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Abstract. Large numbers of accident reports are recorded in the aviation domain, which 
greatly values improving aviation safety. To better use those reports, we must understand 
the most important events or impact factors according to the accident reports. However, 
the increasing number of accident reports requires large efforts from domain experts to 
label those reports. To make the labeling process more efficient, many researchers have 
started developing algorithms to automatically identify the underlying events from acci
dent reports. This article argues that we can identify the events more accurately by leverag
ing the event taxonomy. More specifically, we consider the problem to be a hierarchical 
classification task, where we first identify the coarse-level information and then predict the 
fine-level information. We achieve this hierarchical classification process by incorporating 
a novel hierarchical attention module into the bidirectional encoder representations from 
transformers model. To further utilize the information from event taxonomy, we regularize 
the proposed model according to the relationship and distribution among labels. The effec
tiveness of our framework is evaluated using data collected by the National Transportation 
Safety Board. It has been shown that fine-level prediction accuracy is highly improved and 
that the regularization term can be beneficial to the rare event identification problem.
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1. Introduction
In air traffic management, identifying safety risk and sup
porting safety improvements to mitigate risk are of great 
importance for the next generation of national air trans
portation systems. The National Transportation Safety 
Board (NTSB) has investigated and collected more than 
60,000 aviation accident and incident reports with labeled 
sequences of accident events. It is of great importance to 
improve aviation safety by preventing repeat accidents. 
The engineers at NTSB have spent a lot of time recording 
past aviation accidents and understanding the crucial 
causes of past accidents. Because the accident is usually 
recorded in raw text format, the root cause analysis 
requires experts with domain understanding. However, 
as more and more accident data are collected, such an 
analysis strategy becomes very inefficient.

With the development of natural language proces
sing (NLP) techniques, text mining methods have 

become popular in traffic management. For example, 
Yao and Qian (2021) proposes to analyze Twitter mes
sages using text mining to predict the traffic on the next 
day. Rath and Chow (2022) proposes to utilize the 
state-of-the-art NLP model to use Wikipedia data to 
predict the typology of city transport. More specifically, 
people started to design more efficient text mining tools 
to automatically identify all accident events from the 
accident report using historical accident report data 
with identified critical events. When new accident 
reports are available, the underlying events can be 
automatically identified using powerful supervised 
learning methods. There are many existing works on 
the analysis of incident reports. For example, Pereira 
et al. (2013) proposes using traffic incident record mes
sages to predict the duration of the incident. The 
knowledge graph is also used to reveal the relationship 
among critical components in ship collision accidents 
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(Gan et al. 2023). Many researchers have started bringing 
NLP into the aviation domain. Yelundur et al. (2016) pro
posed to apply Bayesian logistic regression to classify four 
major events, namely loss of separation, deviation and Air 
Traffic Control anomalies, ground and landing events, 
and loss of control. A question and answer system is 
developed for the aviation domain with graph knowledge 
in Agarwal et al. (2022). Abedin et al. (2010) applies 
weakly supervised semantic lexicon construction to iden
tify causes from aviation incident reports. Similarly, Rob
inson (2018) focuses on cause identification task as well 
from a multilabel classification perspective. However, 
because of the limited capacity of these traditional 
machine learning models, they were unable to utilize a 
large number of accident reports, and they were unable to 
model the contextual relationship between words.

In recent years, deep learning models have been pro
posed to analyze the data from the aviation accident 
report. Dong et al. (2021) proposed attention-based 
long short-term memory (LSTM) to identify the six 
most frequent impact factors from incident reports 
recorded by the Aviation Safety Reporting System 
(ASRS). Another work based on ASRS data proposed 
identifying the 14 most important cause types, such as 
physical factors, physical environment, proficiency, etc. 
These works have achieved satisfactory results on a 
limited number of factors (Abedin et al. 2010). Zhao 
et al. (2022) has proposed another method to identify 58 
main causes in the NTSB accident report using the 
LSTM model. Recently, the bidirectional encoder repre
sentations from transformers (BERT) model has been 
proposed in the natural language processing domain. 
The BERT model has also been applied to accident 
report modeling. For example, a BERT-based question- 
answering system has been proposed based on the 
ASRS data set (Kierszbaum and Lapasset 2020). How
ever, the major limitation of existing NLP models on 
the aviation accident report data is that we can only 
identify coarse categories from reports. Existing works 
still require experts’ effort to specify the details within 
those categories. For example, it is very challenging for 
algorithms to tell what the exact physical factors of acci
dents are, which is an important task in aviation acci
dent modeling. Zhang and Mahadevan (2020) applied 
the Bayesian network to the NTSB data set to study the 
causal and dependent relationships among a wide vari
ety of detailed contributory factors. Rao and Marais 
(2020) mentioned that there exists inconsistent coding 
and short chain lengths associated with general avia
tion accidents in NTSB: to be specific, a great variety of 
chains (152 different occurrence chains), with more 
than 82% of the accidents having an average chain 
length of two or less. By consistently identifying fine 
categories from reports, we will compensate for the 
missing logic in an accident event chain. Finally, Tan
guy et al. (2016) also provides evidence that the existing 

taxonomy categories are generally too broad to identify 
a specific characteristic of an event in ASRS.

There are four major challenges for identifying the fine 
categories from the accident reports. We will use accident 
reports from the National Transportation Safety Board as 
an example to illustrate the challenges as follows. 

1. Multiple accident events for each accident report. 
In general, there can be multiple accident events corre
sponding to each accident report. The number of acci
dent events in each report is also typically unknown.

2. Complex correspondent. Many occurrence codes 
or even subject codes correspond to multiple sentences 
from the original aviation accident report. For example, 
the occurrence code “Airplane/component/system 
failure/malfunction” corresponds to multiple sentences 
in the original aviation accident report, including “loss 
of the alternator, “loss of the cockpit lighting,” “loss of 
compass,” etc. These keywords are never directly men
tioned in the sentence, but rather, they are inferred from 
several sentences or the entire manuscript.

3. Lack of data for some fine-level categories. When 
we are trying to build a supervised learning model, we 
must ensure enough samples for all categories. For 
example, according to the event taxonomy defined by 
NTSB, there are 58 occurrence codes in the coarse-level 
labels and 1,432 subject codes in the fine-level labels. In 
this case, because the coarse category is always a gen
eral abstract of many possible causes, it often accumu
lates enough samples for us to build a supervised 
learning model. However, as a subset of coarse catego
ries, many fine categories might suffer a few-shot learn
ing problem (Wang et al. 2020). For example, there are 
1,191 fine categories that have fewer than 100 accident 
reports, and there are 602 fine categories have fewer 
than 10 samples in the NTSB data.

4. Data imbalance issue. As the number of fine cate
gories is much larger than the number of coarse catego
ries, it resembles the natural nonuniform distribution 
in real-world scenarios. The fine categories appear to 
follow a long-tail distribution pattern, as shown in 
Figure 1. This phenomenon makes the model tend to 
be overconfident in the frequent categories and makes 
the model have a hard time recognizing the rare cate
gories. The two challenges mentioned here are com
monly seen when dealing with a data set with a large 
label size. In this paper, we propose to deal with the pro
blems by utilizing the category taxonomy and viewing 
this problem as a hierarchical classification task.

