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Antipredator responses may appear unsuccessful when animals are exposed to approaching vehicles, often resulting in mortality. Recent studies have addressed whether certain biological traits are associated with variation in collision risk with cars, but not with higher speed-vehicles like aircraft. Our goal was to establish the association between different species traits (i.e., body mass, eye size, brain size, wing loading, wing aspect ratio) and the frequency of bird collisions with aircraft (hereafter, bird strikes) using a comparative approach controlling for the effects of shared ancestry. We proposed directional predictions as to how each of the species traits would affect the frequency of bird strikes. Considering 39 bird species with all traits represented, the model containing wing loading had the best fit to account for the variance in bird strikes across species. In another model with 54 species exploring the fit to different polynomial models but considering only wing loading, we found that wing loading was negatively and linearly associated with the frequency of bird strikes. Counterintuitively, species with lower wing loading (hence, greater maneuverability) had a higher frequency of bird strikes. We discuss potential non-mutually exclusive explanations (e.g., high wing loading species fly faster, thus gaining some extra time to avoid the aircraft flight path; high wing loading species are hazed more intensively at airports, which could lower collisions, etc.). Ultimately, our findings uncovered that species with low wing loading get struck at a higher rate at airports, which reduces the safety risk for humans because these species tend not to cause damaging strikes, but the ecological consequences of their potentially higher local mortality are unknown.
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INTRODUCTION

When attacked by a predator, animals engage in antipredator behavior (e.g., crouching, dashing into a refuge, leaving a foraging patch, etc.). Different species have evolved various antipredator strategies (Caro, 2005) driven by energetic, physiological, morphological, perceptual, and cognitive species-specific constraints (Lima, 1993; Beale, 2007). For instance, birds with more pointed wings escape at greater distances than species with more rounded wings, likely because it is more difficult for the former to take off, thus escaping earlier might lower their risk of predation (Fernández-Juricic et al., 2006). Additionally, large-sized birds and lizards have been found to escape at greater distances than small-sized ones, probably because larger species have greater vulnerability, less agility to escape, etc. (Blumstein, 2006; Samia et al., 2015).

However, some of these evolved antipredator strategies have proven unsuccessful when animals encounter approaching vehicles (e.g., cars, airplanes) and attempt to evade them (Lima et al., 2015). One of the potential reasons is because the speed of the vehicles is so much higher than that of the predators with whom prey evolved (DeVault et al., 2014, 2015, 2017). The implication is that some traits that enhance the chances of survival during a predator attack may still be used by animals during a vehicle approach but may nevertheless lead to mortality. For instance, Bernhardt et al. (2010) found that birds tried to fly upwards when moving toward an aircraft and downwards when moving away from it, as they do when exposed to predators (Lima, 1993); yet they still collided with airplanes. Furthermore, birds tend to increase the escape distances on roads with higher speed limits (Legagneux and Ducatez, 2013; Husby, 2016) and increase the escape angle away from the road as the speed of the vehicles increases (Husby and Husby, 2014). Nevertheless, an increase in vehicle speed has been linked to more road kills (Farmer and Brooks, 2012). These mortality effects could pose substantial risk to populations (e.g., Bujoczek et al., 2011) and even reshape communities (e.g., Santos et al., 2016).

A central question is whether certain biological traits can increase or decrease the risk of collisions with high-speed vehicles. This question has been addressed from a comparative perspective in the context of collisions between birds and cars (Møller et al., 2011; Cook and Blumstein, 2013; Husby and Husby, 2014; Santos et al., 2016), but not between birds and aircraft. Birds and aircraft share a three dimensional space that potentially allows the former a greater degree of spatial maneuverability to engage in escape, although aircraft move much faster than cars. From 1990 through 2015, 169,856 bird-aircraft collisions (hereafter, bird strikes) were reported to the U.S. Federal Aviation Administration (FAA) (Dolbeer et al., 2016). Bird strikes are a far-reaching problem involving financial loss to commercial, civil, and military fleets worldwide and a source of mortality for birds (Anderson et al., 2015; Blackwell et al., 2016).

