK), closed ʻōhiʻa (CO), closed pine (CP), open koa (OK) and 
open ʻōhiʻa (OO). Closed pine and open ʻōhiʻa only had two points each, so a line was not 
predicted for them. Habitat type is plotted only in observed elevations. 
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Figure 9.!Predicted mean and 95% confidence interval for Hawaiʻi ʻamakihi (Chlorodrepanis 
virens wilsoni) MLE call density in three habitat types for elevations from 1100–1900m, fitted 
with a Gamma GAM and a log link and back-transformed (n = 50; adjusted R!  = 0.45, deviance 
explained = 65%). Habitat types include closed koa (CK), closed ʻōhiʻa (CO), closed pine (CP), 
open koa (OK) and open ʻōhiʻa (OO). Closed pine and open ʻōhiʻa only had two points each, so a 
line was not predicted for them. Vegetation type is plotted only in observed elevations. 
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Figure 10.!Predicted mean and 95% confidence interval for ʻiʻiwi (Drepanis coccinea) MLE call 
density in three habitat types for elevations from 1100–1900m, fitted with a Tweedie GAM and a 
log link and back-transformed (n = 50; adjusted R!  = 0.91, deviance explained = 85%). Habitat 
types include closed koa (CK), closed ʻōhiʻa (CO), closed pine (CP), open koa (OK) and open 
ʻōhiʻa (OO). Closed pine and open ʻōhiʻa only had two points each, so a line was not predicted 
for them. Vegetation type is plotted only in observed elevations. 
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Figure 11.!Predicted mean and 95% confidence interval for kiwikiu (Pseudonestor xanthophrys) 
MLE call density from 1100–1900m elevation, fitted with a Tweedie GAM and a log link and 
back-transformed (n = 50; adjusted R!  = 0.67, deviance explained = 89%). Kiwikiu were only 
detected in closed ʻōhiʻa forest, so habitat type was not included. 
 

 

Figure 12.!Predicted mean and 95% confidence interval for Maui ʻalauahio (Paroreomyza 
montana) MLE call density in three habitat types for elevations from 1100–1900m, fitted with a 
Tweedie GAM and a log link and back-transformed (n = 50; adjusted R!  = 0.929, deviance 
explained = 88.4%). Habitat types include closed koa (CK), closed ʻōhiʻa (CO), closed pine 
(CP), open koa (OK) and open ʻōhiʻa (OO). Closed pine and open ʻōhiʻa only had two points 
each, so a line was not predicted for them. Vegetation type is plotted only in observed elevations.  
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Appendix B: Tables 

Table 1. Best-fit generalized linear mixed-models for MLE call density for six native 
honeycreeper species on Maui: ʻākohekohe (Palmeria dolei), ʻapapane (Himatione sanguinea), 
Hawaiʻi ʻamakihi (Chlorodrepanis virens wilsoni), ʻiʻiwi (Drepanis coccinea), kiwikiu (Maui 
Parrotbill; Pseudonestor xanthrophrys), and Maui ʻalauahio (Paroreomyza montana). These 
species were monitored from 2024–2025 in a Control-Impact design via autonomous recording 
units during the implementation of the Incompatible Insect Technique in The Nature 
Conservancy’s Waikamoi Preserve.  

! "#$%#&' ( )*#+'
‘ākohekohe Year + (1|Cluster), family = tweedie(link = “log”) 
‘apapane Year * IIT + Habitat + (1|Cluster), family = beta_family(link = “logit”) 
Hawaiʻi ʻamakihi Year * IIT + (1|Cluster), family = beta_family(link = “logit”) 
ʻiʻiwi Year * IIT + (1|Cluster), ziformula = ~1, family = beta_family(link = “logit”) 
kiwikiu Year + (1|Cluster), family = tweedie(link = “log”) 
Maui ʻalauahio Year * IIT + (1|Cluster), family = tweedie(link = “log”) 