In the NTSB accident report, the accident events may 
consist of a hierarchical structure. Here, we define a 
more general definition of label hierarchy using a 
directed acyclic graph, where each node may have 
more than one parent node. The parent nodes represent 
a high-level abstract of all its children. Figure 2 presents 
an example of label taxonomy in the aviation domain 
defined by NTSB. Figure 2 shows that flight control 
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systems and electrical systems are coarse categories. 
They provide general information about what went 
wrong during the accident. To classify the fine-level 
category, such as the flap control system or the rudder 
control system, because the sample size for coarse-level 
categories is much larger than that for fine-level catego
ries, it is much easier to discriminate between the flight 
control system and the electrical system. On the other 
hand, it is challenging for the model to directly recog
nize aileron control or rudder control because of the 
limited sample size. To address this challenge, we pro
pose to bring the hierarchical information from the 
labels into the model instead of treating each category 
level independently.

In the literature, bringing the label hierarchy to the 
classification problem is often known as hierarchical 
classification, which has shown the capacity to improve 
fine-level prediction accuracy in the case of unbalanced 
data and small sample sizes for some categories. The 
hierarchical classification approaches are typically 
grouped into two directions. (1) Local approaches train 
multiple classifiers according to the label taxonomy, 

and the prediction follows a top-down manner. (2) 
Global approaches introduce a single classifier that can 
handle different levels of categories together (Silla and 
Freitas 2011). The local approaches train category-wise 
models or level-wise models. Level-wise models follow 
a top-down manner where coarse categories are pre
dicted first, and the fine level is predicted using the 
inferred coarse-level information as additional predic
tors. It is much easier to capture local information from 
the data. However, such an approach often suffers 
from the error propagation problem as fine-level pre
diction requires very accurate coarse-wise models. 
Global approaches treat the problem as a whole, which 
might not capture the local information very well. 
However, it usually utilizes the hierarchical informa
tion much better by simultaneously optimizing for 
both coarse categories and fine categories together. For 
more detailed literature on the general hierarchical 
classification, please refer to Section 2.

In conclusion, we propose to combine the hierarchi
cal multilabel classification approaches with a state-of- 
the-art BERT model to identify multiple events with 
fine-level categories from aviation accident reports. 
Our experiments are conducted based on the reports 
collected by NTSB. As shown in Figure 3, the accident 
report is associated with multiple event labels. The 
occurrence code represents a coarse-level description 
of the accident, and the subject code represents a fine- 
level description. Given that the size of subject labels is 
too large, the traditional multilabel classification algo
rithm cannot achieve satisfying results because of data 
sparsity and data imbalance. This work aims to 
improve the fine-level classification by incorporating 

Figure 1. (Color online) Label Statistics for the 100 Most Frequent Fine-Level Labels in NTSB Data 

Figure 2. An Example of the Label Taxonomy Defined by 
NTSB 
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the event taxonomy into the hierarchical classification. 
The proposed method takes advantage of the state-of- 
the-art BERT model to handle the raw text data with 
the complex contextual word dependency. Further
more, related to the hierarchical multilabel classifica
tion, the proposed method takes advantage of both the 
local and global approaches for hierarchical classifica
tion by integrating hierarchical regularization, hierar
chical attention, and hierarchical label distribution 
penalty to extract multiple events simultaneously from 
the accident report.

In summary, the major contributions of this paper 
are listed as follows. 

1. We formulate the cause identification of aviation 
accident reports by combining the hierarchical classifica
tion and the state-of-the-art BERT model. By comparing 
with the BERT-based flat classification model, we dem
onstrate that the hierarchical information in the event tax
onomy can benefit the fine-level classification accuracy.

2. We propose a novel hierarchical classification 
framework that benefits from both the local and global 
approaches. More specifically, our proposed hierarchi
cal classification approach consists of three major 
components. 

a. Recursive regularization. Recursive regulari
zation is added to encourage the model parameter 
to be similar for the sibling nodes to the parent 
nodes.

b. Hierarchical attention. Hierarchical attention is 
added to guide the attention module of the fine-level 
model using the coarse-level information.

c. Hierarchical label distribution penalty. We pro
pose a novel hierarchical label distribution penalty 
term. The component can further improve the classi
fication accuracy on rare labels by dealing with the 
overconfidence issue on frequent labels.
3. We have applied the proposed method to the 

NTSB accident report data and have demonstrated the 
improvement of the multilabel classification accuracy, 
especially for rare events.

The paper is organized as follows. We first review 
existing works on texting mining on narrative reports 
and state-of-the-art hierarchical classification methods 
in Section 2. We further introduce some basic notations 
and the proposed methods in Section 3. The experiment 
results will be discussed in Section 4. Moreover, we 
finally conclude the paper in Section 5.

2. Literature Review
We would like to review the related literature in the 
areas of both accident report analysis and hierarchical 
classification. More specifically, from the application 
perspective, we will first give a brief overview of exist
ing works on automating the information extraction for 
narrative reports in Section 2.1. From a methodology 
perspective, we will review the recent progress on hier
archical classification in Section 2.2.

2.1. Information Retrieval for Narrative Reports
It is necessary to provide an efficient prevention strategy 
when an accident happens by analyzing past accidents. 

Figure 3. Aviation Accident Report to Event Labels: Report 20001208X07734 from NTSB 

Notes. The left side is the raw accident report. On the right side is the event sequence labeled by NTSB. We highlight the keywords in the narra
tive reports and plot their relationship with the corresponding event labels. IFR, Instrument Flight Rules are a set of regulations that govern air
craft operations when visual reference is not safe; DG, directional gyro; HSI, horizontal situation indicator.

Zhao, Yan, and Liu: Event Extraction Classification from Aviation Accident Reports 
54 INFORMS Journal on Data Science, 2025, vol. 4, no. 1, pp. 51–66, © 2024 INFORMS 

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
6.

73
.2

16
.1

1]
 o

n 
05

 J
un

e 
20

26
, a

t 0
3:

13
 . 

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y,
 a

ll 
ri

gh
ts

 r
es

er
ve

d.
 