Our goal was to assess the association between different species traits (i.e., body mass, eye size, brain size, wing loading, wing aspect ratio) and the frequency of bird strikes. We used a comparative approach whereby we considered different species but controlled for the effects of phylogenetic relatedness between them. We collected data on the frequency of bird strikes from the FAA. We gathered information on body mass, eye size, brain size, wing loading, and wing aspect ratio from the literature based on the species with bird strike information available. In our analysis of bird strikes, we considered traits that are proxies of body size, visual acuity, cognitive ability and maneuverability, which have been previously implicated as contributing to road mortality (Møller et al., 2011; Cook and Blumstein, 2013; Husby and Husby, 2014; Santos et al., 2016).

First, we hypothesized that larger species have more mechanical and aerodynamic constraints (Norberg, 1990), which translates into higher energetic costs in taking flight (Tatner and Bryant, 1986; Møller et al., 2013), leading to longer take-off distances to escape an approaching threat (Samia et al., 2015; Husby, 2016) to reduce the likelihood of a collision (Møller et al., 2011) compared to smaller species. Additionally, large-bodied species have relatively less energetic requirements than small-bodied species (Nagy et al., 1999), which would allow the former to leave a foraging patch earlier when approached by a threat. Consequently, we predicted that species with lower body mass would have a higher frequency of bird strikes than species with higher body mass.

Second, eye size is a proxy of visual acuity or the ability to resolve an object visually from a certain distance (i.e., species with larger eyes have higher visual acuity; Kiltie, 2000). We hypothesized that species with smaller eyes would only be able to visually resolve the approaching aircraft from relatively closer distances (Blackwell et al., 2009), compared to species with larger eyes, leaving little time to avoid a collision given the fast aircraft speeds. Thus, we predicted that species with smaller eyes would experience higher frequency of bird strikes than species with larger eyes.

Third, we hypothesized that species with relatively larger brains would have enhanced cognitive abilities (Kotrschal et al., 2013) that would allow them to better assess the speed and distance of an approaching threat to minimize monitoring costs, maximize the benefits of foraging patch exploitation, but still escape successfully, compared to species with relatively smaller brains (Husby and Husby, 2014; Samia et al., 2015). This hypothesis predicts that species with larger brains would exhibit shorter escape distances. Actually, bird species with relatively larger brains tend to escape at closer distances from a threat (Møller and Erritzøe, 2014), wait longer to escape after becoming alert (Samia et al., 2015), and fly away from the road more often (Husby and Husby, 2014), compared to species with smaller brain size. Therefore, we predicted that species with smaller brains would have higher frequency of collisions with aircraft than species with larger brains, as has been found in the context of road mortality (Møller and Erritzøe, 2017).

Fourth, based on the fact that birds try to avoid collisions with aircraft by veering from their flight paths (Bernhardt et al., 2010), we hypothesized that species with morphological adaptations that enhance maneuverability would be at an advantage to engage in quick steering away (i.e., faster escape speed; Burns and Ydenberg, 2002; McFarlane et al., 2016) from an approaching vehicle to prevent a strike (Brown and Bomberger Brown, 2013; Santos et al., 2016). Two measures of wing morphology can be used as indices of maneuverability: (1) wing loading (i.e., ratio of body mass to wing area), which reflects the ability of a wing to turn relative to body mass (i.e., increasing with lower wing loadings; Lindhe Norberg, 2002); and (2) wing aspect ratio (i.e., ratio of wing span squared to wing area), which reflects the ability of a wing to quickly change direction (i.e., increasing with lower aspect ratios; Alexander, 2002). Therefore, we predicted that species with low maneuverability (high wing loadings, high aspect ratios) would have a higher frequency of bird strikes than species with higher maneuverability, as proposed for road mortality (Cousins et al., 2012; Brown and Bomberger Brown, 2013; Santos et al., 2016).

Identifying the biological traits associated with bird collisions with aircraft has important implications. First, we can better understand the combinations of morphological, sensory, and cognitive traits that can increase avian mortality at local levels (i.e., airfields). Second, this information can help inform practitioners about conservation priorities in areas with high traffic levels (e.g., airports, highways; Lima et al., 2015; Blackwell et al., 2016) by targeting highly vulnerable species, ultimately optimizing limited resources instead of trying to protect species at random. Third, wildlife management on and around airports that targets those species more susceptible to collisions can reduce the threat to human safety (DeVault et al., 2013).

