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[bookmark: _Toc133702839]ABSTRACT
Human induced rapid environmental change (HIREC) is one of the largest threats to avian biodiversity and abundance (Rosenberg et al. 2019; Sih, Ferrari, and Harris 2011). Since selection acts on individual behavioral variation first, understanding which behavioral phenotypes are favored under these new selection pressures is necessary to understand how HIREC will eventually affect populations and communities (Alley et al. 2003; Bergstrom et al. 2015). With climate change acting so quickly, organisms have little time to respond and adapt to the novel conditions they face (Radchuk et al. 2019; Sih 2013). Under these altered conditions, selection may favor behavioral phenotypes that are maladaptive, such as individuals favoring a resource that lowers fitness, i.e. an ecological trap (Dwernychuk and Boag 1972; Robertson, Rehage, and Sih 2013). Understanding how maladaptive behaviors are selected from a spectrum of available behavioral phenotypes can help us reduce trap susceptibility and potentially even prevent ecological traps from occurring. 
Behavioral plasticity is necessary for an individual adjust to HIREC to avoid fitness loss and death. Understanding how phenotypic plasticity responds to a changing environment can aid us in understanding how these individuals will persist in HIREC. However, we do not know the limits of behavioral flexibility under these extremely altered conditions. While activational behavioral plasticity (i.e. behavioral flexibility) can help individuals respond to immediate extreme events, developmental plasticity (i.e. plasticity) can limit the types or number of responses an individual can produce (Buchholz et al. 2019; Both et al. 2004). Understanding these behavioral flexibility and plasticity limits can help us understand how individuals can mitigate the negative consequences of HIREC and give us an idea of future trait selection.
This dissertation focused on how HIREC will affect avian behavioral responses, at the individual, population, community level in birds. My first chapter focuses on the effects of elevated noise levels on avian parental care and nestling development in eastern bluebirds (Sialia sialis). Anthropogenic noise is a ubiquitous feature of the American landscape, and is a known stressor for many bird species, leading to negative effects in behavior, physiology, reproduction, and ultimately fitness. While many studies examined how anthropogenic noise affects avian fitness, few also examined how noise impacts the relationship between parental care behavior and nestling fitness. We conducted Brownian noise playbacks for six hours a day during the nesting cycle on Eastern Bluebird (Sialia sialis) nest boxes to investigate if experimentally elevated noise affected parental care behavior, nestling body conditions, and nestling stress indices. We documented nest attendance by adult females using radio frequency identification (RFID), and we assessed nestling stress by measuring baseline corticosterone levels and telomere lengths. Adult bluebirds exposed to noise had significantly higher feeding rates earlier in the brood cycle than adults in the control group, but reduced feeding rates later in the cycle. Nestlings exposed to noise had higher body conditions than the control nestlings at eleven days of age, but conditions equalized between treatments by day fourteen. We found no differences in nestling baseline corticosterone levels or nestling telomere lengths between the two treatment groups. Our results revealed that noise altered adult behavior, which corresponded with altered nestling body condition. However, the absence of indicators of longer-term effects of noise on offspring suggests adult behavior may have been a short-term response.
My second chapter focused on simulating how current and future climate conditions alter avian soundscapes using agent-based models, and how individual vocalizing behavior can impact the entire population. Climate change is increasing aridity in grassland and desert habitats across the southwestern United States, reducing available resources and drastically changing the breeding habitat of many bird species. Increases in aridity will reduce sound propagation distances, potentially impacting habitat soundscapes, and leading to a breakdown of the avian soundscapes, which could lead to the loss of vocal culture, reduced mating opportunities, and local population extinctions. We developed an agent-based model to examine how changes in aridity will affect both sound propagation and the ability of territorial birds to audibly contact their neighbors. We simulated vocal signal attenuation under a variety of environmental scenarios for the south central semi-arid prairies of the United States, ranging from contemporary weather conditions to predicted extremes under climate change. We also simulated how changes in physiological conditions, mainly evaporative water loss (EWL) would affect singing behavior. Under extreme climate change conditions, we found significantly fewer individuals successfully contacted all adjacent neighbors than did individuals in either the contemporary or mean climate change conditions. We also found that at higher sound frequencies and higher EWL, fewer individuals were able to successfully contact all of their neighbors, particularly in the extreme and extreme climate change conditions. These results indicate that climate change-mediated aridification may disrupt the avian soundscape, such that vocal communication no longer effectively functions for mate attraction or territorial defense. As climate change progresses increased aridity in current grasslands may favor shifts toward low frequency songs, colonial resource use, and altered songbird community compositions.
	
	
	