Therefore, more researchers started developing tools to 
automatically extract information from narrative reports. 
The fundamental of the algorithms is the meaningful 
event taxonomy or impact factors defined by domain 
experts. There are various types of taxonomic structures 
defined early in the aviation domain. Three codifications 
are designed specifically for ASRS, which are the ASRS 
codification, the X-Form, and the Cinq-Demi (Ferryman 
et al. 2006). The ASRS codification is currently used to 
describe the accident in the ASRS database, which pre
sents an abstract of the accident through the “chains of 
events” and “human performance consideration.” There 
are nine coarse-level categories from the ASRS codifica
tion: aircraft, events, maintenance factors, etc. Under each 
course category, multiple fine categories are included. For 
example, around 180 subcategories are under the aircraft 
category, and around 130 subcategories are under the 
event category. Another widely used accident reporting 
system is NTSB. It designed three-level categories to 
describe the accident: phase, occurrence, and subject. 
There are around 56 phase categories, 58 occurrence cate
gories, and 1,432 subject categories. Based on those well- 
defined taxonomies, many researchers have started 
designing efficient information extraction frameworks to 
automate the accident reporting system in the aviation 
domain. Huang et al. (2019) developed algorithms to 
extract the information from the ASRS data set according 
to the X-Form taxonomy. They proposed a template- 
based framework to identify the related keywords in the 
reports, and 20 ASRS reports were selected for validation 
purposes. The potential issue with this method is to 
develop an exhaustive set of keywords and expressions. 
Abedin et al. (2010) proposed an automatic keyword 
extraction strategy via semisupervised semantic lexicon 
learning and validated the efficiency of the model with all 
140,599 reports from 1998 to 2007. To further improve the 
classification accuracy, many advanced machine learning 
methods are applied, such as naive Bayes (Shi et al. 2017), 
Bayesian logistic regression (Yelundur et al. 2016), and 
latent semantic analysis (Robinson 2018). It is worth not
ing that all the previous works are only conducted on 
small label sizes. As mentioned by Tanguy et al. (2016), 
fine-grained investigation of sources of danger is very 
challenging. It is very difficult for the experts to tell the 
difference between two closely related values at a detailed 
level. Existing works can only be implemented over the 
coarse-level identification. In this work, we propose a 
framework that tries to identify the fine-level categories 
by using the category taxonomy.

2.2. Hierarchical Classification
In many real-world applications, we can see the hierarchi
cal category structure. For example, in the e-commerce 
system, products are classified into categories and subca
tegories (Karamanolakis et al. 2020). In the healthcare 

system, the taxonomy of patients’ symptoms helps the 
doctors diagnose much easier (Ruggero et al. 2019). Moti
vated by those hierarchical representations, researchers 
start incorporating knowledge from the hierarchical tax
onomy into traditional classification methods. Most exist
ing hierarchical classification methods fall into two 
categories, which are local approaches and global 
approaches (Silla and Freitas 2011). Local approaches 
focus on building independent classifiers for each cate
gory or level from the taxonomy. They aim at extracting 
the most comprehensive local information from the sam
ples. They usually follow a top-down prediction strategy 
according to the taxonomy (Koller and Sahami 1997, Kir
itchenko et al. 2004, Costa et al. 2007). One major problem 
of the local approaches is the error propagation and the 
expensive computational cost. Because multiple classi
fiers are developed independently, the model parameters 
increase rapidly, and the bias from different classifiers 
will accumulate. Different from local approaches, global 
approaches treat the problem as a whole. They build a 
single model and predict categories from different levels 
together (Cai and Hofmann 2004, Cerri et al. 2012, Gopal 
and Yang 2013). However, global approaches might not 
capture the local information very well. They require 
fewer training resources and are more sensitive about the 
relationship across different levels among all categories. 
Considering all the pros and cons of the two methods, 
recent works have started building hybrid methods to 
take advantage of both approaches. Huang et al. (2019) 
proposed a hybrid approach through a recurrent neural 
network. The output of each layer corresponds to a level 
from the category taxonomy. By adding a global output 
layer as the final layer of the network, the proposed 
method optimizes local loss and global loss simulta
neously. To further enhance the relationship between 
the input and labels, a hierarchical attention-based 
approach is proposed, which also falls into the cate
gory of a hybrid approach. By leveraging the hierar
chical structure, the methods propagate the attention 
weight top down. Inspired by the aforementioned 
methods, we proposed a novel hierarchical attention- 
based framework.

Unlike previous work, because our task suffers a 
long-tail distribution problem, we need to find an effi
cient solution to deal with the data sparsity and imbal
ance challenge. Recent studies have shown that we can 
leverage the hierarchical structure to deal with those 
problems. A new sampling strategy is proposed to deal 
with the imbalanced hierarchical data set (Pereira et al. 
2021). Wu et al. (2020) proposed a rejection strategy 
based on the label taxonomy to identify uncertain 
examples. Other works focusing on the few-shot learn
ing settings have also proved the value of label hierar
chy. Considering the relationship among siblings 
belonging to the same level of the category, Xu and 
Geng (2019) introduced label distribution learning to 
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solve the small training set issue. Li et al. (2019) pro
posed a novel hierarchical feature extractor that 
achieves state-of-the-art results for a few-shot learning 
task. Another two-stage few-shot learning approach is 
proposed in Liu et al. (2022). It argued that as the size of 
fine-level labels grows dramatically, the limited sample 
size for each category can hardly provide enough infor
mation for existing models to distinguish those. How
ever, the sample size from the coarse-level categories is 
usually sufficient for a reliable supervised model. The 
paper develops a memory-augmented hierarchical clas
sification network based on those observations. Multi
layer perceptron and K-nearest neighbor are developed 
for coarse prediction and fine prediction, respectively, 
because of their sample size. Following this line of 
research, we also design a two-stage approach and feed 
the reliable coarse-level predictions into our fine-level 
model for fine-tuning purposes. We guide the model 
training process with a recursive regularization term 
and a label distribution penalty to improve the predic
tion accuracy on few-shot categories.

3. Methodology
In this section, we will introduce the proposed model. 
More specifically, we will first review the related methods 
in Section 3.1. We will then introduce the proposed hierar
chical multilabel classification BERT model in Section 3.2.

3.1. Review of Related Methodology
In this subsection, we will review the three related 
methods in handling the hierarchical labels, including 
the hierarchical attention model in Section 3.1.1, recur
sive regularization in Section 3.1.2, and label distribu
tion learning in Section 3.1.3.

3.1.1. Review of Hierarchical Attention. The attention 
mechanism is widely used in recent deep learning 
approaches. It helps us build the connection between 
labels and input. By adding the attention module, we 
can extract the most relevant component of the input to 
the label (Vaswani et al. 2017). To leverage the label 
hierarchy information through the attention module, 
hierarchical attention is proposed by Huang et al. 
(2019). With the assumption that coarse-level informa
tion can help us narrow down the relevant component 
for fine-level prediction, we can propagate coarse-level 
attention to fine-level attention by building better 
semantic representation. Let Sh ∈ R |Ch | ×da denote the 
embedding vector for the hth level of the category. Let 
|Ch | represents the label size, and da is a hyperpara
meter for the embedding dimension. The attention 
weight for the hth category level can be calculated as

Wh
att � Softmax(Sh ·Oh), Oh � tanh(Wh

s ·V
T
h ), (1) 

where Vh ∈ RN×2u is the semantic representation of the 

input and N is the length of the input. We further send 
Vh through a fully connected layer with weight matrix 
Wh

s ∈ R
da×2u to get Oh ∈ Rda×N. After getting the atten

tion weight, we will further calculate the weighted text- 
category attention matrix Kh ∈ R |Ch | ×N with the local 
prediction on the hth level of the category Ph

L:

Kh � Broadcast(Ph
L) ⊗Wh

att: (2) 

Here, the Broadcast operation is to make the shape of 
Ph

L compatible with attention matrix Wh
att so that we can 

conduct the element-wise multiplication ⊗. Kh is further 
averaged along the category dimension, and then, we 
can get the vector K̃h

∈ RN that shows the most relevant 
component from our input to the hth category level. 
Finally, the updated semantic representation can be cal
culated with the weight attention vector K̃h:

Vh+1 � ω
h ⊗V, ωh � Broadcast(K̃h

): (3) 

It is worth noting that the attention weight is propagat
ing to the lower level through constructing a new 
semantic representation. In our framework, we sim
plify the calculation and let coarse-level attention 
directly influence the attention weight on the fine level.