MATERIALS AND METHODS

Data Collection

To develop our species list, we collected data on the frequency of bird strikes from the FAA National Wildlife Strike Database (https://wildlife.faa.gov/). This FAA database represents voluntary reporting of wildlife strikes involving civil aircraft in the USA to the FAA (since 1990). Strike reports come from pilot and crew, as well as ground crew via paper and electronic versions of the FAA form 5200-7. Strike reports are also submitted to the FAA via the Air Traffic Organization (ATO) Mandatory Occurrence Reporting system; ATO personnel are required to report all bird strikes of which they become aware (Dolbeer et al., 2016). The FAA collaborates with the Smithsonian Institution to aid in species identification of collected remains from strikes, including feather and DNA analysis (Dove et al., 2008; Marra et al., 2009; https://www.faa.gov/airports/airport_safety/wildlife/smithsonian/). Although the reporting of wildlife-aircraft collisions to the FAA is not mandatory in the USA, since 2010 reporting rates have exceeded 90% for passenger-certificated airports (Dolbeer, 2015).

We collected data on bird strikes from seven major U.S. airports that spanned the Pacific, Central, Mississippi, and Atlantic migratory flyways (Olson, 2015): Seattle-Tacoma International (47.4436°N, 122.2961°W) in Washington, Los Angeles International (LAX; 33.9416°N, 118.4085°W) in California, Denver International (39.8561°N, 104.6737°W) in Colorado, Chicago O'Hare International (41.9742°N, 87.9073°W) in Illinois, John F. Kennedy International (40.6413°N, 73.7781°W) in New York, Hartsfield-Jackson Atlanta International (33.6407°N, 84.4277°W) in Georgia, and Orlando International (28.4312°N, 81.3081°W) in Florida. We chose these airports because they covered broad regions of the USA and each experienced >17 million passenger enplanements and >300,000 aircraft movements in 2015 (Federal Aviation Administration, 2017; western airports: mean annual movements = 579, 501, SE = 247,208 movements; Midwest, Chicago O'Hare International: 878,117, SD = 5,579; eastern airports: 574,545, SE = 323,051).

Strikes reported to the FAA are inherently affected by multiple factors, including local land use, landscape composition, airport wildlife management, migration corridors, annual aircraft movements, etc. In assessing whether the strike rates in the airports studied differed from the national strike rates, we performed a correlation analysis between the number of individuals for each of the 87 species struck at our 7 airports vs. the number of individuals of the same species struck at all other airports (minus the 7 airports included in this study) reported to the FAA from June through July (2010–2015). We found a significant correlation between bird strikes at the 7 studied airports and bird strikes at all other airports (r = 0.752, P < 0.001). We concluded that the bird strikes at the 7 selected airports were representative of bird strikes in the USA at least from the perspective of the studied species.

We developed a list of bird species reported as struck from June through July (2010–2015) by accessing the FAA Wildlife Strike Database (http://wildlife.faa.gov/). We selected strikes reported from June through July, as this represented the time of year when migration in northern hemisphere was generally completed and local populations were relatively stable. In addition, this period was early enough in the breeding season to have fewer hatching year birds moving within the airspace because it is unclear how hatching year birds respond to novel risk like aircraft approach. Also, there is a strong pattern of increase in strikes in the northern hemisphere associated with species population peaks in late summer following reproduction (Dolbeer and Franklin, 2013).

To maintain a perspective on possible management implications, we included only strikes identified to species that occurred ≤457 m above ground level (AGL), thus within ~8 km of the airport runways for aircraft on final approach or initial climb (Dolbeer and Begier, 2012). The FAA recommends that this 8-km zone be managed to reduce attractants to species (primarily birds) recognized as hazardous to aviation (Federal Aviation Administration, 2007). Further, 82% of strikes (1990–2015) occurred at or below 457 m AGL. We also included species whose carcasses were recovered on or within close proximity to runway surfaces and deemed by airport personnel to have been struck by an aircraft (e.g., Blackwell and Wright, 2006; DeVault et al., 2011; see also Federal Aviation Administration, 2013).

