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Summary

Flight delays can have a vast economic and
emotional impact, due to which we have devised
several predictive models, including Random
Forests and CatBoost algorithms to find out
whether a certain flight has a high chance of
delay, based on factors such as airline, location,
route and days of the year. Our models have
accurately predicted the prevalence of delays by
up to 75%. Using these models, we have created
a tool which passengers can use to determine

Causes & Impact of
Delays

Flight delays can be caused by a variety
of factors, with ground and air
congestion being one of the main
reasons, as well as adverse weather and
logistical factors (ie security delays, cargo
delays, baggage delays, etc). The
economic impact of flight delays is very
large, with airlines losing USD 29 billion
to delays in the United States in a single
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Delays Dataset

The dataset we used was collected by the

Bureau of Transportation

Statistics. It

consists of more than 200 million rows and
109 columns, spanning the years 1988 to
2021. We used data from 2014 to 2021, which
consists of about 50 million rows, and is
oGB In size. About 20% of the records have
delays. Some of the columns we used to
predict delays include IATA Airline Codes,
Origin & Destination Airport IDs, number of

minutes of delay caused by various factors
(le security, weather, late carrier, etc) and
the number of minutes of arrival and
departure delays.

Dashboarding & Visualizations

year. Airlines with a high tendency of
delays also have negative sentiments
associated with them by passengers.

whether a flight they are interested In has a
chance of delay.

Modeling & Feature Selection

The visualizations and interactive dashboards are created on Looker Studio. There are 5
dashboards with a variety of visualizations which cover:
Geo-Spatial Analysis

Trends in Delays Origin_State

COVID Delay Trends
Air Carrier Performance
Time Plot Chart

We analyzed several papers that modeled the
prediction of flight delays, and observed the best
performing models to be using Random Forests
models. We also tested several boosting models,
Including CatBoost, a model that provides
gradient boosting for categorical features. In
order to improve accuracy with our models, we
also chose to use ANOVA technigues and LASSO
Regression to select the best features, narrowing
It down to the following: Month, Day of Month,
Day of Week, IATA Airline Codes, Origin Airport
ID, Destination Airport ID, Airtime / Distance

Destination_State Type of Delay: Carrier Delay
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Confusion Matrix

Below is the confusion matrix for
the Random Forests prediction
model, with an accuracy of
72.06%, run on 1 million randomly
selected rows.

The above figure shows seasonal trends in Carrier Delay by month, across 8 years.
Using the dropdowns, the types of delays as well as origin and destination states can
be varied.

Models Evaluation

Some of the best performing models we tested
Include Random Forests, Boosting Algorithms

(CatBoost, XGBoost, etc) and Neural Nets. The o E;
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was trained without "Departure Delay", and the second model was
trained with it. The data is transformed to features that were used to

OriginAirportiD 10146

variables for the Random Forests
model, using which the model will
predict the possibility of delay.

train the random forest model, and is presented on the table in the
right (one hot encoding and scaling were applied later). If Origin and

whereas most research papers are using one or
several delay factors in their prediction models.

DestAirportiD 10361

Destination does not have a direct connection, Dijkstra’s Shortest L.
Path Algorithm is used to calculate AirTime (this is not how AirTime 187
connecting flights work in the real world).
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