3.1.2. Review of Recursive Regularization. Recursive 
regularization was first proposed by Gopal and Yang 
(2013) as a global strategy to deal with hierarchical clas
sification. It encourages the model parameters among 
sibling nodes in the label hierarchy to be similar. Later 
work extends this method to a deep learning setting 
(Peng et al. 2018). Given the observation that coarse- 
level categories usually have more training samples 
than fine-level categories, it is easier to get the optimal 
parameters for the coarse category. Thus, regularizing 
the children’s nodes to have similar parameters to their 
parents will help improve the fine-level classification, 
even though we have fewer training samples on fine 
categories. To be formal, let wi be the parameters in the 
final fully connected layer for all categories. Let lji repre
sents the children of li. Then, the recursive regulariza
tion term can be added to the loss function as shown in 
Equation (4):

λ(W) �
X

li∈L

X

l(j)i

1
2‖wli �wlji

‖
2
: (4) 

Here, the final loss function will be H+Cλ(W), where 
H is the crossentropy loss. Inspired by this formulation, 
our model also implements a similar regularization 
idea. However, because we mainly express the hierar
chical information through the attention module, we 
will add this penalty by embedding vectors from differ
ent levels of categories.

3.1.3. Review of Label Distribution Learning. Another 
algorithm that can deal with the small training set issue 
through the label hierarchy is called label distribution 
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learning (Geng 2016, Xu and Geng 2019). It is argued in 
the paper that the fine classifiers tend to overfit because 
of the small training size. We can leverage the relation
ship among siblings in the label hierarchy to get addi
tional supervision information. As mentioned in the 
paper, label distribution learning is a more general 
learning framework for single-label learning or multila
bel learning. Under the label distribution learning 
setting, each instance xi is associated with a label distri
bution Di � {d

y1
xi , dyw

xi , : : : , dyn
xi }, where yj is the jth label. 

Let dyj
xi ∈ [0, 1] represents the degree of yj to instance xi, 

where 
P

jd
yj
xi � 1. dyj

xi can also be represented as the form 
of conditional probability, where dyj

xi � P(yj |xi).
To be more formal, let X ∈ Rq denote the input space, 

and let Y � {y1, y2, : : : , yc} denote the complete set of 
labels. Given a training set S � {(x1, D1), (x2, D2), 
: : : , (xn, Dn)}, then the goal of label distribution learning 
becomes to learn a conditional probability mass 
function p(y |x) from S, where x ∈ X and y ∈ Y. Let the 
parameter θ control the conditional probability 
p(y |x,θ). Then, we need to find the optimal parameter 
set to generate a similar distribution to Di given the 
instance x. Multiple criteria can be used to evaluate the 
difference. Kullback–Leibler (KL) divergence is a fre
quently used measurement to describe the similarity 
between two distributions. Moreover, the optimization 
objective can be formulated as follows:

θ∗ � arg min
θ

X

i

X

j
dyj

xi ln
dyj

xi

p(yj |xi,θ)

 !

: (5) 

Under the hierarchical classification setting, the true 
label distribution D is usually not achievable. More
over, there are multiple ways to construct meaningful 
label distribution according to the label hierarchy. One 
possible way to get the label distribution, which was 
mentioned by Xu and Geng (2019), is through leverag
ing the knowledge of the number of common nodes 
with the true path. We propose a novel way to achieve 
label distribution in our work. We propose to use the 
Bayes rule to get the fine-level distribution through our 
prediction of the coarse-level distribution.

3.2. Proposed Model for Hierarchical Multilabel 
Classification

In this section, we will introduce the proposed model 
for the hierarchical multilabel classification model and 
combine it with the BERT model to analyze the accident 
report data. Section 3.2.1 presents the overall problem 
definition. Section 3.2.2 presents the overall model 
architecture. Section 3.2.3 presents the BERT-based fea
ture extractor. Section 3.2.4 presents the architecture of 
the coarse-level model. The three major components of 
the fine-level model are introduced in Sections 3.2.5, 
3.2.6, and 3.2.7, respectively. Finally, the loss function 
that integrates all the components together is intro
duced in Section 3.2.8.

3.2.1. Problem Definition. This paper aims to design 
an information extraction framework for aviation acci
dent reports. As shown in Figure 3, there is a two-level 
description in the reports, and these two levels are 
called occurrence and subject. Occurrence is a coarse- 
level event description containing 56 categories, 
whereas subject is a fine-level description with 1,432 
categories. Motivated by the label hierarchy, we want 
to build a coarse-to-fine hierarchical classification 
model to address the major challenges of the lack of 
enough samples in many fine-level categories.

Under the supervised learning setting, our problem 
can be formulated as follows. Given a set of training 
samples, D � {(xn , yn , zn)}

N
n�1 ⊆ X × Y × Z. Because our 

input is accident reports, each xn represents the input 
documents, and X denotes the space of the natural lan
guage text, where X � {ω1,ω2, : : : ,ωM} can be viewed 
as a sequence of words. yn � [y1, y2, : : : , yL1] ∈ Y �

{0, 1}L1 denotes L1 number of coarse-level categories. 
zn � [z1, z2, : : : , zL2] ∈ Z � {0, 1}L2 denotes L2 number of 
fine-level categories. Our goal is to get an accurate fine- 
level prediction based on our observations:

min
θ

E{x, y, z}~D(�logPr(z |x;θ)), (6) 

where θ denotes the model parameters. Based on the 
observation that coarse-level categories usually have 
enough samples for the training purpose, in order to 
further improve the fine-level prediction, the objective 
function can be broken into two components as follows:

Pr(z |x;θ) �
X

y∈Y
Pr(z |x, y;θf )Pr(y |x;θc), (7) 

where θf and θc represent the fine-level model para
meters and coarse-level model parameters, respectively. 
Thus, the problem can be transformed into a two-stage 
decision framework. First, we need to design a coarse- 
level classifier. Second, we need to design a fine-level 
classifier that can utilize the information predicted from 
the coarse model. It is worth noting that the proposed 
procedure is similar to the top-down prediction frame
work of the local approaches in hierarchical classifica
tion. To mitigate the error propagation issue, the 
information from the coarse models is not added to the 
fine models directly as in traditional local hierarchical 
classification approaches (Koller and Sahami 1997). We 
build a hierarchical attention module to get better fine- 
level feature representation with the guidance of coarse- 
level information. We further optimized embedding 
vectors for coarse categories and fine categories together 
following a global approach framework.