We used the total number of collisions per species over the six-year period and across all studied airports as our response variable (Supplementary Material). We collected data on 87 species, but eventually used fewer species for the statistical analyses due to the availability of information on the independent factors (body mass, brain mass, eye axial length, aspect ratio, and wing loading; see below for details).

We obtained body mass data from Dunning (2007). When body mass data were available for males and females in sexually dimorphic species, we used the average of the two measurements.

Eye axial length, defined as the distance between the anterior surface of the cornea and the most posterior portion of the back of the eye (Moore et al., 2012), has been shown to serve as a valid proxy of eye size (Howland et al., 2004) and visual acuity (Kiltie, 2000). We collected eye axial length measurements from a comprehensive database that contained data from Ritland (1982); Hall and Ross (2007); Hall (2008), and Hall et al. (2009). We obtained additional measurements from unpublished data by EFJ. All animal procedures were performed in accordance with the relevant guidelines and regulations and were approved by Purdue Institutional Animal Care and Use Committee (protocols 1201000567 and 1112000398). Eye size was estimated following Ullmann et al. (2012).

We collected measurements of brain mass from previously published datasets: Garamszegi et al. (2007); Sol et al. (2010); Galván and Møller (2011); Samia et al. (2015); Vincze et al. (2015); Møller and Erritzøe (2016), and Mlíkovský (1989a,b,c). Additionally, we obtained brain mass data by converting brain volume measurements (volume × density of fresh brain tissue −1.036 g/mL; Iwaniuk and Nelson, 2002) for two species (Accipiter cooperi and Chordeiles minor) from Iwaniuk and Nelson (2003). We ran the analyses with and without these two species in case the conversion might bias the dataset. The results were the same, so we decided to include these two species to increase the statistical power of our analyses.

Wing loading is traditionally measured as either the ratio of body weight to wing area (N/m2) or the ratio of body mass to wing area (kg/m2). We chose the former following Norberg and Rayner (1987) as an index of force per unit area of wing. High values of wing loading, exhibited by relatively heavy birds with relatively small wings, are associated with faster flight speeds but less maneuverability. Low values of wing loading, exhibited by relatively light birds with relatively large wings, are associated with soaring ability and increased maneuverability. Aspect ratio, defined as the ratio between the wingspan and the length of the mean wing chord, is calculated as the square of the wingspan divided by total wing area (Lindhe Norberg, 2002). Birds with high aspect ratios have relatively long and slender wings, and they are able to fly with much less drag, but at the cost of lower maneuverability. Birds with low aspect ratios have relatively short and wide wings, which induce more drag but with high maneuverability. We collected wing loading and aspect ratio data from previously published studies: Poole (1938); Nudds et al. (2007); Andrews et al. (2009), and Serrano et al. (2017).

Previous studies on road mortality have found that highly abundant species tend to collide more frequently with cars (e.g., Møller et al., 2011). However, we did not include abundance in our analysis for two reasons. First, species abundance estimates at U.S. airports are not standardized because of different survey methods that do not correct for detection bias (Blackwell et al., 2013). Therefore, across-airport species relative abundance estimates for a specified time interval, though important, are hampered by biases associated with breadth and periodicity of surveys as well as variation in detection probabilities. Second, in an different study, we estimated the role of relative airport abundance on bird strike frequency for 23 bird species across 7 US airports, and found no significant effect (Blackwell et al. unpubl. ms.).