My third and final chapter tested the conclusions outlined in chapter 2 on how avian singing activity and species composition vary across local climate conditions and access to water resources. Climate change is increasing aridity across multiple habitats throughout the world, which is likely reducing critical resources for songbirds in environments that are already resource limited. In addition to reducing food and water availability, increased aridity can reduce sound transmission distances and impose stress in the form of evaporative water loss on singing birds. To determine how aridity and water access affect avian vocal activity and detectability, we used automated recording units (ARUs) to sample soundscapes in shrub- and grassland ecosystems across an aridity gradient in Oklahoma, Texas, and New Mexico. We also examined the effect of water availability experimentally by providing supplemental water in two of the study sites. Avian vocal behavior decreased with increasing aridity across sites but was consistent across the morning acoustic period. Supplemental water did lead to increased detectable vocal behavior during arid conditions but only in one of the supplemental water experiments. During extremely arid conditions, only the most arid sites demonstrated significant negative responses, indicating these communities have some resilience to increasing aridity. Reduced vocal communication due to high aridity could be a warning sign of at-risk avian communities in some arid environments. Future studies should focus on how community composition and vocal characteristics change under increasing aridity.
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[bookmark: _Toc133702841]INTRODUCTION
Anthropogenic noise is a common feature of modern landscapes due to increasing human development (Brumm 2013; Mennitt, Sherrill, and Fristrup 2014). Under elevated noise levels, birds often face novel selection pressures that can lead to increased stress and reduced reproductive success (Kleist et al. 2018; Shannon et al. 2016; Yoo and Koper 2017). This noise can negatively impact birds at both the community (Slabbekoorn and Halfwerk 2009), population (McClure et al. 2017), and individual level (Injaian, Taff, and Patricelli 2018; Kight, Saha, and Swaddle 2012). Studies demonstrate that some bird species exposed to high levels of anthropogenic noise decrease in population size and that noise can alter population demographics in others (Alquezar et al. 2020; Benitez-Lopez, Alkemade, and Verweij 2010; Kociolek et al. 2011; Rien Reijnen and Foppen 1995; Slabbekoorn and Ripmeester 2008). At the individual level, anthropogenic noise can negatively affect avian acoustic communication (Kociolek et al. 2011; Slabbekoorn and Peet 2003), physiology (Ondi L. Crino et al. 2013; Injaian et al. 2018, 2019; Kight and Swaddle 2011; Kleist et al. 2018), telomere length (Dorado-Correa et al. 2018; Meillère et al. 2015), neural development (Potvin et al. 2016), and fitness (Schroeder et al. 2012). 
Anthropogenic noise can directly affect adults and nestlings in a variety of ways, which can ultimately impact fitness and population composition (McClure et al. 2017; Reijnen and Foppen 2006; Ware et al. 2015). For example, elevated noise was associated with fewer eggs and a reduced likelihood of fledging in Great Tits (Parus major; Halfwerk et al. 2016). Eastern Bluebird (Sialia sialis) brood size and productivity (i.e. number of fledglings produced) was lower near sources of anthropogenic noise, such as roads, compared to bluebird nests in low noise habitats (Kight, Saha, and Swaddle 2012). However, other studies found that anthropogenic noise did not affect reproductive success (e.g., Great Tits; Halfwerk, Both, and Slabbekoorn 2016). Nevertheless, noise impacts on fitness may be present even when the number of young being produced is not altered. Multiple studies have demonstrated that elevated noise levels can lead to increased nestling stress, which likely affects long-term fitness. For example, one study on Tree Swallows (Tachycineta bicolor) found that elevated noise playbacks led to higher oxidative stress and lower mass in nestlings compared to control trials, even though fledging success between the treatment groups did not differ (Injaian, Taff, and Patricelli 2018). Noise can lead to food scarcity, due to insects moving away from noisy habitats (Ware et al. 2015), being less detectable by the adults due to the noise (Montgomerie and Weatherhead 1997), or from natural variation in insect abundance in urban environments (Kutschbach-Brohl et al. 2010), which could negatively affect a parent’s ability to effectively feed their nestlings. Noise can lead to higher corticosterone levels, which leads to reduced resource allocation for other physiological processes such as reproduction or maintenance (Crino et al. 2013; Mulholland et al. 2018; Ng, Des Brisay, and Koper 2019). Long-term elevated corticosterone levels can also lead to shorter life-spans (Kleist et al. 2018). In addition, house sparrows and great tits raised in noisy conditions have shorter telomeres (Meillère et al. 2015; P. Salmón et al. 2016; Pablo Salmón et al. 2017), another indicator of shorter life-spans (Angelier et al. 2013). 
One species with a well-documented pattern of parental care behavior (Belser 1981) and a history of being exposed to noise is the Eastern Bluebird. Due to invasive species like the House Sparrow (Passer domesticus) and the European Starling (Sturnus vulgaris) out-competing bluebirds for natural cavities in the 1940’s, Eastern Bluebirds were listed as endangered, but with the implementation of artificial nest boxes, bluebird populations made a full recovery (Gowaty and Plissner 2020). However, nest boxes are often placed near sources of anthropogenic noise (i.e. roads) which could create an ecological trap for these birds since they are exposed to a stressor known to be detrimental in other species (Barber, Crooks, and Fristrup 2010; Benitez-Lopez, Alkemade, and Verweij 2010; Wong and Candolin 2015). In two previous studies in Eastern Bluebirds, anthropogenic noise led to both lower brood sizes and productivity as well as higher frequency, louder songs (Kight, Saha, and Swaddle 2012; Kight and Swaddle 2015), although these studies used ambient noise as their metric of anthropogenic noise. Another study on Western Bluebirds (Sialia mexicana) used experimental traffic noise in nest boxes and found no effect on clutch size, brood size, number of fledglings, or nestling success (Mulholland et al. 2018), indicating that noise may not affect overall breeding success.
To quantify both behavioral and fitness effects of anthropogenic noise simultaneously in Eastern Bluebirds, we presented a standardized noise treatment at 9 nest boxes within four spatially distinct study populations, and monitored box visitation, nestling progression, and nestling fitness. The same variables were monitored in 11 control boxes also within our study sites that did not receive elevated noise playbacks. We hypothesized that noise would negatively impact bluebird behavior and fitness, or more specifically that adult bluebirds exposed to elevated noise levels would visit less, and that nestlings would exhibit lower body condition, higher corticosterone levels, and shorter telomere lengths than control birds. Further, we predicted that control nestlings would be more likely than noise-exposed nestlings to return to breed at their natal sites. 
[bookmark: _Toc133702842]METHODS
[bookmark: _Toc133702843]Study sites and box setup
Study bluebird boxes were located at the Goodwillie Environmental School (42.998086 N, 85.461985 W, n = 30), Boulder Creek golf course (43.067277 N, 85.567631 W, n = 47), Egypt Valley golf course (43.0108721 N, 85.493340 W, n = 82), and Flat Iron Lake Preserve (43.1235915 N, 85.384015 W, n = 20) in Kent County, Michigan. We banded bluebirds in all locations except the Flat Iron Lake Preserve for three or more years, with 100+ young being banded each year. Box activity was tracked each week by designated volunteer community scientists and the information was relayed to our research team. All sites also included smaller, but active, Tree Swallow and House Wren (Troglodytes aedon) populations. All boxes located on golf courses were exposed to regular, brief mowing events, but were otherwise largely non-impacted by anthropogenic noise. Boxes utilized within the study were >100 meters from medium to high use roads. We monitored and conducted noise manipulation on Eastern Bluebird broods between May 15 to July 23, 2018. This level of human activity has not negatively impacted bluebird nest success in previous field seasons (Burtka and Grindstaff 2015).
[bookmark: _Toc133702844]Adult capture and monitoring box visitation
Once a volunteer community scientist reported that a box had a complete nest, we monitored the nest box every 1-2 days until the eggs hatched to obtain the hatch date. Between 0-3 days post-hatch, we caught the adult female of the focal nest box using a Van Ert Universal Sparrow box trap (Van Ert Enterprises). We banded each female bluebird with a USFWS aluminum band and a pink passive integrated transponder (PIT) tag designed to quantify box visitation using a custom-built radio frequency identification (RFID) system (Bridge et al. 2019). We also collected a blood sample (between 50-100 µL) within 3 min of capture from the left brachial vein with a 22 gauge needle and heparinized capillary tube for hormone and telomere length assays (Romero and Reed 2005). Blood samples were kept on ice and separated into plasma and red blood cells within 5 hours of capture. Adult blood samples were collected before the experiment began and therefore do not reflect baseline corticosterone level changes in response to noise, but we wanted to ensure that adult baseline corticosterone levels did not affect nestling baseline corticosterone levels, as seen in other bird species (Hayward and Wingfield 2004; Saino et al. 2005). 
We attached the RFID readers to the nest box 0-3 days post-hatch by placing the reader in a plastic container and attaching it directly to the box with L-brackets and duct tape or underneath the box on a wooden shelf. Antennas were attached to the box entrance with duct tape or with a 3D printed antenna holder, depending on the nest box (e.g., slot or round opening) that was used (Figure 1.1). To ensure that the antenna did not impede box entrance after RFID installation, we visually confirmed from a distance > 30m from the nest box that all adults returned to the nest box within 20 minutes. Nests were assigned to either the control group, which only received the RFID reader setup, or the noise treatment group, which received the RFID reader setup and noise playbacks during the brood cycle. 
 We measured parental care behavior from hatch through 16 days post-hatch using RFID to determine whether the noise treatments affected visitation rate to the nest box. The RFID system recorded all box visits by a female bluebird banded with a PIT tag (n=17). Since the reader was positioned at the box entrance, and adults regularly perched on the box entrance, we reduced repeated detections separated by ≤ 1 s into a single detection. We quantified visitation rate as the number of individual visits per hour for the entire monitoring period. Since the RFID reader could not determine directionality, we divided the total number of visits by two to account for the notion that each visit includes a bird entering and exiting the nest box. Due to the high-power consumption (~400 mAh per hour), batteries were drained around every two days. Although efforts were made to facilitate continual operation, occasional gaps in RFID reader activity occurred - although there was no significant bias between treatment groups. Nest visitation rates were calculated only for periods when the RFID readers were active (0500-2100 EDT) to remove periods when the female bluebird brooded the nestlings.
Bluebirds typically produce two broods per season (Peakall 1970) and two broods were included from 3 adult pairs. One female bluebird received the control treatment during the first brood and noise treatment during the second brood, while the other two female bluebirds received the opposite pattern. This reversal of treatment groups was to maximize data from all RFID banded females. Only a single nest was included in the study for the remaining 14 females. Since many of the single brood females were caught later in the breeding season, we were unable to determine if the remaining 14 females were on their first brood or second brood. We balanced the noise treatments across nest box trail sites, with the same number of control and noise treatments within each site.
[bookmark: _Toc133702845]Noise Treatments
We presented Brownian noise at experimental noise boxes to expose adult and nestling bluebirds to elevated noise levels similar in frequency to anthropogenic noise. We chose Brownian noise because the lower frequencies of Brownian noise have higher energy, similar to anthropogenic noise having more energy within the 1-2 kHz frequency range (Patange et al. 2011). We started the noise treatment immediately after capture of the female bluebird, which was within 0-3 days post-hatch. Noise was played continuously for six hours daily from 0530-1130 hours because this was the peak parental visitation period within a day (McCarty 2002), the time period coincided with high levels of anthropogenic noise due to rush hour traffic (Robbins 1981), and we were limited by our power supply. Daily noise playback continued until the day the nestlings fledged. 
We used a 1 min WAV file of synthetically produced (Audacity 2.3.3) Brownian noise played on repeat and broadcasted from a speaker disguised as a rock placed on the ground three meters in front of the box opening (Frequency Response: 28Hz–20 kHz; Acoustic Audio RS6). The speaker was driven by a motorcycle audio amplifier (HS-9004 Cheng Sheng, China) and powered by a lead acid battery (18Ah 12V) connected to a 50 W solar panel (RNG 50-P, Renogy, Ontario, Canada) and an MPPT charge controller (GV-5, Genasun, Cambridge, MA; Proppe et al. 2020; Schepers and Proppe 2017). The speaker, battery, and solar panel had no apparent effect on willingness to enter the box during post-setup observation periods. Playback amplitude was standardized at 65 ± 2 dB at the box entrance. Noise level was assessed for 1 min at the beginning of the noise playback experiment for each nest box (A weighting CEL-633 type 1 sound level meter, Casella CEL, NY). 
[bookmark: _Toc133702846]Nesting physiology and body condition
	To assess individual nestling body condition, we marked individual nestlings on day 5 post-hatch by painting the nestling digits with different colored nail polish. Nail polish remains visible on the nestling digits until >11 days post-hatch. At 11 days post-hatch, we banded nestlings with a USFWS aluminum band. On 14 days post-hatch we banded the nestlings with a green PIT tag to differentiate them from the adult bluebirds with PIT tags, which received pink PIT tags. We measured nestling body conditions during development by obtaining wing length (mm) and body mass (g) on days 5, 11, and 14 post-hatch. We ran a linear regression of wing length against body mass and used the residuals to obtain body condition measurements (Gabriel and Black 2010). To evaluate baseline corticosterone in nestling bluebirds, we collected up to 75 µl of blood at 14 days post-hatch from the brachial vein. Only samples that were acquired under 3 min after being caught were used in the analyses to obtain baseline corticosterone levels before handling-induced corticosterone began circulating in the blood (Johnstone, Reina, and Lill 2012; Owen 2011). 
[bookmark: _Toc133702847]Blood sample processing
Blood samples were immediately stored on ice in the field and processed within 5 hours of collection. In the lab, we separated plasma from red blood cells by centrifuging the sample for 7 min at 5000 rpm. We used an enzyme linked immunosorbent assay (ELISA; Enzo Life Sciences, ADI-900-097) that has been optimized for Eastern Bluebird hormones to determine the baseline corticosterone levels (ng/mL). To determine if noise treatments had any potential long-term effect, we measured telomere lengths on 46 nestlings from 19 different nest boxes. We used a DNeasy Blood and Tissue Kit (Qiagen) to extract DNA from frozen red blood cells and we conducted a quantitative polymerase chain reaction (qPCR) with glyceraldehyde-3-phosphae dehydrogenase (GAPDH) as the single control gene to amplify the number of telomeric (TTAGGG) sequences using specific oligonucleotide primers (5’-3’ forward: TGACCACTGTCCATGCCATCAC, reverse: TCCAGACGGCAGGTCAGGTC) described in previous studies (Criscuolo et al. 2009; Dorado-Correa et al. 2018; Meillère et al. 2015; Quirici et al. 2016; Scholten et al. 2020). We ran the 20 ng DNA samples from each individual in triplicate, and we averaged Ct values and quantified based on a plate-specific standard curve and a pooled sample to serve as a reference sample to account for interplate variability. We used a Southern blot analysis to determine the differences in telomere terminal restriction fragment (TRF) lengths of individuals among the treatment groups. 
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During the following spring (2019), we identified returning second year (SY) individuals that were exposed to either the control or noise treatment group by visually identifying individuals with green PIT tags with binoculars and recording their visits to nest boxes with the RFID readers. Relocation was done through regular surveys and using band information provided by volunteer community scientists.
[bookmark: _Toc133702849]Statistical analyses.
We used the feedR package in R to calculate the RFID visitation rates as visits/hr; (LaZerte et al. 2017). The “feedR” package was originally designed for total visits to a bird feeder; to adapt it to our study we divided the total number of visits by two to obtain the assumed number of entries and exits to the nest box. We created linear mixed models (LMMs) with the “lme4” package in R version 3.5.2 to determine if treatment group affected 1) adult visitation rates, 2) nestling body conditions, 3) nestling baseline corticosterone levels, and 4) nestling telomere lengths (Kuznetsova, Brockhoff, and Christensen 2014). In addition, we used a linear model (LM) to examine if there was a difference in adult female bluebird baseline corticosterone levels between the control and noise treatment. We assessed the distribution of residuals for all dependent variables for normality and tested for overdispersion by examining q-q plots. We used the natural log transformation of these values to achieve normality where needed. In addition to treatment, visitation models included nestling age (i.e. days post-hatch), treatment time (our RFID time window divided into the noise broadcast time (0530-1130) and silent time (1130-2100), and brood size as fixed terms. Band number (ID) was also included as a random effect. To account for potential variance due to brood number, and the presence of double broods for the three adult bluebird females, we included the Julian hatch date as a fixed effect. This term (which was quantifiable) accounts for variance across the season, which correlates with brood number (which would have to be assumed in many cases).  Julian date and brood size were also included as fixed terms in models for adult and nestling baseline corticosterone level, nestling body condition, and nestling telomere length because these variables can affect each of these parameters (Bowers et al., 2014; Ilmonen et al., 2003; Quirici et al., 2016). Body condition models also included a fixed term for day since hatch (specifically day 5, 11, and 14). Nestling corticosterone models also included sex, since male and female nestlings were included. Band number (ID) and box number (brood) were included as random terms for the nestling body condition model. Since each bird had only one data point in corticosteroid and telomere models, box number was the only random term. 
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[bookmark: _Toc133702851]Parental care behavior and adult physiology.
A total of 25 nest boxes were used for this study. Eleven nest boxes were used for the control while nine were used for the noise treatment. For some broods, females could not be captured for RFID purposes, but noise/control playback was initiated anyway to increase nestling condition sample sizes. With RFID readers, we collected nest box visitation data for 17 female bluebirds, 14 females with only one brood and 3 females with two broods. Visitation rate significantly varied for the interaction between treatment groups and nestling age (Table 1.1). Specifically, when we examined within brood cycle visitation rates, we found that adults in the noise treatment group had higher visitation rates earlier in the brood cycle, but significantly lower visitation rates later in the brood cycle (Figure 1.2. Adult female visitation rates within brood cycles. Adult visitation rates under the noise treatment were initially higher earlier within the brood cycle, but significantly decreased after 11 days post-hatch. Error bars represent standard error.). Visitation rates did not significantly differ between the noise broadcast time and the silent time across treatment groups (Table 1.1). Finally, adult baseline corticosterone levels at the beginning of each treatment did not differ between the treatment groups (Table 1.2). 
[bookmark: _Toc133702852]Nestling condition and physiology
The interaction between treatment and log of the measuring day (Table 1.3) indicates that nestlings in the noise treatment group had higher body conditions at 11 days post-hatch than nestlings in the control group (Figure 3), but both groups had similar body condition on days 5 and 14 post-hatch. No differences were found between control and noise treatment baseline corticosterone levels nor telomere lengths were observed for nestlings (Table 1.3). Finally, no nestling died before fledging in either treatment group.
[bookmark: _Toc133702853]Returning Nestlings. 
Four nestlings from the control group and four nestlings from the noise treatment group returned as SY adults in the 2019 breeding season. Small sample sizes prevented statistical analysis of return rates, but the even distribution between groups suggest that no trend was evident.
[bookmark: _Toc133702854]DISCUSSION
Our results indicated that elevated noise levels at the nest box altered parental behavior and nestling growth, but at different stages during the nesting cycle. We found adult female bluebirds exposed to noise playback had a higher visitation rate than adults at control boxes earlier in the brood cycle, which was associated with a more rapid increase in nestling mass. However, after 11 days post-hatch, adult visitation rates in the noise treatment decreased more quickly than at control boxes, and nestling mass equalized between groups. Songbird parental visitation rate naturally increases from day 1-11 post-hatch and decreases between day 11-14 post-hatch (Conrad and Robertson 1993). This pattern was evident in both treatment groups, but more extreme in the noise-exposed group. The distinct change in nest box visitation rate after 11 days post-hatch in the noise treatment group could be due to the cumulative impacts of elevated noise and the increasing energetic cost of parental care as the nestlings get older (Injaian, Taff, and Patricelli 2018; Williams 2018). Alternatively, early investment might lead to provisioning later in the cycle to achieve optimal nestling fledging mass. 
It is notable that RFID tracking detected a noise-associated change in adult behavior over the breeding cycle that corresponded with fledgling body condition, but that nestlings ultimately fledged in similar condition, (Bowers et al. 2016; Breuner, Patterson, and Hahn 2008; Crossin et al. 2013; Guindre-Parker and Rubenstein 2018). When conditions are subpar or variable, adult birds often adjust their parental behavior accordingly (Schroeder et al. 2012; Varpe 2017). If nestling survival is feasible, adult birds may increase parental care to raise the chance of offspring survival (Hall et al. 2020). Songbirds often increase their own mass as insurance when food sources are less dependable (Macleod, Clark, and Cresswell 2008), and nestlings will also accelerate growth under stressful conditions (Farrell et al. 2015; Metcalfe and Monaghan 2001). 
Thus, it is plausible that the initial increase in parental visitation behavior could represent increased investment in offspring under a soundscape the adults interpreted as subpar. This interpretation is not unwarranted since insects often move away from noisy habitats (Ware et al. 2015) and become more difficult to locate (Calhim and Montgomerie 2015). Early investment might drop off later in the breeding cycle to achieve ideal fledgling weight. Alternatively, bluebirds in our study may have recognized the small radius of our noise exposure and responded with more ‘normal’ visitation levels. Testing this alternative hypothesis would require experimentation in areas with noise exposure on a larger spatial scale. A third scenario is that adult bluebirds are simply not able to sustain the higher rates of provisioning for the duration of the breeding cycle. While we cannot conclusively explain the observed behavioral patterns, the equal condition of fledglings in noise and control conditions suggest that parental behavior was altered to counter the potential negative effects of noise on their offspring. 
Adult female bluebirds in our study have similar baseline corticosteroid levels prior to study initiation. Knowing this is necessary since adults with higher baseline corticosterone levels will invest more in parental care and offspring development (Bowers et al. 2016; Guindre-Parker and Rubenstein 2018). However, baseline corticosterone levels also increase with parental care investment and can negatively affect individual state (Breuner, Patterson, and Hahn 2008; Crossin et al. 2013). Since we did not collect post exposure data in adults, we cannot determine whether noise impacted adult stress level directly. But we can state that the differences in parental visitation behavior between treatments, and any differences in nestling corticosterone levels, were unlikely to be due to adult condition.
Nestlings in the noise treatment did not have significantly higher baseline corticosterone levels when we controlled for brood size or Julian date (Table 1.3). While previous studies demonstrate that noise can negatively affect nestling physiology ( Crino et al. 2013; Injaian et al. 2019; Kleist et al. 2018; Zollinger et al. 2019), the increased provisioning by the noise-exposed adult bluebirds could offset any negative effect from the noise. While noise masking can reduce parental perception and response to begging calls (Lucass, Eens, and Müller 2016), noise can also mask nestling vocalizations that are used as cues by predators. This can reduce the need for nest box guarding by parental birds and leave more time and energy for provisioning nestlings, leading to increases in nestling mass (Crino et al. 2011). 
Results from the literature documenting the impacts of external stressors on corticosteroids are somewhat diffuse. One previous study found that zebra finch (Taeniopygia guttata) nestlings administered exogenous corticosterone had altered begging acoustic spectra, leading to increased parental provisioning (Perez et al. 2016). However, another study on the same species demonstrated that experimentally elevated levels of baseline corticosterone increased begging rates in nestlings, decreased nestling mass, caused weaker nestling immune responses, and led to less parental provisioning than nestlings that did not receive the experimental corticosterone (Loiseau et al. 2008; Perez et al. 2016). There is evidence that noise altered nestling mass and stress measurements (i.e. baseline corticosterone, heterophil/lymphocyte (H/L) ratios) are altered simultaneously in some species (Injaian, Taff, and Patricelli 2018; Walthers and Barber 2019; Zollinger et al. 2019). Clearly, additional work is needed to understand the mechanisms underlying observed noise-induced changes to parental behavior and nestling condition.
In other bird species, the immediate impacts of noise are also associated with longer term physiological changes. House Sparrow nestlings raised under high levels of anthropogenic noise often have shorter telomeres, potentially indicating a shorter expected lifespan (Chatelain, Drobniak, and Szulkin 2020; Meillère et al. 2015). In our study, however, nestling telomere lengths did not differ between control and noise-exposed groups. Again, altered adult behavior and nestling response may have mitigated the longer-term effects of noise. While the data is sparse, the equal return rate of control and noise-exposed nestlings to our field sites the following year suggests support for this hypothesis.
While our observed impacts of noise on bluebird nestlings were short-term, increased noise levels could eventually lead to decreased overall fitness in birds. Bluebirds are conspicuous species that regularly occur alongside human habitation. They may be prone to continue using noisy environments due to the presence of vital resources (i.e., nesting cavities). But higher noise levels are likely to impact prey insect populations since many species communicate through acoustic signals (Morley, Jones, and Radford 2014). Nonetheless, Eastern bluebirds may truly mitigate the negative effects of noise on offspring by altering their parental care behavior. If this is the case, then this species may be an excellent example of a successful noise adapter, and greater examination of its behavioral modifications may be warranted. However, given the negative impacts of productivity shown previously by (Kight et al., 2012), future studies should also focus on whether noise affects long-term survival, fitness, and population recruitment.
In summary, we report that Eastern Bluebird adults increase their nest box visitation rates early during the nestling stage under exposure to anthropogenic noise but reduce visitation rates in comparison to control birds later in the nestling stage. Although we identified corresponding differences in nestling mass, neither corticosteroid levels nor telomere lengths, a longer-term physiological response to stress, differed between control and noise-exposed nestlings. Alterations to the bluebird breeding cycle could still confer long-term challenges for populations breeding in noisy areas, but it is also plausible that plastic adult behavior is able to mitigate the impacts of noise on the next generation. More work is needed to understand the mechanisms underlying altered box visitation rates under noise exposure, but it is clear that even species regularly found alongside noise and human habitation are unable to completely escape the impacts of anthropogenic noise.
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[bookmark: _Ref133672707][bookmark: _Toc133702985]Table 1.1. Linear mixed model (LMM) with random effects, parameters, Beta estimates, standard errors, degrees of freedom (df), t-values, and p-values that best predict how noise treatment, nestling age, treatment time, Julian hatch date, and brood size affected the natural log of female visitation rates. Bolden values represent significant p-values (alpha = 0.05).
	Response Variable
	Random Effect
	Parameter
	Beta Estimate
	Std. Error
	df
	t value
	p value

	Log(Visits/hr)
	Band Number
	Intercept
	-5.766
	0.676
	140.7
	-8.536
	<0.001

	
	
	Noise
	0.600
	1.842
	2166
	8.140
	<0.001

	
	
	Nestling Age
	0.071
	0.003
	3898
	21.698
	<0.001

	
	
	Treatment Time
	0.063
	0.029
	3892
	2.162
	0.031

	
	
	Julian Hatch Date
	0.018
	0.002
	34.15
	6.783
	<0.001

	
	
	Brood Size
	1.051
	0.01
	19.82
	10.732
	<0.001

	
	
	Noise * Nestling Age
	-0.043
	0.005
	3914
	-7.872
	<0.001

	
	
	Noise * Treatment Time
	-0.027
	0.047
	3895
	-0.569
	0.570





[bookmark: _Ref133672727][bookmark: _Toc133702986]Table 1.2. Linear model (LM) with parameters, Beta estimates, standard errors, degrees of freedom (df), t-values, and p-values that demonstrate the effects of the noise treatment and Julian date on adult baseline corticosterone levels (n = 12). Bolden values represent significant p-values (alpha = 0.05).
	Response Variable
	Parameter
	Beta Estimate
	Std. Error
	df
	t value
	p value

	Log(Adult Cort)
	Intercept
	7.958
	10.352
	1
	0.769
	0.471

	
	Treatment
	-6.618
	15.208
	1
	-0.435
	0.679

	
	Julian Date
	-0.032
	0.049
	1
	-0.662
	0.533

	
	Brood Size
	-0.405
	0.959
	1
	-0.423
	0.687

	
	Treatment * Julian Date
	0.007
	0.072
	1
	0.092
	0.930

	
	Treatment * Brood Size
	1.444
	1.453
	6
	0.994
	0.359





[bookmark: _Ref133672634][bookmark: _Ref133672620][bookmark: _Ref133673294][bookmark: _Toc133702987]Table 1.3. Linear mixed models (LMMs) with random effects, parameters, Beta estimates, standard errors, degrees of freedom (df), t-values, and p-values that best predict how nestling body conditions (n = 282 nestlings, from 19 different nest boxes), nestling baseline corticosterone (n = 47 nestlings from 19 different nest boxes), and nestling telomere lengths (n = 46 nestlings from 19 different nest boxes). We included both the nestling measure day (i.e. days 5, 11, and 14 post-hatch in which we measured the nestlings) and the log(measurement day) to demonstrate that nestling body condition initially until ~11 days post-hatch and decreased after that day.
	Response Variable
	Random Effects
	Parameter
	Beta Estimate
	Std. Error
	df
	t value
	p value

	Log(Nestling Body Conditions)
	Band Number + Nest Box ID
	Intercept
	-24.283
	4.821
	187.082
	-5.037
	<0.001

	
	
	Noise
	-12.331
	5.705
	185.865
	-2.161
	0.032

	
	
	Measure Day
	-3.001
	0.462
	183.999
	-6.489
	<0.001

	
	
	Log (Measurement Day)
	58.227
	9.061
	183.999
	6.426
	<0.001

	
	
	Julian Date
	-0.006
	0.009
	55.025
	-0.669
	0.506

	
	
	Brood Size
	-0.237
	0.311
	23.304
	-0.763
	0.453

	
	
	Noise * Measure Day
	-1.329
	0.634
	183.999
	-2.097
	0.037

	
	
	Noise * Log (Measure Day)
	27.087
	12.424
	183.999
	2.18
	0.031

	Log (Nestling Cort)
	Nest Box ID
	Intercept
	2.17
	1.8
	20.385
	1.205
	0.242

	
	
	Noise
	1.61
	3.363
	28.458
	0.479
	0.636

	
	
	Julian Date
	-0.01
	0.009
	23.528
	-1.175
	0.252

	
	
	Brood Size
	0.187
	0.212
	20.475
	0.885
	0.386

	
	
	Sex (Females)
	-0.196
	0.771
	39.249
	-0.255
	0.800

	
	
	Sex (Males)
	-0.397
	0.235
	46.949
	-1.685
	0.099

	
	
	Noise * Julian Date
	-0.006
	0.015
	27.776
	-0.390
	0.700

	
	
	Noise * Brood Size
	0.02
	0.332
	26.041
	0.060
	0.952

	Log (Nestling Telomere Lengths)
	Nest Box ID
	Intercept
	0.203
	0.333
	46
	0.609
	0.545

	
	
	Noise
	-0.292
	0.412
	46
	-0.709
	0.482

	
	
	Julian Date
	-0.001
	0.002
	46
	-0.495
	0.623

	
	
	Brood Size
	0.015
	0.02
	46
	0.751
	0.457

	
	
	Noise * Julian Date
	0.002
	0.002
	46
	0.714
	0.479
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[bookmark: _Ref133673537][bookmark: _Toc133702916]Figure 1.1. Radio frequency identification (RFID) reader and external speaker setup. The RFID readers were retrofitted onto existing nest boxes by placing the readers in plastic containers and placing the containers on a wooden shelf. RFID antennas were held in place using entrance guards.
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[bookmark: _Ref133672742][bookmark: _Toc133702917]Figure 1.2. Adult female visitation rates within brood cycles. Adult visitation rates under the noise treatment were initially higher earlier within the brood cycle, but significantly decreased after 11 days post-hatch. Error bars represent standard error.
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[bookmark: _Toc133702918]Figure 1.3. Nestling body conditions across the natural log of the day of the brood cycle. Nestling body morphometric measurements were taken on 5, 11, 14 days post-hatch. Nestlings in the noise treatment group initially had higher body conditions but this difference was no longer seen at the end of the brood cycle. Error bars represent standard error.