3.2.2. Overview of the Model Architecture. Figure 4
presents an overview of the proposed framework. 
There are three major components of the framework: a 
coarse-level classifier, a fine-level feature extractor, and 
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a hierarchical attention module. Our methods provide 
coarse-level prediction through fine-tuning on a pre
trained BERT model (Devlin et al. 2019b). Bidirectional 
encoder representation from transformers is one of the 
most powerful pretrained deep language models, and 
it has achieved state-of-the-art results in many text min
ing tasks. A BERT-based classifier can provide satisfy
ing results with a sufficient amount of coarse data. 
Therefore, it can further guide our fine classifiers. We 
first construct the deep representation for the accident 
reports with BERT for fine-level prediction. Then, the 
text features will feed into the hierarchical attention 
module and the coarse category distribution, and they 
will make the fine-level prediction. Finally, we develop 
two penalty terms in our loss function according to the 
label distribution and label hierarchy to deal with the 
long-tail distribution over fine categories. In the follow
ing sections, we will mainly introduce the major com
ponents of the fine-level classifier.

3.2.3. BERT-Based Feature Extractor. In order to get 
meaningful text representation, we apply the BERT 
model to encode text into embedding space to extract 
the text embedding for future use. As shown in Figure 
4, the input document is a sequence of M words 
x � [ω1,ω2, : : : ,ωM]. We apply the BERT model to get 
the semantic representation of the text data. The dis
crete word ωi is first mapped into key ki, value vi, and 
query qi according to the self-attention mechanism. 
The contextual representation of the word zi is com
puted as follows:

zi � Softmax
qikffiffiffiffiffi

dk
√

� �

v: (8) 

The BERT model is built upon multiple self-attention 
layers and feed-forward connections. In the last layer, 
we can get the semantic representation of each word 

based on its correlation to all other words in the docu
ment. Here, we will use H � [h1, h2, : : : , hM] ∈ RM×u to 
represent the final embedding vector calculated by 
BERT, where u is the embedding dimension. To further 
regularize the overfitting issue, a dropout layer is 
added to the final layer of the BERT model.

3.2.4. Coarse-Level Model. We will then train a coarse- 
level multilabel classification model based on the extracted 
features from the BERT-based feature extractor to be used 
as the local approach to guide the fine-level multilabel clas
sification. The coarse-level prediction model consists of the 
following components: a BERT-based feature extractor, an 
attention module for identifying the coarse-level relevance 
score, and the final Binary Cross Entropy loss function for 
multilabel classification. Figure 5 illustrates the architec
ture of the coarse-level model. Let Vl1 � [v1

l1
, v2

l1
, : : : , vL1

l1
] ∈

RL1×u denote the coarse label embedding. We first calcu
late the relevance score between documents and labels as 
follows:

eij � vi
l1
· hj, (9) 

where eij is the relevance score between the ith label 
and the jth word in the document. The attention weight 
can be further calculated through a Softmax function:

αij �
exp(eij)

Pm
i�1 exp(eij)

: (10) 

With the attention weight, the contextual vector ci ∈ Ru 

for the ith label can be calculated with the hidden vec
tor as follows:

ci �
Xm

j�1
αijhj: (11) 

Let Py � [P1
y, P2

y, : : : , PL1
y ] ∈ R

L1 denote the predicted 
probability for coarse-level labels, which can be 

Figure 4. (Color online) Overview of the Two-Stage Hierarchical Attention 

Note. CLS, classification; SEP, seperation.
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calculated through a fully connected layer and the sig
moid function as follows:

Pi
y �

1
1+ exp(wf · ci + bf )

, (12) 

where wf ∈ Ru and bf ∈ Ru are the weight and the bias 
vector for the final fully connected layer, respectively. 
Finally, we optimize the binary crossentropy loss 
between the true coarse label and the predicted proba
bility as follows:

LBCE(y,Pl1)��
XL1

i�1
[yilog(Pi

l1)+(1�yi)log(1�Pi
l1)]: (13) 

3.2.5. Hierarchical Attention. After getting the embed
ding representation of the accident reports H, we will 
make the fine-level prediction through the hierarchical 
attention module. We first calculate the coarse-level rele
vance score similar to coarse-level attention as follows:

Kl1 � Vl1 ·H
T, (14) 

where Kl1 ∈ R
L1×M is the relevance score matrix between 

the context and coarse labels under a fine-level model. We 
further collect coarse category distribution Py ∈ RL1 from 
coarse classifier. The coarse category distribution helps us 
understand the importance of the attention weight from 
different categories. By applying an element-wise multipli
cation, we can get the weighted coarse-level relevance 
score matrix Ol1 ∈ R

L1×M as follows:
Ol1 � Broadcast(Py) ⊗Kl1 , (15) 

where Broadcast() is an operation to expand Py so that 
it has the same dimension as Ol1 . Our weighted atten
tion matrix Ol1 � (O1

l1 , O2
l1 , : : : , OL1

l1 ) ∈ R
L1×M comprises 

L1 vectors, where each of them presents the category- 
wise word relevance within the input documents. In 

order to get a global attention weight score for each 
word, we further take a summation over the category 
dimension and apply the Softmax function to ensure 
that all of the computed weights sum to one as follows:

Wl1 � Softmax
XL1

i�1
Oi

l1

 !

, (16) 

where Wl1 ∈ R
M represents the global word attention 

weight for each input instance.
After calculating the coarse-level attention, we can 

further develop the fine-level attention weight. Let us 
first define fine category embedding Vl2 ∈ R

L2×u, and the 
attention weight matrix can be calculated as follows:

Wl2 � Softmax(Vl2 ·H
T), (17) 

where Wl2 ∈ R
L2×M shows the attention weight for each 

fine-level category. To further incorporate the coarse- 
level information, we build a linear combination 
between coarse-level attention and fine-level attention 
as follows:

W′l2 �Wl2 +λ ·Broadcast(Wl1), (18) 

where λ controls how much we want to leverage the 
coarse-level guidance. When λ � 0, the formulation 
becomes a flat classification framework. As we increase 
λ, the attention weight will rely more on the coarse- 
level information.

After getting the updated attention weights, we can 
further calculate the category-wise contextual represen
tation as follows:

C �W′l2 ·H, (19) 
where C � (C1, C2, : : : , CL2) ∈ RL2×u represents L2 contex
tual representation for each category according its rela
tionship to the input document.

Then, the fine-level prediction can be achieved 
through fully connected layers and an activation func
tion as follows:

Pl2 � σ(φ([C�Vl2] ·W + b)), (20) 

where W ∈ R2u×1 and b ∈ RL2 represent the parameters 
that belong to the final fully connected layer. � denotes 
the concatenation operation to concatenate C and Vl2 

together. φ is the nonlinear activation function, where 
we apply rectified linear unit in our context.