Aircraft speed and altitude at the moment of a collision with a bird could be potential confounding factors because any association between the biological traits studied and the frequency of bird collisions could be influenced by different species being struck at different altitudes and speeds. The FAA database we used to estimate the frequency of bird collisions also provides some information about the altitude and aircraft speed related to the bird strike. However, this information has some limitations because (a) it is based on estimates from the pilots or airport biologists rather than specific measurements, and (b) it is not reported consistently. Therefore, the number of records on bird strike altitude and aircraft speed is much lower than the available strike records per species. In the specific case of aircraft altitude, for instance, a 0 value in the database can indicate that the bird was struck when the aircraft was close to touch down or on the ground (e.g., prior to rotation on takeoff, landing roll, taxiing, or at a hold position awaiting instructions). Further, if the body of the bird was found on the runway (noted in the FAA database as “carcass found”), the altitude of the strike and airspeed at the time of the strike are unknown. This lack of data on altitude of strikes and aircraft speed at the time of strike limited our ability to include these parameters in the analyses. Nevertheless, we conducted some analyses to see if there were differences in aircraft altitude and speed between species, including those with at least 4 records in the database (i.e., we excluded altitude = 0 for the aforementioned reasons). We did not find significant differences between species in aircraft altitude [F(5, 36) = 1.73, P = 0.153, 6 species that met the criteria] and aircraft speed [F(9, 101) = 1.25, P = 0.272, 10 species that met the criteria]. Despite the limitations of the dataset, we believe that the potential between-species bias in the altitude and speed of the collisions might not be substantial in our findings.

Statistical Analyses

We followed a two-tiered approach. First, we used multimodel inference to determine which of the independent factors would better account for the variation in bird strikes of 38 bird species, controlling for the effects of phylogenetic relatedness. We used this reduced dataset, which was a subset of the larger dataset we collected (Supplementary Material), because we only had information for each independent variable for 38 species. Based on this first analysis, we identified a single independent factor as the main contributor to the variation in bird strikes (see Results). Second, to corroborate the role of this independent factor, we ran another model controlling for the effects of phylogenetic relatedness with a larger dataset comprising 54 bird species to maximize power in our analysis (i.e., we had information on this specific independent factor for 54 species). We also assessed the best fit function to obtain a predictive equation that could be used as a predictor of potential risk of collisions based on variations in this independent factor.

We utilized a Phylogenetic Generalized Least Squares (PGLS) approach to account for the non-independence problems that arise from analyzing multiple species which have a shared evolutionary history (Nunn, 2011). We used BirdTree.org (Jetz et al., 2012) to download 2,000 phylogenetic trees for the 38 species. BirdTree.org phylogenies provide a valid and accurate phylogenetic background for statistical analyses (Rubolini et al., 2015). According to Rubolini et al. (2015), sampling at least 1,000 trees minimizes variation for parameter estimates in a phylogenetic analysis. We then sampled 2,000 trees to enhance the precision of our phylogeny. We built a consensus tree by using the sumtrees function from the DendroPy package in Python (Sukumaran and Holder, 2010), using the 50% majority method for splits and using the first 200 trees as a burn-in set. All trees were treated as unrooted. The branch lengths of the consensus tree were assigned to be the mean of the corresponding input tree branch lengths.

We used Information Theory and Akaike's Information Criterion (AIC; Akaike, 1973) as a model fitting procedure following Garamszegi and Mundry (2014). In a regression analysis of fixed sample size, AIC values vary from model to model only as a function of model fit and number of model parameters (Burnham and Anderson, 2002). AIC values assess how well a model fits the data, and are calculated as AIC = –ln(L) + 2k, where L was the maximum likelihood estimate for the model and k was the number of parameters in the model. However, for finite samples like ours, a slightly modified version of AIC, called AICc, is recommended (Garamszegi and Mundry, 2014). We thus calculated AICc as: AICc = AIC + [image: image], where k is the number of model parameters as noted above, and n is the sample size. Smaller AICc values indicate better model fit.

We also calculated the AICc differences (Δi) for each model as the difference between the AICc value for a given model and that of the model with the minimum AICc of the whole set of models. We then used the Δi to calculate other inferential metrics: Akaike weights (wi) and Evidence Ratios (ER). Akaike weights (wi) were calculated as: [image: image] and can be interpreted as the probability that the specified model is the best model of the set of models (Burnham and Anderson, 2002). Evidence Ratios were calculated as: [image: image], and are a measure of how much more likely the top model of the set of models is compared to a given competing model. Additionally, we computed the relative importance score of each independent factor by summing wi up the Akaike weights from each model where that factor appeared. For example, body mass appeared as an independent factor in eight of our candidate models, so its variable importance score was the sum of the Akaike weights for those eight models. We used the relative importance scores to rank and compare the independent factors in terms of the probability that each belongs in the best fit model (Symonds and Moussalli, 2011). We calculated AICc, Δi, Akaike weights, and Evidence Ratios of 32 candidate models (summarized in Table 1), which represented every possible combination of our five independent factors.