[bookmark: _Toc133702857]ENVIRONMENTAL CONDITIONS LEAD TO SHIFTS IN INDIVIDUAL COMMUNICATION, WHICH CAN CAUSE CASCADING EFFECTS ON SOUNDSCAPE COMPOSITION
[bookmark: _Toc133702858]INTRODUCTION
Semi-arid ecosystems are especially sensitive to climate change due to their relatively high temperatures, low precipitation, infertile soil, sparse vegetation cover, and low abundance of resources such as food and freshwater (Reynolds et al. 2007; Huang and Ullrich 2017; Wei et al. 2019). As global warming intensifies, desertification and land degradation in dryland habitats is also predicted to increase (J. Huang et al. 2015). In the Mojave Desert, increases in temperature and aridity coupled with a decrease in water resources have led to the collapse of desert avian communities (Iknayan and Beissinger 2018). While increases in temperature can lead to adaptations in heat dissipation (Song and Beissinger 2020), with increasing aridity birds will also suffer from increased evaporative water loss. Understanding how increased desertification affects avian behavior may provide insight into community collapse and resiliency under new environmental conditions (Buchholz et al. 2019). In response to warmer temperatures, some birds advanced the onset of reproductive and singing behaviors to earlier dates in the breeding season (Dunn, Winkler, and Møller 2010; Rubolini, Saino, and Møller 2010; Dunn and Møller 2014), as well as shift the onset of singing to earlier in the day due to higher overnight temperatures (Garson and Hunter 2008; Bruni, Mennill, and Foote 2014). Predicting how aridity changes birds’ energy and water demand and how these changes may affect their communication behavior will be useful for understanding how other factors, such as reproduction, physiology, and even population recruitment, will be impacted by future weather conditions (du Plessis et al. 2012; Van de Ven et al. 2016; Sharpe, Cale, and Gardner 2019). 
Acoustic signals are used for intra- and interspecific communication among multiple animal species. Rapid changes in these signals can indicate that a population is adapting to environmental change associated with climate or other factors (Sueur and Farina 2015). Since dry air is a poor sound conductor relative to moist air, we can expect increased aridity to degrade sound transmission fidelity. Various signal frequencies (1.5, 3, 6 kHz) were tested in different environments at different times during the day. Broadcast coverage decreased dramatically across all signal frequencies when played in a desert environment in the afternoon compared to when played in a desert environment in the morning or compared to when played in a rainforest environment in the morning (Henwood and Fabrick 1979). This effect is most pronounced for high-frequency sounds, such as the songs of North American wood warblers, for which high frequency songs experienced high atmospheric attenuation (Snell-Rood 2012). For many bird species, the dawn chorus is a period of high singing activity during the breeding season (Catchpole and Slater 2008; Gil and Llusia 2020; Staicer, Spector, and Horn 2020). This period is usually characterized by low temperatures and moderate to high humidity, which generally corresponds to most optimal conditions for sound transmission (Henwood and Fabrick 1979). Therefore, the dawn chorus may represent a behavioral adaptation that exploits the optimal sound transmission properties of early morning. Yet, climate models predict disproportionate nighttime temperature increases, suggesting that early-morning conditions may become less optimal for vocal communication, potentially reducing the efficacy of the dawn chorus for adjacent neighbors to communicate (Mutiibwa et al. 2015). Birds may shift their pre-dawn and dawn chorus start times earlier to sing during low-light level periods, when foraging profitability is low due to low arthropod activity and constrained vision (Avery and Krebs 1984; Kacelnik 1979).
Increasing aridity will lead to reduced resources such as food and water (Reynolds et al. 2007; Reynolds et al. 2011), hence changing territory quality. To maintain suitable body condition for survival and reproduction, individuals need to expand territory sizes to access enough resources (Khoury and Boulad 2010). For example, in the Central Monte Desert in Argentina, rufous-collared sparrows (Zonotrichia capensis) maintain larger breeding territories compared to their temperate or tropical counterparts during the breeding season due to the lower habitat quality of this arid region (Cecilia Sagario and Cueto 2014). 
 Birds singing under increasingly arid conditions will not only simultaneously face poorer song transmission and territorial resource qualities, but the cost of singing itself will also increase, as the individual must shift allocations of time and energy resources away from singing (Reid 1987; Zollinger and Brumm 2015) and toward thermoregulatory and foraging behavior (Gil and Gahr 2002; du Plessis et al. 2012; Funghi et al. 2019). Furthermore, aridity likely increases the water costs for singing birds due to accelerated evaporative water loss; singing exposes the high moisture gradient between the bird’s respiratory tract and surrounding dry air, causing water loss to the environment (Ward, Speakman, and Slater 2003; Ward and Slater 2005; O’Connor et al. 2018). To avoid dehydration, birds will need to exhibit behavioral flexibility to sing at low dehydration conditions (Ducatez et al. 2020) or increase their rate of drinking (Czenze et al. 2020).
Agent-based models (ABMs) are a powerful tool to analyze individual behaviors and their population-level effects (Axelrod 1997). ABMs are built around a set number of agents, defined behaviors, and rules; each agent’s behavior is dependent on external stimuli fed into the model and the agent displays a behavior based on these stimuli and pre-defined rules (Reynolds 1987; Marceau 2008) . These models are useful in providing information on how behaviors can respond to future scenarios, such as increased temperature and aridity due to climate change, and on how the simulated system dynamics are affected. Studies used ABMs to predict migration start dates and routes for Painted Buntings (Passerina ciris) (Bridge et al. 2015) and stopover duration and movement distances in North American dabbling ducks under changing weather conditions (Beatty et al. 2017). ABMs are a valuable tool in predicting how climate change will affect the behavior of individuals, and how those altered behaviors can affect the population (Patt and Siebenhüner 2005). To our knowledge, ABMs have yet to map out how climate change will affect avian singing and territorial movement, and how these changes will affect the avian soundscape.
We examined how aridity would lead to a disrupted soundscape, and how this disrupted soundscape would affect avian singing, movement, and resting behavior. We developed two hypotheses to test how avian singing behavior changes under a disrupted soundscape: the facultative activity budget (FAB1) hypothesis, which states that singing activity is mainly dependent on individual condition, and the fixed activity budget (FAB2) hypothesis which states that singing activity is fixed, and species-specific traits are driving heterogeneity in vocal activity, regardless of individual condition. To evaluate these two hypotheses, we used an agent-based model to simulate a population of individuals each with their own territories and their singing, movement, and resting behavior across contemporary and climate change induced weather conditions. We varied territory size and mean song frequency to determine which bird species would be most at-risk to increased aridification (Figure 2.1). 
We chose to simulate these disruptions under breeding conditions, both because alterations to breeding behavior would be more noticeable in an applied scenario, and because the consequences of disruptions to breeding behavior have tangible consequences for recruitment and persistence. We predicted that individual contact rate would decrease with increasing frequency and territory size, and that a population of singing individuals would not be able to maintain vocal contact with their immediate neighbors due to sound attenuation and reduced singing activity due to physiological constraints. We tested this hypothesis by using an ABM to model individual territorial vocalizations, within-territory movement, and resting behavior across current and predicted climate conditions. 
2.2 [bookmark: _Toc133702859]METHODS
2.2.1 [bookmark: _Toc133702860]Model design.
We created an ABM in the program R v4.04 (R Core Team 2021) that simulated the singing and movement behavior of individual “virtual birds” (from now on referred to as birds) within their respective territories. The model advanced at 1 min time steps, and at each time step every bird could perform one of three behaviors: sing, move within the territory, and rest. Decisions regarding which action was performed were determined by probabilities assigned to each action. At the first time-step, the probability of each behavior was the same (0.33). The behavior probabilities only changed after a singing behavior was displayed or if the EWL equation was included in the model. When a singing behavior was initiated, a song radius was calculated based on the expected attenuation of the song. We set the threshold between audible and inaudible songs at 30 Db as the minimum amplitude that can be detected by the birds, because it is the ambient sound amplitude (Yost 2001). If a bird’s song radius overlapped with the position of any of its neighbors, then a successful instance of communication was recorded for all individuals involved and the neighbors within the song radius were induced to sing during that time step. If a bird’s song radius did not overlap with its neighbor, the focal bird would either move or rest in the following time-step, thereby changing the behavior probability to 0 for singing, 0.50 for moving, and 0.50 for resting. If a movement behavior was initiated the bird would relocate to a random position within its territory, and if a rest behavior was initiated, the bird would take no action during the time step. 
2.2.2 [bookmark: _Toc133702861]Experimental Design.
We ran the model using weather data from an Oklahoma Mesonet station in western Oklahoma (ERIC) and we used this data to simulate future conditions caused by climate change (McPherson et al. 2007; Brock et al. 1995). We chose the ERIC Mesonet station because it has recorded some of the driest temperatures within the state of Oklahoma. We used weather data from May and June, a period that roughly corresponds to peak singing activity. Each modeled day used weather data from sunrise until 6 hours after sunrise which corresponded to peak singing activity. We averaged corresponding values from measurements at five-minute intervals for air temperature (TAIR), relative humidity (RELH), and air pressure (PRES) from 2010 to 2019. These average values were labeled as our contemporary weather data set (Table 2.1). These variables were used to calculate acoustic atmospheric attenuation (Rossing, 2007). 
        Eq 1.
With α as the attenuation coefficient, f is the sound frequency, T is the absolute temperature of the atmosphere in degrees Kelvin, T0 is 293.15K or 20C, ps is the local atmospheric pressure and p0 is the reference atmospheric pressure (1 atm = 1.01325 x 105 Pa); fr,N is the nitrogen relaxation frequency, fr,O is the oxygen relaxation frequency and are calculated by the equations below:
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 	Eq. 3
 H being the percentage molar concentration of water vapor in the atmosphere or absolute humidity, and is calculated by:
 	Eq. 4
With  and .
To simulate contemporary drought conditions, we used a subset of the baseline weather data from the year 2011, when there was a severe drought that affected most of Oklahoma and many neighboring states (Tadesse et al. 2015; Khand et al. 2017). We simulated extreme drought conditions to determine if vocal activity and if the vocal community would change in response to extreme aridity. To simulate the predicted climate change conditions in 2070 in which aridity is expected to increase in shrub- and grassland habitats, we took the mean weather condition values (TAIR, RELH, and PRES) from 2010-2019 ERIC Mesonet station and added 7.5°C to the TAIR and subtracted 6% from the RELH of the mean values (Table 2.1). These values are based on the predicted climate trends in the North American Southwest for the year 2070 (Huang and Ullrich 2017). To simulate drought conditions in 2070, we added 7.5°C to the TAIR and subtracted 6% from the RELH from the 2011 ERIC Mesonet weather data (Table 2.1).
2.2.3 [bookmark: _Toc133702862]Individual contact percentages.
We first ran a simplified version of the model with two individuals and their respective territories to test the effects of multiple song frequencies across multiple territory sizes. We tested 12 frequencies (1-12 kHz) and 60 territory size radii (25-1500m by 25m increments) to demonstrate how the different climate conditions listed above would affect the contact rate between two individuals with adjacent territories. We ran this model on the 06/01 date for the contemporary, extreme, climate change, and extreme climate change weather data because it was one of the hottest and driest days (based on 2011 TAIR and RELH, respectively) in our weather dataset. We ran this model over 5 iterations to add variability for the statistical analysis. To determine which frequency and territory radii would be affected by extreme weather, we subtracted the extreme and extreme climate change results from the contemporary and projected climate change results, respectively.
2.2.4 [bookmark: _Toc133702863]Population contact percentages.
This version of the model contained an array of 110 contiguous territories, represented as a hexagonal grid, such that 72 birds (those not on an edge of the array) had six neighbors (Figure 2.2). We increased the number of birds and territories in a population to determine if the changes in individual contact rates would influence the population-level communication system. Once a bird contacted all six of its neighbors it would stop singing because it has met the intrasexual condition of defending its territory against its adjacent neighbors. We also tested three different mean song frequencies (4, 8, and 12 kHz), which represented individual bird species to determine if contact rates varied as a function of frequency because these frequencies cover the majority of the avian song frequency bandwidth and 8 kHz is the expected hearing range of most birds (Dooling, 2004). We also ran the model with and without the evaporative water loss (EWL) equation included to determine if water budgets, our measure of individual condition, affected contact rates. In the first time-step, the probability of a bird singing, moving, or resting was equal (i.e. 0.33). However, to test if individual condition affected the probability of these behaviors, these probabilities were subject to change as the model progressed based on how much water had been lost due to thermoregulation. To account for this physiological change, we derived EWL equation from (Albright et al. 2017) for the House Finch (Haemorhous mexicanus), our model system for singing parameters. Once any bird lost 15% of its body mass due to total EWL (TEWL), it would no longer sing or move and would only rest until the next day because 15% TEWL is considered lethal to the bird (Albright et al. 2017). At the beginning of the next day, the TEWL resets back to zero under the assumption that the birds would recover their water reserves. Both the singing and moving behavior probabilities decreased by half of the TEWL divided by half of 15% of the body mass for each time step.
 Each model run consisted of 61 virtual days each of which contained 6 virtual hours or 360 time steps. The six-hour period represented the dawn chorus and morning singing period, and we disregarded the rest of the day because the morning singing period is usually the highest singing period of the day (Gasc et al. 2017). We evaluated the effectiveness of vocal communication based on the percentage of birds that had successfully contacted all six neighbors at the end of each day. We then averaged these values across all days to generate an overall contact rate for each of the 360 time steps (i.e. the completion rate). Birds/territories that were on the edge of the hexagon array were not used to calculate contact rates as they had fewer than six neighbors. Hence, completion rates were calculated based on the 72 inner territories (Figure 2.2).
2.2.5 [bookmark: _Toc133702864]Statistical Analysis.
To analyze how different environmental conditions, frequencies, and territory sizes would affect individual contact rates, we developed a linear model (LM) using the lme4 package in the R statistical software (Bates et al. 2015). This model included the weather conditions, mean song frequency, and the inclusion or absence of the EWL equation on bird contact percentage. We conducted regression diagnostic tests and the residuals were somewhat normally distributed for this model. We also conducted an LM on the population-level, completion contact rate after conducting regression diagnostic tests and finding somewhat normally distributed residuals for both the population contact percentages. We averaged the total number of birds that contacted a neighbor for each time step across the 62 days within each iteration, which gave us the mean completion percentage across our model duration. We analyzed the interactions among weather conditions, frequency and the inclusion or absence of the EWL equation on the territory completion percentages. For both the individual and population-level contact analysis, we conducted a three-way ANOVA and a Tukey post-hoc test on the three-way interactions using the “car” and “multcomp” packages, respectively (Hothorn, Bretz, and Westfall 2008; Fox and Weisberg 2018) to determine which combinations of variables were significantly different from each other. All statistical analyses were done in R v4.0.4 (R Core Team 2021).
2.3 [bookmark: _Toc133702865]RESULTS
2.3.1 [bookmark: _Toc133702866]Individual effects.
According to the results of the LM, increasing frequency and territory size led to decreases in the mean contact percentages between then contemporary drought conditions and the mean contemporary conditions (B = -8.81e07  24.05e-07 s.e., t = 2.175, p = 0.030) and between the mean climate change conditions and mean contemporary conditions, although this trend was not significant (B = -7.22e-07  4.05e-07 s.e., t = -1.782, p = 0.075), indicating fewer contacts between neighbors as song frequency and territory size increased. These effect sizes were very small, which suggest that territory size and frequency may not be the most important factors in determining vocal contact between neighbors. The nature of these simulations would produce significant results because of the way the simulation was designed. The ANOVA demonstrated that there were significant differences between the weather conditions after considering variation from frequency and territory size (F = 4.084, df = 3, p = 0.007). The Tukey post-hoc test on weather conditions demonstrated that compared to the mean contemporary conditions, contact percentages significantly decreased in the mean contemporary drought conditions by ~17%  (B = -17.356  2.615 s.e., t = -6.638, p = 0.001) and in the mean climate change drought conditions by ~16%   (B = -16.469  2.615 s.e., t = -6.299, p < 0.001). The mean climate change conditions had higher contact percentages than the mean contemporary conditions by ~6% but this trend was not significant (B = 6.059  2.615 s.e., t = 2.317, p = 0.094). To determine which frequencies would be affected by the extreme arid conditions, we subtracted the results of the simple model under the mean contemporary conditions from the drought conditions results (Figure 2.3A) and the mean climate change conditions from the climate change drought conditions results (Figure 2.3B) to demonstrate how extreme conditions affect mean song frequencies under different territory sizes. Smaller territory sizes with higher frequencies had higher contact rates compared to larger territories with lower frequencies. 
2.3.2 [bookmark: _Toc133702867]Population effects - Weather conditions.
The ANOVA demonstrated that there were significant effects of weather conditions, frequency, and inclusion/absence of the EWL equation on completion percentages (F = 13146, df = 23, p <0.001). Based on the Tukey post-hoc tests, mean completion percentages between the contemporary drought conditions and mean contemporary conditions (Figure 2.4A) decreased for 4 kHz and 8 kHz by ~7%  and ~16 , respectively (Figure 2.4B, 4kHz: B = -7.209  0.494 s.e., t = -14.584, p = <0.001; 8Khz: B = -16.438  0.494, t = -33.253 s.e., p <0.001). The climate change drought conditions also had lower completion probabilities for 4 kHz and 8 kHz by ~3%  and ~4% , respectively (Figure 2.4D, 4kHz: B = -3.423  0.494 s.e., t = -6.924, p <0.001; 8kHz: B =  -4.093  0.494 s.e., t = -8.28, p <0.001).The completion rates for the mean climate change conditions were higher than the mean contemporary conditions for all frequencies by ~13%, ~26%, and ~3% , respectively Figure 2.4C, 4kHz: B = 3.091  0.494 s.e., t = 6.252, p <0.001; 8kHz: B = 26.361  0.494 s.e., t = 53.327, p <0.001; 12kHz: B = 3.445  0.494 s.e., t = 6.970, p<0.001). Completion rates for 12kHz were also significantly lower between the climate change drought and mean climate change conditions by ~ 2% (12kHz: B = -1.948 0.494 s.e., t = -3.942, p <0.018).
2.3.3 [bookmark: _Toc133702868]Population effects - Frequency.
Completion percentages decreased with increasing frequency for mean contemporary by ~60% when increasing from 4 kHz to 8 kHz and ~95%, when increasing from 4 kHz to 12 kHz (8kHz:  B = -59.901  0.494 s.e., t = -121.178, p <0.001; 12kHz: B = -95.014  0.494 s.e., t = -192.209, p <0.001). Contemporary drought completion percentages decreased with increasing frequency by ~69% when increasing from 4 kHz to 8 kHz and ~7% when increasing from 4 kHz to 12 kHz (8kHz: B = -69.30  0.494 s.e., t = -139.846, p <0.001; 12kHz: B = -86.945  0.494 s.e., t = -175.886, p <0.001). Mean climate change completion percentages decreased with increasing frequency by ~37% when increasing from 4 kHz to 8 kHz and ~95%, when increasing from 4 kHz to 12 kHz (8kHz: B = -36.631  0.494 s.e., t = –74.103, p <0.001; 12kHz: B = -94.659  0.494 s.e., t = -191.491, p <0.001). Completion percentages decreased with increasing frequency in the climate change drought conditions by ~61% when increasing from 4 kHz to 8 kHz and ~90%, when increasing from 4 kHz to 12 kHz (8kHz: B = -60.572  0.494 s.e., t = –122.534, p <0.001; 12kHz: B = -90.094  0.494 s.e., t = -182.256, p <0.001). 
2.3.4 [bookmark: _Toc133702869]Population effects - Evaporative Water Loss.
When we included the EWL equation in the model, EWL significantly reduced completion rates at 8kHz for contemporary conditions by ~3% (8kHz: B = -2.829  0.494 s.e., t = –5.724, p <0.001), the contemporary drought conditions by ~3% (8kHz: B = -2.959  0.494 s.e., t = –5.987, p <0.001), mean climate change conditions by ~5% (8kHz: B = -5.138  0.494 s.e., t = –10.395, p <0.001), and climate change drought conditions by 9% (8kHz: B = -9.733  0.494 s.e., t = –19.689, p <0.001). EWL also significantly reduced contact rates for 12kHz for the mean climate change conditions by ~3% (12kHz: B = -2.970  0.494 s.e., t = –6.007, p <0.001).
2.3.5 [bookmark: _Toc133702870]Population effects - Territory Size.
Since the 8 kHz frequency demonstrated the most significant effects, we tested this frequency at various territory size diameters (1.0, 1.5, 3.0 km) under the climate change drought (Figure 2.5). The ANOVA demonstrated that the interaction between territory size and inclusion/absence of the EWL equation had significant effects on completion percentages (F = 4019.6, df = 5, p <0.001). Completion percentages decreased significantly as territory size increased from 1.0 km to 1.5 km by ~21% (B = -21.328  0.283 s.e., t = –75.311, p <0.001), increased from 1.0 to 3.0 km by ~31% (B = -30.944  0.283 s.e., t = –109.266, p <0.001), and increased from 1.5 to 3.0km by ~10% (B = -9.629  0.283 s.e., z = –34.000, p <0.001). When EWL was included, completion percentages decreased significantly as territory size increased from 1.0 km to 1.5 km by ~18% (B = -17.608  0.283 s.e., t = –62.174, p <0.001), increased from 1.0 to 3.0 km by ~ 22% (B = -21.953  0.283 s.e., t = –77.517, p <0.001), and increased from 1.5 to 3.0km by 4% (B = -4.346  0.283 s.e., t = –15.345 p <0.001).
2.4 [bookmark: _Toc133702871]DISCUSSION
	Based on the ABM results, we concluded extreme arid conditions would lead to reduced contact rates and an altered avian soundscape for birds with mid to high mean song frequencies. While we found support for the FAB1 hypothesis, wherein reduced physiological condition (i.e. high TEWL) led to lower the completion rates for the 8 kHz mean song frequency under contemporary drought and climate change drought conditions, the majority of our results supported the FAB2 hypothesis, indicating that species’ specific soundscapes are dependent on fixed, species’ specific traits (i.e. mean song frequency and territory size). This trait-dependence means that with increasing aridity, certain species will be excluded due to reduced efficacy of the vocal communication system. This species loss will change the community composition of singing songbirds, which can be an indicator of community health (O’Connell, Jackson, and Brooks 2000). Our model demonstrates that under high aridity levels, the soundscape is no longer functional for certain species. Therefore, the population cannot maintain acoustic contact with each other, which could lead to changes in territorial boundaries and potential mating opportunities. These individual consequences could lead to population level effects such as a decline in population size, which could alter the community soundscape. Alternatively, species that can adjust their singing behavior to accommodate for these extreme conditions by producing signals with optimal transmission distance or by having a more gregarious social system, however not all species would be able to display behavioral flexibility or developmental plasticity accordingly.
	We found from the population-level analysis, species-specific traits such as mean song frequency was the main determinant in maintaining contact with their adjacent neighbors, specifically species with low mean song frequencies were still able to contact all neighbors across all the different weather conditions tested (Figure 2.4). Low frequency acoustic signals still transmitted in desert environments later in the day, while high frequency acoustic signals attenuated at a much higher rate under the same conditions (Henwood and Fabrick 1979). Species with fixed vocalization frequencies, such as suboscines which have innate vocalizations, will be more likely affected by the increasing arid conditions because they cannot adjust their vocalization frequency for higher transmission distance (Ríos-Chelén et al. 2012). Suboscine species with high frequency vocalizations would have difficulty maintaining vocal contact with neighbors, as seen in a study on Vermillion Flycatchers (Pyrocephalus obscurus), which did not shift their song frequencies in response to high levels of anthropogenic noise (Ríos-Chelén et al. 2018). Bird species with more plastic singing behavior may be able to adjust their song frequency to increase transmission in nature. White-throated Sparrows (Zonotrichia albicolis) adjust song characteristics such as song duration, higher minimum frequencies, and narrower frequency bandwidths under high periods of noise (Lenske and La 2014). Male black-capped chickadees, (Poecile atricapillus) can shift their song frequencies up when masking noise is played (Goodwin and Podos 2013). While we found limited evidence for the FAB1 hypothesis as seen in reduced contact percentages with the inclusion of the EWL equation for mid to high mean song frequencies (Figure 4), other studies demonstrated that avian physiology can reduce singing behavior, especially under high temperatures (Coomes and Derryberry 2021; McGrann and Furnas 2016). Another study demonstrated that Willow Warblers (Phylloscopus trochilus) increased metabolic rate and thermoregulation costs while singing (Ward and Slater 2005), so one could assume that increased thermoregulatory needs and high TEWL could lead to decreased vocalization behavior. 
Species whose singing and movement behaviors are fixed are more vulnerable to soundscape degradation associated with increased aridity. As song transmission distance decreases, maintaining contact rates will require some combination of lowering mean song frequency, increasing song volume, and altering the timing and intensity of singing to correspond with favorable conditions. For species that are flexible in their singing behavior, they will need to create new song types to sing in an arid environment (which supports the acoustic adaptation hypothesis), or change their peak singing time to periods of low aridity (which supports the acoustic niche hypothesis; (Morton 1975; Krause 1993). Selection for more transmissible songs in degraded environments has been noted in multiple species. North American warblers (Parulidae) decrease their signal frequency bandwidth (max frequency span within a note) and increase the signal length under high atmospheric attenuation (Snell-Rood 2012). Southern House Wrens (Troglodytes musculus) had lower song amplitude at high atmospheric attenuation conditions (Sementili-Cardoso and Donatelli 2021). In many bat species, which vocalize in ultrasonic frequencies, warmer climates have led to higher frequency calls that attenuate due to high temperatures and low humidity (Luo et al. 2014), which could lead to selection of lower frequency vocalizations and longer vocalizations to transmit information to the intended receivers. This selection for certain song syllables and song types could lead to the selection of low frequency, long songs, which would lead to the decrease of song type diversity in the avian soundscape. Species with higher frequency songs may relocate to habitats that have more favorable acoustic properties or reduce singing under hotter periods of the day (McGrann and Furnas 2016; Diepstraten and Willie 2021). Alternatively, selection can favor increased behavioral plasticity for birds to continue to sing in arid environments. Species that are not able to adjust their singing behavior can no longer maintain a vocal communication system in arid environments and will need to move to more suitable habitat. 
	While our model did not account for behavioral plasticity or intraspecific variation for individual species, this exclusion does not necessarily negate support for the FAB2 hypothesis. Completion rates did shift under the different climate scenarios, but frequency was the deciding factor in difference in completion rates (Figure 2.4). While plastic behavior is shown in many species, plasticity itself can be fixed, unless selection acts on it to increase (Crispo 2007). It has been documented that certain species’ singing behavior is flexible in disturbed habitats, particularly in habitats with high anthropogenic noise. Many urban birds such as Oregon Juncos (Junco hyemalis oreganus; Reichard et al. 2019), Great Tits (Slabbekoorn and den Boer-Visser 2006) , and White-crowned Sparrows (Derryberry, Danner, and Danner 2016) shifted their minimum song frequency to transmit signals above the low-frequency anthropogenic noise. Other species, like the Vermillion Flycatcher sing longer songs during noisy habitats (Ríos-Chelén et al. 2013) and Serins (Serinus serinus) increase vocal activity during noisy periods (Díaz, Parra, and Gallardo 2011). Birds in arid environments may also adjust vocal behavior by singing during the morning periods when sound transmission is the highest. Altitudinal migrants and resident bird species reduced singing activity when temperatures were high, but Neotropical migrants retained their singing activity even though the risk of heat-stress was high (McGrann and Furnas 2016). With behavioral plasticity included, the FAB2 still retains support because the limits of plasticity can be limited by species-specific interactions.
	If territorial songs are unable to propagate and reach their intended receivers, then the efficiency of the song decreases and the cost of singing increases (Wiley 1998). This reduced efficacy could result in individuals not able to find mates due to incomplete information reaching the receiver, or potential mates preferring non-degraded songs. In many songbird species, females prefer certain song types over others. In habitats with high levels of anthropogenic noise, an example of a disturbed soundscape, Ovenbirds (Seiurus aurocapilla) suffered lower rates of pairing than quieter habitats (Habib, Bayne, and Boutin 2006). Wild male Zebra Finches (Taeniopygia castanotis) that sing longer, higher pitched songs predicted hatching success and the number of genetic offspring surviving (Woodgate et al. 2012). Preference can also play a factor in reduced population recruitment; female Lincoln’s Sparrows (Melospiza lincolnii) have a higher preference for male songs sung in colder temperatures vs. warmer temperatures (Beaulieu and Sockman 2012). On the opposite spectrum, male Pied Flycatchers (Ficedula hypoleuca) singing in cold temperatures are preferred less by female pied flycatchers than males singing in warmer temperatures (Slagsvold and Dale 1994). Warmer temperatures could also lead to potential mates preferring heterospecific songs over conspecific songs (Coomes, Danner, and Derryberry 2019), which could lead to missed mating opportunities and ultimately reduced population recruitment. 
In addition to reduced preference for certain song types, as aridity increases, resources like food and water will decrease in abundance, and birds will need to expand their territories to have the necessary resources to survive and reproduce (Dean, Barnard, and Anderson 2009; Khoury and Boulad 2010). This increase in territory size will lead to increased energetic demand for patrolling territories, especially if the vocal signals used to maintain territory boundaries no longer reach their intended receivers. If vocal activity decreases, then individuals will need to increase territorial movement behavior to actively defend their territories from intruders. Increasing resource needs when resources are already low would push individuals past their breaking point (McKechnie, Hockey, and Wolf 2012), and while behavioral flexibility (short-term behavioral plasticity) would provide quick relief, the increased allostatic load would be too much for some species to adapt and develop non-reversible plasticity (i.e. developmental plasticity) to deal with increasingly extreme conditions (Wingfield et al. 2017). Outside of mating and reproduction, for social species the reduced soundscape under arid conditions could lead to reduced flock foraging behavior (Safriel 1990) as calls may not reach conspecifics. The reduced transmission of predator alarm class could have community level effects, such as elevated depredation events, due to multiple species listening to heterospecific alarm calls (Grade and Sieving 2016). Pair-bonded individuals will not be able to coordinate parental provisioning or produce effective alarm calls to warn of predators (Rose et al. 2020) if the vocal signals are degraded. Territorial behaviors may decrease if degraded signals reach neighbors because birds rely on ranging or auditory cues to evaluate the distance of a conspecific. If a trespassing neighbor’s song is degraded by high atmospheric attenuation, then the focal individual may not respond aggressively enough to the trespassing neighbor because the focal individual thinks the trespasser is farther away than it really is (Fotheringham, Martin, and Ratcliffe 1997; Farina 2014). Alternatively, aggressive territorial behaviors may increase due to competition over decreasing resources (Samplonius and Both 2019). Many avian species use vocalizations to defend territories against rival mates and prevent extra-pair paternity (Mace 1987). Males that move more could suffer from extra-pair fertilizations occurring on their territory. If the male is unable to defend the territory, territoriality behavior could become ineffective. Alternatively, individuals that are unable to defend a territory or no longer have access to a territory could become helpers on an existing territory of a more dominant/successful individual. With the degraded soundscape leading to fewer mating opportunities and increasing aridity leading to limited resources unable to support multiple breeding individuals, cooperative helpers may assist with dominant individuals to patrol territories and help with nestling provisioning (Koenig and Dickinson 2004). A direct effect of reduced resources leading to larger territories is smaller population densities, which coupled with attenuated song types/syllables could lead to the loss of vocal culture or reduced vocal repertoires. An example of this reduced vocal culture was found in Regent Honeyeaters (Anthochaera phrygia). Male Regent Honeyeater songs in 2011 were shorter and contained fewer syllables than songs in 1968 due to habitat fragmentation (Valderrama, Molles, and Waas 2013). This decrease in vocal culture led to reduced female pairing (Crates et al. 2021). Song type diversity may also decrease due to cultural selection in tandem with natural selection if certain signals are not learned by the next generation (Searcy and Nowicki 2005). Oscines or birds that learn song types from a tutor would only be exposed to low frequency, long syllable song types in an arid, degraded soundscape and once they mature their offspring will learn those song types as well. One study demonstrated that young Carolina Wrens (Thryothorus ludovicianus) prefer to learn undegraded songs than degraded songs (Morton, Gish, and Van Der Voort 1986), and under the predicted extreme aridity conditions, there may be fewer degraded song types to choose from. To reduce degradation, birds may position themselves higher in tree canopies (Mathevon, Dabelsteen, and Blumenrath 2005), which may expose birds to new ecological niches. Our results demonstrated that higher mean song frequencies would be less likely to transmit to adjacent neighbors, indicating that high frequency signals could be lost in arid songbird communities because they will not be heard by young birds. Alternatively, singing activity could potentially increase due to geophonies (i.e. sounds from the natural environment) decreasing due to dry riverbeds (B. Krause and Farina 2016). Regardless, species living in variable conditions and unpredictable environments will need to learn and invent new syllables and song types in order to communicate to their intended receivers (Laiolo and Tella 2006; Laiolo 2008; Botero et al. 2009), which could lead to an increase in syllable and song type diversity. 
Changing song characteristics and song diversity would be an example of adaptation or a plastic response. Increasing phenotypic plasticity can help species continue to function in extreme environments, and these extreme environments can therefore select more plastic traits that reduce trait costs (Chevin and Lande 2010; Hoffmann and Parsons 1993). If the extreme environments continue to persist, organisms may develop non-reversible plasticity, which could lead to trait adaptation (Wingfield et al. 2017). While selection may favor plastic traits, plasticity is dependent on other traits (e.g. behavioral syndromes) that may limit behavioral expression, which could prevent species from expressing the optimal trait in a given context (Lande 2009). Plastic responses can be adaptive if those plastic responses in mild conditions are genetically correlated with responses in the extreme conditions (Chevin and Hoffmann 2017). Species with these correlated, plastic responses may have built-in climate resilience, which would lead to better chances of survival under increasingly extreme environments (Chevin, Lande, and Mace 2010).
	Increasing aridity may completely alter soundscapes which can have individual, population, and community level impacts. The acoustic niche hypothesis states that species will occupy individual niches to avoid frequency or temporal overlap (Krause 1993). With increased aridity changing the optimal times to sing, increased temporal overlap may occur between species that before did not compete for the same frequency range (Krause 2012). Highest acoustic activity occurs during the dawn choruses, and while multiple factors like physiology (Thomas and Cuthill 2002; Thomas et al. 2002), light intensity (Berg, Brumfield, and Apanius 2006), and social factors (Krebs and Kacelnik 1983) affect the dawn chorus activity, if aridity negatively impacts the sound propagation characteristics during the day, then multiple species will compete for the same temporal space during the dawn chorus (Krause 1987). With selection favoring lower frequency songs and with a smaller optimal window to produce high frequency songs in arid environments, species that are unable to shift their song frequencies or cannot produce new songs will need to relocate to more suitable habitats. This relocation could lead to interspecific conflict between native species and the relocating species that use the same acoustic niche (Farina, Pieretti, and Morganti 2013), and potentially divergence of species as the colonizing species begins to adapt to the new acoustic environment (Cardoso and Price 2010). This change in community composition could lead to an avian soundscape dominated by functional diversity (i.e. low frequency songs in large territories or medium frequency songs in small territories) rather than phylogenetic diversity (Gasc et al. 2013). 
	Soundscapes can represent the health of an environment if acoustical niches correlate with ecological niches of vocal animals (Farina et al. 2011; Kasten et al. 2012; Gage and Axel 2014; Fuller et al. 2015). Soundscapes can be used to detect early signs of bird stress or disturbance related to habitat or climate changes (Sueur and Farina 2015; Doser et al. 2020). Since the 1990s, the avian community soundscape has become more homogeneous, acoustic diversity has decreased, and soundscape intensity has declined in northern and eastern North America (Morrison et al. 2021). Degrading soundscapes could lead to reduced perceived ecosystem value for many habitats (Ferraro et al. 2020). Humans have increased perceived ecosystem value if a habitat sounds more “natural” (Francis et al. 2017). Ecosystem services can be enhanced by making a habitat sound more natural, which in turn could lead to an increase in conservation support (Levenhagen et al. 2021). Protecting a soundscape is vital for adding ecosystem value to a habitat so we can advocate for ecosystems for the public’s benefit.  
Our model demonstrated how changes in individual singing and movement behaviors due to extreme aridity can lead to an altered avian soundscape at the population level. This lack of communication could lead to an altered avian community soundscape, with certain species being able to adapt and continue to sing during these increasingly arid conditions. Identifying which species would suffer from this altered communication system can potentially be helpful in creating mitigation strategies such as adding supplemental water resources or creating artificial shade refugia, to help reduce the impact of increasing aridity on avian populations. Further analyses across multiple species are needed to determine how an entire avian community will be affected by increasing aridity.