Finally, the proposed model will optimize the binary 
crossentropy loss between the true label distribution 
and the predicted distribution as follows:

LBCE(z,Pl2)��
XL2

j�1
[zjlog(Pj

l2)+(1�zj)log(1�Pj
l2)]: (21) 

3.2.6. Recursive Regularization. The fine-level predic
tion can be highly improved through the top-down 
prediction method given coarse-level information. 
However, as mentioned in Section 3.1.2, we still do not 

Figure 5. (Color online) Coarse-Level Model Architecture 

Note. CLS, classification; SEP, seperation.
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have enough training samples for many fine categories. 
That means that we cannot get optimal parameters for 
the corresponding embedding representation Vl2 . On 
the other hand, training samples for the coarse level are 
usually sufficient. Based on the assumption that the 
parent category should share similarities with the chil
dren category, we can optimize the fine-level embed
ding by letting it close to its connected coarse-level 
embedding. We incorporate it into our loss function as 
a similarity constraint. Let vi

l1 ∈ R
u, ∀i � 1, : : : , L1 repre

sent the embedding vectors for coarse categories. For 
the ith coarse category, the connected fine-level cate
gory embedding is vj

l2 , ∀j ∈ π(i). Inspired by the recur
sive regularization framework in Equation (4), the 
constraint can be expressed as follows:

Lsimilarity �
XL1

i�1

X

j∈π(i)

1
2‖v

i
l1 � vj

l2‖: (22) 

3.2.7. Label Distribution Penalty. The recursive regu
larization term helps us build more connections 
between parent labels and children labels across the 
label hierarchy. To further improve the rare label iden
tification, we can also use the sibling labels of the rare 
label. As introduced in Section 3.1.3, a proper label dis
tribution can add additional supervision information to 
the training process. For those rare labels, we can enrich 
the label space by leveraging the frequent labels that 
share similar information to the rare labels. In this 
work, we propose to use the coarse label distribution to 
help build fine label distribution according to the 
strength of the connection between parents and chil
dren. Let Pi

l1 , ∀i � 1, : : : , L1 be the coarse-level probabil
ity calculated by the coarse classifiers. For the jth fine 
category, we use wi

j, ∀i � 1, : : : , L1, ∀j � 1, : : : , L2 to 
denote its connection with the ith coarse category. The 
strength of connection wi

j is calculated as follows:

wi
j �

#(yi, zj)

#(yi)
, (23) 

where #(yi, zj) represents the number of co-occurrences 
of the coarse category yi and the fine category zj and 
#(yi) represents the number of occurrences of yi. The 
probability of the jth fine category can be calculated as

dj �

PL1
i�1 Pi

l1 wi
j

PL1
i�1
PL2

j�1 Pi
l1 wi

j
: (24) 

We further use KL divergence to measure the distance 
between the predicted fine distribution and the 
expected distribution calculated through coarse distri
bution as follows:

Ldistribution �
X

j
djln dj

Pj
l2

 !

: (25) 

3.2.8. Loss Function. After adding the distribution 
penalty, our final objective becomes

L � LBCE + λ1Lsimilarity + λ2Ldistribution, (26) 

where LBCE is the multilabel classification loss defined in 
Equation (21); Lsimilarity is the recursive regularization 
defined in Equation (22); Ldistribution is the hierarchical label 
distribution loss defined in Equation (25); and λ1 and λ2 
control the impact of recursive regularization and label 
distribution penalty, respectively. The best combination 
of those parameters is found through experiments. When 
λ1 � 0, the framework becomes a local hierarchical classi
fication approach, and the fine-level embedding vectors 
are optimized, relying on local information. As λ1 
increases, the framework becomes a global approach, 
where the fine-level embedding is regularized by the 
coarse-level embedding. When λ2 � 0, the label space is 
under a multilabel learning setting. As λ2 increases, the 
framework becomes a label distribution learning setting. 
It helps enrich the label space and provides additional 
information for the rare labels.

4. Experiment Setup
In this section, we will introduce more details about the 
experiment design. An overview of the NTSB data set 
will be given in Section 4.1. In Section 4.2, we will 
briefly talk about the implementing platform. We will 
further introduce the models for comparison and the 
comparison methods in Sections 4.3 and 4.4, respec
tively. After introducing the experiment setup, the 
major results are discussed in Sections 4.5 and 4.6.

4.1. Data Description
In this project, we mainly work with the aviation acci
dent reports collected by NTSB. The NTSB database 
and its coding system are considered to be the state of 
the art for aviation safety analysis given that the NTSB 
database is the largest and most comprehensive reposi
tory of aviation accident data in the United States. This 
distinction stems not only from its extensive historical 
coverage, dating back to 1962, but also from its meticu
lous structuring and coding of a wide array of data 
points. The database’s depth and breadth provide great 
insights into aviation safety, encompassing various 
aspects, such as aircraft types, operational contexts, 
environmental conditions, and the sequence of events 
leading up to accidents. Moreover, the coding system 
enables detailed and nuanced analysis. It facilitates the 
identification of trends, patterns, and correlations that 
might otherwise remain obscured in less comprehen
sive data sets. This level of detail is crucial for develop
ing targeted safety recommendations, shaping policy, 
and guiding industry practices. The database’s influ
ence extends beyond the United States, often serving as 
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a benchmark for aviation safety standards and prac
tices globally as well (Srinivasan et al. 2019, Fuller and 
Hook 2020, Zhang and Mahadevan 2020, Zhang et al. 
2021, Zhao et al. 2022).

From 1982 to 2008, NTSB collected around 62,569 
accident reports following the same hierarchical label
ing strategy. There are 56 phase codes, 58 occurrence 
codes, and 1,432 subject codes (National Transportation 
Safety Board 2008). The data are publicly accessible and 
stored in Microsoft Access database format. Figure 1
presents the frequency of different labels in the data 
set, which suffers a long-tail distribution. As shown in 
Figure 1, the most frequent subject labels are 19200, 
20000, and 20200, with 30,886, 24,565, and 19,231 sam
ples, respectively. Those labels represent the most fre
quent critical events in the aviation accidents, which 
are Terrain Condition, Weather Condition, Object Condition, 
respectively. Two hundred and fifty subject labels have 
more than 100 samples, 397 labels have more than 50 
samples, and 602 labels have fewer than 10 samples. 
We select around 90% of the accident reports for train
ing, and we use the rest of those for testing during the 
modeling process. We further calculate the strength of 
the connection for the occurrence and subject labels 
with the training data as mentioned in Section 3.2.7. 
Figure 6 gives a brief overview of the connection matrix 
with the most frequent 100 subject labels. The x axis in 
Figure 6 shows the subject labels, and the y axis in 
Figure 6 shows the occurrence labels. The color of each 
entry in Figure 6 represents the frequency of labels 
from two levels occurring together. See also Figure 7.