 
Table 2. Results from the best-fit generalized linear mixed-models MLE call density for six 
native honeycreeper species on Maui: ʻākohekohe (Palmeria dolei), ʻapapane (Himatione 
sanguinea), Hawaiʻi ʻamakihi (Chlorodrepanis virens wilsoni), ʻiʻiwi (Drepanis coccinea), 
kiwikiu (Maui Parrotbill; Pseudonestor xanthrophrys), and Maui ʻalauahio (Paroreomyza 
montana). These species were monitored from 2024-2025 in a Control-Impact design via 
autonomous recording units during the implementation of the Incompatible Insect Technique in 
The Nature Conservancy’s Waikamoi Preserve. Statistics reported include estimates for fixed 
effects, standard errors (SE), z statistic (z), and p-value (P). 

! "#$%#&' ,%-#*'.//#$0&' .&0%120#' !. ' 3' ! "
‘ākohekohe Intercept -9.143 4.596 -1.989 0.047 
 2025 0.574 0.605 0.950 0.342 
‘apapane Intercept -1.354 0.256 -5.288 <0.001 
 2025 0.479 0.159 3.018 0.003 
 Treatment 1.103 0.296 3.720 <0.001 
 Closed ʻōhiʻa 1.156 0.367 3.204 0.001 
 Closed Pine 0.874 0.643 1.361 0.174 
 Open koa 1.007 0.570 1.766 0.077 
 Open ʻōhiʻa 0.643 0.349 1.841 0.066 
 2025*Treatment 0.003 0.216 0.016 0.988 
Hawaiʻi ʻamakihi Intercept -1.641 0.098 -16.811 <0.001 
 2025 0.233 0.091 2.560 0.011 
 Treatment -0.593 0.137 -4.324 <0.001 
 2025*Treatment 0.158 0.133 1.191 0.234 
ʻiʻiwi Intercept -3.227 0.298 -10.830 <0.001 
 2025 0.619 0.177 3.509 <0.001 
 Treatment 1.533 0.384 3.996 <0.001 
 2025*Treatment -0.521 0.202 -2.586 0.010 
kiwikiu Intercept -10.747 3.384 -3.176 0.002 
 2025 -0.047 0.636 -0.074 0.941 
Maui ʻalauahio Intercept -7.858 1.001 -7.850 <0.001 
 2025 0.833 0.947 0.880 0.379 
 Treatment 3.994 1.072 3.726 <0.001 
 2025*Treatment -0.865 0.966 -0.895 0.371 
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Table 3. Generalized additive models showing the relationships between elevation (Avg_Elev), 
habitat, and MLE call density for six native honeycreeper species on Maui: ʻākohekohe 
(Palmeria dolei), ʻapapane (Himatione sanguinea), Hawaiʻi ʻamakihi (Chlorodrepanis virens 
wilsoni), ʻiʻiwi (Drepanis coccinea), kiwikiu (Maui Parrotbill; Pseudonestor xanthrophrys), and 
Maui ʻalauahio (Paroreomyza montana). These species were monitored via autonomous 
recording units in The Nature Conservancy’s Waikamoi Preserve. 

! "#$%#& ()*#+ '
‘ākohekohe s(Avg_Elev, k = 6), family = tw(link = “log”) 
‘apapane s(Avg_Elev, by = Habitat, k = 6) + Habitat + s(Year, bs = “re”), family = betar(link = “logit”) 
Hawaiʻi ʻamakihi s(Avg_Elev, k = 6), + Habitat + s(Year, bs = “re”), family = gamma(link = “log”) 
ʻiʻiwi s(Avg_Elev, k = 6), + Habitat, family = tw(link = “log”) 
kiwikiu s(Avg_Elev, k = 6), family = tw(link = “log”) 
Maui ʻalauahio s(Avg_Elev, k = 6), + Habitat, family = tw(link = “log”) 
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