0. [bookmark: _Toc133702872]TABLES
[bookmark: _Ref133682219][bookmark: _Toc127711280][bookmark: _Toc133702988]Table 2.1. Model testing parameters. We tested multiple combinations of weather conditions, territory sizes, and mean song frequencies with our model. The mean contemporary weather conditions were an average of the 2010-2019 ERIC Mesonet weather data, the contemporary drought weather conditions were a subset of the contemporary weather data set, specifically the year 2011, in which a severe drought occurred in Oklahoma. The mean climate change conditions were the predicted weather conditions in 2070, and to obtain these values we took the mean contemporary conditions and added 7.5°C to the air temperature (TAIR) and subtracted 6% from the relative humidity (RELH) values. The drought climate change conditions were the predicted extreme weather conditions in 2070 and to obtain these values we took the mean climate change conditions and added 7.5°C to the air temperature (TAIR) and subtracted 6% from the relative humidity (RELH) values. In all of these conditions we tested three mean song frequencies (4, 8, and 12 kHz) to determine if frequency would affect neighbor contact rate. For these conditions we set the territory size to 1 km diameter. For the Medium, Bad, and Worst conditions, we used the climate change drought conditions, kept the mean song frequency to 8 kHz, while varying the territory size diameter to 1 km for the Medium conditions, 1.5 km for the Bad conditions, and 3 km for the Worst conditions.
	Weather Conditions
	Data
	Territory Size
Diameter (km)
	Song Frequencies (kHz)