4.2. Implementation Details
We apply the BERT model to extract the input docu
ments’ semantic representation. The hidden size of the 
embedding vector is set to 768. To mitigate the overfit
ting issue, the dropout rate is set to 0.2. We further 

design the embedding dimension for the hierarchical 
attention the same as in the BERT model, considering the 
consistency. In order to optimize the parameter, we first 
limit the range of potential parameters based on previous 
research from Peng et al. (2018) and Xu and Geng (2019). 
We test different λ’s to control the impact from coarse- 
level attention by splitting the data set. Additionally, we 
get the best result when λ � 2. For different combinations 
of the three-loss terms LBCE, Lsimilarity, and Ldistribution, we 
finally set the corresponding weights to one, λ1 � 0:01, 
and λ2 � 0:001, respectively. The experiments were all 
conducted on Pytorch 1.4.0 on a workstation with an Intel 
Core i7-5930K Central Processing Unit (CPU) @3.50-GHz 
CPU and accelerated with a single NVIDIA GTX 1080 Ti 
Graphics processing unit.

4.3. Evaluation Metrics
In the hierarchical classification task, we apply the most 
common measurements used: precision, recall, and F1. 
First, we will present a global score through microaver
aging to compare the performance of different models. 
As shown in the following equations, because the micro
measurements did not calculate label-wise accuracy, it 
illustrates the overall accuracy for all samples:

Pmicro �

PL
j�1 tpj

PL
j�1 tpj + fpj

,

Rmicro �

PL
j�1 tpj

PL
j�1 tpj + fnj

,

F1�micro �

PL
j�1 2tpj

PL
j�1 2tpj + fpj + fnj

:

However, micro-F1 tends to favor categories that have 
large sample sizes when we have an imbalanced data 
set. In our problem, the subject labels have a long-tail 
distribution, as shown in Figure 1. Supervised learning 
is more capable of learning a good classifier for the fre
quent labels, which will lead to a pretty high micro-F1 
score, even though all rare categories are not identified. 
Thus, we further evaluate the rare category identifica
tion using macroaveraging measurements. The macro
averaging calculates the label-wise accuracy and then 
takes the average of them as follows:

Pmacro �
1
L
XL

j�1

tpj

tpj + fpj
,

Rmacro �
1
L
XL

j�1

tpj

tpj + fnj
,

F1�macro �
1
L
XL

j�1

2tpj

2tpj + fpj + fnj
:

To present a fair comparison over frequent categories 
and rare categories, we further divide all labels into 

Figure 6. (Color online) Connection Matrix Between 
Occurrence Labels and Subject Labels 
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different groups according to their sample size, and we 
calculate the group-wise macroaveraging.

4.4. Models for Comparison
The proposed model is compared with several state-of- 
the-art models as baselines, which include the 
following. 
• Binary Relevance Support Vector Machine (BR- 

SVM) (Abedin et al. 2010). Under the binary relevance 
schema, the support vector machine can be treated as a 
flat classification method for the multilabel task.
• Sequence Generation Model (SGM) (Yang et al. 

2018). The sequence generation model is another flat 
classification approach that treats the multiclassifica
tion problem as a sequence generation task.
• BERT (Devlin et al. 2019a). The BERT model pro

vides us with a solid baseline to evaluate the effective
ness of the proposed modules.
The variants of the proposed models are listed. 
• Hierarchical attention-based bidirectional encoder 

representations from transformers (HABERT). The 
HABERT model is the fundamental structure of the 

proposed model. It leverages the label hierarchy 
through the hierarchical attention module.
• HABERT-R. HABERT-R is a variant of HABERT 

considering the similarity between parent and children 
nodes through recursive regularization.
• HABERT-L. HABERT-L is a variant of HABERT 

considering the fine category distribution through the 
coarse category distribution.
• HABERT-RL. HABERT-RL is a variant of 

HABERT using both recursive regularization and the 
label distribution learning penalty.

4.5. Performance Evaluation
This section provides a global evaluation of the pro
posed methods through microaveraging. It tells us how 
different models perform over the whole data set, 
regardless of the frequency of the categories. Table 1
presents the results of the experiments. The results 
show that all the BERT-based models outperform the 
Support Vector Machine (SVM) and LSTM models in 
terms of the F1 score. The original BERT model highly 
improved the recall rate because the pretrained model 

Figure 7. (Color online) An Example of Label Taxonomy Defined by NTSB (Airframe Malfunction, Loss of Control, and 
in-Flight Collision) 
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reduces the demand for training samples. We can also 
validate the efficiency of the hierarchical attention 
module where HABERT has 9% improvements on F1 
over BERT. It made a big improvement over both the 
precision rate and the recall rate. We further show the 
impact by adding the recursive regularization term. It 
has been shown that HABERT-R achieves the best pre
cision score and the best F1 score over all of the models. 
It proves the efficiency of adding additional supervi
sion according to the label hierarchy. The F1 score 
drops a little bit by adding the label distribution pen
alty. However, the recall rate for both HABERT-L and 
HABERT-RL increases over other models. The label 
distribution penalty can help the model identify more 
rare categories, sacrificing some precision accuracy. 
Overall, the proposed hierarchical attention and recur
sive regularization can help us get better fine-level clas
sification. Moreover, label distribution learning can 
further improve rare category classification.

4.6. Rare Category Identification
We further provide more experiment results to discuss 
the influence of sample size on the model performance. 
To ensure that all categories have the same contribu
tion, we will apply macroaveraging metrics in this sec
tion. We divide all data into six groups according to 
their sample size. After the processing, 46 categories 

have sample sizes from 1,000 to 60,000, and 43 catego
ries have sample sizes from 500 to 1,000, which can 
provide sufficient samples for training. Sixty-nine cate
gories have sample sizes within 200–500, 92 categories 
have sample sizes within 100–200, and 146 categories 
have sample sizes within 50–100. Those categories pro
vide fewer training samples that belong to the few-shot 
learning settings. Other categories with fewer than 50 
samples are usually very challenging for deep learning 
methods. Additionally, 399 categories have sample 
sizes within 10–50, and 602 categories have sample 
sizes less than 10.

Figure 8 presents macro-level comparison for differ
ent models under different sample sizes. We directly 
take the average of precision, recall, and F1 for catego
ries belonging to each group. The x axis in Figure 8
shows the upper bound for the corresponding group, 
and the y axis in Figure 8 shows the metric’s value. 
Figure 8 shows that the performance from all methods 
decreases as the sample size decreases. The proposed 
HABERT-RL can improve the HABERT for all groups 
in terms of macro-F1. We can get a more accurate evalu
ation through Tables 2–4. For frequent categories, 
HABERT-RL has made 1.8% improvement over 
HABERT when the sample size is larger than 1,000 in 
terms of macro-F1. Larger improvements are made 
when the sample size decreases. A 16.2% improvement 
is made for groups of 500–1,000. A 24.8% improvement 
is made for groups of 200–500. A 32.3% improvement is 
made for groups of 100–200. For categories with fewer 
than 100 samples, none of the models can perform well, 
and the improvements are not very significant. A 10.3% 
improvement is made for groups of 50–100. No 
improvement is made for groups of 10–50. The most 
significant improvement that our model made is within 
the categories with a small sample size from 50 to 200. 
It proves the effectiveness of the label distribution 
penalty.

