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Introduction

• Costs reported to the National 
Wildlife Strike Database are largely 
missing.

• Previous imputation methods 
produce biased wildlife strike cost 
estimates.

• Machine learning (ML) techniques 
provide a more robust approach to 
cost imputation.

• ML estimates suggest that previous 
cost estimates may serve as a 
reasonable upper, as opposed to 
lower, bound.

https://doi.org/10.1016/j.trd.2021.102907



Motivation

https://www.faa.gov/airports/airport_safety/wildlife/faq/



Motivation

https://www.faa.gov/airports/airport_safety/wildlife/media/Wildlife-Strike-Report-1990-2020.pdf



Motivation

The 1990-2018 NWSD report writes that “actual costs are likely 
2 or more times higher” due to the issue of underreporting. 



Motivation
2009 EXAMPLE:

Cost type
Number of 
Reported

Values

Mean for 
Reported 

Values (2021 $)

Number of 
Adverse 
Incidents

Estimate after 
Imputation 

(Millions, 2021 $)

Repair Costs 195 $398,467
1,186

$472.6

Other Costs 193 $15,452 $18.3

Cost type
Number of 
Reported

Values

Mean for 
Reported 

Values (2021 $)

Number of 
Adverse 
Incidents

Estimate after 
Imputation 

(Millions, 2021 $)

Repair Costs 194 $174,016
1,186

$206.4

Other Costs 193 $15,452 $18.3

With the “Miracle on the Hudson” incident:

Without the “Miracle on the Hudson” incident:

Total cost estimate for 2009 is reduce by over half upon the 
removal of one extremely rare, high cost incident.



Motivation
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Research Question

Is there a better way to impute missing cost values in the NWSD 
and achieve a more robust lower bound cost estimate?



Machine Learning Algorithms

• Machine learning algorithms 
employed:

– Random Forest (RF)
– Artificial Neural Network (NN)

• Tested against the performance 
of simple Linear Regression 
(LR).

• Could spend entire presentation 
explaining the RF and NN 
machine learning algorithms 
(please refer to manuscript).

• Will briefly describe the workflow 
and intuition behind machine 
learning methods.



Machine Learning Methods (Very briefly…)

• Machine learning algorithms seek 
to predict a target variable from its 
observed features.

• Models are tuned and trained on 
a subset of available data—called 
the training set.

• Models are evaluated on the rest 
of the data that is withheld from 
the beginning—called the test set.

• Best performing model is selected 
and employed to predict 
new/missing observations.

• Machine learning methods have 
been shown to outperform more 
traditional statistical methods.



Data (Target Variable)

• National Wildlife Strike 
Database (paper based on last 
access on April 15th, 2020).

• Target variables are natural log 
of repair and other costs, 
separately.

• Data split into non-missing and 
missing cost information.

• Non-missing cost data is split 
into training (80%) and test 
(20%) sets.



Data (Explanatory Features)

• Explanatory features:
1. Must be general enough 

so as not to uniquely 
identify individual 
observations.

2. Must be detailed enough 
to provide explanatory 
power.

• Features were selected in an 
effort to encompass as many 
factors that may influence the 
cost of a wildlife strike as 
possible.



Results

• As an additional test, we 
trained and evaluated 
models without destroyed 
aircraft observations to 
determine the sensitivity of 
our models to extremely 
rare, high costs incidents.

• Each model (RF, NN, and 
LR) is evaluated on 100 
random samples of the test 
set—65% without 
replacement—and average 
performance is obtained.

• We found that RF was, 
overall,  the best 
performing model.



Results

• Employ full trained RF model to 
impute missing cost values, but 
retain reported values.

• ML imputation increases average 
yearly reported costs by 80.1%—
from $29.7 million to $54.3 million, 
specifically—for the 1990-2018 
period. 

• This stands in stark contrast to the 
529.6% increase—from $29.7 
million to $187 million—produced 
by previous imputation methods. 

• Our ML estimates are effectively 
invariant to the inclusion/exclusion 
of extremely costly and rare 
destroyed aircraft incidents.

• Even if one assumes that wildlife 
strikes are underreported by a 
factor of 3, ML estimates still fall 
below previous lower bound 
estimates. 



Discussion and Conclusion

• Main findings:

1. Previous imputation methods and lower bound cost estimates are biased due to the skewed 
nature of reported cost data.

2. ML imputation methods provide a dramatic improvement.

3. ML estimates suggest that previous lower bound cost estimates may be upper, not lower, bound 
of economic burden of wildlife strikes to US civil aviation industry.

4. ML methods could potentially be incorporated in future reports to more robustly estimate the 
costs associated with wildlife strikes (civil).

• Limitations:

1. We are unable to completely measure all ”indirect” or ”external” costs associated with wildlife 
strike events. (Currently working on a couple of papers that address this issue.)

2. Reported costs, and imputed costs, do not account for costs associated with the loss of human 
health and safety (mortality, morbidity, risk, liability, etc.).

3. Wildlife management at airports is an important tool in reducing wildlife strike risk.



Thank You!