	Contemporary
	Average of 2010-2019 ERIC Mesonet Data
	1
	4, 8, 12

	Contemporary Drought
	2011 ERIC Mesonet Data
	1
	4, 8, 12

	Climate Change
	Average of 2010-2019 ERIC Mesonet Data (+ 7.5C, -6%)
	1
	4, 8, 12

	Climate Change Drought
	2011 ERIC Mesonet Data (+7.5C, -6%)
	1
	4, 8, 12

	Medium (Climate Change Drought)
	2011 ERIC Mesonet Data (+7.5C, -6%)
	1
	8

	Bad (Climate Change Drought)
	2011 ERIC Mesonet Data (+7.5C, -6%)
	1.5
	8

	Worst (Climate Change Drought)
	2011 ERIC Mesonet Data (+7.5C, -6%)
	3
	8





[bookmark: _Toc127711281][bookmark: _Toc133702989]Table 2.2. Model completion percentages. These percentages represent the percent of individuals that contacted all 6 neighbors by the end of the 6-hr model duration.
	Condition
	Frequency (kHz)
	EWL Inclusion/Absence
	N
	Percent
	SE

	Mean Contemporary
	4
	No EWL
	5
	100.000
	0.000

	
	
	EWL
	5
	100.000
	0.000

	
	8
	No EWL
	5
	71.867
	0.418

	
	
	EWL
	5
	63.948
	0.191

	
	12
	No EWL
	5
	0.838
	0.049

	
	
	EWL
	5
	0.301
	0.026

	Contemporary Drought
	4
	No EWL
	5
	99.832
	0.020

	
	
	EWL
	5
	99.417
	0.060

	
	8
	No EWL
	5
	40.278
	0.367

	
	
	EWL
	5
	30.032
	0.095

	
	12
	No EWL
	5
	3.374
	0.093

	
	
	EWL
	5
	2.928
	0.152

	Mean Climate Change
	4
	No EWL
	5
	100.000
	0.000

	
	
	EWL
	5
	100.000
	0.000

	
	8
	No EWL
	5
	91.448
	0.262

	
	
	EWL
	5
	79.781
	0.360

	
	12
	No EWL
	5
	12.350
	0.349

	
	
	EWL
	5
	1.198
	0.028

	Climate Change Drought
	4
	No EWL
	5
	99.736
	0.042

	
	
	EWL
	5
	97.910
	0.138

	
	8
	No EWL
	5
	50.328
	0.222

	
	
	EWL
	5
	29.763
	0.294

	
	12
	No EWL
	5
	5.433
	0.166

	
	
	EWL
	5
	0.779
	0.091

	Medium
	8
	No EWL
	5
	49.754
	0.291

	
	
	EWL
	5
	30.233
	0.268

	Bad
	
	No EWL
	5
	21.034
	0.164

	
	
	EWL
	5
	6.913
	0.266

	Worst
	
	No EWL
	5
	0.077
	0.015

	
	
	EWL
	5
	0.014
	0.006






2.6 [bookmark: _Toc133702873]FIGURES
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[bookmark: _Ref133703500][bookmark: _Toc133702919]Figure 2.1. Pictogram of questions, hypotheses, and predictions for the ABM. The questions, variables, and values outlined in the orange box represent the FAB1 hypothesis, while the blue box represents the FAB2 hypothesis.
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[bookmark: _Ref133683071][bookmark: _Ref133683063][bookmark: _Toc133702920]Figure 2.2. Virtual environment for a population of virtual birds. Each hexagon represents a bird’s territory in which the bird moves around. Each bird has 6 adjacent neighbors, except for the hexagons on the grid edge, which were not included in the final calculations since they could not contact all six neighbors. A bird will either sing, move, or rest until all neighbors were contacted. Birds that have contacted all six neighbors will turn gray and that bird will stop exhibiting behavior for the rest of the day.
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[bookmark: _Ref133684819][bookmark: _Toc133702921]Figure 2.3. Heatmaps of frequencies affected by extreme temperatures across different territory sizes. We applied the ABM to multiple territory sizes ranging from 25m radius territories to 1500m radius territories across the audible bird song frequencies for the differences in drought vs. contemporary weather data (A) and the differences in climate change drought vs. climate change weather data (B). Cooler colors represent frequencies and territory sizes that would lead to fewer birds successfully contacting all neighbors under extreme conditions in both the extreme and climate change drought data, suggesting that selection may drive bird populations towards smaller territory sizes and higher frequency songs.
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[bookmark: _Ref133684893][bookmark: _Toc133702922]Figure 2.4. Population contact rates across four different environment conditions: (A) Mean contemporary, an average of air temperature (TAIR), relative humidity (RELH), and air pressure (PRES) from the ERIC Mesonet station from 2010-2019. (B) Contemporary Drought, the weather data from 2011 drought from the ERIC Mesonet station. (C) Mean Climate Change, 7.5C TAIR increase and 6% RELH decrease to the Mean Contemporary data. (D) Climate Change Drought 7.5C TAIR increase and 6% RELH decrease to the Mean Climate Change data. Three frequencies that span the songbird frequency bandwidth were tested (4kHz: orange, 8kHz: blue, 12kHz: gray). Models without (solid) and with (dotted) the evaporative water loss (EWL) equation are included.
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[bookmark: _Ref133685273][bookmark: _Toc133702923]Figure 2.5. Total contacts decrease as territory size increases under extreme climate change conditions for 8 kHz. Total number of contacts is represented on the y-axis and time (min) is represented on the x-axis. 


[bookmark: _Toc133702874]IT’S NOT THE HEAT, IT’S THE ARIDITY: AVIAN SONG ACTIVITY AND SPECIES DIVERSITY AT THE COMMUNITY LEVEL HAVE CONSISTENT, NEGATIVE RESPONSES TO INCREASING ARIDITY
[bookmark: _Toc133702875]INTRODUCTION
Arid environments such as shrub- and grasslands are sensitive to climate change and desertification (Huang and Ullrich 2017). As aridity increases in these habitats, resources associated with vegetation, soil fertility, and water availability will decline (Berdugo et al. 2020), which can alter the animal community composition of the environment (Puig-Gironès, Brotons, and Pons 2017). This alteration can degrade communities to the point of collapse, as seen with the Mojave Desert avian community (Iknayan and Beissinger 2018). 
Increased aridity in grassland and shrublands presents several challenges to bird populations in these habitats. Among these challenges is increasing thermoregulatory demands due to the metabolic costs of heat dissipation. Smaller species are particularly vulnerable to thermal stress and may be unable to maintain necessary behaviors when burdened with additional thermoregulatory demands (Song and Beissinger 2020; McKechnie, Gerson, and Wolf 2021). Increased aridity can also reduce availability of resources, which may require territorial songbirds to establish larger territories and, in turn, require more energetic resources to defend these larger territories. A related challenge is that aridity increases evaporative water loss. As birds sing, they expose their respiratory tract to the environment, which is where most of the evaporative water loss occurs in songbirds (Wolf and Walsberg 1996). As air becomes drier, the evaporative gradient increases, leading to more water loss than under more humid conditions (McKechnie et al. 2016). Another challenge is increased instances of extreme climate events (ECEs) which can drastically impact fitness and selection of behavioral phenotypes (van de Pol et al. 2017). Finally, an often-overlooked side-effect of global warming is the altered acoustic transmission properties of the environment. Hotter, drier air generally reduces sound propagation (Brenowitz 1982; Henwood and Fabrick 1979; Larom et al. 1997), which means that songbirds would be less likely to vocally communicate with rivals and potential mates. Hence reduced sound propagation would likely exacerbate the challenges related above regarding territory defense and evaporative water loss. 
[bookmark: _Int_Lqsd34lZ]Increased sound attenuation in arid environments could significantly alter soundscapes  because the hotter, drier air generally reduces sound propagation, especially for higher frequencies, which can affect the life-histories of animals that use acoustic signals to communicate (Henwood and Fabrick 1979; Sueur, Krause, and Farina 2019). Attenuated acoustic signals may not reach the intended receivers (i.e. potential mates or territorial conspecifics) or may not effectively transmit all the information within that acoustic signal (Forrest 1994). This loss in signal information may lead to selection pressures on acoustic signals or on other behaviors to retain signal integrity and detectability. This outcome is a tenant of the acoustic adaptation hypothesis, which predicts that signalers should produce signals that optimize transmission in a given environment (Morton 1975). For example, singing activity by birds typically occurs in the early morning when acoustic signal transmission is at its highest and signal degradation is the lowest (Brown and Handford 2002). While not tested directly, studies demonstrated that arid conditions affect singing activity, with birds singing less on hot days and singing earlier in hotter habitats (Gordo, Sanz, and Lobo 2008). However, with climate change increasing aridity levels, periods of high sound propagation are shortening. Due to this narrower period, there will be selection for different vocal signals and behaviors (Irwin, Bensch, and Price 2001) and species that can adapt to these new conditions, which will alter the arid-land soundscape community. 
Increased aridity not only reduces the efficacy of singing, but also increases evaporative water loss in animals that produce vocal acoustic signals. Vocalizing birds, frogs, and toads expose their respiratory tract to the environment, which is where most of the water is lost. As air becomes drier, the evaporative gradient increases, leading to more water lost than under more humid conditions (McKechnie et al. 2016). A study demonstrated that higher air temperatures led to higher rates of evaporative water loss in desert songbirds, which face higher dehydration risk than bird species in other habitats (Albright et al. 2017). This increase in evaporative water loss could lead to higher avian mortality and even collapse of avian communities (Iknayan and Beissinger 2018). To prevent evaporative water loss and dehydration, birds may reduce singing activity to conserve water, which would lead to an altered avian soundscape. To compensate for the reduced territorial signals, birds may increase territorial movement to patrol territorial boundaries and find mates. Yet, this increase in movement could also potentially increase dehydration risk in birds (Khoury and Boulad 2010). Some have suggested that supplemental water may alleviate the high evaporative water loss at more arid conditions (Smit et al. 2019), which could offset the increased cost of singing.
[bookmark: _Int_dGIj6UEQ][bookmark: _Int_961EKE52] 	To examine links between aridity and singing behavior and to determine if supplemental water mitigates responses to arid conditions, we conducted two comparative studies in shrub- and grassland habitats. The first study examined the singing behavior responses to natural environmental conditions across an aridity gradient ranging from temperate to arid across Oklahoma, Texas, and New Mexico. The second study entailed experimental manipulation of the water availability at two study sites to test whether singing behavior is affected by water supplementation. We hypothesized that birds must balance the costs of vocalizing (e.g. water loss and energy expenditure), against the need to exclude competitors from territories and attract mates. We previously used an agent-based model to demonstrate that high aridity, evaporative water loss, and large territory sizes due to reduced resources can disrupt an avian population’s vocal communication system by reducing the detectability of vocalizing individuals (Pandit, Bridge, and Ross 2022). To resolve this tradeoff between individual condition and territoriality, birds may evaluate local conditions and reduce singing behavior when high aridity increases water loss and causes a high degree of sound attenuation. Hence, we predicted that as aridity increases, there will be decreases in general arid-land biophony (i.e. the sum of biological acoustic sounds due to birds, mammals, amphibians, and insects) intensity as well as changes in biophony phenology, as measured by multiple acoustic metrics. More specifically, birds would be less detectable during high aridity conditions, which would lead to reduced predawn chorus, dawn chorus, and general morning vocal activity. When supplemental water is present, we predicted that biophony activity would increase, and that water supplementation would prolong the biophony activity periods into the parts of the day when aridity conditions were high. Alternatively, when supplemental water is present it may only mitigate the negative effects of extreme aridity conditions (i.e. extreme water loss while vocalizing) and not necessarily increase the biophony activity period. 
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3.1 [bookmark: _Toc133669343][bookmark: _Toc133702673][bookmark: _Toc133702877]
3.2 [bookmark: _Toc133702878] METHODS
[bookmark: _Toc133702879]3.2.1	Study sites. 