Table 1. Summary of 32 candidate models assessing the effects of body mass (BoM), eye axial length (EAL), brain mass (BrM), wing loading (WL), and wing aspect ratio (AR) on the frequency of bird strikes following different criteria: Akaike's Information Criterion (corrected for sample size, AICc), AICc difference (Δi), Akaike weight (wi), and Evidence Ratio (ER).
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We log10 transformed all of the variables to meet the normality requirements of the analysis. Some of our log-transformed independent variables (brain mass, eye axial length, and wing loading) exhibited multicollinearity due to the high degree of correlation with body mass (adjusted R2 values of 0.916, 0.791, and 0.680, respectively), which could inflate the standard error and decreases t-values for parameter estimates in the PGLS analysis (Farrar and Glauber, 1967). Including unnecessary intercorrelated variables in the model may increase the variability of the regression coefficients, diminish the model's descriptive capacity, and impair the model's predictive capability (Kutner et al., 2013). Therefore, we presented three types of model calculations to assess the consistency of our results under different levels of multicollinearity: (1) 32 models including all variables irrespective of the degree of correlation between pairs of predictors, (2) 24 models removing those that contained any two predictors with a correlation ≥0.90, and (3) 12 models removing those that contained any two predictors with a correlation ≥0.70.

Given that the first phase of our analysis identified a single independent factor as the best one to fit the variation in the bird strike database, we decided to re-run the model but including only this independent factor to add 16 more species to our dataset (total sample size, 54 species) and increase the power of our test. We followed the same approach as described above to construct a consensus phylogenetic tree and control for phylogenetic effects. We did not have any a priori prediction about the shape of this relationship, but to derive a predictive equation, we fitted polynomial models of order 1, 2, 3, and 4 to the data to explore the one with the best fit. We calculated the F and P values of each of the four polynomial models and assessed their fit with the AIC approach described above, and the adjusted R2 values. Additionally, we derived an averaged estimate of the intercept and slope across the 2,000 trees for the relationship between log(Wing Loading) and log(Strikes) following the procedure outlined in Garamszegi and Mundry (2014).

All analyses were performed in the R statistical environment (R Core Team, 2017). We utilized the caper package (Orme et al., 2013) to perform PGLS analyses, the MuMIn package (Barton, 2016) to calculate AICc information, and the ggplot2 package (Wickham, 2009) to create figures.

RESULTS

Based on the AICc, the model containing wing loading had the best fit to the frequency of bird strikes (AICc = 87.144, Table 1), controlling for the effects of phylogenetic relatedness across the 38 species considered. The lowest Evidence Ratio was 2.926, which means that the model containing only wing loading was nearly three times more likely than any other model considered (Table 1). Five of the top six most likely models included wing loading as a parameter (Table 1). Furthermore, variable importance scores (wing loading, 0.64; body mass, 0.33; brain mass, 0.29; eye axial length, 0.26; aspect ratio, 0.23) indicated that wing loading was nearly twice as likely as any other variable. Richards (2005) warned against discounting models with Δi < 2, but we found no such model in our analysis (Table 1). The model containing only wing loading maximized the adjusted R2 (Table 1). In general, species with higher wing loading were associated with a lower frequency of bird strikes (Figure 1A), although the proportion of the variability explained was relatively low (~11%).


[image: image]

FIGURE 1. Relationship between wing loading and the frequency of bird strikes based on (A) 38 bird species, and (B) 54 bird species controlling for the effects of phylogenetic relatedness. Shown in (B) are two models that significantly fit the data: linear in black (y = ax+b) and polynomial of order 4 in blue (y = ax4+bx3+cx2+dx+e). See text for details.