We further present the F1 score for selected catego
ries under a few-shot learning setting. In Table 5, the 
first column shows the names of each category, and the 
corresponding sample size for each category is 
included in the parentheses. These are the categories 

Table 1. Global Comparison for Different Models with 
Microprecision, Microrecall, and Micro-F1

Models

Metrics

Microprecision Microrecall Micro-F1

BR-SVM 0.5356 0.3386 0.4608
SGM 0.5489 0.4179 0.4745
BERT 0.5408 0.4339 0.5069
HABERT 0.6092 0.5083 0.5542
HABERT-R 0.6093 0.5082 0.5541
HABERT-L 0.5743 0.5188 0.5452
HABERT-RL 0.5843 0.5084 0.5437

Notes. We conduct t-tests of the other benchmarks with the best 
performers in each category. We bold the model with the best 
performance (top performer) and any other models that are not 
significantly different from the top performer.

Figure 8. Model Comparison Under Different Sample Sizes 
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Table 2. Macro-F1 for Different Models Under Different Sample Sizes

Models

Sample size

1,000–60,000 500–1,000 200–500 100–200 50–100 10–50

BERT 0.4356 0.3184 0.2746 0.1723 0.1506 0.0368
HABERT 0.4709 0.3077 0.2616 0.162 0.1373 0.0257
HABERT-R 0.4752 0.3069 0.2625 0.1592 0.1292 0.0233
HABERT-L 0.4881 0.3488 0.3154 0.1996 0.149 0.0221
HABERT-RL 0.4796 0.3575 0.3264 0.2144 0.1515 0.0243

Notes. We conduct t-tests of the other benchmarks with the best performers in each category. We bold the model with the best performance (top 
performer) and any other models that are not significantly different from the top performer.

Table 3. Macroprecision for Different Models Under Different Sample Sizes

Models

Sample size

1,000–60,000 500–1,000 200–500 100–200 50–100 10–50

BERT 0.4916 0.3923 0.3282 0.208 0.1782 0.0431
HABERT 0.5034 0.3642 0.2869 0.1774 0.1591 0.0269
HABERT-R 0.4942 0.3558 0.3108 0.19 0.1543 0.0251
HABERT-L 0.4869 0.3979 0.3713 0.2362 0.1889 0.0257
HABERT-RL 0.4905 0.4002 0.3794 0.2815 0.1906 0.0317

Notes. We conduct t-tests of the other benchmarks with the best performers in each category. We bold the model with the best performance (top 
performer) and any other models that are not significantly different from the top performer.

Table 4. Macrorecall for Different Models Under Different Sample Sizes

Models

Sample size

1,000–60,000 500–1,000 200–500 100–200 50–100 10–50

BERT 0.4443 0.3157 0.2868 0.1797 0.1522 0.0378
HABERT 0.4844 0.3021 0.2761 0.1803 0.142 0.0289
HABERT-R 0.4955 0.299 0.2616 0.157 0.1262 0.0246
HABERT-L 0.5137 0.3382 0.3094 0.1969 0.1379 0.0211
HABERT-RL 0.4787 0.3398 0.3113 0.197 0.1376 0.0217

Notes. We conduct t-tests of the other benchmarks with the best performers in each category. We bold the model with the best performance (top 
performer) and any other models that are not significantly different from the top performer.

Table 5. Category-Wise F1 Score Comparison Under the Few-Shot Learning Setting

Category

Model

BERT HABERT HABERT-R HABERT-L HABERT-RL

IDENTIFICATION OF AIRCRAFT ON RADAR (28) 0 0 0 0 0.381
EXHAUST SYSTEM, CLAMP (39) 0.1053 0.1053 0.1818 0.1333 0
TRAFFIC ADVISORY (137) 0 0 0 0.0377 0.2738
WAKE TURBULENCE (99) 0.2513 0 0.3288 0.1311 0.3892
LUBRICATING SYSTEM, OIL FILTER/SCREEN (50) 0.1778 0.1176 0.069 0.1176 0
MAINTENANCE, LUBRICATION (70) 0.0408 0 0 0.069 0.2069
VACUUM SYSTEM (53) 0.2581 0.1053 0.1818 0.1818 0.381
ELEVATOR TRIM (72) 0.1488 0.1343 0.2687 0.2319 0.2703
LOSS OF TAIL ROTOR EFFECTIVENESS (85) 0.252 0.1356 0.1039 0.1356 0.16
MIXTURE CONTROL, CABLE (53) 0.2717 0.2078 0.289 0.3077 0.3876
ENG ASSEMBLY, BLOWER /IMPELLER/INTEGRAL (77) 0.1835 0.2509 0.3216 0.3368 0.3821
REMOVAL OF CONTROL/GUST LOCK (39) 0.2278 0.2278 0.2535 0.2069 0.2105
FLT CONTROL SYST, WING SPOILER SYSTEM (42) 0.2813 0.2951 0.45 0.3077 0.1429
ICE/FROST REMOVAL FROM AIRCRAFT (133) 0.2045 0.1778 0.1509 0.2046 0.3273
FUSELAGE, SEAT (86) 0.3173 0.2793 0.252 0.3404 0.4673
LANDING GEAR, STEERING SYSTEM (128) 0.1928 0.1667 0.0202 0.2792 0.3077

Note. We bold the model with the best performance (top performer) and any other models that are not significantly different from the top performer.
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that have sample sizes between 10 and 200. By applying 
the proposed penalty terms, HABERT-RL can achieve 
significant improvements over other methods. For rare 
categories, such as IDENTIFICATION OF AIRCRAFT 
ON RADAR and TRAFFIC ADVISORY, only HABERT- 
RL is able to identify those from the reports. For catego
ries that have slightly more samples, such as ICE/FROST 
REMOVAL FROM AIRCRAFT and LANDING GEAR 
STEERING SYSTEM, HABERT-RL can also make further 
improvements over other methods.

5. Conclusion
This work aims to discuss the feasibility of building an 
information extraction system for fine-level events in the 
aviation domain. Our work leverages the event taxon
omy defined by the domain expert from NTSB and con
verts the problem into a hierarchical classification task. 
Because fine-level events have a very large label size, the 
long-tail distribution of the data leads to the biggest chal
lenge for implementing an accurate algorithm. To tackle 
this challenge, we propose to extend the state-of-the-art 
BERT model with a novel multilabel hierarchical classifi
cation model. First, we develop a hierarchical attention 
module to introduce coarse-level information into the 
fine category classification process. Our experiment vali
dates the efficiency of this module, where we achieve 
20% improvements over the widely used BR-SVM in 
terms of micro-F1. The second component is to provide 
additional supervision to the fine-level parameters 
through recursive regularization. The experiment shows 
that the proposed HABERT-R achieves the best perfor
mance among all models. Finally, we discuss how to 
improve the classification accuracy for categories with 
small training samples. We propose a label distribution 
penalty term in the model and evaluate the rare category 
identification through the macro-F1 score. Our results 
show that the label distribution penalty can significantly 
improve the rare category classification accuracy. A 
32.3% improvement is made when the sample size is 
between 100 and 200. In summary, we are the first work 
discussing the possibility of extracting fine-level informa
tion in the aviation domain for the NTSB data set.
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