To determine how avian vocal activity varied across an aridity gradient, we recorded avian community soundscapes at multiple sites across Oklahoma, Texas, and New Mexico, specifically, Lexington Wildlife Management Area (LWMA; 35.05, -97.21, Cleveland County, OK; Sandy Sanders Wildlife Management Area (SSWMA; 35.07, -99.83), Beckham County, OK; Cross Bar Management Area (CBMA; 35.41, -101.95), Potter County, TX; and Kiowa National Grassland (KIOWA; 36.07, -104.34), Colfax County, NM (Figure 3.1A). We chose these sites because they varied in aridity levels across time (Figure 3.1B). For each site we installed a 1 km transect of audio recording units (ARUs) every 100 m across relatively homogeneous grassland habitat. We positioned the transects strategically such that no recording unit was within 1 km of any surface water. The ARUs were AudioMoths (Hill et al. 2018) which were programmed to record for 2 min at 10 min intervals from predawn (~125 min before sunrise) to ~380 min after sunrise to obtain the peak singing activity within a day. ARUs recorded audio data from 2021/05/19-2021/08/15. We housed the ARUs in custom-built housing called HEXEARs (Figure S 3.1, Figure S 3.2), which turned the unidirectional AudioMoth microphone into an omnidirectional recording device by creating a boundary microphone system that not only increased recording coverage but also increased audio amplitude by reflecting sound within 6 collection funnels (Figure S 3.2). We installed the ARUs on 1.5m poles strapped to t-posts so the ARUs were ~ 2.6 m above ground level. Initially the ARUs were powered by 12V, 5Ah sealed lead acid (SLA) motorcycle batteries (Sigma-Tek SP12-5). While the AudioMoth 1.1 can be powered by these batteries, we found that the extreme heat at the study sites could cause the units to overheat and shutdown, resulting in the on-board clock to reset and therefore not keep track of time. To solve this issue, we either altered the power cords to include a buck converter that down regulated the voltage to 5V or switched the power source to three rechargeable AA batteries. 
[bookmark: _Toc133702880]3.2.2	Supplemental water stations. 
To determine whether supplemental water could mitigate the impacts of arid conditions on singing behaviors, we installed water supplementation stations at SSWMA in two of three separate study areas (i.e. water sites) with a minimum 1km buffer zone separating them. In the two water sites we provided an array of five elevated water stations separated by at least 500 meters. Water stations consisted of a 5-gallon (19 liter) bucket elevated approximately 1. 5 meters above the ground on top of three fence posts and equipped with a small solar-powered fountain to pump water to a dish at the top of the bucket (Figure 3.2A). We used this set up at the SSWMA site because SSWMA allows cattle grazing and this set-up prevented cattle from emptying the water station before we could refill them. We alternated water availability between the two water sites. The first site had water available for 14 days starting on 2021/05/17. On 2021/05/30 we drained the water from the first site and transferred it to buckets in the second treatment site. We repeated this cycle on 2021/06/13 and on 2021/07/02. The third water site was an unmanipulated control. At each of the watering stations, we installed one AudioMoth housed in a HEXEAR on a t-post and metal pole ~2.6 m from the ground to record the surrounding soundscape. The ARUs recorded audio data for 2 min every 10 minutes from predawn (~125 min before sunrise) to ~380 min after sunrise to obtain the peak singing activity within a day. 
The second water supplementation experiment was at the CBMA, Potter County, TX. At this site, the wildlife managers installed 5 wildlife guzzlers (Figure 3.2B) in 2011 to collect and store rainwater to supplement local wildlife. The birds in this site were exposed to supplemental water for a long time-period and had time to habituate to the supplemental water. We divided the wildlife guzzlers into two water sites. At water site 1, we used wooden boards to block and unblocked water access to the guzzlers on a two-week cycle. The guzzlers had open water access at the beginning of the study period (i.e., 2021/05/15). We then restricted water access by blocking the guzzlers with wooden boards on 2021/06/04, and this cycle was repeated roughly every two weeks. Water site 2 had open water access throughout the study (2021/05/15-2021/08/15).
[bookmark: _Toc133702881]3.2.3	Local weather data. 
We downloaded weather data from the nearest Mesonet/airport weather stations. We used the Washington, OK; Erick, OK; KBGD Airport, TX, and the Mills Canyon, NM weather stations for LWMA, SSWMA, CBMA, and KIOWA sites, respectively. While most of the weather data was in 5-min increments, some of the weather data was divided into 10-min or 1-hour bins. To approximate the missing weather data within each of these bins, we used the “zoo” package to interpolate 5-min weather data (Zeileis and Grothendieck 2005). We calculated the minutes after sunrise (MAS) metric at each site using the “suncalc” package (Thieurmel and Elmarhraoui 2019), with sunrise defined as the time the top edge of the sun appears on the horizon. We then created 5-min bins for the MAS variable so that the MAS variable would fit with the weather datasets. We then grouped the MAS variable into 4 factors (predawn, early, mid, and late) to determine how different time periods affected acoustic activity.
For each 5-min interval, we calculated an aridity metric based on air temperature, relative humidity, air pressure, and wind speed at 2 m at each site. This metric may be regarded as the aerodynamic evaporation rate (Ea) in (mm/day), and it was calculated as: 
                                                  	Eq.1                              
In which eas (Pa) is the saturation vapor pressure at the ambient temperature, ea (Pa) is the actual vapor pressure estimated by multiplying es by the relative humidity, B is the vapor transfer coefficient (m/Pa/s) and is defined as:
   	Eq. 2
In which k is the Von Karman constant (0.4), u2 is the wind velocity (m/s) measured at height z2 (cm) which in this study is 200 cm; z0 is the roughness height of a natural surface, here set to 0.03, ρa is the density of moist air (kg/m3), ρw is the density of water (kg/m3), and p is the atmospheric pressure (Pa) (Singh 2016; Lim et al. 2012). We then converted the evaporation rate from mm/day to mL/cm2/day by multiplying the evaporation by 0.1 (FAO 2023). We also calculated the attenuation coefficient (α) to determine if sound attenuation at 4, 8, and 12kHz affected acoustic activity (Rossing, 2007).
[bookmark: _Toc133702882]3.2.4	Broad acoustic analyses. 
To obtain broad acoustic metrics from the recordings, we calculated the acoustic diversity index (ADI), acoustic complexity index (ACI), acoustic diversity index (ADI), acoustic evenness index (AEI), and the bioacoustic index (BIO) using the “sound ecology” package in R (Villanueva-Rivera et al. 2022). We calculated the ACI by taking the absolute difference between two values of intensity within a single frequency bin and within a single temporal time frame. We calculated ADI by dividing the spectrogram into 1 kHz bins and taking the proportion of signals in each bin above a –50 dBFS (decibels relative to full scale) threshold and is the result of the Shannon Index applied to the bins (Villanueva-Rivera et al. 2011). AEI was also calculated by dividing the spectrogram into 1 kHz bins and applying the Gini Index to the bins (Villanueva-Rivera et al. 2011). ADI and AEI are inversely correlated, with high ADI indicating low AEI, and vice-versa. We calculated the BIO by taking the area under the curve of all frequencies above an amplitude threshold, which was set at -50 dBFS (Boelman et al. 2007). While these metrics do not identify individual species, they do provide a broad metric of the biophony at each site (Pijanowski et al. 2011). To filter out anthropogenic and insect noise, we bandpass filtered the recordings below 1 kHz and above 8 kHz, respectively. Although the filter removed most of the insect noise, there were still some insect acoustic signals in the recording. We separately calculated these metrics for both the aridity gradient and the water supplementation experiments.
[bookmark: _Toc133702883]3.2.5	Vocalization number and species diversity. 
Individual bird species’ songs were identified using the machine learning algorithm BirdNET-Analyzer from the Cornell Lab of Ornithology (Kahl et al. 2021). This algorithm was trained on millions of bird vocalizations from eBird, xeno-canto.org, and the Macaulay Library (“EBird” 2020; Xeno-canto 2020; Macaulay 2020). We set the confidence threshold to 0.3 because this was the threshold with the highest f0.5 score, which considers precision (number of true positives identified by the model divided by the sum of the true positives and false positives) and recall (number of true positives divided by the sum of the true positives and false negatives) but adds more weight to the precision. Higher f0.5 scores mean more precision at the expense of recall.
  	Eq 3.
            	Eq 4.
 	Eq 5.
[bookmark: _Toc133702884]3.2.6	Statistical analysis.
The data were summarized by normalized date values and by the minutes after sunrise (MAS) values that were binned into four morning acoustic periods, predawn (360 – 5 minutes before sunrise), early (0 – 125 MAS), mid (130 – 255 MAS), and late (260 – 400 MAS). We used these morning acoustic periods and the normalized date to determine how acoustic behavior changed with time of day and across the breeding season. To reduce the number of response variables and to understand trends among the acoustic variables, we performed a principal component analysis (PCA) using the “stats” package in R (R Core Team 2021). The PCA groups the response variables into principal components (PCs) that have linear combinations of the original response variables. The acoustic metric variables (ACI, ADI, AEI, BIO, vocalization number, and species diversity) were scaled and centered. The PCA produced three principal components (Table 3.1).
	We first analyzed the aridity gradient data pooled across sites using linear mixed models (LMMs) with site as the random effect, the interaction between morning acoustic period and evaporation rate; and normalized date as fixed effects. We then analyzed how aridity affected the 3 PCs by creating linear models (LMs) that included the interaction among aridity within-site aridity factor, the morning acoustic periods, and site, as well as the normalized date to account for acoustic activity variation due to the breeding season progressing. We then conducted an ANOVA to determine if the interaction among mean within-site aridity factor, the morning acoustic periods, and site significantly affected the mean PCs. We then conducted a post-hoc Tukey test using the “emmeans” package to determine if the different combinations of sites and within-site aridity factors were different from each other within each morning acoustic period (Lenth 2021). Results are presented as effect sizes ± standard error, degrees of freedom (df), and 95% confidence interval (CI). Comparisons between sites or between morning acoustic periods are presented as effect sizes ± standard error, degrees of freedom (df), t-ratios, and p-values.
For the water supplementation experiment, we created within-site aridity and morning acoustic periods like the factors above, but the LMs we ran included the interaction among water site, water availability (open (1) or closed (0) access to water), and the within-site aridity factor, with normalized date and MAS bin factor included as well. We analyzed the SSWMA and CBMA sites separately due to the different water supplementation experiments at each site (i.e. providing supplemented water at SSWMA and restricting water access at established wildlife guzzlers at CBMA). For both sites, we conducted an ANOVA to determine if the interaction among water site, water access, and mean within-site aridity factor significantly affected the mean PCs. We then conducted a post-hoc Tukey test using the “emmeans” package to determine if the different combinations of water sites, water access, and within-site aridity factors were significantly different (Lenth 2021). We conducted these analyses for the last week of each of the water supplementation periods to account for habituation behavior and to determine if the water had any effect on acoustic activity. 
To determine if extreme aridity affected any of the acoustic PCs, we sub-setted the full dataset based on the climate definition of an extreme climate event (top 5% of the within-site aridity data (NAS 2016; IPCC 2012); and the impact definition (threshold of where we see a non-linearity response in the biological reaction; Smith 2011); by fitting a generalized additive model (GAM) to determine the number of knots and determining the approximate knot value using the “mgcv” package (Wood 2017). Any value above this threshold value were defined as extreme (van de Pol et al. 2017). 
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[bookmark: _Toc133702886]RESULTS
[bookmark: _Toc133702887]Aridity gradient – pooled across sites. 
In the linear mixed model that compared evaporation rate and PC1 scores (i.e. acoustic diversity), significant negative effect sizes indicated lower acoustic diversity in association with increasing evaporation rate. These values were negative across all morning acoustic periods (predawn: est. = -0.790±0.0426, df = 53947, CI = -0.873 to –0.706; early: est. = -0.936±0.039, df = 53947, CI = -1.012 to -0.861; mid: est. = -0.904±0.028,  df = 53947, CI = -0.959 to CI = -0.850; and late: est. = -1.089±0.0284, df = 53947, CI = -1.145 to -1.034). PC2 scores (i.e. avian abundance ) significantly increased as evaporation rate increased across the predawn (est. = 0.327±0.043, df = 53949, CI = 0.243 to 0.411), early (est. = 0.286±0.039, df = 53950, CI = 0.210 to 0.361), mid (est. = 0.207±0.028, df = 53950, CI = 0.153 to 0.262) morning periods, but not for the late period (est. = -0.024±0.028, df = 53950, CI = -0.0794 to 0.032). PC3 (i.e. acoustic complexity) scores significantly decreased as evaporation rate increased in the early (est. = -0.2102±0.0348, df = 53948, CI = -0.278 to -0.142), mid (est. = -0.160±0.0251, df = 53948, CI = -0.209 to -0.111), and late morning acoustic periods, but not for the predawn period (est. = -0.070±0.038, df = 53949, CI = -0.145 to 0.006). 
[bookmark: _Toc133702888]Aridity gradient – full dataset. 
When looking at individual sites there are complex interactions between the morning acoustic periods and site. In the SSWMA and CBMA sites, PC1 scores significantly decreased as evaporation rate increased across all mourning acoustic periods, while PC1 scores in LWMA significantly decreased for the early, mid, and late periods; and PC1 scores in KIOWA only significantly decreased in the mid and late periods Table 3.2; Figure 3.4). Across sites, PC1 scores were significantly higher in the western sites as evaporation rate increased during the predawn and early periods compared to SSWMA but not LWMA (Table S 3.1). No significant differences were found in the mid or late periods across sites (Table S 3.1). Across the morning acoustic periods, only SSWMA had significant differences in PC1 between the mid and early periods (est. = 1.701±0.503, df = 1377, t = 3.378, p = 0.004; Table 3.3) and between the late and early periods (est. = 2.042±0.482, df = 1377, t = 4.233, p < 0.001; Table 3.3). 
PC2 scores significantly increased in CBMA across all the morning acoustic periods as evaporation rate increased, while PC2 in LWMA significantly decreased as evaporation rate increased during the early period, SSWMA PC2 scores significantly increased in the early period, and KIOWA significantly increased in the predawn period and significantly decreased in the late period (Table 3.2; Figure 3.5). Within the early and late period, PC2 scores in the western sites were significantly higher as evaporation rate increased compared to the eastern sites (Table S 3.1). However, CBMA had significantly higher PC2 scores as evaporation rate increased compared to KIOWA in the mid and late periods (Table S 3.1). Across the morning acoustic periods, all sites had consistent estimates (Table 3.3), except KIOWA, which had significantly lower estimates between the late and predawn period (est. = -1.130±0.270, t = -4.177, p < 0.001; Table 3.3) and the late and early period (est. = -0.800±0.269, t = -2.976, p = 0.018; Table 3.3).
PC3 (acoustic complexity) significantly decreased as evaporation rate increased in LWMA for the mid and late periods; in SSWMA for the early, mid and late periods; and KIOWA for the late period (Table 3.2; Figure 3.6). In CBMA, PC3 significantly increased during the predawn and early periods (Table 3.2). During the predawn period, PC3 increased at a higher rate in CBMA than SSWMA (CBMA-SSWMA: est. 1.329±0.364, t = 3.655, p = 0.002; Table S 3.1) and PC3 decreased at a higher rate in KIOWA than CBMA (KIOWA-CBMA: est. -0.863±0.265, t = -3.263, p = 0.007; Table S 3.1). During the early and mid periods, PC3 scores were generally higher in the western sites compared to the eastern sites (Table S 3.1). For example, PC3 scores in CBMA increased at high evaporation rates compared to SSWMA (est. = 1.480±0.365, t = 4.060, p < 0.001; Table S 3.1), and there was a similar relationship between KIOWA and SSWMA (est. 0.897±0.338, t = 2.651, p = 0.049; Table S 3.1). Across the acoustic morning periods, the only significant result was in site CBMA between the late and predawn period (est. = -0.852± 0.233, t = -3.656, p = 0.002; Table 3.3).
Relationships between PCs and the sound attenuation coefficients at different frequencies (4, 8, 12 kHz) were consistent across the frequencies (Table S 3.2, Table S 3.3, Table S 3.4). PC1 significantly decreased as sound attenuation increased in SSWMA in the predawn and early periods, and in CBMA in the predawn and late periods. PC2 significantly increased as sound attenuation increased in the predawn period across all sites. PC2 significantly increased during the early and late periods in LWMA as sound attenuation increased. In CBMA, PC2 scores significantly decreased as sound attenuation increased in the late period. In KIOWA, PC2 significantly decreased in the mid and late periods as sound attenuation increased. PC3 saw significant decreases in the late period across all sites, except CBMA, which saw significant increases. PC3 significantly decreased as sound attenuation increased in the predawn and mid periods in LWMA. PC3 significantly decreased as sound attenuation increased in the early and mid periods in SSWMA. CBMA had significantly higher PC3 scores as sound attenuation increased in the predawn period. 
[bookmark: _Toc133702889]Aridity gradient – ECE. 
The only significant relationship we found between extreme evaporation rate under the impact ECE definition and PC2 was in KIOWA (est. = -0.557±0.250, df = 168, CI = -1.049 to -0.064). While all sites were represented in the climate ECE definition for all PC LMs, only CBMA and KIOWA were represented in the PC1 LM for the impact ECE definition. All sites were represented in PC2 LM for the impact ECE definition. PC3 was not included in the impact ECE analysis because there was no threshold in which non-linearity was observed (Table S 3.5). 
[bookmark: _Toc133702890]Water Supplementation – Full dataset. 
For the SSWMA water supplementation experiment, we found no significant differences in PC1 (acoustic diversity) scores between the control and supplemental water groups (Table 3.4). For PC2 (avian abundance), scores water site 1 with open water access were significantly lower than water site 2 with closed water access during the late period (est. = -5.137±1.577, t = -3.258, p = 0.005). PC3 (acoustic complexity) saw increases as aridity with water present at water site 1 compared to water site 3 with no water access during the late period (est. = 2.934±0.798, t = 3.678, p = 0.001; Table 3.4).
At CBMA, there was no evidence that water supplementation increased PC1 (i.e. acoustic diversity). For the majority of the morning acoustic periods, there was no significant effect of restricting water access at the wildlife guzzlers. The only significant effect was increased PC1 during the late period when water was restricted (est. = 1.735±0.591, df = 416, t = 2.934, p = 0.007; Table 5), which was contrary to expectations. With regard to avian abundance, there was limited evidence that supplemental water increased PC2 scores. When we restricted water access during the late period we saw decreased PC2 scores (est. = 1.212±0.506, df = 416, t = 2.395, p = 0.034; Table 3.5), and there were significantly lower PC2 scores between water site 1 with closed water access and water site 2 with open water access during the predawn period (est. = -1.257±0.471, df = 416, t = -2.668, p = 0.016; Table 3.5) and late period (est. = -1.231±0.447, df = 416, t = -2.756, p = 0.012; Table 3.5). PC3 (acoustic complexity) scores significantly increased at water site 2 with open water access compared to water site 1 with closed water access (est. = 1.426±0.464, df = 416, t = 3.075, p = 0.004; Table 3.5). 
[bookmark: _Toc133702891]Water supplementation – ECE. 
We found no significant differences for either ECE definition between water treatment groups and control groups for either the SSWMA (Table S 3.6) or CBMA (Table S 3.7) water supplementation experiments. Only CBMA exhibited a relationship between extreme aridity and PC2 scores that demonstrated non-linearity, but the water treatment groups had no significant effect on PC2 scores (Table S 3.7).
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[bookmark: _Toc133702893]DISCUSSION
We initially hypothesized that if aridity levels deviated from the norm, avian vocalizing behavior would be less detectable as sound attenuation and water loss increased. We found that across our biophony metrics (acoustic diversity, avian abundance, and acoustic complexity), aridity had different impacts. Acoustic diversity decreased consistently within-sites but not across morning acoustic periods as aridity increased. Avian abundance had site-specific effects, with eastern sites having lower avian abundance earlier in the morning, while western sites had lower avian abundance during the later part of the morning. Acoustic complexity decreased as aridity increased across sites, except for CBMA which had higher acoustic complexity under high aridity. These results indicate that overall avian vocalizing behavior at the community level decreases when aridity deviates from the norm, but communities in arid habitats do have habitat-specific adaptations to continue to sing under high aridity and may mitigate consequences of vocalizing during high aridity by having high vocal activity earlier in the day. We also found that even under high sound attenuation during the predawn period, avian abundance increased during this time and decreased over the other periods. Based on these results, we concluded aridity does lead to decreased vocal detectability, and that these responses are a fixed behavior with limited flexibility. 
We found limited evidence that supplemental water can affect soundscape activity. At SSWMA there was little evidence that additional water resources led to elevated vocal detectability, while at CBMA there was higher vocal detectability at the long-term water supplemental control compared to when the experimental group had closed water access. We therefore concluded that long-term water supplementation may alleviate the cost of vocalizing under arid conditions, although more evidence is needed to determine the effects of short-term water supplementation. 
Under extreme aridity, we did not find the same relationships as when we analyzed all the aridity values; however, the avian communities at the most arid site, KIOWA, had significantly decreasing avian abundance under the impact ECE definition, which may indicate that these populations are adapted to extreme aridity and adjust their vocal behavior accordingly. Water supplementation did not lead to increased acoustic activity under extreme aridity either, indicating that evaporative water loss may not be an important factor in vocal activity under extreme aridity, or that additional water resources were not enough to alleviate the cost of vocalizing under extremely arid conditions.
Water supplementation did lead to increases in acoustic complexity at SSWMA, which could mean that additional water led species to sing more complex vocalizations, or the additional water allowed water-dependent species to contribute more to the soundscape, thus increasing complexity. Alternatively, higher ACI could be due to more insect acoustic activity in response to supplemental water. Trail cameras set up at water supplementation sites documented apparent use of supplemental water by insects. Insect acoustic signaling increases as time and temperature increases (Stanley et al. 2016), which we verified by listening to the recordings, so the soundscape may be biased towards insect acoustic signals. These increases in insect acoustic activity could explain why there were high ADI and ACI values at KIOWA and CBMA, respectively, during extremely arid conditions. An alternative explanation could be due to more arid-adapted species singing during these periods or avian community factors unrelated to aridity, such as vegetation structure (Farina et al. 2015) or territorial defense (Bircher et al. 2020).
Changes in climate extremes are caused by changes in the mean climate, so it is expected that responses to both the mean and extreme climates are correlated (Ummenhofer and Meehl 2017). While selection under ECEs would initially be weak due to the high selection pressure for survival under extreme conditions, the behavioral syndrome, or correlated behavior, across the mean and extreme environments indicate that the response to the normal environment should be correlated to the response under the extreme environment, indicating adaptive behavioral plasticity for ECEs (Chevin and Hoffmann 2017). While there were multiple significant relationships between aridity and the acoustic metrics, these relationships were not found when focusing only on extreme aridity. KIOWA was the only site that still had a significant positive relationship between aridity and avian abundance under the impact ECE definition, which could indicate that avian communities at these sites are more resilient to extreme aridity and can respond to it accordingly, while the less arid sites may be less exposed to these extreme aridity values and therefore do not have the activational plasticity to allow for continued singing. Activational behavioral plasticity can mitigate the effects of ECEs, but only to an extent. ECE’s that exceed tolerance levels of some individuals can serve as selection events that promote new and more resilient phenotypes (Wingfield et al. 2017). These individual responses to ECEs can cascade into the population and community levels, as seen in two Australian wren species, Fairy-Wrens (Malurus elegans) and scrubwrens (Sericornis frontalis), which suffered lower survival over time with hotter summers and hotter winters (Gardner et al. 2017). Drought, heat waves, and heat bursts can qualify as ECEs as they can increase aridity to extreme levels (McPherson et al. 2011; Puig-Gironès, Brotons, and Pons 2017; Stillman 2019), which could affect behavioral expression and potentially fitness (Safriel 1990; Sharpe, Cale, and Gardner 2019; Xie, Turrell, and McWhorter 2017; Mitchell et al. 2006). Understanding birds’ behavioral responses to ECEs can give us insight on how they will respond to even more arid conditions predicted under climate change scenarios (Chevin and Hoffmann 2017). Moreover, these behavioral responses can tell us which behavioral phenotypes would be adaptive, and by extension which species/populations are of most or least concern with regard to increasingly arid habitats.
	There are several mechanisms through which increasing aridity can lead to higher vocal costs, thereby reducing vocal activity. We focused on the roles of increased sound attenuation (Henwood and Fabrick 1979) and increased evaporative water loss (Gerson et al. 2014; Song and Beissinger 2020). Although there is conflicting research on whether song production is costly or not (Zollinger and Brumm 2015), the increased cost of singing in arid environments can lead to an altered soundscape in a variety of ways. Species that exhibit plastic singing behavior may adjust their singing activity by only singing during periods of low aridity, similar to birds that shift their singing periods during low noise periods (Dominoni et al. 2016), however this may lead to conflict with other species that sing during that temporal space (Krause 1993). Species with flexible singing behavior could also sing songs with more transmissible syllables (i.e. low frequency, repeated syllables) to increase signal efficacy and redundancy (Luther and Danner 2016). 
Vegetation structure can also affect arid-land soundscape activity. Grasslands and savannahs are increasingly converted to shrub-lands due to woody plant encroachment (WPE; Anser et al. 2004).  This conversion is mainly due to increasing rainfall variability (i.e. the increasing time between rainfall events; Knapp et al. 2002); elevated CO2 levels (Bond and Midgley 2000), reduced frequency of wildfires, soil erosion, nutrient redistribution (D’Odorico, Okin, and Bestelmeyer 2012), and over-grazing from livestock (Archer 1994; Archer et al. 2017). As a result, these converted habitats can experience xerification (i.e. increases in bare soil areas and patchiness between vegetation) or thicketization (i.e. large areas of interconnected shrubs; Wilcox et al. 2022). Increases in WPE resulted in changing bird distributions, with grassland specialist species’ distributions shrinking, and more generalist bird species’ distributions increasing (Andersen and Steidl 2019). Habitats with larger shrub cover and higher shrub subcanopy height had larger insect and bird biodiversity than habitats with lower shrub cover and lower subcanopy height (Scarpelli et al. 2023). These findings demonstrate that increasing conversion from grassland habitat to shrub-land habitat will lead to changes in avian soundscape composition, mainly from one composed of grassland specialists to more generalist species. Changing vegetation structures would affect the available food resources (i.e. seeds, fruit, insects, etc.), which could indirectly affect vocal activity, as seen in lowland rain forests in Mount Cameroon, which saw increased avian vocal activity at peak food availability (Vokurkova et al. 2018). Further research is needed to determine if changing vegetation structures directly affect soundscape community composition by directly affecting which species are found in specific habitats or if changing vegetation structures indirectly affect soundscape community composition by altering food source diversity. 
Under high aridity conditions, the avian soundscape could be composed of larger birds and/or large-beaked species because they are able to thermoregulate more efficiently than small birds or small-beaked species (Song and Beissinger 2020). Larger birds could thermoregulate excessive heat with evaporative water loss without becoming dehydrated, and larger-beaked birds are able to dissipate heat through the blood vascularization (Tattersall, Andrade, and Abe 2009; Greenberg et al. 2012; Tattersall, Chaves, and Danner 2018). Larger species are less likely to produce high frequency songs and large-beaked species are less likely to produce complex modulations (Derryberry et al. 2018), leading to the avian soundscape dominated by larger, louder species with relatively lower frequency vocalizations. Increasing aridity could mean that only birds with large bills could sing because large beaks are better at heat dissipation. While this study focuses on EWL from the respiratory tract, birds can lose water through cutaneous avenues due to the permeability of the skin (CTP 2003) and through the cloaca at extreme temperatures (Hoffman, Walsberg, and DeNardo 2007). Additional research is needed to determine how morphological traits could affect avian vocalizing behavior under arid conditions.
Birds can physiologically regulate evaporative water loss from the respiratory tract and skin due to changes in skin lipids (Muñoz-Garcia and Williams 2008; Munoz-Garcia, Cox, and Williams 2008) and modification of expired air temperature (Schmidt-Nielsen, Hainsworth, and Murrish 1970; Geist 2000) over small time periods (Eto et al. 2017) to weeks or months (Williams and Tieleman 2000; McKechnie and Wolf 2004). A study on budgerigars (Melopsittacus undulatus) demonstrated that individual birds maintain a consistent EWL across a range of relative humidities (15%, 40%, 60%, and 80%) and three ambient temperatures (Marder and Ben-Asher 1983; Withers 2001; Cooper and Withers 2004) demonstrating that there are regulatory mechanisms to reduce EWL at extreme aridity (Eto et al. 2017). Another study found a similar result in parrots in arid habitats, EWL rates did not have a linear relationship with aridity as measured by vapor pressure deficit (Cooper et al. 2020). These results suggest that arid-adapted species could reduce EWL and conserve water during arid conditions, which could potentially allow them to continue to vocalize under arid conditions. This EWL regulation could explain why CBMA had higher avian abundance and acoustic complexity regardless of aridity or time of day. These results also suggest that generalist species, species that did not evolve under arid conditions may not be able to regulate EWL during extreme aridity and therefore were the ones to reduce vocal activity under arid conditions. Future studies should focus on differentiating which species are reducing their vocal behavior during high aridity and if these species can regulate their EWL.
We anticipated that increased aridity would be associated with reduced complexity in the soundscape. However, ACI increased as sites became more arid, with CBMA having the highest acoustic complexity. This trend could be due to increases in insect acoustic activity and the insect signals were mistakenly classified as bird signals by the ACI and BIO metric (Retamosa Izaguirre and Ramírez-Alán 2018). We visually inspected the audio recording spectrograms and found that insect noise increased during the later parts of the morning acoustic period. Increases in acoustic complexity during high aridity could be due to larger repertoire sizes and repeated elements in signaling behavior (Searcy and Nowicki 2005). Under high aridity and signal attenuation, increasing the number of unique elements during this period could increase signal detectability for the intended receiver (Wiley 2000). However, this is highly unlikely because in high temperatures birds sing less complex, and shorter songs while devoting more energy to heat dissipation behaviors (Coomes and Derryberry 2021) Hence, vocal complexity should decrease under high aridity conditions. When birds are stressed due to high temperatures, they are more likely to respond to heterospecific songs rather than songs of their own species (Coomes, Danner, and Derryberry 2019), making singing costlier under arid conditions due to potential species mismatches.
[bookmark: _Int_MdVRO5Ky] The differential effects of water supplementation across SSWMA and CBMA could be due to the frequency of cattle grazing. At SSWMA we installed the water stations at the edge of mesquite forests across the different water sites, which had frequent cattle grazing. Cattle grazing can lead to higher avian abundance for certain grassland species like the Grasshopper Sparrow (Ammodramus savannarum), Boblink (Dolichonyx oryzivorus), and Upland Sandpiper (Bartramia longicauda) (Ahlering and Merkord 2016), which would lead to higher acoustic diversity, but we did not see that at SSWMA. The CBMA: Water Site 1 wildlife guzzlers were installed away from cattle ranches and in a recently converted mesquite to grassland area, while CBMA:Water Site 2 wildlife guzzlers were on older grassland habitats, and adjacent to land where cattle grazing was present. The increasing diversity at CBMA:Water Site 1 could be due to either the increased presence of water-drinking species or to increased presence of insects that attracted both water- and non-water drinking species. Further research is needed to determine if there was a difference in water vs. non-water drinking species at these water sites.
Current mitigation strategies may help with increasingly extreme aridity. CBMA contains short-grass prairie habitat which is adapted to wildfires for seed dispersal. However, fire suppression throughout much of the 20th century has given rise to extensive encroachment by easter red cedars (Juniperus virginiana) and other opportunistic tree and shrub species such as mesquite (genus Prosopis). Since 2004, the Bureau of Land Management (BLM) used control burns and herbicide to reduce mesquite and juniper tree encroachment and restore the native prairie grass species. Restoring the habitat to native prairie could lead to increased native insect abundance, which could eventually lead to increased avian abundance at the CBMA site (Trlica and Schuster 1969; Johnson and Sherry 2001), even though burned sites did not have significantly higher insect abundance than control sites at CBMA (Newton, Kazmaier, and David Sissom 2016). A study conducted in the Santa Rosa National Park (SRNP) in Costa Rica, which contains tropical wet and dry tropical forests, demonstrated that younger, dry forests (lower canopy cover and mor patchy) had higher ACI and bird abundance than older, dry forests (higher canopy cover and less patchy (Retamosa Izaguirre and Ramírez-Alán 2018). Hence, the recently converted prairie habitat could support a higher number of individual birds of the same species, while not necessarily supporting higher bird diversity. 
There were hardware issues that occurred during this project. The water stations at SSWMA also did not work for the entire duration of the project due to malfunctions in the solar-powered water pump. These malfunctions could have led to the negative relationships seen at water sites with open water access due to water not regularly being pumped. There were also many ARUs that failed during the experiment due to overheating or water damage, therefore there were stretches of time in which there were no audio recordings which could have affected the results. We lost 17.4% of the LWMA data, 8.2% of the SSWMA data, 4.1 % of the CBMA data, and 5.2% of the KIOWA data, therefore not enough data was lost to bias the conclusions.
While aridity can be a driving factor for vocal activity during the dawn chorus for some songbird communities, multiple factors affect the timing and activity of the dawn chorus (Gil and Llusia 2020). The handicap hypothesis states that singing during the dawn period could be costlier than other periods of the day due to temperature, predation risk, or sleep deprivation (Ward and Slater 2005; Cirelli and Tononi 2008; Schmidt and Belinsky 2013). Benefits from dawn singing include access to supplemental food (Shimmura, Ohashi, and Yoshimura 2015) and a higher proportion of extra-pair fertilizations (Steinmeyer et al. 2010). Birds sing earlier when the moon is ¾ full or more and sing later under morning cloud cover and precipitation (Bruni, Mennill, and Foote 2014). Male birds also increase dawn singing activity when females are fertile presumably to deter extra-pair copulations and to increase female receptivity to the singing male (Mace 1987). Fertility is positively related to dawn singing duration or advances in dawn singing timing in multiple species (Møller 1988; Pärt 1991; Vabishchevich 2011; Bruni and Foote 2014; Dolan et al. 2007; Cuthill and Macdonald 1990; Forstmeier and Balsby 2002; Pinxten and Eens 1998), and this relationship is seen before and after the female fertility period, indicating that the singing males may use the dawn chorus to obtain extra-pair copulations.
Integrating biogeography into behavioral ecology, as proposed by Marske et al. (Marske et al. 2023), will be a useful framework to understand how increasing aridity levels limit species and community distributions, and if behavioral plasticity is enough for some species to resist local extinction. This integrated framework is also necessary to examine if species shift their range to find a more favorable vocal soundscape due to increasing aridity, and if these potential range shifts lead to vocal conflicts with established species.
This study demonstrates that aridity can negatively impact avian vocal activity at the community level, and that supplemental water access can lead to increases in vocal activity under the most arid conditions of the breeding season. As climate change increases aridity in shrub- and grassland habitats, the community soundscape will continue to change, potentially leading to local extirpation or new adaptations to the arid conditions. Understanding how the community composition of vocalizing birds will change, as well as species-specific behavior can give us a picture of how bird populations will either cope with increasingly arid conditions or suffer the consequences of a compromised soundscape.
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[bookmark: _Ref133694332][bookmark: _Toc133702990]Table 3.1. Principal components (PCs) of the acoustic response variables.
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[bookmark: _Ref133698004][bookmark: _Toc133702991][bookmark: _Hlk124686300]Table 3.2. Aridity gradient experiment estimates across the morning acoustic period (predawn, early, mid, and late) and aridity for PC1 (acoustic diversity), PC2 (avian abundance), and PC3 (acoustic complexity). Estimates represent the slopes between the PC score and evaporation rate (mL/cm2/day). If the confidence interval did not include 0, then the estimate was significant.
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Table 3.3. Aridity gradient contrasts across time periods, within sites. The estimate represents the difference of the slopes between the contrasts, d.f. represents the degrees of freedom, t-ratio represents the t-value, and p value represents the p-value. The sig. column represents the degree of significance. 
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[bookmark: _Ref133700753][bookmark: _Toc133702993]Table 3.4. Mean PC1, PC2, and PC3 differences for the water supplementation experiment at SSWMA. The contrast column represents the post-hoc test conducted on the multiple combinations of water site, access to water, and evaporation rate. The estimate represents the difference of the slopes between the contrasts, d.f. represents the degrees of freedom, t-ratio represents the t-value, and p value represents the p-value. The sig. column represents the degree of significance. 
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Table 3.5. The mean PC1, PC2, and PC3 differences for the water supplementation experiment at CBMA. The contrast column represents the post-hoc test conducted on the multiple combinations of water site, access to water, and evaporation rate. The estimate represents the difference of the slopes between the contrasts, d.f. represents the degrees of freedom, t-ratio represents the t-value, and p value represents the p-value. The sig. column represents the degree of significance.
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[bookmark: _Ref133692282][bookmark: _Toc133702924]Figure 3.1. A) Aridity gradient study sites. The most humid site was the Lexington Wildlife Management Area (LWMA), and each site became more arid as longitude increased, so Sandy Sanders Wildlife Management Area (SSWMA) was more arid than LWMA, the Cross Bar Management Area (CBMA) was more arid than SSWMA, and the Kiowa National Grasslands (KIOWA) was the most arid out of all the sites. B) Mean evaporation rate (kg/h) of each site at each time period (predawn, early, mid, and late).
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[bookmark: _Ref133694009][bookmark: _Toc133702925]Figure 3.2. A) Supplemental water station at the Sandy Sanders Wildlife Management Area (SSWMA). A five gallon plastic bucket was raised ~1.5 m off of the ground by three 2.1 m t-posts and a wooden platform. A solar-powered pump would pump water from the bucket to a clay dish on the top to provide birds water. B) Wildlife guzzler installed at the CrossBar Management Area (CBMA) to provide supplemental water to the local wildlife. Rainwater is collected by a slanted roof and deposited in a fiberglass container buried underground.
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[bookmark: _Toc133702926]Figure 3.3. HEXEAR case with AudioMoth automated recording unit. To reduce wind noise, we wrapped each HEXEAR in gauze as a windscreen. Each HEXEAR was placed on top of a 1.27 cm diameter conduit pole to increase the recording coverage.
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[bookmark: _Ref133698052][bookmark: _Ref133698045][bookmark: _Toc133702927]Figure 3.4. PC1 (Avian Diversity) scores plotted against mean evaporation rate (mL/cm2/day) for each site (LWMA, SSWMA, CBMA, and KIOWA) across the morning acoustic periods (predawn, early, mid, and late). Solid lines represent the mean estimate and gray shading represents the standard error.
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[bookmark: _Ref133698281][bookmark: _Toc133702928]Figure 3.5. PC2 (Avian Abundance) scores plotted against mean evaporation rate (mL/cm2/day) for each site (LWMA, SSWMA, CBMA, and KIOWA) across the morning acoustic periods (predawn, early, mid, and late). Solid lines represent the mean estimate and gray shading represents the standard error.
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[bookmark: _Ref133698464][bookmark: _Toc133702929]Figure 3.6. PC3 (Acoustic Complexity) scores plotted against mean evaporation rate for (mL/cm2/day) each site (LWMA, SSWMA, CBMA, and KIOWA) across the morning acoustic periods (predawn, early, mid, and late). Solid lines represent the mean estimate and gray shading represents the standard error.
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[bookmark: _Ref133698096][bookmark: _Toc133702959]Table S 3.1. Aridity gradient contrasts across sites, within morning acoustic periods.
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[bookmark: _Ref133700010][bookmark: _Toc133702960]Table S 3.2. PC1 (Acoustic Diversity), PC2 (Avian Abundance), and PC3 (Acoustic Complexity) scores varying across sound attenuation at 4 kHz.
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[bookmark: _Ref133700013][bookmark: _Toc133702961]Table S 3.3. PC1 (Acoustic Diversity), PC2 (Avian Abundance), and PC3 (Acoustic Complexity) scores varying across sound attenuation at 8 kHz.
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[bookmark: _Ref133700016][bookmark: _Toc133702962]Table S 3.4. PC1 (Acoustic Diversity), PC2 (Avian Abundance), and PC3 (Acoustic Complexity) scores varying across sound attenuation at 12 kHz.
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[bookmark: _Ref133700722][bookmark: _Toc133702963]Table S 3.5. Extreme Climate Event (ECE) aridity gradient results for the three principal components that we analyzed (PC1 – Acoustic Diversity, PC2 – Avian Abundance, PC3 – Acoustic Complexity). We analyzed the extreme within-site normalized aridity values based on the climate definition (top 5% of the within-site normalized aridity values) and the impact definition (within-site normalized aridity value in which non-linearity is observed). There was no impact ECE analysis for PC3 because there was no threshold in which non-linearity was observed.
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[bookmark: _Ref133701015][bookmark: _Toc133702964]Table S 3.6. SSWMA ECE tables. Mean PC1, PC2, and PC3 estimate differences for the water supplementation experiment at SSWMA at extreme aridity levels. The results for the climate definition of extreme climate event (ECE) are displayed. The contrast column represents the post-hoc test conducted on the multiple combinations of water site and access to water. The estimate represents the difference of the slopes between the contrasts, d.f. represents the degrees of freedom, t-ratio represents the t-value, and p value represents the p-value. The sig. column represents the degree of significance. None of the PCs had a relationship that display non-linearity at extreme aridity and therefore we did not conduct an impact ECE analysis on them.
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[bookmark: _Ref133701028][bookmark: _Toc133702965]Table S 3.7. CBMA extreme climate event (ECE) results. Mean PC1, PC2, and PC3 estimate differences for the water supplementation experiment at CBMA at extreme aridity levels. The results for the climate definition of ECE are displayed. The contrast column represents the post-hoc test conducted on the multiple combinations of water site and access to water. The estimate represents the difference of the slopes between the contrasts, d.f. represents the degrees of freedom, t-ratio represents the t-value, and p value represents the p-value. The sig. column represents the degree of significance. Only PC2 had a relationship that display non-linearity at extreme aridity and therefore PC2 was the only PC used in the impact ECE analysis.
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[bookmark: _Ref133692456][bookmark: _Toc129902150][bookmark: _Ref133692366]Figure S 3.1. HEXEAR mechanical audio amplification case. A) 3D HEXEAR model. Audio enters the HEXEAR through any of the 6 amplification chambers and is focused in the center (focal point). B) Lateral view of the HEXEAR showing the amplification chamber and the top reflection panel. Audio entering the amplification chamber will reflect off the top reflection panel and reach the focal point at the same time as non-reflected, compounding the sound waves and leading to higher sound wave amplitudes.
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[bookmark: _Ref133692375][bookmark: _Toc129902151]Figure S 3.2. AudioMoth pure tone frequency amplitudes recorded in a bare AudioMoth (amoth_naked), AudioMoth in official case (amoth_ocase), the HEXEAR with no (hexear_nows), and the HEXEAR with the gauze windscreen (hexear_wind), across multiple pure tone frequencies. The numbers on the plot (0, 90, 180, and 270) represent the direction the AudioMoth microphone was facing while the pure tone frequency was playing. The AudioMoths in the bare and official case groups were positioned so that the microphone was facing the audio source, but when the AudioMoth was placed in the HEXEAR the microphone was facing down because the sound entered the amplification chambers rather than entering the microphone directly.
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Mid - Early -0.194 0.336 1377 -0.577 1 -0.320 0.263 -1.213 1 -0.125 0.233 -0.535 1
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P value adjustment: tukey method for comparing a family of 4 estimates.
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Contrast Estimate SE d.f. t-ratio pvalue sig. Estimate SE t-ratio pvalue sig. Estimate SE t-ratio p value sig.
Predawn
Sitel:Open - Site2:Closed -0.822 1.465 372 -0.561 1 -0.897 0.999 -0.898 1 0.079  0.877 0.090 1
Site2:Open - Sitel:Closed  10.596 6.701 372 1.581 0.459 -0.023  4.571 -0.005 1 -0.368  4.012 -0.092 1
Sitel:Open - Site3:Closed  -1.197  1.415 372 -0.846 1 1.445 0965 1.497 0.541 1.057 0.847 1.248 0.852
Site2:Open - Site3:Closed  -5.904 4.980 372 -1.185 0.946 -2.466  3.397 -0.726 1 3.876 2982 1.300 0.778
Early
Site1:Open - Site2:Closed  -1.744 1.185 372 -1.471 0.568 1.482 0.808 1.833 0.271 0.500  0.710 0.705 1
Site2:Open - Sitel:Closed -5.651 3.033 372 -1.863 0.253 1.560 2.069 0.754 1 0.560 1.816 0.309 1
Sitel:Open - Site3:Closed ~ 1.102  1.128 372 0.978 1 1.810 0.769 2353 0.077 . 0.334  0.675 0.495 1
Site2:Open - Site3:Closed  -5.346  2.412 372 -2.217 0.109 3.064 1.645 1.863 0.253 1939 1.444 1.343 0.72
Mid
Sitel:Open - Site2:Closed  -3.748  2.700 372 -1.388 0.664 -1.223  1.841 -0.664 1 -0.408 1.616 -0.252 1
Site2:Open - Sitel:Closed -2.825 2.434 372 -1.161 0.986 0.753  1.660 0.454 1 -1.256  1.457 -0.862 1
Sitel:Open - Site3:Closed  -3.261 2.233 372 -1.461 0.58 -1.771 1523 -1.163 0.982 -0.179  1.337 -0.134 1
Site2:Open - Site3:Closed  -3.382 2.221 372 -1.523 0.515 0.681 1.515 0.449 1 -2.155  1.330 -1.621 0.424
Late
Sitel:Open - Site2:Closed ~ 0.019  2.312 372 0.008 1 -5.137 1577 -3.258 0.005 ** 1.276 1.384 0.922 1
Site2:Open - Sitel:Closed -0.878  1.467 372 -0.599 1 0.529  1.000 0.529 1 1479 0.878 1.684 0.372
Site1:Open - Site3:Closed ~ 3.009 1.779 372 1.691 0.367 -2.462  1.214 -2.029 0.173 2.364 1.065 2219 0.108
Site2:Open - Site3:Closed  -0.442  1.332 372 -0.332 1 1.052  0.909 1.158 0.991 2934 0.798 3.678 0.001 **