These results were consistent when removing pairs of parameters that had different levels of multicollinearity. Tables 2, 3 present the scenarios in which models with pairs of variables with a correlation ≥ 0.90 and ≥ 0.70, respectively, were removed. In both cases, the model with only wing loading remained the best model because it had the highest Akaike weight, it had the lowest Evidence Ratio (about 3), which means the wing loading model was about 3 times more likely than any other model considered, it maximized the adjusted R2, and there were no models with Δi < 2. We present model averaged coefficients with confidence intervals in each of the three scenarios considered in Table 4. In all scenarios, wing loading had the highest variable importance.


Table 2. Summary of 24 candidate models (but excluding the ones in which pairs of variables had correlations ≥ 0.90) assessing the effects of body mass (BoM), eye axial length (EAL), brain mass (BrM), wing loading (WL), and wing aspect ratio (AR) on the frequency of bird strikes following different criteria: Akaike's Information Criterion (corrected for sample size, AICc), AICc difference (Δi), Akaike weight (wi), and Evidence Ratio (ER).
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Table 3. Summary of 24 candidate models (but excluding the ones in which pairs of variables had correlations ≥ 0.70) assessing the effects of body mass (BoM), eye axial length (EAL), brain mass (BrM), wing loading (WL), and wing aspect ratio (AR) on the frequency of bird strikes following different criteria: Akaike's Information Criterion (corrected for sample size, AICc), AICc difference (Δi), Akaike weight (wi), and Evidence Ratio (ER).
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Table 4. Model conditional average estimate of each parameter coefficient in each of the three scenarios considered: (A) 32 models including all variables irrespective of the degree of correlation between pairs of predictors, (B) 24 models removing those that contained any two predictors with a correlation ≥ 0.90, and (C) 12 models removing those that contained any two predictors with a correlation ≥ 0.70.
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Based on the results from the multimodal inference approach, we ran the model again, but with wing loading as the only independent factor, which allowed us to consider 54 species, and fitted different polynomials (Table 5). The two models that were significant were the linear model (y = ax+b) and the polynomial model of order 4 (y = ax4+bx3+cx2+dx+e) (Table 5, Figure 1B). Both of these models also yielded all their parameters significant (Table 5). Based on the AICc, the linear model had a slightly better fit than the polynomial of order 4, but the Δi < 2 (Table 5). However, based on the Evidence Ratios, the linear model was twice as likely to be the best-approximating model as the polynomial of order 4 model (Table 5). Therefore, we considered that wing loading was significantly and negatively associated with the number of bird strikes in a linear fashion (Figure 1B). Across the 2,000 trees, the averaged intercept was 1.902 (95% CI: 0.474, 3.329) and the averaged slope was −0.774 (95% CI: −1.675, 0.127).


Table 5. Summary of 4 candidate models with different polynomial order assessing the effects of wing loading on the frequency of bird strikes following different criteria: F and P values, Akaike's Information Criterion (corrected for sample size, AICc), AICc difference (Δi), Akaike weight (wi), and Evidence Ratio (ER).
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Using the estimates from the linear regression and reversing the transformations on the variables, we obtained the following approximate equation:

[image: image]

DISCUSSION

Our results show that of the five traits considered, only wing loading provided the best fit relative to the frequency of bird strikes. However, this association was counter to our prediction in that species with lower wing loading (hence, higher maneuverability) were actually more frequently struck. We discuss this unexpected finding and derive some applied implications.

Our analyses indicated that species with higher maneuverability collided with aircraft more often on the airfield and nearby airport property than species with lower maneuverability. However, we caution that this result although significant explained a low proportion of variability in bird strikes (~11%). From the perspective of birds trying to avoid a collision by changing flight direction very quickly and sharply (Bernhardt et al., 2010) or trying to take-off quickly and at a sharp angle from the ground or perching position (Witter et al., 1994; Kullberg et al., 1996; Lind et al., 1999; McFarlane et al., 2016), this finding might seem counterintuitive. Yet, Santos et al. (2016) also found a similar trend (i.e., positive association between bird collisions with cars and wing loading) relative to road kills.