P value adjustment: tukey method for comparing a family of 4 estimates.
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Contrast Estimate SE d.f. t-ratio pvalue sig. Estimate SE t-ratio p value sig. Estimate SE t-ratio p value sig.
Predawn
Site 1:Open - Site 2:Open  -1.115 0.670 416 -1.665 0.193 1.212  0.506 2.395 0.034 * -0.825 0.498 -1.656 0.197
Site 1:Closed - Site2:Open  0.835  0.624 416 1.339 0.362 -1.257 0.471 -2.668 0.016 * -1.426 0.464 -3.075 0.004 **
Early
Site 1:Open - Site 2:Open  -2.659 0.832 416 -3.195 0.003 ** 0486 0.629 0.772 0.881 -0.003 0.619 -0.005 1
Site 1:Closed - Site2:Open  1.437  0.831 416 1.730 0.169 -0.558 0.628 -0.890 0.748 -1.204 0.618 -1.949 0.104
Mid
Site 1:Open - Site 2:0pen  -0.407  0.617 416 -0.659 1 0.443  0.466 0.951 0.684 0.139  0.459 0.302 1
Site 1:Closed - Site2:Open  0.640  0.572 416 1.119 0.528 -0.597 0.432 -1.382 0.336 0.668 0.425 1.571 0.234
Late
Site 1:Open - Site 2:Open  0.053  0.581 416 0.091 1 0.368 0.439 0.838 0.805 0.548 0.432 1.269 0.411

Site 1:Closed - Site2:Open ~ 1.735  0.591 416 2.934 0.007 ** -1.231 0.447 -2.756 0.012 * 0.924  0.440 2.103 0.072

P value adjustment: tukey method for comparing a family of 4 estimates.
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PC1 - Acoustic Diversity PC2 - Avian Abundance PC3 - Acoustic Complexity

Estimate SE d.f. tratio pvalue sig. Estimate SE t-ratio p value sig. Estimate SE t-ratio p value sig.

Predawn SSWMA-LWMA -0.466 1.026 1377 -0.455 1 1.407 0.804 1.751 0.481 -0.127  0.711 -0.179 1
CBMA-LWMA  -0.834 0.964 1377 -0.866 1 1.970 0.755 2.607 0.055 . 1.202  0.668 1.800 0.432
KIOWA-LWMA = 1.033 0.961 1377 1.075 1 1372 0.753 1.821 0.413 0.338  0.666 0.508 1
CBMA-SSWMA -0.368 0.525 1377 -0.701 1 0.562 0.411 1.367 1 1.329 0.364 3.655 0.002 **
KIOWA - SSWMA = 1499 0.518 1377 2.892 0.023 *  -0.036 0.406 -0.088 1 0.465 0.359 1.296 1
KIOWA - CBMA 1.867 0.382 1377 4.889 <0.001 *** -0.598 0.299 -1.998 0.275 -0.863 0.265 -3.263 0.007 **

Early SSWMA-LWMA -0.837 1.035 1377 -0.809 1 2360 0.811 2910 0.022 * -0.808 0.717 -1.127 1
CBMA - LWMA 0.865 1.004 1377 0.861 1 2297 0787 2918 0.022 * 0.672  0.696 0.966 1
KIOWA-LWMA = 1.801 0.986 1377 1.827 0.408 1707 0.773 2209 0.164 0.089 0.683 0.131 1
CBMA-SSWMA 1702 0.526 1377 3.234 0.007 ** -0.063 0.412 -0.153 1 1.480 0.365 4.060 <0.001 ***
KIOWA - SSWMA = 2638 0489 1377 5398 <0.001 *** -0.652 0.383 -1.704 0.532 0.897 0338 2651 0.049 *
KIOWA-CBMA = 0936 0.419 1377 2235 0.153 -0.589 0.328 -1.796 0.436 -0.583  0.290 -2.008 0.269

Mid SSWMA-LWMA  0.010 0.544 1377 0.018 1 0.688 0.426 1.615 0.64 0.276  0.377 0.734 1
CBMA-LWMA  -0.036 0.508 1377 -0.071 1 0.953 0.398 2.394 0.101 1.161 0.352 3.301 0.006 **
KIOWA-LWMA = 0.753 0.508 1377 1.482 0.831 0.115  0.398 0.289 1 0.859  0.352 2.441 0.089
CBMA-SSWMA  -0.046 0.358 1377 -0.127 1 0.264  0.281 0.941 1 0.884 0.248 3.561 0.002 **
KIOWA - SSWMA = 0.743  0.359 1377 2.072 0.23 -0.573  0.281 -2.040 0.249 0.582 0.248 2344 0.115
KIOWA-CBMA = 0.789 0.299 1377 2638 0.051 . -0.838  0.234 -3.574 0.002 ** -0.302 0.207 -1.458 0.87

Late SSWMA-LWMA  -0.132 0.422 1377 -0.312 1 0.240  0.331 0.726 1 0.214  0.292 0.730 1
CBMA-LWMA  -0926 0.391 1377 -2.371 0.107 0.413  0.306 1.349 1 0.606 0.271 2240 0.152
KIOWA-LWMA = -0.201 0.407 1377 -0.493 1 -0.685 0.319 -2.149 0.191 0.116  0.282 0.412 1
CBMA-SSWMA -0.794 0.316 1377 -2.515 0.072 . 0.173  0.248 0.698 1 0392 0219 1793 0.439
KIOWA - SSWMA = -0.069 0.336 1377 -0.205 1 -0.926  0.263 -3.519 0.003 ** -0.098 0.233 -0.419 1
KIOWA-CBMA = 0.726 0.294 1377 2468 0.082 . -1.099 0.231 -4.766 <0.001 *** -0.490 0.204 -2.405 0.098

P value adjustment: tukey method for comparing a family of 4 estimates.
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P value adjustment: tukey method for comparing a family of 4 estimates.
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P value adjustment: tukey method for comparing a family of 4 estimates.
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P value adjustment: tukey method for comparing a family of 4 estimates.
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