Interestingly, when we take the perspective of the speed of the approaching aircraft (i.e., most common commercial jets exceed 240 km/h), a different interpretation is plausible. Higher wing loading is positively associated with avian flying airspeed (Alerstam et al., 2007; Serrano et al., 2017), and wing loading has been found to be a better predictor of flight speed than body mass (Greenewalt, 1975; Lighthill, 1977). Thus, the species that could achieve higher flight speeds (i.e., higher wing loading) were those that we found to have lower frequency of collisions with aircraft. Assuming that aircraft detection occurred above a certain distance threshold for all the species (i.e., the spatial margin of safety was not compromised; DeVault et al., 2015), it is reasonable to speculate that species that tended to fly at higher speeds might have had extra time to engage in evasive maneuvers (e.g., climbing, diving, steering away from the flying path horizontally). This finding suggests that the speed at which species can fly can be an indicator of vulnerability to bird strike occurrence.

We can also identify at least four other (non-mutually exclusive) alternative interpretations. First, species with higher wing loading might have started evasive maneuvers at longer distances (irrespective of flight speed), in the same way as species with higher body mass initiate escape from predators at longer flight-initiation distances (e.g., Blumstien et al., 2005). Second, species with high wing loadings have higher take-off costs (Alexander, 2002); consequently, it is possible that these species decided to stay put, avoid escaping, and thus reduced their chances of being struck. This explanation would be particularly applicable to situations in which the animal was on the ground or perching away from the flight path of the aircraft. Third, the studied airports have Wildlife Hazard Management Plans (U.S. Code of Federal Regulations Part 139.337; Cleary and Dolbeer, 2005) in place, and species that pose known strike hazards to aircraft (Dolbeer et al., 2000; DeVault et al., 2011) are targeted for hazing and, in some instances, lethal control (Dolbeer and Franklin, 2013). Upon examination of the identity of the species with high wing loading (Supplementary Material), many of those species were previously deemed to have the highest probability of causing damaging strikes (DeVault et al., 2011). Therefore, it is possible that our findings reflect the result of species with high wing loading being hazed more intensively and, hence, having lower strike frequencies. Further, as we noted earlier, the role of species abundance in strike rates remains an important question, but one for which objective data across airports are not standardized. As such, we cannot discount the role of local airport abundances on strike frequency (i.e., the likelihood of an aircraft striking birds), nor should we necessarily attribute it undue weight. For instance, higher abundance of birds at airports might also lead to a higher likelihood of detecting approaching aircraft (via collective detection) and ultimately lower chances of individual birds colliding with aircraft because of the dilution effect (Krause and Ruxton, 2002).

Fourth, species with low wing loading tended to be species with relatively higher energetic requirements (Supplementary Material; Nagy et al., 1999). Therefore, we would expect species with low wing loading to have higher activity levels and consequently spend more time in the air (i.e., looking for food patches, traveling between food patches, etc.). This enhanced activity, regardless of abundance, could increase the chances of colliding with aircraft because of the high volume of air traffic.

In our analyses, none of the other factors considered (body mass, eye size, brain size, wing aspect ratio) had a strong enough signal to fit the data with the sample size used. This does not necessarily mean that these biological traits are not relevant in making a species more or less prone to bird strikes. However, despite the classic sources of noise in a comparative analysis, wing loading explained a significant proportion of the variation (despite the relatively low amount of variability explained).

One of the implications of our findings is that high maneuverability might not be enough to reduce the chances of collisions with aircraft because of their high speeds. From a management perspective, our findings suggest that those species capable of causing damage to the aircraft (see Dolbeer et al., 2000; i.e., species with high wing loading) are involved in fewer collisions. This finding, however, does not indicate that species with high wing loading necessarily pose a lower strike risk (a metric composed of the likelihood of a strike and the likelihood of damage associated with striking a particular species; DeVault et al., in press). Further, our findings do not indicate how particular species react to aircraft approach. Such reactions themselves, despite strike frequencies, can enhance strike risk. From an ecological perspective, the higher mortality of species with low wing loading begets the question as to whether airports are suitable habitats for these species (Blackwell et al., 2013). Addressing this question is certainly important but it would require a coordinated effort to collect information on abundance, foraging ecology, and breeding success at airports compared to other areas with similar habitat properties. Even if airports are found to be population sinks, the effects might still not be relevant at the regional scale, which would also require empirical testing.
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